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Scenario: Screening a large number of data-poor 
chemicals for potential human health risk
• In vivo toxicity data aren’t available for thousands of chemicals 

present in the environment & used in commerce [NRC 2007; Bell et 
al. 2018; Bessems et al. 2014]

• Alternative: in vitro high-throughput screening (HTS) assays (e.g. 
ToxCast/Tox21) [Schmidt 2009; Dix et al. 2007; Kavlock et al. 2018]

• Chemicals are examined by a battery of in vitro tests for biological activity 
across a variety of different endpoints

• In vitro HTS data are available on the EPA CompTox Dashboard
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In vitro to in vivo extrapolation (IVIVE)
Translate in vitro bioactive concentration to an equivalent 
in vivo dose

Concentration, uM
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Adapted from ToxCast Owners Manual
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External 
dose

Body 
concentrationToxicokinetics (TK)

• Absorption
• Distribution
• Metabolism
• Excretion

IVIVE is performed using toxicokinetics (TK) modeling: 
relate external dose to internal body concentration
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External 
dose

Body 
concentrationToxicokinetics (TK)

• Absorption
• Distribution
• Metabolism
• Excretion

Reverse dosimetry: go from concentration to dose

Assume: if this is equal to 
the in vitro bioactive 
concentration, then you 
might see some effects in 
vivo

Find the administered 
equivalent dose (AED): The 
dose that would produce a 
body concentration equal to 
the in vitro bioactive 
concentration.

Tan et al. 2007; Wetmore et al. 2015
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A TK model relates dose and body concentration by describing 
how a chemical moves through the body
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Body is represented by “compartments” connected by “flows” — mass 
balance applies

For a physiologically-based TK (PBTK) model, compartments represent 
individual organs/tissues (like liver, kidney, gut, lung, blood), and/or 
represent “lumped” groups of tissues (like a catch-all “rest of body” 
compartment)

PBTK model parameters fall into two groups:
• Physiological parameters: Describe physiological quantities that stay 

the same regardless of chemical, like organ masses; blood flows to 
organs; body weight; kidney function

• Chemical-specific parameters: Describe quantities that change for 
different chemicals, like intrinsic hepatic metabolism; plasma protein 
binding; blood:tissue partition coefficients (how much of the chemical 
diffuses into organ tissue vs. staying in the bloodstream)
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TK model tracks the amount or concentration of a chemical in 
each compartment (vs. time), after single or repeated dosing
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1 mg/kg/day for 20 days

Example: Benzo(a)pyrene



For screening purposes, we are usually interested in long-term, 
low-level exposures, so we focus on the steady-state plasma 
concentration (Css) after long-term repeated dosing
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1 mg/kg/day for 20 days

Example: Benzo(a)pyrene



We use relatively simple TK models where Css has a linear 
relationship with dose
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Prediction

Slope = Css for 1 mg/kg/day

(Can solve analytically for Css vs. dose; 
generally no need to iterate the full time-
dependent model)

Example: Benzo(a)pyrene



Wetmore et al. (2012)

Linear relationship makes reverse dosimetry quick & easy: calculate slope, 
start with the “target” concentration on the y-axis (in vitro bioactive 
concentration)… then read off the equivalent dose on the x-axis
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Slope = Css for 1 mg/kg/day

administered equivalent dose =
𝐶𝐶𝑠𝑠𝑠𝑠, target

slope

𝐶𝐶𝑠𝑠𝑠𝑠, target
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For rapid reverse dosimetry for large numbers of 
chemicals: we need high-throughput TK (HTTK) 
methods [Wetmore 2015]
• Choose generic PBTK models with minimal chemical-specific 

parameters 
• How to get chemical-specific parameters rapidly (without having to 

measure them in vivo):
• in vitro methods adapted from pharma [Wetmore et al. 2012, 2015]
• in silico prediction methods based on chemical structure [Pradeep et al. 2020; 

Mansouri et al., 2018; Ingle et al., 2018; Sipes et al., 2017; Vilar et al. 2008; 
Yin et al. 2014]
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Generic PBTK models + in vitro TK data to enable 
HTTK & IVIVE: R package “httk” [Pearce et al., 2017]

• R is an open-source programming language & environment for statistical 
computing (freely available at https://cloud.r-project.org/ )

• R has a strong culture of user-created packages – and our group at EPA 
decided to create one for HTTK, creatively titled “httk”. It is open-source 
and freely available at https://cran.r-project.org/package=httk

• The “httk” package contains (among other things):
• Generic PBTK models
• Tables of chemical-specific TK parameters measured in vitro (for about 1000 

chemicals) and predicted in silico (for 8758 chemicals)
• Tables of physiological TK parameters (for multiple species)
• Pre-built functions to let users easily solve TK models & perform reverse dosimetry 

for large numbers of chemicals
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Assessing potential risk for a population: 
need to model population variability in TK

So far, we’ve shown IVIVE for an 
“average human”.

