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INTRODUCTION INTRODUCTION –– why PBDEs?why PBDEs?

•• Class of Class of brominatedbrominated flameflame retardantsretardants addedadded toto plasticsplastics, , 
polyurethanepolyurethane foamsfoams, , textilestextiles, , electronicelectronic equipmemtsequipmemts....

•• HaveHave beenbeen marketedmarketed in 3 in 3 formulationsformulations::
““pentapenta””, , ““octaocta””, , ““decadeca”” –– different % of congenersdifferent % of congeners

•• Levels in the environment and humans Levels in the environment and humans increasedincreased sincesince
theythey camecame intointo useuse

•• BanBan of of ““pentapenta”” and and ““octaocta”” formulationsformulations sincesince 20042004

PolybrominatedPolybrominated DiphenylDiphenyl EthersEthers
209 209 congenerscongeners



INTRODUCTION INTRODUCTION –– why PBDEs?why PBDEs?

Background Background knowledgeknowledge aboutabout PBDEsPBDEs::

•• Low water solubility < 1 Low water solubility < 1 g/kgg/kg
•• High LogKow > 5High LogKow > 5
•• Instability of the highly brominated congenersInstability of the highly brominated congeners
•• Persistence of medium brominated Persistence of medium brominated congenerscongeners
•• LiverLiver toxicitytoxicity, , thyroidthyroid toxicitytoxicity, , developmentaldevelopmental toxicitytoxicity
•• MostMost of the data are of the data are availableavailable forfor a few a few congenerscongeners onlyonly (i.e. 28, 47, 99, (i.e. 28, 47, 99, 

100, 138, 153, 154,183, 209); 100, 138, 153, 154,183, 209); insufficientinsufficient data data isis availableavailable forfor the the otherother
PBDEsPBDEs

ThereThere isis the the needneed toto extendextend knowledgeknowledge aboutabout
propertiesproperties and and ecotoxicologicalecotoxicological data data forfor a a betterbetter
understandingunderstanding of of PBDEsPBDEs behaviourbehaviour and and relatedrelated risksrisks

This topic is included in the FP7- EU Project CADASTER under negotiation.



AIMS of the STUDYAIMS of the STUDY

•• OverviewOverview of the data of the data forfor physicophysico--chemicalchemical propertiesproperties of of 
PBDEsPBDEs availableavailable in in literatureliterature, and compilation of the , and compilation of the 
experimentalexperimental data set.data set.

•• DevelopmentDevelopment of QSPR of QSPR modelsmodels ((linearlinear regressionregression) ) forfor allall
availableavailable endpointsendpoints withwith strong strong externalexternal validationvalidation..

•• ToTo compare compare ourour resultsresults withwith otherother existingexisting QSPR QSPR 
modelsmodels..



MaterialsMaterials and and MethodsMethods
Endpoint

n° of available 
exp.data 

(modelled)
Bibliography

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)

Melting Point (MP °C) 26
Kuramochi et al. (2007) 

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

not available

Vapour Pressure (PL)  
(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 Solubility (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

Half life photol. 15 Er iksson et al. (2004) not available
Logk hydrol. 7 Rahm et al. (2005) not available
Half life hydrol. 7 Rahm et al. (2005) not available

Logk photol. 15 Er iksson et al. (2004) Niu et al. (2006) 
Chen et al. 

1 1 -- DatasetDataset



MaterialsMaterials and and MethodsMethods

2 2 –– Theoretical Molecular DescriptorsTheoretical Molecular Descriptors

•• Over 1600 Over 1600 monomono--, bi, bi-- and and tritri--dimensionaldimensional theoreticaltheoretical
molecularmolecular descriptorsdescriptors werewere calculatedcalculated forfor the the studiedstudied
compoundscompounds usingusing DRAGONDRAGON
•• ConstantConstant and and nearnear toto constantconstant variablesvariables werewere eliminatedeliminated
•• ToTo checkcheck forfor and eliminate and eliminate pairpair correlationscorrelations
••FourFour quantumquantum--chemicalchemical descriptorsdescriptors werewere calculatedcalculated usingusing
HyperchemHyperchem--MOPACMOPAC. . 
•• The final The final numbernumber of of variablesvariables usedused toto buildbuild the QSPR the QSPR 
modelsmodels waswas 620620



MaterialsMaterials and and MethodsMethods

3 3 –– QSPR QSPR –– Modelling and validationModelling and validation

•• LinearLinear RegressionRegression QSPRsQSPRs developeddeveloped forfor allall the the endpointsendpoints
((modelsmodels includingincluding 1 or 2 1 or 2 variablesvariables –– All SubsetAll Subset variable variable 
selection method).selection method).

