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New Approach Methodologies: 
High Throughput Toxicokinetics (HTTK)

Exposure

Hazard

Chemical Risk 

Toxicokinetics

• Most industrial chemicals, ranging from 
industrial waste to dyes to packing

• New approach 
methodologies (NAMs) are 
being considered to inform

materials, are covered by the Toxic 
Substances Control Act (TSCA) and

regulated by EPA

prioritization of 
chemicals for testing

and evaluation
(Kavlock et al., 2018)

Three Components for Chemical Risk (NRC, 1983)
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New Approach Methodologies: 
High Throughput Toxicokinetics (HTTK)

TK relates external exposures to 
internal tissue concentrations 
of chemical

Toxicokinetics (TK) describes the 
Absorption, Distribution, Metabolism, 
and Excretion (ADME) of a chemical 
by the body
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Chemicals Monitored by CDC NHANES

High Throughput Screening + HTTK can estimate doses 
needed to cause bioactivity  (Wetmore, et al., 2012, 2015)

Exposure intake rates  
can be inferred from 
biomarkers
(Wambaugh et al., 2014)
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National Health and Nutrition Examination Survey (NHANES) is an ongoing survey that 
covers ~10,000 people every two years

Most NHANES chemicals do not have traditional PK models (Strope et al., 2018)
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Selecting Chemical Priorities

Ring et al. (2017)
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New Version 1.10 of HTTK Coming Soon

R package “httk”
• Open source, transparent, and peer-reviewed tools 

and data for high throughput toxicokinetics (httk)
• Allows in vitro-in vivo extrapolation (IVIVE) and 

physiologically-based toxicokinetics (PBTK)
• v1.10 features 933 total chemicals
• Now allows propagation of uncertainty

https://CRAN.R-project.org/package=httk
Wambaugh et al. (in clearance)

https://cran.r-project.org/package=httk
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In Silico HTTK Predictions

Predicting Metabolic Clearance Rates for Drug Leads and Environmental Chemical Risk Assessment
8 am, Tuesday – Room CC309

Daniel Mucs: “Implementation and Evaluation of State-of-the Art In Silico Models for In Vitro and In Vivo 
Endpoint Predictions”

Michael Lawless: “Applying in silico-in vitro-in vivo extrapolation (IS-IVIVE) techniques to predict exposure 
and guide risk assessment”

Christopher Kirman: “Quantitative Property–Property Relationship for Screening-Level Prediction of 
Intrinsic Metabolic Clearance”

Brandall Ingle: “Designing QSARs for metabolic clearance and plasma protein binding in diverse chemical 
space using pharmaceutical data”

Prachi Pradeep: “Using Chemical Structure Information to Develop Predictive Models for In Vitro 
Toxicokinetic Parameters to Inform High-Throughput Risk Assessment”

httk v1.10 includes uncertainty propagation
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Evidence Based Toxicokinetics
 Most chemicals do not have TK data (Wetmore et al., 2015; Bell et al., 2017)

• In order to address greater numbers of chemicals we collect in vitro, high throughput 
toxicokinetic (HTTK) data (Rotroff et al., 2010; Wetmore et al., 2012, 2015)

• HTTK methods have been used by the pharmaceutical industry to determine range of 
efficacious doses and to prospectively evaluate success of planned clinical trials    
(Jamei et al., 2009)

• To use these methods for non-pharmaceuticals we must quantify the confidence
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Evidence Based Toxicokinetics
 Most chemicals do not have TK data (Wetmore et al., 2015; Bell et al., 2017)

• In order to address greater numbers of chemicals we collect in vitro, high throughput 
toxicokinetic (HTTK) data (Rotroff et al., 2010; Wetmore et al., 2012, 2015)

• HTTK methods have been used by the pharmaceutical industry to determine range of 
efficacious doses and to prospectively evaluate success of planned clinical trials    
(Jamei et al., 2009)

• To use these methods for non-pharmaceuticals we must quantify the confidence

 We recognize that what we can do now is a product of the moment:
• We are not the first to ask (Yoon et al., 2014), rather more public tools now exist to 

answer the questions
• Further, we accept that pharma has already pursued these approaches                   

(Wang et al., 2010)
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CompTox Specialty Section Paper of the Year
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New Data for Evaluating IVIVE

• Physico-chemical properties, 
in vitro TK parameters 
(Wetmore et al., 2013), and 
TK parameters estimated 
from in vivo plasma 
concentration.

