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A QSPR (quantitative structurgoroperty relationship) model for the estimation of the liquid viscosity of a
large variety of organic compounds was established using the CODESSA (comprehensive descriptors for
structural and statistical analysis) approach. The final model was developed with a calibration set containing
337 compounds. The multilinear regression (MLR) equation that relategdrfive molecular descriptors
hass = 0.37 andr = 0.920. The five theoretical parameters used in the QSPR model are molecular weight,
Randicconnectivity index of order 3, hydrogen-donor charged surface area HDCA-2 (electrostatic), maximum
electrophilic reactivity index for a carbon atom, and maximum atomic orbital electronic population. The
predictive ability of the MLR model was tested by the leave-20%-out cross-validation method, showing
that the QSPR model is stable and can be used to obtain good predictions for compounds that were not used
in the model calibration. The cross-validation statistical indices show a small decrease when compared with
those obtained in the calibration phasg € 0.38,r,, = 0.917). The QSPR models developed with CODESSA
allow accurate computation of the liquid viscosity of organic compounds using simple constitutional
descriptors and quantum indices which can be computed with standard quantum chemistry packages.

INTRODUCTION significant set of organic compounds whose properties, which

The liquid viscosity of organic compounds is an important are needed for the models, are not determined.

property for the simulation of the processes in chemical and Usuall;c/j, thﬁ |ri1quid ViSCOSig{ of organiﬁ cgmphounds is
petroleum industries. With the increased need of reliable dataCCMPUted with the corresponding states, hard sphere, square

for optimization of the industrial processes, it is important Vell: and modified ChapmarEnskog contribution methods.
to develop QSPR (quantitative structtigroperty relation- Molecular group contribution methods are widely em-
ship) models for the estimation of the viscosity for com- Ployed to estimate the liquid viscosity. The difficulty of
pounds not synthesized or with an unknown viscosity. this approach is represented by the definition of a consistent
Numerous QSPR models for calculating the liquid viscosities S€t Of groups and by the necessity to compute the contribution
have been proposed using various numerical descriptors ofof €ach group from a statistically significant number of
the chemical structure. molecules where the respective group is present. These
Suzuki and co-worke?d proposed a quantitative property methods are limited to molecules containing only the groups
property relationship (QPPR) model in which the liquid Presented in the calibration set of molecules.
viscosity is computed on the basis of a set of molecular [N the present investigation, we utilize a Hansch-type
properties, like molar refraction, dipole moment, critical QSPR model that uses theoretical descriptors of the chemical
temperature, molar magnetic susceptibility, and cohesive Structure. All QSPR and QSAR models are based on the
energy. The set of descriptors is augmented with indicator 8sumption that the properties of a substance, like the
variables for phenols, amines, nitriles, and aliphatic ring Physicochemical behavior, reactivity, or biological activity,
structures. Obviously, any QPPR model requires the experi-are ultimately determined by its molecular structure. To
mental determination of the properties used as independengorrelate the molecular structure and properties, the chemical
variables, and if such experimental values are missing, thencoOmpounds must be adequately characterized with structural
the model is useless. Also, QPPR models cannot be usediescriptors. The Hansch motiéis a widely and effectively
for property prediction of compounds not yet synthesized. Used QSAR approach that computes the biological activity
The large number of experimental properties used asWith @ multilinear regression (MLR) equation composed of
independent variables in the liquid viscosity QPPR models terms of various physicochemical parameters assigned to the

proposed by Suzuki makes their application difficult for a Structures of the compounds. The technique is statistically
based and intended at modeling molecular properties with
* To whom correspondence should be addressed. structural descriptors. Using the least-squares method and
lgglr\éeaﬁ% ‘Egéifmica" of Bucharest. statistical examinations, the regression coefficients of the
$ University of Nice—éophia Antipolis. MLR model are determined, specifying structural factors
O E-mail: o_ivanciuc@chim.upb.ro. contributing to variations in the investigated property.
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Originally, the Hansch model used steric, electronic, and regression QSAR models by a heuristic method that considers
hydrophobic descriptors, but nowadays, various constitu- the following steps:

tional, molecular graph (also named topologi¢afyeo- (a) All quasi-orthogonal pairs of structural descriptors were
metrical, electrostatic, charged surface &raad quanturi? selected from the initial set. Two descriptors are considered
descriptors are employed as independent variables in struc-as being orthogonal if the intercorrelation coefficien) s
ture—property models. lower than 0.1.

CODESSA (comprehensive descriptors for structural and  (b) CODESSA uses the pairs of orthogonal descriptors to
statistical analysis) represents a new QSPR approach thacompute the biparametric regression equations. The most
computes more than 500 structural parameters using thesignificant 10 pairs of molecular descriptors were used in
constitutional and quantum descriptions of the chemical the third step.
compoundg$?®13 The computed structural descriptors are used  (€) To a MLR model built om descriptors was added a
to develop MLR models of the investigated property. new descriptor to generate a model witht- 1 descriptors
CODESSA was successfully employed in QSPR studies if the new descriptor is not significantly correlated with the
concerning the prediction of gas chromatographic retention previousn descriptors (intercorrelation coefficient lower than

indices! solubility of gases and vapors in watéf®refrac- 0.8).

tive indicest”*8boiling pointsi® 2! melting points’? polymer Step c is repeated untii MLR models with a certain
glass transition temperatur&ssolvent polarity scalé: and maximum number of descriptors were obtained.

critical micelle concentratio® The main advantage of Model Validation. From the studies published over the