But people aren’t average: we all 
have different body weights, blood 
flow, kidney function, hepatic 
metabolism, etc.

Jamei et al. (2009); Wetmore et al. (2014); Ring et 
al. (2017) 
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Population variability in TK = population variability in 
equivalent dose
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In other words – some people are more sensitive and may see effects at a lower 
dose compared to the “average person”. We don’t want to underestimate their 
potential risk!
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Monte Carlo approach to simulating population variability in 
physiology: HTTK-Pop module within “httk” R package

Predict physiological TK 
quantities (as used by 
generic TK model) for 
each individual:

Tissue masses
Tissue blood flows
GFR (kidney function)
Hepatocellularity

Correlated Monte Carlo 
sampling of physiological 
model parameters

Sample NHANES measured 
quantities for actual 
individuals:

Sex
Race/ethnicity
Age
Height
Weight
Serum creatinine

Regression equations from 
literature (McNally et al., 2014)
(+ residual marginal variability) 

(Similar approach used in SimCYP [Jamei et al. 2009], GastroPlus, 
PopGen [McNally et al. 2014], P3M [Price et al. 2003], physB 

[Bosgra et al. 2012], etc.)

Ring et al. (2017)NHANES: US CDC National Health and Nutrition Examination Survey
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Monte Carlo approach to propagating both uncertainty and 
variability in chemical-specific TK parameters

Quantify uncertainty for in vitro measured value
Describe as distribution for each chemical

Assume population variability 
around in vitro measured value 

Two-stage Monte Carlo to get sampled 
values for each simulated individual that 
include both uncertainty & variability

Wambaugh et al. 2019

Ring et al. 2017

Wambaugh et al. 2019

Note: This example is just a hypothetical 
illustration, not any particular chemical 17



HTTK-Pop lets us estimate equivalent dose for the 
more-sensitive portion of the population

The most-sensitive 5% of the population (the steeper, 95th percentile slope) has the lowest equivalent dose 
(see purple lines in this graphic) —
in other words, this is the level of exposure where we predict that a sensitive portion of the population 
would potentially see some effects.
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First: Get AC50 value. ToxCast AC50s can be found on 
the CompTox Chemicals Dashboard.

Lower-end ToxCast AC50 for 
this chemical = 0.26 uM

Example: Using httk to find an equivalent dose for a low-
end ToxCast AC50 for benzo(a)pyrene
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To calculate population equivalent dose, use httk function 
calc_mc_oral_equiv()

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05),

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26, 

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

First, load the httk package. (You only need to do this once per R session.)
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26, 

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Set a seed for R’s random number generator. This makes the Monte Carlo sampling 
reproducible (otherwise, we’d get a slightly different answer every time).
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26, 

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Call the function calc_mc_oral_equiv()

Any line of R code starting with “#” is a comment (ignored & not executed by R)
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26, 

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Call the function calc_mc_oral_equiv() to actually do the Monte Carlo 
analysis
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Supply target Css (here, low-end ToxCast AC50 for benzo(a)pyrene)
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Supply chemical name (or use chem.cas
= … to supply CASRN instead). This allows 
httk to look up its built-in in vitro TK data for 
this chemical.
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Specify which quantiles of Css
slope to calculate equivalent 
doses for (95th percentile slope
= lower-end equivalent dose)
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

Optional: explicitly specify input 
units (for conc) and output 
units (for equivalent dose). If 
not specified, these are the 
defaults.
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Let’s break down this function call a little bit

> library(httk)

> set.seed(42)

> #Steady-state equivalent dose (mg/kg BW/day) to produce 0.26 uM in plasma:

calc_mc_oral_equiv(conc=0.26,

chem.name="benzo(a)pyrene", 

which.quantile = c(0.95, 0.5, 0.05), 

input.units = "uM",

output.units = "mgpkgpday“)

uM concentration converted to mgpkgpday dose for 0.95 0.5 0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

The function returns the results (plus some messages & warnings, which I’ve trimmed out to save space here).  
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Compare these results to HT exposure predictions available on 
EPA CompTox Chemicals Dashboard

Monte Carlo equivalent dose from 
httk::calc_mc_oral_equiv():
uM concentration converted to 
mgpkgpday dose for 0.95 0.5 
0.05 quantile.