Number of Standard Deviations 
Above/Below Mean

Office of Research and Development Wambaugh et al. (2018)
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Impact of Oral Bioavailability
100% Bioavailability Assumed

We evaluate HTTK by comparing predictions 
with observations for as many chemicals as 
possible

Wambaugh et al. (2018)
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Impact of Oral Bioavailability

13

In Vivo Measured Bioavailability Used100% Bioavailability Assumed

Wambaugh et al. (2018)
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See Honda et al., Wednesday Afternoon, 3137/P711
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In Vivo TK Database

14Sayre et al. (in preparation)

 EPA is developing a public database of concentration 
vs. time data for building, calibrating, and evaluating 
TK models

 Curation and development ongoing, but to date 
includes:
• 198 analytes (EPA, National Toxicology Program, 

literature)
• Routes: Intravenous, dermal, oral, sub-cutaneous, 

and inhalation exposure
 Database will be made available through web 

interface and through the “httk” R package

 Standardized, open source curve fitting software invivoPKfit used to calibrate models to all data:
https://github.com/USEPA/CompTox-ExpoCast-invivoPKfit

See Sayre et al Tuesday Morning, 1766/P142

https://github.com/USEPA/CompTox-ExpoCast-invivoPKfit
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Building Confidence in TK Models

Predicted Concentrations
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• In order to evaluate a chemical-specific TK model for “chemical x” 
you can compare the predictions to in vivo measured data
• Can estimate bias
• Can estimate uncertainty
• Can consider using model to extrapolate to other situations 

(dose, route, physiology) where you don’t have data
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• In order to evaluate a chemical-specific TK model for “chemical x” 
you can compare the predictions to in vivo measured data
• Can estimate bias
• Can estimate uncertainty
• Can consider using model to extrapolate to other situations 

(dose, route, physiology) where you don’t have data

• However, we do not typically have TK data
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• In order to evaluate a chemical-specific TK model for “chemical x” 
you can compare the predictions to in vivo measured data
• Can estimate bias
• Can estimate uncertainty
• Can consider using model to extrapolate to other situations 

(dose, route, physiology) where you don’t have data

• However, we do not typically have TK data

• We can parameterize a generic TK model, and evaluate that 
model for as many chemicals as we do have data
• We do expect larger uncertainty, but also greater confidence in 

model implementation 
• Estimate bias and uncertainty, and try to correlate with 

chemical-specific properties
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Building Confidence in TK Models
• In order to evaluate a chemical-specific TK model for “chemical x” 

you can compare the predictions to in vivo measured data
• Can estimate bias
• Can estimate uncertainty
• Can consider using model to extrapolate to other situations 

(dose, route, physiology) where you don’t have data

• However, we do not typically have TK data

• We can parameterize a generic TK model, and evaluate that 
model for as many chemicals as we do have data
• We do expect larger uncertainty, but also greater confidence in 

model implementation 
• Estimate bias and uncertainty, and try to correlate with 

chemical-specific properties
• Can consider using model to extrapolate to other situations 

(chemicals without in vivo data)
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Building Confidence in TK Models

Predicted Concentrations
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• In order to evaluate a chemical-specific TK model for “chemical x” 
you can compare the predictions to in vivo measured data
• Can estimate bias
• Can estimate uncertainty
• Can consider using model to extrapolate to other situations 

(dose, route, physiology) where you don’t have data

• However, we do not typically have TK data

• We can parameterize a generic TK model, and evaluate that 
model for as many chemicals as we do have data
• We do expect larger uncertainty, but also greater confidence in 

model implementation 
• Estimate bias and uncertainty, and try to correlate with 

chemical-specific properties
• Can consider using model to extrapolate to other situations 

