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Abstract — Recently, the researches on quantitative structure activity relationship (QSAR) for describing toxicities or
activities of chemicals based on chemical structural characteristics have been widely carried out in order to estimate the
toxicity of chemicals in multiuse facilities. Because the toxicity of chemicals are explained by various kinds of molec-
ular descriptors, an important step for QSAR model development is how to select significant molecular descriptors. This
research proposes a statistical selection of significant molecular descriptors and a new QSAR model based on partial
least square (PLS). The proposed QSAR model is applied to estimate the logarithm of partition coefficients (log P) of
130 polychlorinated biphenyls (PCBs) and lethal concentration (LCs;) of 14 PCBs, where the prediction accuracies of
the proposed QSAR model are compared to a conventional QSAR model provided by OECD QSAR toolbox. For the
selection of significant molecular descriptors that have high correlation with molecular descriptors and activity infor-
mation of the chemicals of interest, correlation coefficient (r) and variable importance of projection (VIP) are applied
and then PLS model of the selected molecular descriptors and activity information is used to predict toxicities and activ-
ity information of chemicals. In the prediction results of coefficient of regression (R?) and prediction residual error sum
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of square (PRESS), the proposed QSAR model showed improved prediction performances of log P and LCs, by 26%
and 91% than the conventional QSAR model, respectively. The proposed QSAR method based on computational toxi-
cology can improve the prediction performance of the toxicities and the activity information of chemicals, which can

contribute to the health and environmental risk assessment of toxic chemicals.

Key words: REACH regulation, PCBs, Quantitative Structure Activity Relationship(QSAR), Molecular descriptors, Par-
tial least square, Computational toxicology
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Fig. 2. The flowchart of the proposed QSAR model.
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Table 1. The 4885 molecular descriptors from Dragon software
Group name Numbers Group name Numbers
Constitutional indices 43 Ring descriptors 32
Topological indices 75 Walk and path counts 46
Connectivity indices 37 Information indices 48
2D matrix-based descriptors 550 2D autocorrelations 213
Burden eigenvalues 96 P_VSA-like descriptors 45
ETA indices 23 Edge adjacency indices 324
Geometrical descriptors 38 3D matrix-based descriptors 90
3D autocorrelations 80 RDF descriptors 210
3D-MoRES descriptors 224 WHIM descriptors 114
GETAWAY descriptors 273 Randic molecular profiles 41
Functional group counts 154 Atom-Centred fragments 115
Atom-type E-state indices 170 CATS 2D 150
2D Atom Pairs 1596 3D Atom Pairs 36
Charge descriptors 15 Molecular properties 20
Drug-like indices 27 Total 4885
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Table 2. The main key molecular descriptors for representation of log P of PCBs

Toxicity No. Group Name Description
2355 GETAWAY descriptors H2e H autocorrelation of lag 2 / weighted by Sanderson electronegativity
2582 Randic molecular profiles SPO1 Shape profile no. 1
log P 2583 Randic molecular profiles SP02 Shape profile no. 2
2602 Randic molecular profiles SHP2 Average shape profile index of order 2
4404 2D Atom Pairs FO6[C-CI] Frequency of C - Cl at topological distance 6
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Fig. 5. The result of PLS driven QSAR model and verification for
log P; (a) The loading plot of proposed QSAR model for
prediction of log P; (b) The Q-Q plots of proposed QSAR
model and other QSAR model for log P.
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Table 3. The main key molecular descriptors for representation of log P of PCBs

Toxicity ~ No. Group Name Description
460 2D matrix-based descriptors VE1_D/Dt Coeflicient sum of the last eigenvector from distance/detour matrix
882 2D autocorrelations ATSC3m Centred Broto-Moreau autocorrelation of lag 3 weighted by mass
pLCs, 898 2D autocorrelations ATSC3e Centred Broto-Moreau autocorrelation of lag 3 weighted by Sanderson electronegativity
1090 Burden eigenvalues SpMax6_Bh(s) Largest eigenvalue n. 6 of Burden matrix weighted by I-state
1774 RDF descriptors RDF025m Radial Distribution Function - 025 / weighted by mass
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