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OUTLINE 

1) QSAR in Regulation - OECD Principles 

2) Modelling strategy 

3) Examples: CADASTER Models 
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Increasing interest in the development and validation  
of  alternative methods, in vitro and in silico,  

such as QSARs, to minimize costs and animal lives 

In silico predictions can be used to: 
 
•  highlight chemicals (more/less hazardous, 

alternatives..) 
•  prioritize chemicals and focus experimental tests 
•  fill data gaps (ITS applications) 

QSAR in Regulation 
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•  The REACH REGULATION (1907/2006/EC)  

•  The new COSMETIC DIRECTIVE (76/768/EEC) 

•  The new BIOCIDE REGULATION (EU) No 528/2012 

QSAR in Regulation 
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Acceptability of  QSARs in Regulation 

1.    a defined endpoint  
2.    an unambiguous algorithm 

3.    a defined domain of  applicability 

4.    appropriate measures of  goodness of  fit, robustness 
and predictivity  

5.    a mechanistic interpretation, if  possible 

OECD Principles for 
QSAR models (2004) 

•   Regulatory need 

•   Free public availability 

•   Transparency 

•   Communication 
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•  to establish validity, and adequacy of  (Q)SAR models 

•  to document the regulatory use of  (Q)SAR models 

REACH and ECHA Guidance 

QSAR can be used, instead of  tests, depending on: 
1.   Scientific validity of  the model (i.e. OECD Principles) 
2.   Inclusion in the model domain  
3.   Adequacy of  the endpoint to the regulatory context 
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The QSAR Model Reporting Format (QMRF): 

•  harmonised template for summarising and reporting key 
information on (Q)SAR models  

•   structured according to the OECD (Q)SAR validation 
principles  

•  includes the results of  any validation studies 

•  freely accessible  

QMRF and JRC QSAR Model Database  

The QMRF is expected to be a communication tool between industry 
and the authorities under REACH.  

 
JRC - QSAR Model Database is a freely accessible repository of  QMRF 
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QMRF 
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1.   Defined end-points: LogKow, Rodents toxicity 

2.   Unambiguous algorithm. 

ü  Chemical representation by theoretical molecular descriptors 
(DRAGON)  

ü  Statistical method à MLR regression (OLS); variable selection 
by Genetic Algorithms (GA)  

3. Applicability Domain: à  leverage approach (MLR) / graphic 
analysis 

4. Validation for model stability and predictivity (internal and 
external validation) 

5.  Interpretation of  molecular descriptors 

QSARs based on the OECD principles 
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•  Calculated from the chemical structure. 

•  Different types of  molecular representation: different “views” on a 
molecule. (This is necessary to perform structural similarity studies) 

•   Higher possibility to catch structural features related to the 
studied end point. (No a priori bias on hypothesized mechanism). 

Unambiguous algorithm 

MLR regression (OLS)  

•  Reduce complexity (Ockham‘s Razor )  

Chemical representation by theoretical molecular descriptors  



Dr. Ester Papa 
QSAR Research Unit - DiSTA - University of Insubria - Varese (Italy) 

Variable reduction and selection 

•  Variable Reduction   

•  Variable Selection by Genetic Algorithm (GA) 

Q2 (LOO) leave-one-out by applying the QUIK rule (KXY-KXX = 
ΔK should be > 0) 
 
Models with higher ΔK, among models with similar Q2 (LOO), 
are then checked by a stronger validation 

Optimisation Parameters for GA in MLR 
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Applicability Domain by Leverage  

A chemical with a HIGH LEVERAGE is STRUCTURALLY 

ANOMALOUS in the CHEMICAL DOMAIN of  the model: 
 
•  in the TRAINING: influences the regression (selection 

of  descriptors and of  MLR parameters). 

•  in the TEST: predictions are extrapolated, less reliable. 

y = X(XTX)-1XT y = H y MLR 

The ith main diagonal entry of  H (the Hat matrix) (hii ) provides a measure 

of  how far observation i is from the center of  the X data (leverage) 

Cut off  value = h* = 3(p+1)/n 
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•  External Predictivity: Q2
EXT F1-F2-F3, CCC 

Evaluation of  the predictivity 

Data Splitting 

•  Internal Robustness and Predictivity: R2, Q2
LOO, Q2

LMO, 
R2/Q2

YS, etc. 