CODESSA over other statistical packages used in developinglast few years, the researchers become familiar with the
QSPR models is the easy generation of a large number ofimportance of comparing the correlation (regression) models
theoretical descriptors coding in various ways the chemical for prediction and not only for calibration (goodness of fit).
structure in a numerical form. The main goal in QSPR studies is to obtain a model with
The purpose of this study is to develop, for the first time, the highest predictive ability. Several techniques were
a QSPR model for liquid viscosity prediction for a large Proposed for comparing the quality of different models and
variety of organic compounds using theoretic descriptors. for comparing the same model at different dimensionalities
(number of structural descriptor¥)An important problem
METHOD in QSPR studies is the identification of structural descriptors
that are to be used to model a given property. We have to
Data. The 369 organic compounds used in developing the point out here that correlation analysis develops models by
QSPR models, their experimental viscosity at ZDand  suggesting statistical (and not causal) relationships between
literature sources, the calibration, prediction, and cross- structural descriptors and a physical, chemical, or biological
validation residuals are presented in Table 1. The set of property. Correlations can be observed not only because a
compounds is structurally very diverse and includes a large causal relationship exists between a set of descriptors and a
number of classes of organic compounds: alkanes, cycloal-property but also because of statistical bias resulting from
kanes, alkenes, cycloalkenes, aromatic hydrocarbons, alcoerrors in determining the structural descriptors, experimental
hols, phenols, polyhydroxy alcohols, ethers, aldehydes, errors in measuring the property, or even because of chance
ketones, acids, esters, anhydrides, amides, nitriles, halogegjone. When a correlation appears due to errors or chance
nated hydrocarbons, and nitro and sulfur compounds. factors, the resulting QSPR model has no scientific content
Structural Descriptors. The structures were drawn with  and can lead to meaningless conclusions. As was shown by
HyperCherf® and exported in a file format suitable for Topliss and co-worker®;*2such a situation can easily occur
AMPAC.?’ The geometry optimization was performed on a if large numbers of structural descriptors are screened for
133-MHz Pentium with the semiempirical quantum method potential inclusion into the final correlation equation. Topliss
AM128 using the AMPAC 5.0 program. The HyperChem and co-workers have studied the phenomenon of chance
structure files and the AMPAC output files were used by correlation by simulating correlations between randomly
the CODESSA prograff to compute 579 descriptors. generated dependent and independent variables. They offered
CODESSA computes five classes of structural descriptors: some specifications that can be used to estimate the occur-
constitutional (number of various types of atoms and bonds, rence of chance correlations at a given correlation coefficient
number of rings, molecular weight, etc.), topological (Wiener for a specific combination of descriptors screened and
index, Randiconnectivity indices, Kier shape indices, etc.), experimental data. The problem of causality in selecting
geometrical (moments of inertia, molecular volume, molec- group contribution descriptors was investigated by Klop-
ular surface area, etc.), electrostatic (when atomic chargesman3?® Apart from the risk of chance correlations, the
are computed on the basis of atomic electronegativity: identification of the best QSPR equations for hundreds of
minimum and maximum partial charges, polarity parameter, experimental data and thousands of structural descriptors
charged partial surface area descriptors, etc.), and quantuntequires computational resources that are not presently
(minimum and maximum partial charges, Fukui reactivity available. A large variety of methods were proposed for
indices, dipole moment, HOMO, LUMO, etc.). descriptor selectioff;*®*such as geneti®3”and evolutionary
Multilinear Regression Model. From the whole set of  algorithms3-4° Special algorithms for descriptor selection
descriptors generated with CODESSA, we have discardedwere developed for neural networks?
descriptors with a constant value for all molecules in the  Model validation techniques are used to distinguish
data set. Descriptors for which values were not available for between true and random correlations and to estimate the
every molecule were assigned a zero value for the missingpredictive power of the modé&!. The simplest model
position. CODESSA was used to develop the multilinear validation can be done by retaining the values of the
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Table 1. Chemical Compounds, Experimental Viscosity, Calibration, and Prediction Residuals