(chemicals without in vivo data)
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Generic Gas Inhalation Model

Linakis et al. (in preparation)
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See Linakis et al., Tuesday Morning, 1791/P167

In Vivo TK database allowed rapid development and evaluation
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Media/Air 
Exchange

Plastic 
Binding

Chemical

Cell Binding

Media 
Lipid 
and 
Protein 
Binding

[Cfree,invitro]≈fup[Cnominal]

[Cnominal]

[Ccellular]=Kc[Cnominal]

Selecting the appropriate in vitro and in vivo concentrations for extrapolation

in vitro
(nominal testing concentration)

[Conc.] In Vitro
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?
[Cfree,plasma]

=
fup[Cplasma]

[Ctissue]
=

Kp[Cfree,plasma]

Red 
Blood 
Cells

Plasma Tissue

[Cblood]
[Cplasma]

=
[Cblood]/Rb:p

in vivo
(mg/kg bodyweight/day)

Renal Clearance
fup*QGFR*[Ckidney,plasma]

Restrictive Metabolic Clearance
𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∗ 𝑓𝑓𝑢𝑢𝑢𝑢 ∗ 𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑓𝑓𝑢𝑢𝑢𝑢 ∗ 𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

OR Non-Restrictive Metabolic Clearance
𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∗ 𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑄𝑄𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

High-Throughput Toxicokinetics (HTTK) for
In Vitro-In Vivo Extrapolation (IVIVE)

Honda et al. (submitted)

Using the generic HTTK PBTK model to inform IVIVE…
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Optimizing HTTK-based IVIVE
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Various Combinations of IVIVE Assumptions
Honda et al. (submitted)
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Final Thought

“Scientists should resist the demand to describe any 
model, no matter how good, as validated. Rather than 

talking about strategies for validation, we should be 
talking about means of evaluation.” 

Naomi Oreskes



NCCT
Chris Grulke
Greg Honda*
Richard Judson
Ann Richard
Risa Sayre*
Mark Sfeir*
Rusty Thomas
John Wambaugh
Antony Williams

NERL
Cody Addington*
Namdi Brandon*
Alex Chao*
Kathie Dionisio
Peter Egeghy
Hongtai Huang*
Kristin Isaacs
Ashley Jackson*
Jen Korol-Bexell* 
Anna Kreutz*
Charles Lowe*
Seth Newton

Katherine Phillips
Paul Price
Jeanette Reyes*
Randolph Singh*
Marci Smeltz
Jon Sobus
John Streicher*
Mark Strynar
Mike Tornero-Velez
Elin Ulrich
Dan Vallero
Barbara Wetmore

*Trainees

NHEERL
Linda Adams
Christopher 

Ecklund
Marina Evans
Mike Hughes
Jane Ellen 

Simmons
Tamara Tal

NRMRL
Xiaoyu Liu

Arnot Research and Consulting
Jon Arnot
Johnny Westgate
Institut National de l'Environnement et des 
Risques (INERIS)
Frederic Bois
Integrated Laboratory Systems
Kamel Mansouri
National Toxicology Program
Mike Devito
Steve Ferguson
Nisha Sipes
Ramboll
Harvey Clewell
ScitoVation
Chantel Nicolas
Silent Spring Institute
Robin Dodson
Southwest Research Institute
Alice Yau
Kristin Favela
Summit Toxicology
Lesa Aylward
Technical University of Denmark
Peter Fantke
Tox Strategies
Caroline Ring
Miyoung Yoon
Unilever
Beate Nicol
Cecilie Rendal
Ian Sorrell
United States Air Force
Heather Pangburn
Matt Linakis
University of California, Davis
Deborah Bennett
University of Michigan
Olivier Jolliet
University of Texas, Arlington
Hyeong-Moo Shin 

CollaboratorsExpoCast Project
(Exposure Forecasting)