QSARINS 
www.qsar.it 
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Interpretation of  descriptors 

Descriptive QSAR 
 
•  Local models  
•  Fitting ability (high R2) 
•  Mechanistic interpretation of  descriptors: relevant 
•  Application: mechanism understanding, chemical (drug) design  

An endpoint can be the result of  a series of  complex 
mechanisms, which often can’t be modeled by  easily 

interpretable descriptors, a priori selected by the modeler 

Predictive QSAR 

•  Global models  
•  Rigorous Validation: Internal and External Predictivity  
•  Interpretation of  descriptors: if  possible 
•  Application: screening/prioritization of  chemicals 
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Development of  models according to the 

OECD Principles  

The FP7 Project CADASTER 

Examples 
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Problems for PFCs and PBDEs in CADASTER 

Limited ecotoxicological data have been found and not 
 in reasonable amount to develop QSAR models on the 
endpoint of  interest (i.e. SIDS) 
 
Existing QSAR models are not always reliably applicable 
to PFCs and PBDEs: they are mainly out of  the AD 
 

Use of  small Datasets Use of  non SIDS endpoints 
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Datasets 
Endpoint

n° of 
avai lable 
exp.data 

(→model led)

Bibl iography
Comparison 

with other ad 
hoc  models

Henry Low Constant 
(H)   (Pa m3/mol, 25°C)

12 → 7
Cetin & Odabasi (2005) 
Tittlemeier et al. (2002)

Xu et al. (2007)

Melt ing Point  (TM °C) 26

Kuramochi et al. (2007) 
Tittlemeier et al. (2002) 

Palm et al. (2002)           
Marsh et al. (1999)

not available

Vapour Pressure (Pv)   
(Pa, 25°C)

39 → 35

Wania & Dungani (2003) 
Tittlemeier et al. (2002) 

Palm et al. (2002)         
Wong et al. (2001)     

Xu et al. (2007)

Water Solubi l i ty (S)  
(mol /L, 25°C)

13 → 12

Kuramochi et al. (2007) 
Wania & Dungani (2003) 
Tittlemeier et al. (2002) 

Palm et al. (2002) 

not available

Log Koa 30
Gouin and Harner (2003) 
Harner & Shoeib (2002) 

Wania et al. (2002)

Xu et al. (2007)  
Chen et al. (2003)

Log Kow 20

Kuramochi et al. (2007) 
Wania & Dungani (2003) 
Braekevelt et al. (2003) 

Palm et al. (2002) 

not available

Log HL photolysis 15 Eriksson et al. (2004) not available
Log K hydrolysis 7 Rahm et al. (2005) not available
Log HL hydrolysis 7 Rahm et al. (2005) not available

Log K photolysis 15 Eriksson et al. (2004)
Niu et al. (2006) 

Chen et al. (2007)

   Dataset 
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Endpoint
Obj. 

training
Descriptors R2% Q2% Q2

EXT (rand50%)%
AD% (209 
PBDEs)

logH 7 BEHe7 96.87 93.34 64.7
MP 26 X2A 84.56 82.24 88.55 97.61

logPL 34 T(O...Br) 98.63 98.45 98.62 91.38

logWsol 12 Mor23m 91.8 88.55 95.69
LogKoa 30 T(O...Br) 97.37 96.78 95.17 92.34
LogKow 20 T(O...Br) 96.44 95.63 91.6 96.65

Logkphotol. 15 MW 94.91 93.83 92.82

Logkhydrol. 7 HATS2p 91.19 85.05 73.68

Half-Lifephotol. 15 T(O...Br) 94.39 92.66 86.6

Half-Lifehydrol. 7 PW3 96.22 92.07 88.99

Models 

Focus on some aspects of  interest: 
VALIDATION, DOMAIN, COMPARISON 

Papa E. et al. QSAR and Combinatorial Science, 2009, 28, 790-796. 
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Model for Log Kow 