1073y, Pas 103y, Pas
no. name clags [t=20°C] 7exp— Hcalc Nexp— Nev e no. name clags [t=20°C] %exp— Nealc Nexp— Nev Tef
1 decane 1 0.928 —0.026 —0.034 2 77 1-hexene 3 0.26 -0.035 —-0.032 2
2 undecane 1 1.17 —0.026  —0.043 1 78 cis-3-hexene 3 0.273 —-0.025 —-0.022 5
3 dodecane 1 1.508 0.007 —0.023 2 79 trans-3-hexene 3 0.273 —-0.025 —-0.031 5
4 tridecane 1 1.883 0.002 0.023 2 80 1-heptene 3 0.35 -0.018 -—-0.015 2
5 tetradecane 1 2.18 —0.178 —0.253 1 81 1-octene 3 0.470 0.01 0.015 2
6 pentadecane 1 2.863 —0.09 —0.091 4 82 trans-3-octene 3 0.479 0.016 0.014 5
7 hexadecane 1 3.34 —0.359 —-0.374 1 83 1-nonene 3 0.620 0.046 0.054 2
8 pentane 1 0.240 —0.074 —0.068 1 84 cyclopentene 4 0.346 0.056 0.061 3
9 2-methylbutane 1 0.225 —0.088 —-0.084 3 85 cyclohexene 4 0.650 0.288 0.282 2
10 hexane 1 0.326 —0.056 —0.067 1 86 tetralin 5 2.202 0.821 0.804 2
11 2-methylpentane 1 0.310 —0.057 -0.057 2 87 butylbenzene 5 1.035 0.052 0.046 2
12 3-methylpentane 1 0.300 -—-0.142 —-0.137 5 88 sechutylbenzene 5 1.045 —-0.108 —-0.118 5
13 2,2-dimethylbutane 1 0.365 —0.018 —-0.028 5 89 1l-isopropyl-4- 5 3.402 2.282 2302 2
14 2,3-dimethylbutane 1 0.376  —0.057 —-0.068 5 methylbenzene
15 heptane 1 0.418 —-0.064 —-0.076 5 90 1-methylnaphthalene 5 3.629 1.726 1744 5
16 2-methylhexane 1 0.378 —0.088 —0.081 2 91 n-pentylbenzene 5 1.33 0.103 0.088 4
17 3-methylhexane 1 0.372  —0.152 —-0.146 2 92 n-hexylbenzene 5 1.67 0.137 0.159 4
18 2,4-dimethylpentane 1 0.361 —0.07 —0.062 2 93 n-heptylbenzene 5 2.07 0.156 0.164 4
19 2,2,3-trimethylbutane 1 0.579 0.02 0.01 2 %doctylbenzene 5 2.56 0.169 0.198 4
20 2,2-dimethylpentane 1 0.380 —0.049 —-0.044 5 95 n-nonylbenzene 5 3.13 0.144 0.19 4
21 2,3-dimethylpentane 1 0.406 —0.18 —0.176 2 96 n-decylbenzene 5 3.79 0.061 —0.091 4
22 octane 1 0.542 —0.063 —0.076 1 97 n-undecylbenzene 5 4.59 —-0.067 —-0.284 4
23 2,2,3-trimethylpentane 1 0.598 —-0.135 —-0.135 2 98 n-dodecylbenzene 5 5.45 -0.365 —-0.671 4
24 2,2,4-trimethylpentane 1 0.502 0.005 0.009 2 Adridecylbenzene 5 6.48 -0.782 —-0.959 4
25 2-methylheptane 1 0.521 —-0.064 —0.062 5 100 n-tetradecylbenzene 5 7.66 —-141 —-1.643 4
26 3,3-dimethylhexane 1 0500 —-0.196 —0.196 5 101 n-pentadecylbenzene 5 8.99 —2.336 —3.137 4
27 3-ethylhexane 1 0.454 —-0.236 —0.235 5 102 benzene 5 0.652 0.272 0.266 1
28 nonane 1 0.711 —0.047 —-0.049 1 103 toulene 5 0.590 0.097 0.089 1
29 heptadecane 1 3.740 —0.89 —0.912 4 104 ethylbenzene 5 0.678 0.019 0.022 3
30 transdecalin 2 2.128 0.439 0.417 2 106-xylene 5 0.810 0.057 0.07 1
31 cis-decalin 2 3.381 1.677 1636 2 106wxylene 5 0.620 —0.046 —0.054 1
32 n-pentylcyclopentane 2 1.152 —-0.114 -0.105 4 107 p-xylene 5 0.648 -0.014 -0.019 1
33 butylcyclohexane 2 1.31 0.056 0.057 4 108 styrene 5 0.751 0.044 0.054 2
34 n-hexylcyclopentane 2 1.880 0.297 0.304 4 109 1,3,5-trimethylbenzene 5 1.154 0.342 0.353 2
35 pentylcyclohexane 2 1.718 0.154 0.16 4 110 1,2,4-trimethylbenzene 5 1.116 0.178 0.156 5
36 bicyclohexyl 2 3.75 1.176 1.132 7 111 propylbenzene 5 0.855 0.074 0.07 4
37 n-heptylcyclopentane 2 2.360 0.377 0.362 4 112 isopropylbenzene 5 0.791-0.044  —0.03 2
38 hexylcyclohexane 2 2.21 0.254 0.27 4 113 ethanol 6 1.200 —0.082  —0.02 1
39 n-octylcyclopentane 2 2.910 0.449 0.376 4 114 2-propyn-l-ol 6 1.68 0.308 0.364 3
40 heptylcyclohexane 2 2.80 0.35 0.363 4 115 allylalcohol 6 1.363 —0.047 —-0.035 3
41 n-nonylcyclopentane 2 3.550 0.476 0.523 4 116 1-propanol 6 2.234 0.458 0.426 4
42 octylcyclohexane 2 3.50 0.425 0421 4 117 2-propanol 6 2.432 1.284 1313 4
43 decylcyclopentane 2 3.55 -0.29 -0.27 4 118 1-butanol 6 2.948 0.721 0832 1
44 nonylcyclohexane 2 4.31 0.449 0.523 4 119 2-butanol 6 3.907 1.952 2,016 2
45 undecylcyclopentane 2 4.28 —0.52 —0.751 4 120 2-methyl-1-propanol 6 4.034 1.816 1818 4
46 decylcyclohexane 2 5.24 0.394 0.418 4 121 1-pentanol 6 4.00 1.262 1.14 4
47 dodecylcyclopentane 2 5.10 —0.923 —-0.898 4 122 2-methyl-2-butanol 6 4.634 2.823 2905 5
48 undecylcyclohexane 2 6.32 0.253 0.302 4 123 3-methyl-1-butanol 6 5.110 2.387 2473 4
49 tridecylcyclopentane 2 6.04 —1.502 —1.417 4 124 2-methyl-1-butanol 6 5.50 2.319 2332 3
50 dodecylcyclohexane 2 7.52 —0.075 —0.532 4 125 1-hexanol 6 5.040 1.5 1.676 5
51 tetradecylcyclopentane 2 7.11 —2.333 —2.021 4 126 1-heptanol 6 7.014 2.673 2701 2
52 tridecylcyclohexane 2 8.89 —-0.611 —-1.24 4 127 2-heptanol 6 6.53 2.967 2996 7
53 cyclopentane 2 0.439 0.047 0.049 2 128 benzyl alcohol 6 5.58 0.799 0871 2
54 methylcyclopentane 2 0.507 —0.006 —0.001 2 129 methanol 6 0.597 —-0.531 —0.539 1
55 cyclohexane 2 0.980 0.491 0.496 2 130 diisopentyl ether 8 1.012 —-0.66 -0.7 2
56 methylcyclohexane 2 0.734 0.096 0.111 2 131 benzyl ether 8 533 —-1.703 —-2.135 6
57 ethylcyclohexane 2 0.843  —0.003 0.016 2 132 propylene oxide 8 0.327 —-0.026 —0.032 2
58 n-propylcyclopentane 2 0.680 —0.126 —0.131 4 133 dimethoxymethane 8 0.325 -0.162 —-0.161 2
59 n-butylcyclopentane 2 0.887 —0.126 —0.106 4 134 diethyl ether 8 0.245 —-0.235 —0.234 3
60 cis,cis-1,3,5-trimethyl- 2 0.632 —0.388 —0.407 3 135 tetrahydrofuran 8 0.55 —0.025 —0.049 2
cyclohexane 136 1,2-epoxybutane 8 041 —-0.049 -0.065 2
61 trans1,3,5-trimethyl- 2 0.714 —0.301 -0.32 3 137 ethyl vinyl ether 8 0.2 -0.169 -0.18 3
cyclohexane 138 1,4-dioxane 8 1.20 0.445 0.441 3
62 propylcyclohexane 2 1.003 0.003 0.021 4 139 tetrahydropyran 8 0.826 0.124 0.131 3
63 1-decene 3 0.805 0.088 0.101 3 140 ethyl propyl ether 8 0.323 -0.278 —-0.303 2
64 n-undecene 3 1.03 0.134 0.128 4 141 butyl vinyl ether 8 0.5 -0.076 —-0.078 3
65 n-dodecene 3 1.30 0.182 0.21 4 142 butyl ethyl ether 8 0.421 -0.332 —-0.331 2
66 n-tridecene 3 1.63 0.233 0.251 4 143 diisopropyl ether 8 0.341 —0.31 -0.304 3
67 n-tetradecene 3 2.00 0.256 0.269 4 144 1,2-diethoxyethane 8 0.65 —0.349 -0.366 2
68 n-pentadecene 3 2.46 0.281 0.201 4 145 bis(2-methoxyethyl) ether 8 1.99 0.717 0.788 3
69 n-hexadecene 3 2.99 0.27 0.333 4 146 methoxybenzene 8 1.32 0.247 0231 1
70 n-heptadecene 3 3.60 0.203 0.225 4 147 ethoxybenzene 8 1.239-0.037 —-0.018 5
71 n-octadecene 3 4.31 0.066 0.19 4 148 dibutyl ether 8 0.691 —0.491 0514 5
72 1-pentene 3 0.197 —0.039 —0.037 5 149 acetaldehyde 9 0.244 —0.217 -0.219 3
73 2-methyl-1-butene 3 0.224 —-0.025 —0.03 5 150 2-propenal 9 0.344 —-0.362 —0.343 5
74 2-pentened(s + trans) 3 0.214 —0.024 —-0.018 7 151 propionaldehyde 9 0.404 —-0.165 —0.148 3
75 2-methyl-1,3-butadiene 3 0.223 —0.043 —0.049 2 152 butyraldehyde 9 0.455 —0.267 —-0.268 2
76 1,5-hexadiene 3 0.275 —0.07 —0.069 3 153 pentanal 9 0.513 —0.377 —0.378 5
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Table 1. (Continued)

IVANCIUC ET AL.