•• Internal validation: to verify the robustness of the model Internal validation: to verify the robustness of the model 
based on the training set only.based on the training set only.

•• External validation: to verify the real predictivity of the modeExternal validation: to verify the real predictivity of the models ls 
using chemicals that are not included for the development of using chemicals that are not included for the development of 
the model (training set). the model (training set). 
External validation  was performed by splitting the data inExternal validation  was performed by splitting the data into to 
training and prediction sets using the Random by Response training and prediction sets using the Random by Response 
method (50% as prediction set).method (50% as prediction set).
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MaterialsMaterials and and MethodsMethods

4 4 –– QSPR QSPR –– Applicability Domain (verified for 209 PBDEs)Applicability Domain (verified for 209 PBDEs)

•• The The approachapproach basedbased on the on the leverageleverage distancedistance waswas
appliedapplied forfor the the analysisanalysis of the of the structuralstructural domaindomain of the of the 
modelsmodels ((checkcheck forfor unreliableunreliable predictionspredictions).).

•• StandardisedStandardised residualsresiduals werewere calculatedcalculated toto identifyidentify outliers outliers 
forfor the the responseresponse ((residualsresiduals > 2.5> 2.5).).

•• Williams Plot Williams Plot 

ToTo checkcheck the the ApplicabilityApplicability DomainDomain isis particularlyparticularly importantimportant
sincesince thesethese modelsmodels are are basedbased on a on a smallsmall amountamount of of 
experimentalexperimental data: data: 

RISK OF EXTRAPOLATION TO UNRELIABLE RISK OF EXTRAPOLATION TO UNRELIABLE 
PREDICTIONS!PREDICTIONS!



Endpoint Obj. 
training Descriptors R2% Q2%

Q2
EXT %       

(rand50%-30%*)

AD% (209 
PBDEs)

logH 7 BEHe7 96.87 93.34 90.84* 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
logS 12 Mor23m 91.8 88.55 85.04 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 92.93 92.82
Logkhydrol. 7 HATS2p 91.19 85.05 98.8* 73.68

Half-Lifephotol. 15 T(O...Br) 94.39 92.66 90.97 86.6
Half-Lifehydrol. 7 PW3 96.22 92.07 97.15* 88.99

RESULTSRESULTS

FocusFocus on the on the followingfollowing aspectsaspects of interest:of interest:
VALIDATION VALIDATION 

DOMAINDOMAIN
COMPARISONCOMPARISON



Model Model forfor Log Log KoaKoa
LogKoa=LogKoa= 6.658 +0.222 T(O...Br)6.658 +0.222 T(O...Br)

Experimental range of LogKoa: 7.34 (mono-BDE) – 11.96 (hepta-BDE) 
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n° Obj. Descriptor R2% Q2% Q2
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Exp. vs. Pred. data
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ComparisonComparison withwith existingexisting modelsmodels

mono-tri

tetra-hepta

Author Method n° obj. n° vars R2% Q2%
Q2

EXT % 
(rand50%)

RMSE (30 
obj.)

Papa et al. (2008) MLR 30 1 97.37 96.68 95.17 0.25
Xu et al. (2007) MLR 22 2 97.61 97.25  - 0.31

Chen et al. (2003) PLS 13 10 98.13 97.59  -  -

PredictedPredicted and and ExperimentalExperimental data data forfor 30 30 PBDEsPBDEs

RMSE 25obj
KoaWIN 0.47
Papa et al. (2008) 0.23
Xu et al. (2008) 0.21
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ComparisonComparison withwith existingexisting modelsmodels

YYPapaPapa = = PredictionsPredictions byby ourour model (model (rangerange Log Log KoaKoa: 7.32 : 7.32 –– 15.09)15.09)
YYEpisuiteEpisuite = Predictions by KoaWIN (= Predictions by KoaWIN (max = 3.33 log max = 3.33 log unitsunits; ; rangerange Log Log KoaKoa: 6.81: 6.81--18.23)18.23)
YYXu Xu = Predictions by Xu et al. (2007) (= Predictions by Xu et al. (2007) (max =1.06 log units; range Log max =1.06 log units; range Log KoaKoa: 7.4: 7.4--15.73)15.73)

n° bromine increase =  increase

PredictionsPredictions forfor 209 209 PBDEsPBDEs



Model Model forfor Log Log KowKow
LogKow=LogKow= 3.675 + 0.162 T(O...Br)3.675 + 0.162 T(O...Br)

