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ABSTRACT

In this paper amultilinear regression analysis has been carried out in order
to look for amathematical model capableto accurately predict thetoxicity of
Chlorellavulgarisof aset of organic chemicals. The structural description
has been achieved through topol ogical indices and the model wasvalidated
by a cross-validation test, an external validation test and a randomization
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test. The results confirm the model’s capability to predict the analysed

property. © 2008 Trade Sciencelnc. - INDIA

INTRODUCTION

Toxicity isaproperty that assessesthe degree of
toxic or poisonouseffectsof achemica compound. The
toxicity may relateto the effect produced either on a
superior organism, asfor instance ahuman being or
over abacterium or aplant, or asubstructure, suchasa
cdl (cytotoxicity).

Theemergence of diseases dueto poisoning has
made usunderstand the power that can exhibit thetoxic
compounds. In former times, the main toxic effects
studied were those associated with death; however
nowadaysthetoxicity isa S0 assessed for other purposes
as for example to combat pests and diseases, for
disinfection and evenfor military endpoints.

Actualy, about 28 million chemicals have been
synthesized, out of which about 200.000 are sold and
used daily. Nearly 3.000 new productsareintroduced
annualy by thechemica industry into the marketpl ace.

From these, only 10.000 are based on the ownership
of toxicity. Faced with thissituation, companiesmarketing
these products, need to conduct pilot studiesto verify
itsuseand then throw up for sale proceedd?2.

The quantitative structure activity relationships
paradigm (QSAR) has been broadly used for chemical
hazard assessment®®l. One of the most efficient QSAR
method isthat based on molecular topology™® (MT) and
themultilinear regressonanaysis.

Oneof themost significant featuresisthat it has
been shown that thetoxicity in cellular organismscan
be agood reflection of the extent of this property to
superior mammalians. Infact, therearealot of studies
based onanaysisof toxicity inanimassuch asfish, usng
the MT methodol ogy!"2.

To alesser extent, experimentd studieshave been
conducted with single-cell organisms such asalgae,
where the behaviour against the attack of toxic
compoundswe canyield good predictions. The use of
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QSAR for such agoa has been depicted evident in
several workg®!9 using asasingle body to Chlorella
vulgaris.

Our scientific aim here is focused at finding
meathemeatica modelsfor predicting thetoxicity of organic
compounds compared to single-cell organisms. Todo
that, we have used MT within aframework widely
recognized and applied to the prediction of different
propertiegd-14,

MATERIALSAND METHODS

Analysed compounds

In this study agroup of 91 organic compoundswith
information about toxicol ogica assessment hasbeen
selected. Toxicity data[log(1/EC, ] (pC) were
determinedinabiochemica assay utilizingtheunicdlular
algae C.vulgarisinthelogarithmic phaseof itsgrowth
cycle. All toxicologica analyseswereperformedina
buffer solution with a pH of 6.9 and atemperature
between 25 and 30°C'%. Assays were conducted
following the protocol described by Worgan et al 1%,
TABLE 1 shows the CAS number, name and
experimenta toxicity, pCap, for each compound studied.

Molecular descriptors

A set of well-known topological indexes, Tls, was
used inthiswork. Each compound was characterised
by 62 Tls calculated with the aid of the DesMol 1
program (available by e-mail request). 32 connectivity
Randi¢-Kier-Hall type indices, ™y,, and differencesand
quotients, "D, and™C[*, 20topol ogical chargeindices,
G, andJ " and other 10 discreteinvariants®.

Multilinear regression analysis, MLRA

MLRA wasperformed withthe2R and 9R modules
of the BMDP software, which estimate regression
eguations for the best subsets of predictor variables
and provides detailed residual analysis by using the
Furnival-Wilson dgorithm™9. Equationswith minimal
MallowsC_ parameter wereinitialy chosen?¥,