103y, Pas 1073y, Pas
no. name class [t=20°C] #exp— Ycalc Nexp— Nev e no. name clags [t=20°C] #exp— Mcaic Nexp— Hev ref
154 benzaldehyde 9 1450 -1.082 —1.217 3 233N,N-diethylaniline 15 2.18 —-0.315 —-0.387 1
155 2,6,8-trimethyl 4-nonanone 10 1.9 —0.758 —0.772 3 234 tributylamine 15 1.546 —1685 —-1635 5
156 acetone 10 0.318 -0.01 —0.014 2 235 1,2-ethanediamine 15 1.54 0.098 0.145 2
157 2-butanone 10 0.428 —0.086 —0.084 2 236 butylamine 15 0.681 —0.135 —0.109 2
158 2-pentanone 10 0.506 —0.062 —0.062 4 237 diethylamine 15 0355 -0.322 -0.334 5
159 3-pentanone 10 0.478 —0.247 —0.253 3 238 piperidine 15 1.487 0.270 0314 5
160 cyclopentanone 10 1.168 0.36 0.367 5 239 pentylamine 15 1.018—-0.022 —0.004 3
161 2,4-pentanedione 10 0.6 —0.915 —-0.944 3 240 cyclohexylamine 15 1.662 —0.046 —0.106 2
162 cyclohexanone 10 2.224 1.255 1.250 5 241 dipropylamine 15 0.534 -0.545 —-0.530 2
163 4-methyl-2-pentanone 10 0.585 —0.090 —0.092 2 242 triethylamine 15 0.360 —0.645 -0.666 5
164 4-heptanone 10 0.736 —0.223 —0.220 2 243 aniline 15 4.40 2.676 2727 1
165 acetophenone 10 1.810 —-0.233 —0.289 3 244 mtoluidine 15 3.81 1.721 1784 1
166 2,6-dimethyl-4-heptanone 10 1.03 —-0.316 —0.313 3 245 methylphenylamine 15 2.360 0.231 0.129 5
167 acetic acid 11 1.232 -0.016 0.037 2 2460-toluidine 15 4.39 2.290 2276 1
168 acrylic acid 11 1.3 —0.823 —0.956 3 247 N,N-dimethylaniline 15 141 -0.411 -0347 1
169 propionic acid 11 1.102 —1.027 —1.164 1 248 dibutylamine 15 0.95 -0.749 —-0.752 3
170 methacrylic acid 11 1.32 —1.730 —1.819 2 249 nitroethane 16 0.677 0.090 0.135 2
171 butyric acid 11 1.540 —-0.714 —-0.831 1 250 1-nitropropane 16 0.844 0.167 0.163 7
172 isobutyric acid 11 1.311 —-1.477 —1.388 5 251 2-nitropropane 16 0.770 —-0.031 —-0.029 7
173 n-valeric acid 11 2.24 —-0.857 —0.951 4 252 nitrobenzene 16 2.03 0.576 0539 1
174 2-ethylbutyric acid 11 3.3 —1.612 —1.937 3 253 2-nitrotoluene 16 2.37 0.399 0357 1
175 n-caproic acid 11 3.20 —0.558 —0.381 4 254 3-nitrotoluene 16 2.33 0.449 0404 1
176 n-heptylic acid 11 4.36 —0.610 —0.828 4 255 nitromethane 16 0.648 0.272 0.300 5
177 2-ethylhexanoic acid 11 7.7 0.421 0.795 3 256 tetranitromethane 16 1.76 —2.733 —2.964 3
178 octanoic acid 11 5.828 —0.203 —0.266 3 257 N,N-dimethylformamide 17 0.9243 —-0.465 —-0.538 7
179 n-nonylic acid 11 8.32 0.572 0.148 4 258,N-dimethylacetamide 17 2.141 1.101 1.061 2
180 formic acid 11 1.804 0.610 0.535 6 259 formamide 17 3.764 2.053 2106 7
181 2-ethylhexyl acetate 12 15 —0.318 —0.293 3 260 1,1,2-trichloro-1,2,2- 18 0.711 -1535 —1459 5
182 dibutyl maleate 12 5.62 0.285 0.404 3 trifluoroethane
183 dibutylo-phthalate 12 19.91 —0.461 —2.324 2 261 tetrachloroethylene 18 0.885 —-0.219 -0.220 5
184 methyl formate 12 0.348 0.072 0.076 4 262 1,1,2,2-tetrabromoethane 18 9.797 3.029 4.187
185 methyl acetate 12 0.381 0.017 0.021 1 2881,2-dichloroethylene 18 0.467 0.029 0.034 2
186 ethyl formate 12 0.402 0.062 0.064 1 264 1,1-dichloroethylene 18 0.358 0.005 0.010
187 vinyl acetate 12 0.421 —0.041 —-0.037 2 265trans1,2-dichloroethylene 18 0.404 —0.033 -0.026 3
188 methyl acrylate 12 1.398 0.846 0.858 3 266 1,2,2-trichloroethane 18 1.106 0.369 0.361
189 ethyl acetate 12 0.455 0.034 0.026 1 267 1,1,2-trichloroethane 18 0.119-0.618 —0.601 3
190 propyl formate 12 0.574 0.150 0.156 2 268 1,2-dibromoethane 18 1.721 0.516 0.617
191 methyl propionate 12 0.477 —0.040 —0.049 3 269 1,1-dichloroethane 18 0.358 —-0.012 -0.012 3
192 isopropyl formate 12 0.512 0.102 0.103 3 270 bromoethane 18 0.397-0.005 0.010 2
193 propyl acetate 12 0.585 0.055 0.055 2 271 iodoethane 18 0.592-0.031 -—-0.026 1
194 2-methylpropyl formate 12 0.680 0.165 0.164 2 272 1,1,2-trichloroethylene 18 0.566—0.096 —0.107 2
195 methyl butyrate 12 0.580 —0.025 —0.026 2 273 pentachloroethane 18 2.45 0.511 0.625 3
196 methyl isobutyrate 12 0.523 —0.157 —0.144 2 274 allyl chloride 18 0.322 —-0.050 -0.047 5
197 ethyl propionate 12 0.537 —0.069 —0.076 4 275 1,2-dichloropropane 18 0.865 0.261 0271 2
198 n-butyl formate 12 0.691 0.161 0.162 3 276 1-chloropropane 18 0.352 —0.022 —-0.019 1
199 isobutyl formate 12 0.680 0.165 0.165 3 277 2-chloropropane 18 0.400 0.092 0.082
200 isopropyl acetate 12 0.559 0.068 0.073 3 278 1-bromobutane 18 0.633-0.048 —0.040 2
201 methyl methacrylate 12 0.632 —-0.099 —0.115 3 279 2-bromobutane 18 1.434 0.731 0.730 2
202 methyl acetoacetate 12 1.704 0.421 0.427 3 280 1-bromo-2-methylpropane 18 0.6430.055 —0.063 2
203 ethyl acetoacetate 12 1.419 —-0.083 —0.098 3 281 1-chlorobutane 18 0.458 —0.002 -0.001 5
204 2-methylpropyl acetate 12 0.697 0.051 0.058 3 282 2-chloro-2-methylpropane 18 0.512 0.160 0.150
205 ethyl butyrate 12 0.672 —0.038 —0.043 3 283 2-chlorobutane 18 0.412 —-0.069 —0.069 5
206 butyl acetate 12 0.732 0.070 0.072 1 284 1-chloro-2-methylpropane 18 0.462-0.015 —0.006 2
207 propyl propionate 12 0.673 —0.090 —0.086 2 285 1-iodo-2-methylpropane 18 0.875 —0.206 —0.201 2
208 methyl pentanoate 12 0.713 —0.048 —0.057 3 286 1-chloropentane 18 0.580 0.006 0.010 2
209 methyl maleate 12 3.54 1.965 2.010 7 287 1,3-dichlorobenzene 18 1.086-0.500 —-0.537 5
210 diethyl malonate 12 2.15 0.324 0.391 2 288 1,2-dichlorobenzene 18 1.428-0.356 —0.367 5
211 pentyl acetate 12 0.924 0.098 0.100 2 289 bromobenzene 18 1.132-0.299 -0324 5
212 ethyl pentanoate 12 0.847 —0.046 —0.057 3 290 chlorobenzene 18 0.799 -0.167 -0.181 1
213 isopentyl acetate 12 0.872 0.069 0.077 3 291 fluorobenzene 18 0.598-0.203 —-0.224 1
214 2-methylbutyl acetate 12 0.872 —0.057 —0.065 3 292 iodobenzene 18 1.670 -0.522 —-0.612 5
215 propyl butyrate 12 0.831 —0.062 —0.063 3 293 benzyl chloride 18 1.400 0.083 0.054 2
216 propyl isobutyrate 12 0.831 —-0.180 —0.189 3 294 2-fluorotoluene 18 0.680 —0.585 —0.528 2
217 diethyl maleate 12 3.57 1.409 1462 3 295 3-fluorotoluene 18 0.608 —0.494 —-0.478 2
218 propyl pentanoate 12 1.053 —-0.071 —-0.092 3 296 4-fluorotoluene 18 0.622 —0.458 —0.483 2
219 methyl benzoate 12 2.044 0.120 0.199 5 297 carbon tetrachloride 18 0.969 0.340 0.348
220 ethyl benzoate 12 224  —-0.023 —-0.059 1 298 dibromomethane 18 1.018 0.297 0299 5
221 acetic anhydride 13 0.907 0.304 0.302 2 299 bromochloromethane 18 0.670 0.190 0.194
222 propionic anhydride 13 1144 -0.121 —-0.107 3 300 dichloromethane 18 0.426 0.101 0.104 5
223 butyric anhydride 13 1.615 0.015 —0.003 3 301 diiodomethane 18 2.80 1.085 1344 8
224 acetonitrile 14 0.375 0.073 0.078 3 302 iodomethane 18 0.500 —0.047 —0.013 2
225 acrylonitrile 14 0.35 —0.071 —0.084 2 303 chloroform 18 0.580 0.131 0.151 1
226 propionitrile 14 0.425 0.010 0.020 5 304 dimethyl sulfide 19 0.289 —0.032 —0.016 2
227 trans-3-butenenitrile 14 0.514 0.036 0.040 5 305 ethanethiol 19 0.250 —0.050 —0.038 5
228 methacrylonitrile 14 0.392 —0.085 —0.093 2 306 trimethylene sulfide 19 0.638 0.159 0.184 2
229 butyronitrile 14 0.616 0.118 0.129 5 307 ethyl methyl sulfide 19 0.373 —0.064 —-0.062 3
230 4-methylvaleronitrile 14 0.980 0.225 0.238 7 308 diethyl sulfide 19 0.446 —0.102 —-0.075 2
231 4-methylpentanenitrile 14 0.980 0.272 0.261 3 309 1-butanethiol 19 0.501-0.008 —0.007 2
232 a-tolunitrile 14 2.161 0.510 0.555 7 310 thiophene 19 0.662 0.126 0.131 2