LogKow= 3.675 + 0.162 T(O...Br) 
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Experimental range of  LogKow: 5.03 (di-BDE) – 8.62 (octa-BDE)  

n° Obj. Descriptor R2% Q2% Q2
EXT (rand50%)%
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Are the predictions in 
the structural domain ? 
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Comparison with other calculated LogKow  
Predicted and Experimental data for 20 PBDEs 

Experimental range of  LogKow: 5.03 (di-BDE) – 8.62 (octa-BDE)  

di-tri 

tri-tetra 

penta - octa 

Exp. vs. Pred. data
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Papa (2008) KowWIN MLOGP ALOGP Exp. LogKow

Papa E. et al. Molecular Informatics 
2011, 30, 232–240 
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average Δ (|YPapa- YKowwin|) average Δ (|YPapa-YMlogP|) average Δ (|YPapa-YAlogP|)

YPapa = Pred. by our model (range of  LogKow: 4.2 – 9.8) 
YKowwin = Pred. by Kowwin (Δmax = 2.27 log units; range of  LogKow: 4.1 – 12.1) 
YMlogP = Pred. by MLogP (Δmax =2.45 log units; range of  LogKow: 4.1-7.4) 
YAlogP = Pred. by ALogP (Δmax = 1.15 log units; range of  LogKow: 4.1 –10.9) 

n° bromine increase = Δ increase 

Predictions for 209 PBDEs  

Comparison with other calculated LogKow  

Papa E. et al. Molecular Informatics, 2011, 30, 232–240. 
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PFCs toxicity: performances of  the models  

Endpoint Descriptors Nobj R2 Q2
LOO Q2

EXT RMSECV AD%250 PFCs 
Mouse 
Inhalation 
 

X3v; H-048; 
MlogP; F01[C
−C] 

56 79.8 76.3 71.6-85.1 
 

0.74 75.6%  

Rat 
Inhalation 
 

Jhetv, PCR, 
MlogP, B02[Cl
−Cl] 

52 78.1 73.9 66.7-75.5 0.86 76.8%  

Endpoint Descriptors Nobj R2 Q2
LOO Q2

EXT RMSECV AD%376 PFCs 

Mouse  
Oral 
 

HATS2u; B09[C-
O]; F01[C-O]; 
B04[C-F] 

58 75.9 71.9 63.0-65. 0.42 90.9% 

Rat  
Oral 
 

D/Dr09; 
MATS1e; E1u; 
H8m 

50 88.3 85.5 80.7-91.1 0.47 83.5% 

Bhhatarai, B.; Gramatica P., Chem. Res. Toxicol., 2010, 23, 528-539. 

Bhhatarai, B.; Gramatica, P.,2011, 15 (2), 467-476 
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23 

•  75.6% coverage of Mouse model: 61 compounds are out of domain  
•  78.8% coverage of Rat model: 53 PFCs out of AD. 

AD study on 250 PFCs in the REACH Pre-Reg. List 

0.267	   Mouse 0.279	   Rat  
Insubria graph Insubria graph 
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PCA plot for cumulative toxicity trend  

2C PFCs PFCs with benzimidazole ring 

Increasing Cumulative Toxicity (PC1 EV%: 75.6%) 
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PFCs prioritization based on cumulative toxicity 

PFOA 

PFOSH 

These chemicals were 
suggested to the CADASTER 

Partners for experimental tests 
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PFCs toxicity in Rodents: integration of  results 

Ø  Starting from 50-58 experimental data, individual, externally 
predictive, models were applied for predictions of  250-376 PFCs  
in ECHA list for REACH (structural AD coverage of  QSAR models: 
75.6-90.9%) 

Ø  22 PFCs prioritized by cumulative toxicity trend (PCA)  
 

56	  

58	  50	  

52	  

Mus Inh 
Mus Oral 
Rat Oral 
Rat Inh 

28	  1
4	   5

PFCs  with experimental data 

Inhalation 

Oral 
376 PFCs studied 
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Take home message 

1. Follow the OECD Principles  

2. Have clear why you are building/applying your QSAR 
model                         Descriptive – Predictive QSAR 

3. QSAR Is not a “competition”   
                                                        Consensus approach 
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http://www.qsar.it 
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