
The model results presented here are the application of the molecular
invariant approach applied to the SMILEScode. It is a rather versatile
approachsince we are showing the application to two different sort of
problems, carcinogenicity and nanosized particles toxicity. For
carcinogenicity optimal descriptors have been calculated taking into
account,not onlycommonsetsof charactersbut cyclescodeswhichreflect
qualityandquantityof cyclescontainedwithin the molecularstructure.

&(5-memb. cycl)(6-memb. cycl.)(heteroatoms)

O=C2Oc1c4C5C=COC5Oc4cc(OC)c1C=3CCC(O)C2=3
The cyclicitycode &321

Suchinvariantisnot necessaryfor nanosizedparticlesinsteadother kind of
invariants such as Al, =, [, Zn, etc., has been found relevant for the
structure-toxicity relationships.
In any casethis is a good measureof the versatility of the methodology
able to model biological properties for a wide variety of chemical
compounds.
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The prediction by Quantitative Structure-Activity Relationships(QSARs)of
biochemicalparametersassociatedwith chemicalsubstancesis becomingan
important tool for riskassessmentand is explicitlymentionedwithin the REACH
legislation. Indeedthe QSARapproachhasseveraladvantages:

�‰ Low cost of its development
�‰ No animal tests
�‰ No chemical waste
�‰ Easiness of use

�‰ Fast and accurate prediction
�‰ Reproducible results and models

On the other hand QSAR methods are highly dependent on the input data, not 
only on their quality but on the form they are fed to the model. Typically the 
chemical information is given to the QSAR in the form of molecular 
descriptors. Here we present some QSAR models based on the search of 
strings invariants within the SMILES code used to store large sets of molecules 
which are used as molecular descriptors able to be related with the molecular 
toxicity.

Model set up
&

SMILES codification

C0+C1*DCW
(SMILES)

Further Tests:
In Silico
In vitro

-pLD50  <  Toxicity Threshold

Reject
or

further tests

Feed back
Model improvement

Optimal SMILES-based descriptors provide an one-variable model for the
predictionof endpointsvaluesfor substanceswhichhavenot beenexaminedin
direct experiment. The model is EndPoint= C0 + C1*DCW(SMILES). The DCW
(descriptorof correlationweights)maybedefinedas

DCW(SMILES)= �GCW(k-th SMILESattribute) (1)
or

DCW(SMILES)= �SCW(k-th SMILESattribute) (2)

Thek-th localSMILESattribute maybe a symbolof the SMILESnotation and/or
an combineof the symbols[1-3]. TheglobalSMILESattributes (e.g., numberof
oxygen,nitrogen atoms, or number of double bonds,etc) may be used in the
scheme. The correlation weights of SMILESattributes are calculatedby the
Monte Carlomethod optimization that provide as large as possiblecorrelation
coefficient between the DCW(SMILES)and endpoint for the training set. The
predictivepotentialof the modelcanbevalidatedwith anexternaltest set.
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Figure2
Scatteredplot Predictedvs. Calculated
of the carcinogenicitymodel. Training
and external test sets are indicated in
blueandred respectively

Figure1
Flowchart of the QSARmodelbasedon SMILES
code proposed for high throughput screening
performedoverbigsetsof molecules.

Themoleculardescriptorsandthe QSARassociatedareableto:
�‰Evaluatebigdatasetsin short time
�‰Dealwith chemicalcompoundswith diversechemicalnature
�‰handledifferent endpoints
�‰providegoodpredictivity
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Total time < 0.1 s/molecule

R² = 0.7232

R² = 0.7868
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Figure3
Scatteredplot Predictedvs. Calculated
of the Mutagenicity model. Training
and external test sets are indicated in
blueandred respectively

Figure4
Scatteredplot Predictedvs. Calculated
of the nanosized particles toxicity
model. Trainingand external test sets
are indicated in blue and red
respectively
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