2

3

3

2

5

5

1

3
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Table 1. (Continued)

1073y, Pas 1073y, Pas
no. name class [t=20°C] 7exp— Hcalc exp— Nev reP no. name class [t=20°C] %exp— #calc Nexp— Nev ref
311 tetrahydrothiophene 19 1.042 0.426 0.430 7 340 1-decanol 6 14.384 5.604 5
312 thiophenol 19 1.239 0.333 0.311 2 341 cyclohexanol 6 68.0 64.153 1
313 a-pinene 20 1.40 —0.231 —0.256 7 342m-cresol 6 18.42 14.476 2
314 f-pinene 20 1.70 0.089 0.141 7 343 1l-octanol 6 8.925 3336 3
315 2,2,2-trifluoroethanol 20 1.996 —1.348 —1.211 2 344 2-ethyl-1-hexanol 6 9.8 3.728 3
316 acetaldoxime 20 1415 -0.689 —0.64 3 345 1-nonanol 6 14.3 7.467 2
317 2-methoxyethanol 20 1.72 —0.618 —0.617 3 346 ethylene glycol 7 19.9 10.822 1
318 2-ethoxyethanol 20 2.04 —0.833 —0.739 3 347 1,2-propanediol 7 45.66 36.42 2
319 furan 20 0.380 —0.103 —0.12 2 348 1,3-propanediol 7 56.0 45242 2
320 pyrrole 20 1.352 0.396 0.351 2 349 glycerol 7 1490 1429.262 1
321 methyl cyanoacetate 20 2.793 1.705 1.737 7 350 1,3-butanediol 7 130.3 118.391 3
322 2,2-dichloroethyl ether 20 2.41 1.315 1.366 2 351 diethylene glycol 7 35.7 17.927 7
323 morpholine 20 2.23 0.637 0.606 3 352 1,5-pentanediol 7 128.0 110.996 2
324 tetrahydro-2-furanmethanol 20 6.24 1.513 1.717 8 353 2-methyl-2,4-pentanediol 7 34.4 24.782 3
325 pyridine 20 0.974 0.422 0.424 1 354 triethylene glycol 7 49.0 1251 2
326 ethyl cyanoacetate 20 2.63 1.360 1.338 7 355 2-ethyl-1,3-hexanediol 7 323 29494 3
327 1,2-ethanediol diacetate 20 3.13 1.859 1.863 2 356 oleic acid 11 38.80 —17.439 3
328 dicarbonic acid diethyl ester 20 197 -0.026 —-0.023 8 357 ethyl cinnamate 12 8.7 5235 2
329 4-hydroxy-4-methyl- 20 2.9 —0.135 —0.233 3 358 dibutyl decanedioate 12 9.03 —-8.578 3
2-pentanone 359 methyl oleate 12 4.88 —8.554 3
330 2,2-dimethyl-1,3-dioxolane- 20 11 2.857 3.163 3 360 maleic anhydride 12 4.436 3.623 5
4-methanol 361N-methylpropionamide 17 6.06 4569 2
331 2-(2-ethoxyethoxy)ethanol 20 3.85 —2171 -—2106 7 362 22thiodiethanol 19 65.2 46.529 3
332 3-bromoaniline 20 6.81 2.659 2.668 1 363 ethanolamine 20 23.22 18.966 5
333 o-chloroaniline 20 2916 —0.004 —-0.123 7 364 trifluoroacetic acid 20 0.926 —3.835 2
334 2-methylpyridine 20 0.805 —0.133 —0.165 3 365 glycerol trinitrate 20 36.0 30.924 3
335 benzoyl bromide 20 1.956 —-0.677 —0.789 2 366 bis(2-hydroxyethyl)ether 20 35.7 17.932 3
336 2,4,6-trimethylpyridine 20 1.498 -—0.04 0 2 367 tetrahydropyran- 20 11.0 4871 3
337 4tert-butylpyridine 20 1.495 -0.351 -0.303 3 2-methanol
338 pentadecylcyclopentane 2 8.3 —3.521 4 368 salicyl aldehyde 20 2.90 —4.788 3
339 hexadecylcyclopentane 2 9.6 —5.19 4 369 salicylic acid 20 2.71 —2322 6