Thegtability of the equation selected waseva uated
through a cross-validation by the |eave-one-out
algorithm. To do this, one compound of the set is
extracted, andthemode isrecalculated using astraining
set theremaining N-1 compounds. Theproperty isthen
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TABLE 1: Chemical Abstracts Service (CAS) number,
chemical name, experimental and calculated toxicity (log(1/
EC,,)(mM) (compoundslisted inincreasing or der of toxicity
to C.vulgaris)

o C. wulgaris
CASN Name PCoyp* PCey** Residual
67-56-1 Methanol -406 -3.92 -0.14
64-17-5 Ethanol -3.32 -352 0.20
75-65-0 2-Methyl-propan-2-Ol -3.16 -2.67 -0.49
78-92-2 Butan-2-Ol -298 -249 -049
868-77-gp 2 ydroxyethyl 282 200 -073

methacrylate
818-61-1 2-Hydroxyethyl acrylate  -2.79 -2.39  -0.40
96-33-3 Methyl acrylate -2.75  -2.75 0.00
71-36-3 Butan-1-Ol -2.73 271 -0.02
78-93-3 Butanone -251 -2.80 0.29
80-62-6° Methyl methacrylate -224 -253 0.29
96-22-0 Pentan-3-One -2.23  -2.40 0.17
4170-30-3 Crotonaldehyde -1.98 -2.14 0.16
6728-26-3 Trans-2-hexenal -1.94 -1.38 -0.56
1576-87-0 Trans-2-pentend -1.88 -1.89 0.01
108-95-2" Phenol -1.46  -1.22  -0.24
96-05-9 Allyl methacrylate -1.42  -1.95 0.53
62-53-3 Aniline -1.34  -1.12 -0.22
110-43-0 2-Heptanone -1.18 -1.53 0.35
100-66-3 Anisole -1.09 -0.90 -0.19
367-12-4° 2-Fluorophenol -1.08 -1.17 0.09
348-54-9 2-Fluoroaniline -1.05 -1.07 0.02
108-39-4 3-Cresal -1.01 -0.76 -0.25
150-76-5 4-Methoxyphenal -0.97 -0.8 -0.11
95-55-6 2-Hydroxyaniline -0.91 -0.99 0.08
90-05-1° 2-Methoxyphenol -0.88 -0.84 -0.04
87-62-7 2,6-Dimethylaniline -0.87 -015 -0.72
100-52-7 Benzaldehyde -0.81 -1.00 0.19
95-48-7 2-Cresol -081 -0.70 -0.11
90-02-8 2-Hydroxybenzaldehyde -0.8 -0.74 -0.06
98-95-3" Nitrobenzene -0.78 -033 -045
950-37-8 Methidathion -0.73 -0.57 -0.16
106-44-5 4-Cresal -0.66 -0.75 0.09
95-65-8 3,4-Dimethylphenol -0.65 -031 -0.34
104-87-0 4-Toluadehyde -0.65 -0.49 -0.16
94-71-3° 2-Ethoxyphenol -0.62 -050 -0.12
24964-64-53-Cyanobenzal dehyde -057 -0.73 0.16
99-08-1 3-Nitrotoluene -0.5 0.00 -0.50
106-48-9 4-Chlorophenol -0.42 -0.59 0.17
97-02-9 2,4-Dinitroaniline -0.36 0.24 -0.60
106-41-2" 4-Bromophenol 035 -014 021
106-40-1 4-Bromoaniline -0.33 -0.03 -0.30
108-42-9 3-Chloroaniline -0.31 -0.60 0.29
2495-37-6 Benzyl Methacrylate -0.21 -0.08 -0.13
618-87-1 3,5-Dinitroaniline 0.03 0.47 -0.44
89-98-5° 2-Chlorobenzal dehyde 006 -029 0.35
540-38-5 4-lodophenal 0.16 0.21 -0.05
4748-78-1 4-Ethylbenzal dehyde 0.16 -0.08 0.24
2-Methyl-1,4-
58-27-5 naphthoquinone 0.16 0.65 -0.49
88-69-7 2-1sopropyl phenal 017 0.32 -0.15
626-43-7" 3,5-Dichloroaniline 024 -014 038
1,3,5-Trimethyl-2-
603-71-4 nitrobenzene 025 0.62 -0.37
608-31-1 2,6-Dichloroaniline 0.26 -0.03 0.29
88-18-6 2-Tert-Butyl phenol 0.29 0.50 -0.21

