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CHEMICALS: GOOD and EVIL
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QSAR

= f (    )= f (    )
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HUMAN EXPERTS have identified                                    LINKS between 

STRUCTURE and TOXICITY 

ASHBY identified a list of RESIDUES for GENOTOXIC 

EFFECT
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QSAR flow-chart
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It was invented by Arthur and David Weininger founders of Daylight 

Chemical information Systems Inc.

Using ASCII strings for depicting chemical information!!

If  ASCII strings are able to denote a feeling :-) , why not an organic formula?

O=[N+]([O-])c1c(c(c(c(c1C)[N+](=O)[O-])C(C)(C)C)[N+](=O)[O-])C

O

N
+

-
O

N
+

O

-
O

N
+

O

O
-

smiles: 62 bytes

MDL MOL: 2066 bytes

Connect Table: 998 bytes
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All atoms are depicted as their atomic symbols

C, N, O, P, S, F, Cl, Br, I

If they are not organic, or are acting with a non lowest normal valence they 

should go between brackets

[Fe], [S], [O-],...

Hydrogen should be removed unless is chemically meaningful

[H+], [C@@H], [OH-]

So:

C Methane CH
4

P Phosphine PH
3

O Water H
2
O

Cl Hydrochloric acid HCl

[C] Graphite/Diamond C
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The procedure to 

CALCULATE DESCRIPTORS

3D descriptors 
(optimization required)

3D descriptors 
(optimization required)

2D descriptors 
(no optimization required)

2D descriptors 
(no optimization required)

CH

C
H

C

O

Cl

CH

O

CH
3
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The procedure adopted to calculate the 2D DESCRIPTORS may

vary based on the different software requirement as input file

format

The 3D DESCRIPTORS are also affected by the geometry

optimization procedure



MOLECULAR DESCRIPTORS

Many DESCRIPTORS FAMILIES:

• Constitutional / information descriptors: molecular weight, number of

chemical elements, number of H-bonds or double bonds, &

• Physicochemical descriptors: lipophilicity, polarizability, &
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• Topological descriptors: atomic branching and ramification

• Electronic, geometrical and quantum-chemical descriptors

• Fragmental / structural keys defining Booleans (bitmap) arrays



ALGORITHMS: CLASSIFIERS

f(x)

regressions

• Discriminant Analysis

• CART

• KNN

• Fuzzy logic
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x1

x2

classification

• Fuzzy logic

• Bayesian

• Self Organizing Map (SOM)

• Support Vector Machine (SVM)



ALGORITHMS: REGRESSIONS

f(x)

regressions

• Multi Variate Analysis (MVA)

• Partial Least Squares (PLS)

• Neural Networks (NN)
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x1

x2

classification

• Neural Networks (NN)

• Other algorithms

(PCA, Genetic Algorithms)



MODEL PERFORMANCE

• Leave-one-out, leave-some-out, bootstrap, etc.

• Y-scrambling

Robustness
(training set)

Prediction • Prediction on an external set (TEST SET)
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Prediction 

ability

• Prediction on an external set (TEST SET)

• False positives and false negatives

Applicability 

domain
Chemical and response space where the model 
can be applied



Statistical parameters  - QSAR
Root-mean square error (RMSE):

average difference between  the N 

predicted (A) and experimental (A’) values

N
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Correlation coefficient (R2):

degree of correlation between predicted 

(A) and experimental (A’) values
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Fisher test (F):

it determines if the correlation is 

significant for at least x% compounds 
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PRESS/SSY:

fraction of unexplained variance over the 

total variance  
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STATISTICAL PARAMETERS: CLASSIFIER

CONFUSION MATRIXCONFUSION MATRIX
ex., two classes (“positivepositive” and “negativenegative”) 
discrimination 

Accuracy (AC) Sensitivity (Se)
Specificity (Sp)

experimental
negative

positive

predicted

negative positive

TN FP
FN TP
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Accuracy (AC)

ratio of the total number of 
predictions that are correct

TN + TP / all 

ratio of positive predicted 
cases that are correct. 
High values preferred

TP / TP + FN

False positives & negatives (FP, FN)

ratio (%) of positive and negative cases that are incorrectly classified. 

Specificity (Sp)

ratio of negative predicted 
cases that are correct

TN / TN + FP



New Chemicals ProgramNew Chemicals Program

Industrial ChemicalsIndustrial Chemicals

Section 5 of TSCA (Toxic Substance Control Act)
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Section 5 of TSCA (Toxic Substance Control Act)

requires a manufacturer and/or importer of a new

chemical substance to submit a premanufacture

notice (PMN) to US EPA 90 days before

commencing manufacture or import of the new

chemical



Decisions often made in the         

absence of any experimental data
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SAR methods and (Q)SAR                        

developed to help reviews

US EPA evaluates approximately

1500-2000 PMN cases a year



ATSDR
Agency for Toxic Substances and Disease Registry

� Toxicity prediction - QSARs based on PBPK

� Benchmark Dose (BMD) for human health effects

FDA
Food and Drug Administration - Dept. of Health & Human Services

� Carcinogenicity - data from regulatory submissions 
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� Carcinogenicity - data from regulatory submissions 
used to develop MULTICASE