aClasses of compounds: 1, alkanes; 2, cycloalkanes; 3, alkenes; 4, cycloalkenes; 5, aromatic hydrocarbons; 6, alcohols and phenols; 7, polyhydroxy
alcohols; 8, ethers; 9, aldehydes; 10, ketones; 11, acids; 12, esters; 13, anhydrides; 14, nitriles; 15, amines; 16, nitro compounds; 17, amides; 18,
halogenated hydrocarbons; 19, sulfur compounds; 20, dtiReferences: (1) Weast, R. C., Bdandbook of Chemistry and Physji&9th ed.;
CRC: Boca Raton, FL, 19881989. (2) Dean, J. AHandbook of Organic ChemistrjMicGraw-Hill: New York, 1987. (3) Dean, J. A.ange’s
Handbook of Organic Chemistrg4th ed.; McGraw-Hill: New York, 1992. (4) Pachaiyappan, V. S.; Ibrahim, S. H.; Kuloor, N. R. Simple Correlation
for Determining Viscosity of Organic Liquid€Chem. Eng1967 74, 193-196. (5) Reid, R. C.; Prausnitz, J. M.; Poling, B. Ehe Properties of
Gases and Liquids4th ed.; McGraw-Hill: New York, 1987. (6) Weast, R. C., Bdandbook of Chemistry and Physi@&bth ed.; CRC: Boca
Raton, FL, 19841985. (7) Riddick, J. A.; Bunger, W. AOrganic Sobents Physical Properties and Methods of Purificatigviley-Interscience:
New York, 1970. (8) The Merck Index, 12th ed.; CD-ROM, version 12:1, Chapman & Hall: London, 1996.

dependent variables (experimental property) assigned to thethe third step, the coefficients of the calibrated model are
corresponding compounds and randomly generating theused to predict the investigated property for all compounds
independent variables (structural descriptétg}:#546f the in the selG;. The second and third steps are repeatties,
fit obtained with the real set is consistently better than that until each compound is selected once in a cross-validation
with the random independent variables, the correlation group anch — 1 times in calibration groups. By comparing
obtained with the real data can confidently be said not to be the experimental and predicted value of the modeled
due to chance factors. property, one obtains a measure of the predictive power of
Because the simulations using random independent vari-the model for a given set of structural descriptors and for a
ables give no idea of the effects of correlation between the given data set. One can increase the number of groups
independent variables and inhomogeneous distribution of theuntil it equals the number of data poiriis giving the leave-
values of parameters, the second method uses a data setne-out cross-validation procedure. However, this technigue
obtained from the real one by randomly assigning a real is not recommended for large data sets, when the computa-
property value to a compound not necessarily possessing thigional effort becomes too high.
property and by retaining the values of the independent Although the QSPR equations developed with CODESSA
variables!®#6This procedure is repeated a number of times, are obtained by selection of descriptors from a large pool,
and if the fit obtained with the real data set is constantly several descriptor selection techniques were used in order
better than the one obtained with randomly assigned propertyto minimize the possibility of chance correlations. In the first
data, one can be confident that a valid relationship has indeedstep, from the initial pool of descriptors, CODESSA elimi-
been established between the structural descriptors and theates all descriptors witR-test values of less than tfest
experimental data. values of less than 0.1, or correlation coefficients of less
The third method, cross-validation, is the most commonly than 0.1, thus greatly reducing the dimensionality of the
used technique for evaluating the predictive ability of a model problem—that of finding a QSPR equation with a good
for a given data set. In the first step, the data Sehat predictive power. Then, as described in the previous section,
containsN elements is divided into groupsG;. In the second  a heuristic algorithm selects only quasi-orthogonal sets of
step, the model is calibrated with a data set obtained ffom descriptors that are tested for correlation with the viscosity
by eliminating the first cross-validation group of d&a In data. This selection algorithm ensures that the probability
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Table 2. Notation of the Descriptors Involved in the QSPR Models with Five Theoretical Parameters

no. typé notation descriptors
1 E A PPSA-3, atomic charge weighted partial positive surface area (electrostatic)
2 E B topographic electronic index (all bonds) (electrostatic)
3 E C HDCA-2, hydrogen bonding donor charged surface area (electrostatic)
4 E D HDCA-1, hydrogen bonding donor charged surface area (electrostatic)
5 Q E HDSA, hydrogen-donors surface area (quantum)
6 E F topographic electronic index (all pairs) (electrostatic)
7 Q G HDCA, hydrogen-donor charged surface area (quantum)
8 E H HDCA-2/SQRT(TMSA), fractional HDCA-2 (electrostatic)
9 Q | HDCA-2, hydrogen bonding donor charged surface area (quantum)
10 Q J HDCA-1, hydrogen bonding donor charged surface area (quantum)
11 C K gravitation index (all bonds)
12 C L gravitation index (all pairs)
13 C M molecular weight
14 E N HDCA-2/TMSA, fractional HDCA-2 (electrostatic)
15 T o] Randicindex (order 3)
16 T P Randicindex (orderl)
17 E Q HACA-2, hydrogen bonding acceptor charged surface area (electrostatic)
18 C R no. of rings
19 C S no. of O atoms
20 Q T max electrophilic reactivity index foa C atom
21 C U rel no. of rings
22 T \% structural information content (order 0)
23 Q W FNSA-3, fractional charged negative surface area (quantum)
24 Q X FHASA, fractional surface area of hydrogen acceptor atoms (quantum)
25 Q Y max atomic orbital electronic population
26 Cc z rel no. of double bonds
27 Q Aa max net atomic charge f@a O atom
28 Q Ab av electrophilic reactivity index foa C atom

a Descriptor type: C, constitutional; T, topological; G, geometrical; E, electrostatic; Q, quantum.

of obtaining a chance correlation is low and maintains a Table 3. One-Parameter Regression for Computing the Viscosity

reasonable searching time. We have to mention that the no. descriptor r F

heuristic nature of the algorithm offers only near-optimal 1 A 0.665 17
solutions, because the exhaustive search of the best QSPR 2 B 0.634 16
equation for 369 experimental data and 579 descriptors 2 8 g'ggi ig
requires very large computational resources. 5 E 0.615 15

In CODESSA, the model validation is performed with the 6 F 0.604 16
leave-one-out cross-validation procedure. However, for MLR ; S g-ggg ij
equations, this technique induces a too small modification 9 | 0587 14
of the initial data set, and for the present study, we have 10 J 0.584 14

estimated the stability and predictive ability of the MLR
model with the leave-20%-out (L20%0O) cross-validation
method?~*° The L20%O cross-validation was applied by
establishing a prediction set consisting of 20% of the patterns

: : The definitions of the descriptors are presented in detail in
randomly selected from the entire set of experimental data ;
and retaining the remaining 80% of the patterns in a the CODESSA Reference and User's Mandals.

