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OverviewOverview

 What is computational toxicology?

 How can it be incorporated into the risk assessment process?

 Use of computational models Use of computational models
 Where does computational toxicology fit into the new 

toxicity testing paradigms that are being proposed?
 Regulatory acceptance of computational models for g y p p

biocompatibility assessment

 Current efforts to develop and validate computational models 
for risk assessment of compounds released from device 
materials.
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What is computational toxicology?What is computational toxicology?

 Computational  Computational 
toxicology is the 
application of 
mathematical and mathematical and 
computer models to 
assess chemical 
hazards and risks to 
human health and 
the environment.the environment.
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OverviewOverview

 What is computational toxicology?

 How can it be incorporated into the risk assessment 
process?

 Applications of computational models
 Where does computational toxicology fit into the new 

toxicity testing paradigms that are being proposed?y g p g g p p
 How do regulatory agencies and industry use computational 

models?

C t  ff t  t  d l   d  lid t   t ti l  Current efforts to develop and validate computational 
models for risk assessment of compounds released from 
device materials. 4



Steps in the Risk Assessment ProcessSteps in the Risk Assessment Process

5 National Academy of Sciences “Red Book” (1983)



Use of computational methods in risk assessment
H d Id ifi iHazard Identification

 Does the agent have the Does the agent have the 
inherent capacity to induce 
an adverse health effect at 
any dose? 

 Use of computational models 
for hazard identification:

 Structure‐Activity 
Relationship (SAR) models
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Use of computational methods in risk assessment
DoseDose‐‐Response Response AssessmentAssessment

 How does the frequency 
f th   d   t of the adverse event 

change with exposure?

 Use of computational Use o co putat o a
models for dose‐response 
assessment:
 Cancer: High‐to‐low 

dose extrapolation dose extrapolation 
models

 Noncancer: Benchmark 
dose models
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Use of computational methods in risk assessment
Exposure Assessment

 How much of the 
compound are people 
exposed to?exposed to?

 Use of computational 
d l fmodels for exposure 

assessment:

 Exposure models

 Pharmacokinetic models
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Use of computational methods in risk assessment
Risk Characterization

This presentation 
ill f thwill focus on the use 

of computational 
models for hazard 
identification
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OverviewOverview

 What is computational toxicology?

 How can it be incorporated into the risk assessment process?

 Use of computational models Use of computational models
 Where does computational toxicology fit into the new 

toxicity testing paradigms that are being proposed?
 Regulatory acceptance of computational models for g y p p
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 Current efforts to develop and validate computational models 
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Toxicology Testing in the 21St CenturyToxicology Testing in the 21 Century
National Academy of Sciences (2007)

“Toxicity testing is approaching such a 
scientific pivot point.  It is poised to take 
advantage of the revolutions in biology and 
biotechnology.  Advances in 
toxicogenomics, bioinformatics, systems g f y
biology, epigenetics, and computational 
toxicology could transform toxicity testing 
from a system based on whole‐animal f y
testing to one founded primarily on in vitro 
methods that evaluate changes in biologic 
processes using cells, cell lines, or cellular 

11

p g , ,
components, preferably of human origin.”
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“Computational models could also play a role in 
th l id tifi ti f i t l tthe early identification of environmental agents 
potentially harmful to humans, although further 
testing would probably be needed. This new g p y
approach would be less expensive and less time-
consuming than the current approach and result 
in much higher throughput ”in much higher throughput.
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Advancing Regulatory Science at FDAAdvancing Regulatory Science at FDA

3. Use and develop computational methods and in silico modeling: 

a) Improve the use of chemical Structure‐ Activity Relationship (SAR) 
models in the prediction of human risk and integrate this analysis into the g
review process; 

b) Develop and implement approaches to link chemical structures and 
substructures to a wide range of information about product safety, 
disease targets  and toxicity mechanisms; disease targets, and toxicity mechanisms; 

c) Develop clinical trial simulation models that can reveal interactions between drug or device 
effects, patient characteristics, and disease variables influencing outcomes; 

d) Develop computer models of cells  organs  and systems to better predict product safety and d) Develop computer models of cells, organs, and systems to better predict product safety and 
efficacy; 

e) Implement computer models that integrate pharmacokinetic, pharmacodynamic, materials 
science, or mechanistic safety data to predict clinical risk‐benefit and confirm post‐marketing 
safety in different patient populations; and safety in different patient populations; and 

f) Develop and apply data mining, knowledge building, and data visualization tools to inform 
computer model development,  16