NTP
National Toxicology Program

� Carcinogenicity - tested commercial software

NIOSH
National Institute for Occupational Safety and Health

� Use of SARs for hazard alerts for Current Intelligence Bulletins
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SEVEN REASONS to use QSAR

• Innovation (also in view of milions of new data - ToxCast)

• Time for experiments

• Occurrence of enough laboratories/resources

• Reduction of costs
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• Reduction of costs

• Use of animals

• Prioritization needs

• Pro-active approach for “greener” chemicals



The AIM of the REACH REGULATION

Article 1 : AIM and SCOPE

The purpose of this Regulation is to ensure a high
level of protection of human health and the
environment, including the promotion of
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environment, including the promotion of
alternative methods for assessment of hazards
of substances, as well as the free circulation of
substances on the internal market while
enhancing competitiveness and innovation.



REACH AND QSAR

AIM and STRATEGY

REACH TARGET is MAN and ENVIRONMENT
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TARGET

IN VIVO models

IN SILICO models



1. the model is recognized scientifically valid;

2. the substance is included in the applicability domain   
of the model;

REACH AND QSAR

According to REACH Regulation (Annex XI)

a QSAR Model is VALID IF

of the model;

3. results are adequate for classification and labelling
and for risk assessment;

4. adequate documentation of the methods is provided.
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ANTARES

Evaluating the existence and suitability of            
Non-Testing Methods for REACH

Alternative Non-Testing methods
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www.antares-life.eu

Alternative Non-Testing methods
Assessed for REACH Substances

Contract LIFE08 ENV/IT/000435



ANTARES

HOME

26www.antares-life.eu



MODELS PAGE

ANTARES

27www.antares-life.eu/software.php



MODELS PAGE – Specific Properties

ANTARES

28www.antares-life.eu/software.php



FOCUS ON 8 ENDPOINTS

Mutagenicity (Ames)

Carcinogenicity

LD50

Fish Acute Toxicity

Daphnia Acute Toxicity

HUMAN TOXICITY

ECOTOXICOLOGY

29www.antares-life.eu/software.php

Daphnia Acute Toxicity

BCF

Ready Biodegradability

Water Solubility

ECOTOXICOLOGY

ENVIRONMENTAL 

PHYSICO-CHEMICAL



ACCURACY for the 8 endpoints

Whole Datasets
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R2 for 5 endpoints

Whole Datasets

N 

compounds
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R2 results considering new compounds
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0.43
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MUTAGENICITY: Performance

Total dataset (6065 compounds)

0,60
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1,00

Accuracy
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The  first 4 models showed the best accuracy values very 
close to the in vitro reproducibility of Ames test (0.85)



MUTAGENICITY: Performance

In & out train chemicals and in & out Applicability Domain
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Accuracy
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Excluding compounds in the training 

set: T.E.S.T. and CAESAR gave the 

highest accuracy. There is a decrease 

in the predictive performance  

considering molecules  out of training 

set of the models. 
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set of the models. 

An increase in the performance 

was seen after selecting the 

compounds inside the 

Applicability Domain for each 

model.



MUTAGENICITY: Performance

Chemicals out of train distributed by AD
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Applying the information on the 

applicability domain improves results.

For compounds out of training and within AD, 

CAESAR and SARpy gave the highest sensitivity.



PREDICTION EXPERIMENTAL

CHEMICALS MODELS TESTS RESULTS

CAS NUMBER 1 2 3 4 5 6 7 8 Hansen Toolbox

24280-93-1 NT NT NT NT NT NT NT NT T NT

538-23-8 NT NT NT NT NT NT NT NT T T

57166-92-4 NT NT NT NT NT NT NT NT T T

60129-60-4 NT NT NT NT NT NT NT NT T T

629-14-1 NT NT NT NT NT NT NT NT T T

68-26-8 NT NT NT NT NT NT NT NT T T

70-54-2 NT NT NT NT NT NT NT NT T T

7235-40-7 NT NT NT NT NT NT NT NT T NT

COMPARISON OF PREDICTION AND EXPERIMENTAL RESULTS: 

False Negative and True Positive

FNs
common to

all models

80-13-7 NT NT NT NT NT NT NT NT T NT

119-36-8 NT NT NT NT NT NT NT NT T T

100-13-0 T T T T T T T T T T

100-16-3 T T T T T T T T T T

100-32-3 T T T T T T T T T T

100527-20-6 T T T T T T T T T T

100593-23-5 T T T T T T T T T T

10061-01-5 T T T T T T T T T T

100924-64-9 T T T T T T T T T T

101043-65-6 T T T T T T T T T T

10125-76-5 T T T T T T T T T T

10159-53-2 T T T T T T T T T T

TPs
common to

all models



Spotting uncertain data
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Predictions on the 1544 compounds (CPDB+Leadscope) of the seven programs
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Percentage of matched predictions stratified by mechanism 
of carcinogenicity