Countinuein next page

— @)u;am'c CHEMISTRY

Hn Tndéan g%wumé



Toxicity of organic chemicals to Chlorella vulgaris

OCAIlJ, 4(9-11) December 2008

472
Full Paper ==
o C. wlgaris
CASN Name DCoo™* pCoyt* Residual
95-50-1 1,2-Dichlorobenzene 0.37 -0.19 0.56
99-65-0° 1,3-Dinitrobenzene 038 026 012
51-28-5 2,4-Dinitrophenol 0.4 0.15 0.25
100-25-4 1,4-Dinitrobenzene 0.41 0.27 0.14
99-61-6 3-Nitrobenzaldehyde 045 -0.12 0.57
732-11-6 Phosmet 047 091 -0.44
298-00-0° Methylparathion 0.6 0.96 -0.36
121-75-5 Malathion 0.64 0.13 0.51
99-30-9 2&Dichloro-4- 064 080 -016
nitroaniline
86-50-0 Methyl azinphos 0.69 155 -0.86
121-14-2 2,4-Dinitrotoluene 0.7 0.44 0.26
2636-26-2"Cyanophos 079 077 0.02
3531-19-9 &-Chloro-2,4- 08 083 -0.03
dinitroaniline
99-28-5 25 Dibromo-4- 081 160 -0.79
nitrophenal
640-15-3% Thiometon 0.94 -054 1.48
89-61-2 2,5-Dichloronitrobenzene  0.97  0.75 0.22
94-62-2" Piperine 097 187 -0.90
939-97-9 4-Tert-butylbenzal dehyde 1 0.63 0.37
634-93-5 2,4,6-Trichloroaniline 111 046 0.65
83-42-1 2-Chloro-6-nitrotoluene 117 0.67 0.50
5388-62-5 110026 119 09 023
dinitroaniline
528-29-0° 1,2-Dinitrobenzene 1.23 0.67 0.56
100-00-52 1-Chloro-4-nitrobenzene 1.25 0.07 1.18
2463-84-5 Dicapthon 1.36 1.42 -0.06
2,6-Di-tert-butyl-4-methyl
128-37-0 Phenol 1.45 1.95 -0.50
3481-20-7 2,3,5,6-Tetrachloroaniline  1.48 1.03 0.45
» 2,4-Dichloro-6-
609-89-2 nitraphenol 15 0.82 0.68
83-38-5% 2,6-Dichlorobenzaldehyde 1.5 0.35 1.15
55-38-9 Fenthion 1.56 1.24 0.32
96-76-4 2,4-Di-Tert-butyl phenol 16 1.33 0.27
87-86-5 Pentachlorophenol 169 145 0.24
122-14-5° Fenitrothion 1.71 1.20 0.51
89-60-0 124 Trichloro-5- 188 110 078
nitrobenzene
6284-83-9 L3> Trichioro-2,4- 189 132 057
dinitrobenzene
1689-82-3 Phenylazophenol 216 180 0.36
4-(Dibutylamino)
benzaldehyde 218 153 0.65
b 2,3,5,6-
1171807 T otrachioronitrobenzene 234 177 0.57
608-71-9 Pentabromophenol 31 3.73 -0.63

" Experimental values obtained from Ref. [10]; ** Calculated
values from selected topological model; @ outliers compounds;
b External test.

predicted for the removed element. This processis
repeated for al the compoundsof the set soobtaininga
prediction for every one. Thisprocedureaso aidsin
the detection of outlying pointg?Y.

In order to evidence the possible existence of
fortuitousregress ons, therandomi zation test isadopted
inthis paper. Thus, the values of the property of each

35|  y=x-000001
R = 08063 ¥

pC,,

15 -05 05 185 25 35 45
pCcaJc

Figurel: Graphicrepresentation ofthepCerrsuspCcalC

from thetopological mode sdlected (outlierscompounds:

black points)

45 -33 -25

compound are randomly permuted and linearly
correlated with the aforementioned descriptors. This
processisrepesated asmany timesasneeded. The usua
wal to represent the results of arandomization testis
plotting the correl ation coefficients versus predicted
ones, r2and ¢f respectively.

RESULTSAND DISCUSSION

When working with groups of compounds
structurally heterogeneous, asisour case, itiseasy to
unveil the presenceof outliers. For makingthat, theuse
of the 2R module from the BMDP software is
particularly efficient to figure out, as a first
approximation, the most significant variables for
predicting thetoxicity.

Inour case, the outcomeresultedinfivevariables,
%", G G J,andV,, withavariancer? = 0.9068.