FDA Critical Path Opportunities 
Report (2006)

“Ambiguous results emanating from currently available test Ambiguous results emanating from currently available test 
procedures are the greatest obstacles encountered by FDA 
scientists during product review.  These frustrating questions 
occur daily within the FDA review process. “y p

“With new evaluative tools and techniques, we can improve 
medical product assessment.  Specific examples of such tools—medical product assessment.  Specific examples of such tools
new biomarkers, improved animal models, better clinical
trial designs and endpoints, in silico testing (computer simulation,
rather than laboratory or animal testing)—are included in therather than laboratory or animal testing)—are included in the
Opportunities List. “
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FDA can close these gaps and 
improve preclinical safety 
predictions by further investing in 
three particular areas of 
regulatory science:

• evaluating and developing 
models and assays that bettermodels and assays that better 
predict patient response 

• identifying and evaluating more 
reliable biomarkers for 
monitoring toxicities, side 
effects, and abnormalities, and 

• using computational tools to 
i t t d d l iintegrate and draw conclusions 
from a wide range of preclinical 
safety data types and sources.18



Use of computational toxicology in FDA
Drugs and food additives

Expert Opin. Drug Metab. Tox. 3(1):109-124 Expert Opin. Drug Metab. Tox. 6(7):793-796pe t Op ug etab o 3( ) 09 p p g ( )
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Method to determine if a compound is a potential 
genotoxic carcinogen in the absence of experimental 

data.
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Types of SAR modelsTypes of SAR models

E t  t St ti ti l  d lExpert systems Statistical models

Toxtree
OECD Toolbox

LAZAR
CAESAR

DEREK
Oncologic

MultiCase
Topkatg
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http://ihcp.jrc.ec.europa.eu/our_labs/eurl‐ecvam/laboratories‐
research/predictive_toxicology/background/oecd‐principles22



Use of SAR models to assess the safety of 
compounds released from device materials
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Draft FDA Biocompatibility Guidance
How can computational models be useful for the How can computational models be useful for the 
biological evaluation of devices
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Use of SAR Models to Determine 
Appropriate TTC Values

Structural alert for No structural alert forStructural alert for 
genotoxicity or 
carcinogenicity 

No structural alert for 
genotoxicity or 
carcinogenicity

Use 1.5 µg/day or 
equivalent value for TTC  

( b dj t d f

Use Cramer class values 
for TTC

(may be adjusted for 
less-than-lifetime 

exposure)

(Toxtree can be used to 
assign Cramer Class 

values)

25
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Recommendations for the use of SAR models 
for the biological assessment of medicalfor the biological assessment of medical 

devices

 CDRH does not have formal guidelines for the use of computational 
models for biocompatibility assessmentmodels for biocompatibility assessment

 The following recommendations may be useful if SAR modeling is used in 
a regulatory submission:

1. Follow ICH M7 guidelines
 Use models for carcinogenicity/mutagenicity prediction 
 Use both an expert system and a statistical model Use both an expert system and a statistical model
 Follow OECD principles for validating the model

2. Use model predictions in conjunction with available biological data in a 
weight‐of‐evidence approachweight‐of‐evidence approach

 Genotoxicity test results for device
 Genotoxicity test results of individual extractables/leachables26



Recommendations for the use of SAR models 
for the biological assessment of medicalfor the biological assessment of medical 

devices

 Computational models cannot provide predictions of all p p p
of the endpoints necessary for the biological evaluation 
of a medical device (e.g., cytotoxicity, implantation, 
hemocompatibility).

 Computational models do not typically provide 
information on the dose of a compound that is likely to 
produce adverse effect.produce adverse effect.

 Computational models are not able to predict the toxicity 
of all chemical compounds (e.g. metals) and all forms of p ( g )
compounds (e.g., nanoparticles).

27



Practical use of SAR modelsPractical use of SAR models

 How easy is it to use  How easy is it to use 
these models?

 Step‐by‐step example 
with one model with one model 
(Toxtree)

28



Structure Activity Relationships
How do these models work?