Office of Research and Development25 of 23

References
Bell, Shannon M., et al. "In vitro to in vivo 

extrapolation for high throughput prioritization and 
decision making." Toxicology In Vitro 47 (2018): 
213-227.
Cohen, EA Hubal, et al. "Advancing internal 

exposure and physiologically-based toxicokinetic 
modeling for 21st-century risk assessments." 
Journal of exposure science & environmental 
epidemiology (2018).
Jamei, et al. “The Simcyp® population-based ADME 

simulator.” Expert opinion on drug metabolism & 
toxicology 2009b;5:211-223
Kavlock, Robert, et al. "Update on EPA’s ToxCast 

program: providing high throughput decision 
support tools for chemical risk management." 
Chemical research in toxicology 25.7 (2012): 1287-
1302.
National Research Council. (1983). Risk Assessment 

in the Federal Government: Managing the Process 
Working Papers. National Academies Press.

Ring, Caroline L., et al. "Identifying populations 
sensitive to environmental chemicals by simulating 
toxicokinetic variability." Environment International 
106 (2017): 105-118.
Rotroff, Daniel M., et al. "Incorporating human 

dosimetry and exposure into high-throughput in 
vitro toxicity screening." Toxicological Sciences 
117.2 (2010): 348-358.
Strope, Cory L., et al. "High-throughput in-silico 

prediction of ionization equilibria for 
pharmacokinetic modeling." Science of The Total 
Environment 615 (2018): 150-160.
Wambaugh, John F., et al. "High Throughput 

Heuristics for Prioritizing Human Exposure to 
Environmental Chemicals." Environmental science & 
technology (2014).
Wambaugh, John F., et al. "Evaluating In Vitro-In 

Vivo Extrapolation of Toxicokinetics." Toxicological 
Sciences 163.1 (2018): 152-169.

Wang, Ying-Hong. "Confidence assessment of the 
Simcyp time-based approach and a static 
mathematical model in predicting clinical drug-drug 
interactions for mechanism-based CYP3A 
inhibitors." Drug Metabolism and Disposition 38.7 
(2010): 1094-1104.
Wetmore, Barbara A., et al. "Integration of 

dosimetry, exposure and high-throughput screening 
data in chemical toxicity assessment." Tox. 
Sciences (2012)
Wetmore, Barbara A., et al. "Relative impact of 

incorporating pharmacokinetics on predicting in 
vivo hazard and mode of action from high-
throughput in vitro toxicity assays." toxicological 
sciences 132.2 (2013): 327-346.
Wetmore, Barbara A., et al. "Incorporating high-

throughput exposure predictions with dosimetry-
adjusted in vitro bioactivity to inform chemical 
toxicity testing." Toxicological Sciences 148.1 
(2015): 121-136. 
Yoon, Miyoung, et al. "Evaluation of simple in vitro 

to in vivo extrapolation approaches for 
environmental compounds." Toxicology in Vitro 28.2 
(2014): 164-170.


	Evidence Based Toxicokinetics
	Conflict of Interest Statement
	New Approach Methodologies: �High Throughput Toxicokinetics (HTTK)
	New Approach Methodologies: �High Throughput Toxicokinetics (HTTK)
	Slide Number 5
	New Version 1.10 of HTTK Coming Soon
	In Silico HTTK Predictions
	Evidence Based Toxicokinetics
	Evidence Based Toxicokinetics
	CompTox Specialty Section Paper of the Year
	New Data for Evaluating IVIVE
	Impact of Oral Bioavailability
	Impact of Oral Bioavailability
	In Vivo TK Database
	Building Confidence in TK Models
	Building Confidence in TK Models
	Building Confidence in TK Models
	Building Confidence in TK Models
	Building Confidence in TK Models
	Generic Gas Inhalation Model
	High-Throughput Toxicokinetics (HTTK) for� In Vitro-In Vivo Extrapolation (IVIVE)
	Optimizing HTTK-based IVIVE
	Final Thought
	Slide Number 24
	References