calibration set. The MLR model is developed with the  1he viscosity valuesy) of the compounds involved in
calibration set, and in a second phase, its coefficients arell® Present study span a large interval, and as in other QSPR
used to compute the viscosity of the molecules from the VISCOSItY studies, we have usedjms the experimental value
prediction set. This procedure is repeated five times, until ©© restrain the range of property values. The theoretical
all molecules are selected in a prediction set once and onlyParameters computed with CODESSA were used in mono-
once. A linear regression between experimentajdp and parametric correlatloqs relating into the structural descrip-
predicted Iy, offers the statistical indices used to compare [©0rS: and those offering the best results were selected for
the stability and predictive capacity of the different MLR furth(_er USE. The number of _descnptors was reduced to 392
models. Because CODESSA does not offer this model PY €liminating descriptors witk-test values of less than 1,

validation option, the L20%0 cross-validation was performed t-test values of less than 0.1, or correlation coefficients of_
by exporting the data from CODESSA and doing the less than 0.1. Table 3 presents the best 10 monoparametric

computations with the programs used in other QSPR correlations, giving the descriptor involved, the correlation
investigationg7-49 coefficient ¢) and theF-test value. Six from the best 10

descriptors are electrostatics and the remaining four are
guantum.
The biparametric correlations were computed by using all
Using the HyperChem structural files and AMPAC AM1 pairs of descriptors with an intercorrelation coefficient of
output files for 369 compounds, CODESSA generated a setlower than 0.8. The best 10 biparametric correlations are

of 579 descriptors. Table 2 presents the notation of the 28
descriptors involved in the correlations reported in this paper.

RESULTS AND DISCUSSION
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Table 4. Biparameter Regression for Computing the Viscosity set. Two descriptors are common to all 10 equations, namely,
no. descriptors r E C, the hydrogen-bonding donor charged surface HDCA-2
1 CK 0.892 11 computed with atomic charges derived from atomic elec-
2 C,L 0.888 685 tronegativities, andi1, the molecular weight that represents
3 C,M 0.880 627 a molecular size descriptor. The most important parameter,
4 I, K 0.875 599 HDCA-2, is a descriptor directly related to the hydrogen
2 leK 8'225 ggi bonding between the molecules in condensed media and is

7 I, M 0.867 553 defined by
8 C,0 0.865 545
9 , K 0.861 524 1/2
10 8 P 0.860 522 HDCA-2 = Z% )

presented in Table 4. The introduction of a second parameter . . .
significantly improves the statistical indices of the QSPR whereQuis the partial charge on the hydrogen bonding donor

model, with the correlation coefficient ranging between 0.86 atoms, Sh denotes the exposed surface area of this atom,

and 0.89 and the test between 522 and 711. The tob three and MSA is the total molecular surface area calculated from
o . . P the van der Waals radii of the atoms. The summation in the
correlations involve the hydrogen-acceptor indexand a

constitutional descriptor: bond gravitation ind& pair formula of HDCA-2 goes over all possible hydrogen-bonding

N . . donor atoms in a molecule.
gravitation mde?d_,.and molec.ular weightl, respectively. The presence of HDCA-2 and the molecular weight
;25;3;3? ;%%Stltg?gncﬂgeiiggtg? théagggiﬂs %rf tga;fg&]ic descriptors in all equations reported in Table 5 demonstrates
: mpu . that the viscosity of organic liquids is determined mainly
weights and georgetrlfc d'Sta?;l:es SepTrat'?]g rt1h?j atoms.by the propensity of forming hydrogen bonds and by the
Equations 4, 5, and 7 from Table 4 involve the hydrogen- - - C ;
acceptor index (with the same definition as inde® but molecular size. Several descriptors have a high incidence in

computed with quantum charges) and one of the constitu the set of 10 equations from Table B, the number of rings,
: . ; “appears in six equation§, the number of oxygen atoms,
tional descriptor&, L, andM, respectively. The hydrogen- PP q S Y9

. ' S ) appears in six equationd;, the maximum electrophilic
acceptor |nde>C and a Randm:onnectlyny mdex, eithe® reactivity index for a carbon atom, appears in six equations;
or P, are used in egs 8 and 10. Equation 9 involves another

| - ind d th itation ind U, the relative number of rings, appears in three equations;
electrostatic indexQ, and the gravitation indeK. As a a5 'the maximum net atomic charge for an oxygen atom,
general trend, the biparametric correlations involve an

o ) . appears in two equations. The good statistical quality of the
electrostatic index and another index describing the molecular

. . o ~~“%equations from Table 5 demonstrates that the descriptor
weight, weight distribution, molecular shape, or connectivity. ggjection algorithms from CODESSA are able to extract from

Using the set of biparametric correlations obtained in the a large set of descriptors a small group that influence the
previous step, a heuristic method was applied to generateviscosity of organic compounds.
correlations with up to five parameters. The best 10 such An inspection of the residuals (difference betwegg,
correlations are presented in Table 5. The introduction of and#nmirea) Of the 10 QSPR models shows that in each of
five parameters significantly improves the statistical indices them there are a number of outliers (compounds with a
of the QSPR model, with the correlation coefficient being residual larger thans}. To select the best QSPR equation,
between 0.915 and 0.919 and tRgest between 374 and after the elimination of the outliers and the L20%O cross-
394. All best 10 correlations involve the hydrogen-acceptor validation test, the statistical indices of eq 1 were determined
index C and molecular weighM. The statistical indices  and the equation with the best prediction statistical indices
(correlation coefficient, standard deviatios, Fisher's test ~ was selected. The best QSPR model selected for further
F) of the MLR equations relating Im to the structural investigation after the elimination of the outliers is derived
descriptors are presented in Table 5, columns14 Ther from eq 8 in Table 5:
values of the 10 QSPR models from Table 5 indicate a good
correlation between Iy and the structural descriptors, but N 7¢,, = —2.814¢0.144)+ 3.387¢0.139C +

for practical applications, it is important to have a good 8.858x 1073(i0.647>< 1073)M +3.919x%
prediction of they values themselves. Columns 15 and 16

from Table 5 give ther and s statistical indices of the 10 1(:|:0.303x 10 1)0 — 8.486(£1.435) + 6.684x
equation 101(+0.803x 10 MY (3)
n=337 r=0.920 s=0.371 F=367
nexp =a+ b77MLRCaI (l)

In this equation, the standard error of estimation of each
wherenureal represents the viscosity value computed with coefficient at the 95% confidence level is given within
one of the QSPR models reported in Table 5. Thalues parentheses. The model contains the following five theoreti-
from column 15 indicate that the estimation of the viscosity cal parameters:C, the hydrogen-bonding donor charged
is not as good as was concluded on the basis of the statisticaburface HDCA-2 computed with atomic charges derived from
indices of the Iy QSPR. By comparing the statistical indices atomic electronegativitiedyl, the molecular weight©, the
of the 10 QSPR equations reported in Table 5, it is clear Randicconnectivity index of order 3y; T, the maximum
that the statistical differences between them are small, andelectrophilic reactivity index for a carbon atom; a¥idthe
it is not easy to select univocally the best equation from this maximum atomic orbital electronic population.
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Table 5. Multiparameter Regressions for Computing the Viscdsity

no a & Py a P2 ag ps a P4 as ps r(ny) s(ny)  Fdlnzy)  r(y) s(n)