 Certain functional 
groups are associated g oups a e assoc a ed
with toxic or 
carcinogenic effects

 Example: Ashby alerts, 
linked to linked to 
carcinogenicity

29



Structure Activity Relationships
How do these models work?

SAR models capitalize 
on the relationship 
between structure and 
biological activity to g y
predict the toxicity of 
compounds that have 
not undergone g
toxicity testing.
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Example of how to use computational 
t   d ltox models

 Toxtree ‐ European Commission Joint Research 
Center/ Ideaconsult  LtdCenter/ Ideaconsult, Ltd.

 http://toxtree.sourceforge.net/
 http://apps.ideaconsult.net:8080/ToxPredict

 Modules for:Modules for:
 Carcinogenicity/mutagenicity
 Skin and eye irritation
 Skin sensitizationSkin sensitization
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Toxtree
How does it work?

Decision‐tree algorithm 
that goes through each   QSA1. Acyl halides?that goes through each 
of the component 
structures of the 

l l  l ki g f  

 QSA2. Alkyl (C<5) or benzyl ester of 
sulphonic or phosphonic acid?

 QSA3. N-methylol derivative?
molecule looking for 
known toxic structures 
and basing the 

 QSA4. Monohaloalkene?

 QSA5. S or N mustard?

response on whether 
those structures are 
present in structure 

 QSA6. Propiolactones and 
propiosultones?

 QSA7. Epoxides and aziridines?
present in structure 
being tested.    QSA8. Aliphatic halogens?

32



How do we represent compound structure in 
h d lthe models?

 SMILES codes

 Test‐based 
representations of 
chemical structure

Ethylene oxide

chemical structure

 Obtain on various 
d bdatabases:
 ChemID
 EPA ACToREPA ACToR
 ChemSpider

33
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 What is computational toxicology?

 How can it be incorporated into the risk assessment process?

 Use of computational models Use of computational models
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toxicity testing paradigms that are being proposed?
 Regulatory acceptance of computational models for g y p p

biocompatibility assessment

 Current efforts to develop and validate computational models 
for risk assessment of compounds released from device 
materials.
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Validation of models for risk 
assessment

 FDA/CDRH is interested in 
evaluating the applicability 
d i   f  t SAR domain of current SAR 
models since many have 
been developed and 
validated for drugs and g
environmental compounds 
(e.g., pesticides).

 How well do these models 
predict the toxicity of 
compounds released from 
medical devices?medical devices?

38



Example
Predicting how fast cars can go

Observation: Red 
cars go fast, blue 

cars go slow

Teach model how to 
di t b dpredict based on 

this training set

39



Use the model to predict the speed of carsUse the model to predict the speed of cars

U kUnknowns

40



Applicability domain
What cars is the model applicable for?

41



In silico mutagenicity prediction for leachable 
compounds from dental devices

 Collaborative project between investigators at FDA and 3M 
O f h fi li i f Q d liCorp.  One of the first applications of QSAR modeling to 

predict the toxicity of compounds released from 
dental/medical devices.

 Presented at the 2012 SOT meeting.

 Use of consensus approach (agreement among multiple 
models) improves the sensitivity/specificity of the models) improves the sensitivity/specificity of the 
predictions compared to the use of individual models.
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Predictive Ability of In Vitro Genotoxicity 
Data for Carcinogenicity

44



Predictive Ability of Computational 
Models for Carcinogenicity
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Predictive Ability of Consensus 
Approach In Vitro Data and Toxtree

Sensitivity (Ames)

in vitro data alone: 43.3%
model alone:  44.4%

hybrid: 60 7%

Sensitivity (p53)

in vitro data alone: 48.3%
model alone:  44.4%

Hybrid: 69 0%hybrid: 60.7% Hybrid: 69.0%
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Ability of QSAR models and expert systems to predict carcinogenicity as a function of 
carcinogenic potency and chemical structural class

Artem Korolev1 2 Prachi Pradeep2 3 Stephen Merrill2 3 Shannon White2 Ron Brown2Artem Korolev1,2, Prachi Pradeep2,3, Stephen Merrill2,3, Shannon White2, Ron Brown2

1UMBC, Catonsville, MD; 2CDRH, US Food and Drug Administration, Silver Spring, MD; 3Marquette University, Milwaukee, WI

ResultsBackground

QSAR models and expert systems have the
potential to predict the carcinogenicity of Predictive ability as a function of carcinogenic potencyPredictive ability as a function of structural class
potential to predict the carcinogenicity of
compounds based on their chemical structure.

