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Review of QSAR Models and Software Tools for Predicting Genotoxicity and Carcinogenicity
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Database (name and link)

f; N\ — Z
Information

Benchmark Data Set for In Silico Prediction
of Ames Mutagenicity (Hansen et. al., 2009)

Ames mutagenicity databaset for 6500 compounds

Carcinogenic Potency Database (CPDB)
http://potency.berkeley.edu/cpdb.html

Contains of the results of 6540 chronic, long-term animal
cancer tests on 1547 chemicals

Danish QSAR database EPA

Searchable database of predictions for approx 166,000
chemicals. (based on MulitCase models

DSSTox (Distributed Structure-searchable
Toxicity) database

Both the CPDB and the online NTP database have been
“chemically-indexed”

GAP — Genetic Activity Profile Database by
US EPA and IARC (Latest update in 2000)

Data on approx 300 chemicals from volumes 1-50 of the
IARC Monographs and on 115

Existing Chemicals Examination
(EXCHEM) database (Japan)

Ames mutagenicity, chromosomal aberrations and mouse
micronucleus assays for more than 250 HPV chemicals

Istituto superiore di Sanita database
(ISSCAN)

More than 1150 chemical compounds tested with the long-
term carcinogenicity bioassay on rodents, mutagenicity data.

Monographs on the Evaluation of
Carcinogenic Risks to Humans (IARC)

A series of scientific reviews for more than 900 agents, and
more than 400 , probable and possible carcinogens.

National Toxicology Program (NTP)
database

More than 500 two-year, two species, toxicology and
carcinogenesis, and more than 2000 genetic toxicity studies,

Toxicity Reference Database (ToxRefDB)

studies on 330 of chemicals, many of which are pesticide
active ingredients

TOXNET database :

Carcinogenesis Research Information
System database (CCRIS) and the Genetic
Toxicology Databank (GENE-TOX)

CCRIS: over 9000 chemical records with animal
carcinogenicity, mutagenicity, tumour promotion, and tumor

inhibition test results. GENE-TOX: on over 3000 chemicals,
from expert peer review of the open scientific literature,
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Ashby(1985); Ashby and Tennant(1988) : 19 SAs
Bailey et al. (2005): 33 SA for regulatory use
based on Ashby list and Munro et al. List (1996).

Kazius et al. (2005): 29 SA based on training set (2401 mutagens and
1936 non-mutagens)

Laboratory of Mathematical Chemistry (Bourgas, Bulgaria): 17 SA
(implemented in OASIS TIMES software)

Benigni and Bossa (2008): 33 SA

based on the above and OncolLogic (EPA)
accuracy 78%: mutagenicity; 70%: carcinogenicity
(implemented in OECD Toolbox)
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« CAESAR

— Support Vector Machine (SVM) classification using 4225 compounds
(Kazius-Bursi database) : 92.3% (training set) and 83.2%(test set)

— two approaches (regression and classification) CPDB (raining and test set)
Counter-Propagation Artificial Neural Network and MDL descriptors
91-96% for the training set and 68-74% for the test set.

« DEREK

— 89SA (mutagenicity), 77SA (chromosome damage), 61SA (carcinogenicity)
sensitivity: 69% (False nagative : 31%) for 60 pesticides.

 Toxtree

— the Benigni-Bossa rulebase
— accuracy of prediction around 70%(carcinogenicity), 78%(mutagenicity)

« HazardExpert

— toxicophores from the literature, taking into account bioavailability and
bioaccumulation

— 80 NTP chemicals (56 rodent carcinogens; 24 noncarcinogens),
— concordance: 51%, (sensitivity: 36%; specificity: 81%) for 80 NTP chemicals 7
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Lazar

— Training set :1447 (CPDB) and 4337 (Kazius/Bursi DB)

— Leave-one-out accuracy: 86%;

— other carcinogenicity endpoints accuracy 78 — 95% with applicability domain

MDL QSAR

— training set of over 1200 chemicals (pharmaceuticals, industrial chemicals
and some natural products)

— Test set :123 naturally occurring chemicals
— concordance of 80% (sensitivity:97%, specificity of 53%)

MultiCASE

— widely used by authorities and largely in-house modifications

— DanishEPA reported concordances: 56-100%(different models)

— Sensitivity: 97%, specificity: 98% (126 chemicals at the optimized system)

— MCASE model is not readily transferable, and the data used are confidential

TOPKAT

— accuracy of predictions: 99.6% (705 carcinogenicity dataset)
— accuracy of prediction: 40-75% (30-40 chemicals external datasets)



ZETIORELERNE

« NTP chemicals: 44 chemicals (Benigni and zito, 2004).

— CASE, TOPKAT, DfW, COMPACT (computer model)
— Benigni, Tennant and Ashby, Weisburger and Lijinsky (human expert)
— overall accuracy: 50-65%, but Tennant and Ashby approach: 75%

« CPDB database: 650 chemical (mayer et.al. (2008)

— Comparing carcinogenic prediction with several genotoxic tests
— Oncologic, MultiCASE, Ashby-Tennant SA (Computer model)
— higher concordance frequency (71-88% vs 62-75% for genetic tests)

e 545 Drugs (Physicians Desk Reference 1999-2008) (Snyder (2009)

— Derek and MCASE/MC4PC
— Both performance are better than the in vitro genotoxic assays
high specificity and overall concordance
low sensitivity of both programs, but it was still higher than vitro assays.