Figure 1 shows the plot of experimental versus
calculated pC values for each compound. The
compounds|abelled with black dotsclearly appear as

TABLE 2: Topological mode sdected with toxicity, pC, through
MLRA(pC= -4,4937+ 0,5679 %" -0,1131 G," -1,1609 G'+
10,0710J,+0,1881 V)

Variables Standard error p
[ ntercept 0.1702 0.0001
Oy v 0.0408 0.0001
G, 0.0227 0.0001
Gs’ 0.2353 0.0001
NA 1.359 0.0001
Vs 0.0241 0.0001

N= 70, SEE = 0.4048, r = 0.9622, p< 0.0001, F= 180, g> = 0.9383, r2
=0.9282 , Cp Mallow = 6
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Figure?2: Graphicrepresentation of theresidualsver sus
pC,, obtained with thetopological model selected
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Figure3: Graphicrepresentation of ther esdual sobtained

inthecross-validation ver sustheresidualsobtained with
thetopological modd selected
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Figure4: Graphicrepresentation ofthepCerrsuspC

pred
for theexternal test

outliers. Namely thiometon, 1-chloro-4-nitrobenzene
and 2,6-diclorobenza dehidedisplay vauesof sandard
error of estimation above + 2SEE. These three
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Figure 5: Graphic representation of the prediction
coefficient ,Q?, ver suscorr elation coefficient, r?, obtained
by randomization study

mol eculeswereremoved from thetraining group and
the 88 remaining compoundswere henceleft for the
predictiveandyss.

Thetopological indicesselected show arelatively
poor intercorrelation (r <0.700), athoughthey al are
datidicaly sgnificant for predicting the property sudied.
Theindex %Y, would takeinto account of topological
and structurd aspectsrelated to molecular volumé?2,
whereasG," G,"and J,would profiletheintramol ecular
chargetransfer respons blefor theval ueof thetoxicity
of each compound and V , the presence of multiple
bondsinthemolecule.

Selection of thebest prediction regression function

After removingthethreecausingalossof predictive
capability, we applied the module 9R of the BMDP
software, using atraining set of 70 compounds and
leaving out at random the 18 remaining compoundsas
atest group.

TABLE 2 showsthe sel ected functiontogether with
the associated statistical information. As can be seen,
al theindexestherein show astatistica significance
above 99.9% (p <0.001) (see TABLE 2 column 3).
Furthermore, the sel ected function explainsover 92%
of thevariance (r’=0.9282).

Figure 2 showsthe graphic representation of the
residud versuspC, . obtained with thetopol ogical model
sdlected. Thetoxicity of every compound waspredicted
in a satisfactory manner (see TABLE 1) except for
azinphosmethyl, withanresidud dightly higher than+
2SEE.

Randomization and predictiveability tests
Thecross-vaidation analysisof thetraining group,

e, Onganic CHEMISTRY
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showssimilar result to the obtained inthe analysis of
multilinear regression (g2 ~ 0900) what demonstrates
thestability of the selected function, seefigure 3.

To completethevaidation of thepredictivemodd,
we extracted from the matrix of data (N = 88), 18
compounds, actualy 20% of theoverdl group. TABLE
1 (black mark) and figure 4 show the val ues obtained
for theexternal test group. It hasobtained aprediction
coefficient g? = 0.8951 bringing us confirmation of the
good performance of the selected function.

Finally, astudy of randomnesswascarried out, in
order to evidencethe possible existence of fortuitous
regressions. Thevauesof the pCexp of each compound
wererandomly permuted and linearly correlated with
the aforementioned descriptors. The process was
repeated ten times. Figure 5 shows the graphic
representation of the prediction coefficient, g7, versus
correlation coefficient, r?, obtained inthisstudy. Inall
cases, theva ues of ¢? werebelow 0.5 (theblack point
infigure5 belongsto selected model), therefore, the
sel ected prediction equation isnot fortuitous.

CONCLUSIONS

Toxicity isabiologicd property whose assessment
ismore and moreimportant nowadays. In our work,
wehavetried to obtain amathematical function capable
to predict thetoxicity by meansof topological indices.
Initially, we performed aliterature search of possible
databases to provide a reliable, commercial and
transferred to the experimental world. Followingthe
topological indices more suitable for predicting the
toxicity and the possi ble emergence of outliers, were
sdlected using standard and wdl provenagorithms. The
selection of fivetopologica indicesand theemergence
of three outlierswasthefirst outcomeof the studly.

Altogether, amathemetica mode withfivevarigbles
enable to estimate the toxicity withar?>0.92in a
group including 70training compounds. Thevdidation
of themodel was conducted with the help of across-
validation |eave-one-out and an externd test
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