Although these models have been shown to
accurately predict the carcinogenicity of
compounds with diverse chemical structures, it’s
not clear whether these computational
approaches perform better for certain chemical
classes and potency levels. 30
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ed ct e ab ty as a u ct o o ca c oge c pote cyy

Potency Bin 
Number

Potency Count Accuracy 
Toxtree

Accuracy 
Lazar

1 TD50 < 5 181 91.1602 83.4254
2 5 ≤ TD50 < 10 34 91.1765 88.2353
3 10 ≤ TD50 < 15 17 70.5882 70.5882
4 15 ≤ TD50 < 20 12 91.6667 100
5 20 ≤ TD50 < 25 9 88.8889 77.7778
6 25 ≤ TD 30 9 100 77 7778

Case 1: TD50 < 50 mg/kg/day
Structural Class

Percentage of Correct 
Predictions

Toxtree

Percentage of 
Correct Predictions 

Lazar

Alkyl (C<5) or benzyl ester of sulphonic or 
phosphonic acid

75 75

N-methylol derivatives 50 50
Monohaloalkene 83.3333 83.3333
S or N mustard 85.7143 57.1429

In this project, we have identified the structural
classes associated with the highest and lowest
accuracy for two models, Toxtree and Lazar.

The results of this project will allow CDRH staff to
determine when model-derived predictions of
carcinogenicity can be confidently used to
support regulatory decision making.

0 5 10 15 20 25 30 35 40 45 50
0

10

20

TD50

6 25 ≤ TD50 < 30 9 100 77.7778
7 30 ≤ TD50 < 35 6 83.3333 100
8 35 ≤ TD50 < 40 1 100 100
9 40 ≤ TD50 < 45 9 66.6667 66.6667

10 45 ≤ TD50 < 50 2 50 100

180

200

220
Distribution of TD50 < 1000

Case 2: TD50 < 1000 mg/kg/day

Potency Bin 
Number Potency Count Accuracy 

Toxtree
Accuracy 

Lazar

S or N mustard 85.7143 57.1429
Propiolactones and propiosultones 100 75

Epoxides and aziridines 56.5217 47.8261
Aliphatic halogens 48.9796 46.9388

Alkyl nitrite 100 100
α,β unsaturated carbonyls 52.6316 28.9474

simple aldehyde 50 50
Quinones 90.9091 81.8182
Hydrazine 61.2903 54.8387

Aliphatic azo and azoxy 100 100
Isocyanate and isothiocyanate groups 50 25

Alkyl carbamate and                       
thiocarbamate

100 100

Thiocarbonyl (Nongenotoxic carcinogens) 55 45

Methods

Identify and compile an experimental dataset of 
compounds with a range of TD50 values (dose that 
produces  tumors in 50% of treated animals) from 

the Carcinogenic Potency Database. 
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TD50

1 TD50 < 100 310 88.3871 83.871
2 100 ≤ TD50 < 200 27 70.3704 74.0741
3 200 ≤ TD50 < 300 15 60 66.6667
4 300 ≤ TD50 < 400 5 100 80
5 400 ≤ TD50 < 500 10 30 60
6 500 ≤ TD50 < 600 3 66.6667 100
7 600 ≤ TD50 < 700 7 85.7143 85.7143
8 700 ≤ TD50 < 800 6 66.6667 66.6667
9 800 ≤ TD50 < 900 2 100 50

10 900 ≤ TD50 < 1000 1 0 0

Thiocarbonyl (Nongenotoxic carcinogens) 55 45
Polycyclic Aromatic Hydrocarbons 75 66.6667
Heterocyclic Polycyclic Aromatic 

Hydrocarbons
85.7143 85.7143

Halogenated Cycloalkanes (Nongenotoxic 
carcinogens)

50 50

Alkyl and aryl N-nitroso groups 82.5688 81.6514
Azide and triazene groups 66.6667 33.3333

Aliphatic N-nitro 66.6667 66.6667
α,β unsaturated alkoxy 100 50
aromatic nitroso group 100 75
Aromatic ring N-oxide 100 100

Nitro aromatic 64.4737 61.8421
Primary aromatic amine hydroxyl amine and 67 2131 62 2951g y

Run the compounds through Toxtree software 
using the Benigni-Bossa rulebase decision tree 

and through Lazar software by selecting 
endpoints for carcinogenicity and mutagenicity. 