1 -1.894 4313 C 0014 M 0510 R 0178 S  —10.045 T 0.919 0.516 394  0.817 7.920
2 —-1.995 4151 C 0014 M 0489 R —1473 Aa -10621 T 0.917 0522 383  0.793 6.448
3 —-1934 4323 C 0015 M 8037 U —11639 T 0.161 S 0.916  0.523 382  0.802 8.361
4 -2161 4502 C 0012 M 7231 U —12742 T 0.124 V 0.916  0.525 378  0.793 7.681
5 -2039 4159 C 0016 M 8010 U -12131 T —1.405 Aa 0916 0.526 377  0.775 6.959
6 —2.022 4540 C 0.013 M 0636 R 0261 S 5380 W 0916 0.526 376 0.798 8.350
7 —2277 5026 C 0014 M 0619 R 0172 S —2.108 X 0.915 0.526 376  0.835 7.904
8 —2765 4.147 C 0009 M 0366 O —13.808 T 0731 Y 0.915 0.526 376  0.818 6.906
9 -—2149 435 C 0.013 M 0580 R 0.188 S -2.091 Z 0.915 0.526 376 0.822 7.822
10 -2.051 4437 C 0014 M 0567 R 0151 S  —12.007 Ab 0915 0.527 374  0.803 7.799

ap,—ps represent structural descripto@—as represent the coefficients of the MLR mode{in #), s(In #), andF(In ), are the statistical
indices for Iny QSPR;r() ands() are the statistical indices for the corresponding equation (1).

The third descriptor in eq 3, the Rahdionnectivity index From a practical point of view, a QSPR model is as
of order 3, collects the weighted contribution of clusters valuable as its predictions are. The L20%0O cross-validation
formed by four atoms and is a measure of molecular was applied to the model from eq 3, giving the following
branching. The remaining two descriptors are derived from results:

AM1 guantum computations, namely, the maximum elec-

trophilic reactivity index for a carbon atom and the maximum IN 77¢yp, = 0.003+ 0.992IN7y rey (6)
atomic orbital electronic population. The electrophilic reac-

tivity index for a given atomic species A is defined as n=337 r1,=0917 &,=0.377

. Nexp = 0.053+ 0.92% rey (7
ZCLUMO,iZ n=337 r,=0922 s,=0.818
1=

Ea= (4) The cross-validation residuals of the 337 compounds are
€umo 110

presented in Table 1, column 6. As is apparent from the
cross-validation residuals and the statistical indices of eqs 6
and 7, the predictions offered by the QSPR model from eq
- X ) 3 are good, with a low decrease of the correlation coefficient
AO coefficient on the_ lowest unoccupied molecglar orbital ro, and a small increase of the standard deviatip

(LUMO), and ewwmo is the energy of this orbital. The compared with the corresponding indices from eqgs 3 and 5.
maximum atomic orbital electronic population is an index The cross-validation results show that although the QSPR

that ‘?'esc,”bes the nucl_epphilicity of the mOIeCL_"e' The equations developed with CODESSA are obtained by choos-
examination of the coefficients of the andY descriptors ing descriptors from a large pool, the descriptor selection

in eq 3 shows that the viscosity decreases with an increase,qrithms and the heuristic generation of the MLR models
of the electrophilicity of the carbon atom and increases With inimize the possibility of chance correlations and provide
the increase of the molecular nucleophilicity. models with a good predictive power. QSPR models contain-

If we transform the Inywirca Values calculated with eq 3 ing more than five parameters were investigated and showed
into the viscosity valuegwirea, We obtain the following  no improvement over the results reported in the above
equation: equations.

where the summation is performed over all valence atomic
orbitalsi in atom A ( = 1, ...,na), CLumo,i denote theth

Nexp = 0.087+ 0.9047 rcal (5) CONCLUSION

n=337 r=0.931 s=0.746 A QSPR model for the estimation of the liquid viscosity
of a large variety of organic compounds was established
This calibration equation gives a good estimation of the using the CODESSA program. The final model, developed
viscosity, with a fairly small standard deviation. The calibra- with a calibration set containing 337 compounds, has good
tion residuals of the 337 compounds are presented in Tablestatistical indices; i.e.s = 0.37 andr = 0.920. Five
1, column 5. Column 6 from the same table gives the residual theoretical parameters were included in the QSPR model:
viscosity of the 32 outliers predicted with eq 3. The set of molecular weight; Randiconnectivity index of order 3;
outliers contains mainly esters and diols, some higher hydrogen-donor charged surface area HDCA-2 (electrostatic);
alcohols, glyceroal, oleic acid, Z;2hiodiethanol, ethanola- maximum electrophilic reactivity index foa C atom;
mine, bis(2-hydroxyethyl) ether, and salicylic acid. Other maximum atomic orbital electronic population. The predic-
outliers have residuals at the limit o§,3and therefore, itis tive ability of the MLR model was tested by the leave-20%-
difficult to say if they represent true outliers or if their out cross-validation method, showing that the QSPR model
experimental viscosities are in error. The chemical structure is stable and can be used to obtain good predictions for
of the outliers indicates that the QSPR model is not able to compounds that were not used in the model calibration. The
predict the viscosity of highly polar organic compounds, cross-validation statistical indices show a small decrease
containing two or more polar groups. New structural descrip- when compared with those obtained in the calibration phase;
tors have to be developed for such compounds. i.e.,s% = 0.38 and, = 0.917. Although the QSPR equations
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developed with CODESSA are obtained by selection of (15) Katritzky, A. R.; Mu, L.; Karelson, M. A QSPR Study of the Solubility

descriptors from a large pool, we have used several descriptor ~ 9f Sases and Vapors in Watek. Chem. Inf. Compuit. SCL996 36

selection techniques in order to minimize the possibility of (16) Katritzky, A. R.; Wang, Y.; Sild, S.; Tamm, T.; Karelson, M. QSPR
chance correlations. The QSPR models developed with Studies on Vapor Pressure, Aqueous Solubility, and the Prediction of

CODESSA allow accurate computation of the liquid viscosity \é\éatfzrxgzza”'“on Coefficients.J. Chem. Inf. Comput. ScL99§

of organic compounds using simple constitutional descriptors (17) Katritzky, A. R.; Sild, S.; Karelson, M. General Quantitative Structure
and quantum indices that can be computed with standard Property Relationship Treatment of the Refractive Index of Organic

: R CompoundsJ. Chem. Inf. Comput. Sc1998 38, 840-844.
quantum chemistry packages. The application of the model (18) Katritzky, A. R.; Sild, S.; Karelson, M. Correlation and Prediction of

is limited to compounds with one polar group, while for the the Refractive Indices of Polymers by QSRR Chem. Inf. Comput.
computation of the viscosity for highly polar compounds, Sci. 1998 38, 1171-1176.

(19) Katritzky, A. R.; Mu, L.; Lobanov, V. S.; Karelson, M. Correlation
new structural parameters have to be developed. of Boiling Points with Molecular Structure. 1. A Training Set of 298

Diverse Organics and a Test Set of 9 Simple Inorgadid3hys. Chem.

1996 100, 10400-10407.
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