Experimental range of LogKow: 5.03 (di-BDE) – 8.62 (octa-BDE) 
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n° Obj. Descriptor R2% Q 2% Q2
EXT (rand50%)%

20 T(O...B r) 96.44 95.63 91.6
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Exp. vs. Pred. data
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Predicted and Experimental data for 20 PBDEs

Experimental range of LogKow: 5.03 (di-BDE) – 8.62 (octa-BDE) 
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YYPapaPapa = = Pred.Pred. byby ourour model (model (rangerange of of LogKowLogKow: 4.2 : 4.2 –– 9.8)9.8)
YYKowwinKowwin = Pred. by KowWIN (= Pred. by KowWIN (max = 2.27 log max = 2.27 log unitsunits; ; rangerange of of LogKowLogKow: 4.1 : 4.1 –– 12.1)12.1)
YYMlogPMlogP = = Pred.Pred. byby MLogPMLogP ((maxmax =2.45 log =2.45 log unitsunits; ; rangerange of of LogKowLogKow: 4.1: 4.1--7.4)7.4)
YYAlogPAlogP = = Pred.Pred. byby ALogPALogP ((maxmax = 1.15 log = 1.15 log unitsunits; ; rangerange of of LogKowLogKow: 4.1 : 4.1 ––10.9)10.9)

n° bromine increase =  increase

PredictionsPredictions forfor 209 209 PBDEsPBDEs

ComparisonComparison withwith existingexisting modelsmodels



ConclusionsConclusions (1)(1)

•• New predictive models were developed New predictive models were developed adad--hochoc for several for several physicophysico--
chemical properties and degradation parameters of the 209 PBDE chemical properties and degradation parameters of the 209 PBDE 
congeners, according to the OECD principles for QSAR. congeners, according to the OECD principles for QSAR. 
LogKowLogKow, MP, Water Solubility, Half, MP, Water Solubility, Half--lifelifephotophoto,, HalfHalf--lifelifehydrohydro: modeled for : modeled for 
the first time for the first time for PBDEsPBDEs (no comparison in literature).(no comparison in literature).
LogKoaLogKoa, Henry Law constant, P, Henry Law constant, PLL, , kkphotophoto : our statistical results are : our statistical results are 
equal to, or better than, those of the existing equal to, or better than, those of the existing ad hocad hoc models.models.

•• Advantages of our models: simplicity (1 descriptor only), strongAdvantages of our models: simplicity (1 descriptor only), strong
external validation provided, AD is determined for all the 209 Pexternal validation provided, AD is determined for all the 209 PBDE BDE 
congeners.congeners.

•• The The accuracyaccuracy of of ad hocad hoc modelsmodels isis higherhigher thanthan ““non non specificspecific”” models models 
(i.e. (i.e. KoaWINKoaWIN, , KowWINKowWIN, , MlogPMlogP, , AlogPAlogP). ). 



•• CheckCheck AD! AD! ~~ 90% of the predictions from our models fell into their 90% of the predictions from our models fell into their 
AD (reliable predictions).AD (reliable predictions).

ExceptionsExceptions are: are: modelsmodels developeddeveloped forfor LogHLogH and and forfor LogkLogkhydrolhydrol
((coveredcovered domaindomain respectivelyrespectively: 65% and 73%; : 65% and 73%; monomono, di and , di and tritri
PBDEsPBDEs outsideoutside the AD the AD -- unreliableunreliable predictionspredictions))

•• ThereThere isis a a needneed forfor more more experimentalexperimental data : data : 

1)1) toto increaseincrease the AD the AD forfor ourour modelsmodels. . 

2)2) toto definedefine a a clearerclearer mechanisticmechanistic interpretationinterpretation of of thesethese QSPRsQSPRs, , byby
clarifyingclarifying the the relationshipsrelationships amongamong the the BrBr position and the position and the 
propertiesproperties//reactivitiesreactivities.  (.  (SeeSee alsoalso POSTER POSTER POP24175E).POP24175E).

ConclusionsConclusions (2)(2)



Our Our QSPRsQSPRs could be used to fill data gaps according could be used to fill data gaps according 
to the new REACH regulation, they can facilitate the to the new REACH regulation, they can facilitate the 
screening and screening and prioritisationprioritisation of chemicals as well as of chemicals as well as 
help the search for alternative/safer chemicalshelp the search for alternative/safer chemicals

(coming soon (coming soon CADASTER EU Project  CADASTER EU Project  -- FP7FP7))



THANK YOU!THANK YOU!