Compare the results given by the models with the 
experimental data and determine the predictive 

ability of the models as a function of Toxtree

Primary aromatic amine, hydroxyl amine and 
its derived esters (with restrictions)

67.2131 62.2951

Aromatic diazo 83.3333 50
Coumarins and Furocoumarins 42.8571 28.5714

Pyrrolizidine Alkaloids 100 0
Alkenylbenzenes 50 33.3333

Steroidal estrogens 0 0
substituted phenoxyacid 100 100

substituted n-alkylcarboxylic acids 26.6667 6.6667
phthalate diesters and monoesters 50 25

Trichloro (or fluoro) ethylene and Tetrachloro 
(or fluoro) ethylene

60 60

pentachlorophenol 100 100
o phenylphenol 50 50

Conclusions

The ability of both Toxtree and Lazar software programs to predict the
carcinogenic potential of compounds differs for compounds in various
structural classes. Future efforts will be directed to determining why the
difference in predictive ability exists as a function of structural class.

There is a good concordance between model-derived estimates of
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The efforts of Ed Gordon on poster preparation are gratefully acknowledged.

ability of the models as a function of Toxtree 
structural class and potency.

DSSTox Carcinogenic Potency DBS MultiCellCall 
predictions were used to determine the accuracy 
of the Lazar model and the presence of structural 

alerts used to determine the accuracy of the 
Toxtree model.

o-phenylphenol 50 50
imidazole and benzimidazole    50 50

dicarboximide 50 50
Benzensulfonic ethers 25 0

1,3-Benzodioxoles 66.6667 44.4444
alkyl halides 33.3333 33.3333

aN=Na. Aromatic diazo  83.3333 50
ar-N=CH2 Derived aromatic amines 100 100
Aromatic mono- and dialkylamine   100 71.4286

Aromatic N-acyl amine   57.8947 47.3684
Halogenated benzene (Nongenotoxic 

carcinogens)
43.75 25

carcinogenicity using the Toxtree and Lazar models.

Both models are able to predict carcinogenicity with a high degree of
accuracy for very potent carcinogens (TD50 < 50), but there is insufficient
data to evaluate model predictive performance for weak carcinogens.
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Application of SAR models to address 
regulatory issues
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Useful resourcesUseful resources
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Take home messagesTake home messages

 The biological safety of medical devices is typically assessed by g y yp y y
conducting biocompatibility testing of an extract of the device or the 
device itself; however, there is growing interest in an alternate 
approach that involves characterizing the chemical composition of the 
device extract and conducting a risk assessment on the compounds g p
identified in the extract.

 One limitation to the practical implementation of this chemical 
characterization/risk assessment approach is the lack of toxicity datacharacterization/risk assessment approach is the lack of toxicity data 
for many compounds released from device materials. To address this 
need, computational toxicology models, such as Structure-Activity 
Relationship (SAR) models, are being increasingly used to predict the 
toxicity or carcinogenicity of compounds based on their chemicaltoxicity or carcinogenicity of compounds based on their chemical 
structure.
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Take home messagesTake home messages

 When the chemical characterization/risk assessment 
approach is used to assess the biological safety of the 
device, and we don’t have the toxicity data necessary to 
establish a Tolerable Intake (TI) value for each compound, 
expert systems like Toxtree can be used to determine which 
TTC l t f th i k tTTC value to use for the risk assessment.

 SAR models can also be used to provide justification for not 
performing some (but not all) biocompatibility tests, but p g ( ) p y ,
they should ideally be used as one component in a weight-
of-evidence approach.

 There are no CDRH criteria for the use of computationalThere are no CDRH criteria for the use of computational 
models in regulatory submissions, but guidance in ICH M7 
is useful. 
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Take home messagesTake home messages

 Many SAR models are available (expert Many SAR models are available (expert 
systems, statistical models). Many are menu-
driven, user friendly, and publically available.

 Depending on the endpoint, most models are 
not ready for regulatory use Models need tonot ready for regulatory use.  Models need to 
be validated using data from compounds that 
are known to be released from device materials.
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