Mechanisms of 

carcinogenicity  
TOXTREE      HAZARDEXPERT DEREK LAZAR CAESAR TOPKAT

Acylating direct 
acting

77,8 55,6 66,7 44,4 77,8 44,4

Alkylating direct Alkylating direct 
acting

58,6 53,7 58,6 61,5 70,9 57,8

Alkylating indirect 
acting

79,2 70,7 78,8 75,7 83,0 67,6

Intercalating and 
DNA adduct 

forming Indirect 
acting

68,0 68,9 76,7 45,6 70,9 54,4

Aminoaryl DNA 
adducts forming 
Indirect acting

64,8 60,6 65,4 63,5 74,3 58,7

Non genotoxic 41,6 56,2 65,2 64,0 71,9 59,6

No Alerts 65,2 63,4 63,1 64,9 70,5 49,5



CARCINOGENICITY: Performance
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- BEST RESULTS FOR:

Urea

CO2 derivative (general)

Alkyl chloride
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CALEIDOS starts where ANTARES ends

IT ADDRESSED THE OVERALL PERFORMANCE OF QSAR METHODS AND IDENTIFIED RELIABLE 

QSAR MODELS USING GOOD QUALITY DATASETS

http://www.antares-life.eu/

CALEIDOS WILL  ADDRESS THE REGISTERED DATA



From ANTARES to VEGA

Identification of the BEST MODELS

Characterisation of the AD

Integration of DIFFERENT MODELS
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Integration of DIFFERENT MODELS

Implementation into a UNIQUE PLATFORM

Integration with READ ACROSS



VEGA

44www.vega-qsar.eu



VEGA and the APPLICABILITY DOMAIN

The different checks done by VEGA for the 
definition of the Applicability Domain Index

• Visualisation of similar substances

• Similarity index (chemical; sub-indices)

• Chemiometric check (descriptor space)

45www.vega-qsar.eu

• Atom centred-fragment (chemical)

• Check of the descriptor sensitivity (algorithm)

• Uncertainty (algorithm)

• Fragments for outliers (output space)

• Prediction Accuracy (output space)

• Prediction Concordance (tox exploration)



APPLICABILITY DOMAIN INDEX

How the ADI information is visualized

46www.vega-qsar.eu

The Applicability Domain 

Index is summarized in one 

value, in top of the table of 

the Prediction Summary

All the measured 

components contributing to 

the AD global index are 

shown for an easy 

visualization of some 

potentially critical aspects.



ADEQUACY OF A MODEL

This chart shows (for BCF case) the predicted                   
value together with its conservative                       

confidence interval for safe classification

B
threshold

3.3 l.u.

vB
threshold

3.7 l.u.

SAFETY MARGIN

2.2 + 0.6 l.u.
Compound safely classified

as not bioaccumulative (<3.3)

47www.vega-qsar.eu

logBCF

3.3 l.u. 3.7 l.u.

Predicted
logBCF

2.2 l.u.

1 2 3

No. Comp. = 492
Exp. logBCF

nB B/vB

Pred. 

logBCF

nB 359 0

B/vB 60 73

VEGA shows not only the predicted value (2.2 l.u.) but also its 

uncertainty, and how far it is from the threshold (3.3 l.u. for logBCF).

The safety margin (2.2 l.u. plus a conservative interval of 0.6 l.u.) is 

calculated specifically for each chemical, considering the ADI of the 

specific compound. In addition, it is determined in a way to provide 

no false negative prediction. 

The confusion matrix verified on a set of 492 compounds is shown.



SUPPORTING DOCUMENTATION

VEGA provides additional material to support                     
the prediction: DETAIL ON MOLECULAR DESCRIPTORS

In this example the experimental logBCF

values versus the predicted logP values for 

the chemicals in the training set of the 

model are shown, as blue dots.

In red we can see the predicted logBCF and 

logP values of the target compound. 

logBCF

48www.vega-qsar.eu

The user can evaluate if the predicted 

values are within the typical trend of the 

compounds, or if an unusual behaviour

appears.

MlogP



1. the model is recognized scientifically valid;

2. the substance is included in the applicability 

ANTARES Contribution to ANNEX XI

According to REACH Regulation (Annex XI)

a QSAR Model is VALID IF

• ANTARES contributed to assess    
model’s validity
• ANTARES contributed to assess    
model’s validity

• ANTARES provided results per 
chemical classes and MoA
• ANTARES provided results per 
chemical classes and MoA

2. the substance is included in the applicability 
domain of the model;

3. results are adequate for classification and 
labelling and for risk assessment;

4. adequate documentation of the methods 
is provided.
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chemical classes and MoA
• VEGA improved ADI 
chemical classes and MoA
• VEGA improved ADI 

• VEGA introduced safety margin
• Evaluation done in regression 
and classification

• VEGA introduced safety margin
• Evaluation done in regression 
and classification

• VEGA provided material (figures, 
framments, guidance to expert)
• VEGA provided material (figures, 
framments, guidance to expert)



Other web sites and initiatives

•Course

•E-book

•Movies

http://www.orchestra-qsar.eu/

•Movies

•Lessons

•Interviews

Promoted by Italian authorities

http://www.smart-reach.net/