« Battery approach (Matthews et al. 2008)

— combined use MC4PC, MDL-QSAR, BioEpisteme, Leadscope PDM, Derek.

— any two programs caused better overall performance than single programs ,
with a sensitivity ca 85%. Specificity:58%.




Combination (Q)SAR approach with three mutagenicity (Q)SAR models
for industrial chemical assessments

Combination 2 of in silico outcomes

4+ R Total SenSitiVity
Y Y - 86.7 %
Q 0,
A\ 4 A\ 4 \ 4 E - 5 94 99 94.9 A
Concordance
| MCase DEREK | AWorks 18 96 114 93.9 %
v v

[ 22: +ve [ 22: -ve ]

—

Applicability: 55.3% (114/206)

[ Negative ]
Y
Combination 1 of in silico outcomes [ Positive ]
In silico
Sensitivit Y v
Q 19 7 26
» * Specificity v v
- 23 147 170 86.5 % [ =3: +ve [ =3: -ve ]
< 42 154 196 Concordance L2 v
84.7 % [ Positive [ Negative ]
Applicability: 95.1% (196/206) [ T ]
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« OASIS/TIMES (hybrid approach)

(for Ames mutagenicity and chromosomal aberration)
— Expert knowledge was used for SAs and mechanistic basis prediction
— A pattern recognition approach (COREPA) was used for modulating factors
— include a liver metabolic simulator

° Oncologic (knowledge-based system)

— hierarchically ordered rules for description and prediction

— includes over 40,000 rules based on knowledge and generalisations
from more than 10,000 chemicals and c.a. 50 chemical classes

— requires some chemistry expertise
— needed to take decisions step-by-step during the prediction

« OECD Tool box

— implementing two “profilers” connected with genotoxicity and carcinogenicity
Benigni-Bossa rule base and OASIS DNA binding profiler

— includes a few databases with experimental data in order to support
grouping and read-across
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QSAR/Category approach

Chemical 1 | Chemical 2 | Chemical 3 | Chemical 4

7 ™

Endpoint 1 & O O O
Read-across
Endpoint 2 o O & &

Interpolation

| N\ T T
Endpoint 3 O & 3 O

Extrapolation
| |

@ reliable data point O missing data point

As illustrated above, a chemical category can be represented
graphically as a two-dimensional matrix in which category members
occupy different columns, and the category endpoints occupy different
rows. Data gaps may be filled by read-across from a tested to an
untested chemical or by trend analysis.
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The OECD QSAR Toolbox
for Grouping Chemicals
into Categories

1 QSAR Toolbox 2:2.1,| 106 [D;cumqlm]

QSAR TOOLBOX @ 160 E
+ Input » Profiling + Endpoint » Category Definition  » Data Gap Filling

Delite

ing by OASIS

i Froten thiol-disulfide interchange

1 (Target)

Structure }_/-)_/—:

BSubstance Identity B
—CAS Number 16215217 Al Profiles :

butyl 3-suifanylpropancate | E¥thiocarbamate aster aminolysic o

butyl 3-metcaptopropionate Amide: aminolysis | - a a
{—Chemical Name S | Benzoyl Schiff base Formation

propanoic acid, Fmercapto-, butyl okl

propionic acid, 3-marcapto-, butyl Direct alyiation 8 N-ibresa ampourds
L Structural Formula C=0)ces)occee | Dithioester aminolysis
@Physical Chemical Properties i oy fons with proten cark

4 il Ester aminolysis or thioysis .
@Emdronmental Fate and Tran Tso{thio)cyanate-protein acyl transfer
BEcotoxicological Information = | Lactone aminolysis or thiolysis
o e e | \3) STERSEERS ™ - B g
@Profile | Michael addition on activated vinyl or azomethine groups
= | Michael addition on conjugated systems with electron withdrawing gr

Michael addition on lactones i

Combine profies lagically with

3

1.Highlight "“Protein binding by OASIS”; 2. Click Define, the message that
grouping could be slow due to selected inventories appears; 3. Click Yes; 4.

M- Poailive, Magatie W Paztia, M

Confirm the category Protein thiol-disulphide interchange and click OK.
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data point.
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Donation (for Ver. 2.1) of database, profiler or QSAR from:

The United States Environmental Protection Agency (US-EPA)
Istituto Superiore de Sanita, Italy

European Commission

Environment Canada

Danish Environmental Protection Agency

RIVM, the Netherlands

Ministry of the Environment, Japan

Ministry of Health, Labour and Welfare,Japan

Ministry of Economy, Trade and Industry (METI), Japan

New Energy and Industrial Technology Development Organization (NEDO),Japan
European Centre for Ecotoxicology of Chemicals (ECETOC)
European Chemical Industry Council (CEFIC)

Fraunhofer Institute of Toxicology and Experimental Medicine, Germany
Laboratory of Mathematical Chemistry (LMC),Bulgaria

German Federal Institute for Risk Assessment (BfR)

University of Vienna, Austria

University of Tennessee, Knoxuville,

Istituto Superiore de Sanita, Italy; Office of Public Health, Switzerland
Research Institute for Fragrance Materials (RIFM);

International QSAR Foundation

Multicase Inc.; ChemAxon;

Exxon Mobil; Unilever; P&G; L'Oréal; Dow Chemical;
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