95%      50%       5% 

0.003821 0.019090 0.067080 

HT exposure predictions from Dashboard: 
median = 1.16e-6; 
upper bound on median = 1.32e-2 
mg/kg/day 

Ring et al. 2019, Wambaugh et al. 201431



Graphical comparison of HTTK-predicted equivalent dose for 
ToxCast AC50, vs. HT exposure prediction
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Example: using HTTK for chemical prioritization

Chemicals Monitored by CDC NHANES
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Ring et al. (2017)

Equivalent doses for most-sensitive 5% of population for ToxCast AC50s

Compare to population median exposure predictions 
based on NHANES biomonitoring
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Other things you can do with “httk”: get population equivalent 
doses for a specific demographic (e.g. adults ages 65+)
> library(httk)

> set.seed(42)

> calc_mc_oral_equiv(conc=0.26, #lowest ToxCast AC50 in uM

chem.name="benzo(a)pyrene",

which.quantile = 0.95, 

input.units = "uM",

output.units = "mgpkgpday",

httkpop.generate.arg.list = list(method = "direct 
resampling",

agelim_years = c(65,80)

)

)

uM concentration converted to mgpkgpday dose for 0.95 quantile.

95% 

0.001781 

a named list of arguments that control the 
underlying population-simulation function, 
httkpop_generate()
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Even more things you can do with httk
• Forward, time-dependent TK modeling with function solve_model()

• Summary TK statistics (e.g. mean concentration, peak concentration, AUC) using 
function calc_stats()

• Add your own TK data for new chemicals, with function 
add_chemtable()

• Inter-species extrapolation of in vivo tox data from animal studies, using 
built-in TK data for various species (e.g. rat, mouse, dog, monkey, human) + 
combination of forward and reverse dosimetry

• Use HTTK-Pop module separately to generate a sample of population 
physiology, body measures, demographics for use in other modeling 
applications (e.g. population exposure models [East et al., 2020])
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• We would like to know more about the risk posed by 
thousands of chemicals in the environment – which ones 
should we start with?

• We can use in vitro high-throughput screening (HTS) 
assays to fill data gaps when in vivo toxicology data are 
not available

• To extrapolate in vitro HTS data to equivalent in vivo
doses, we use high-throughput toxicokinetics (HTTK) --
generic model that can be parameterized with in vitro 
data

• HTTK methods are available through the free, open 
source R package “httk”

• Simulating population variability and measurement 
uncertainty for TK parameters allows us to examine 
potential risk for potentially sensitive sub-populations

Summary

The views expressed in this presentation 
are those of the author and do not 

necessarily reflect the views or policies 
of the U.S. EPA

Potential 
Exposure Rate

mg/kg BW/day

Potential hazard 
from in vitro

converted to dose 
by  HTTK

Lower
Risk

Medium 
Risk

Higher
Risk
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Appendix: 
Additional information
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Modules within R Package “httk”
Feature Description Reference

Chemical Specific In Vitro 
Measurements

Metabolism and protein binding for ~1000 
chemicals in human and ~200 in rat 

Wetmore et al. (2012, 
2013, 2015), plus 
others

Chemical-Specific In Silico 
Predictions

Metabolism and protein binding for ~8000 
Tox21 chemicals Sipes et al. (2017)

Generic toxicokinetic models
One compartment, three compartment, 
physiologically-based oral, intravenous, and 
inhalation (PBTK)

Pearce et al. (2017a), 
Linakis et al. (2020)

Tissue partition coefficient 
predictors Modified Schmitt (2008) method Pearce et al. (2017b)

Variability Simulator Based on NHANES biometrics Ring et al. (2017)
In Vitro Disposition Armitage et al. (2014) model Honda et al. (2019)

Uncertainty Propagation Model parameters can be described by 
distributions reflecting uncertainty

Wambaugh et al. 
(2019)
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Setup: Getting R

 I like to use the RStudio 
integrated development 
environment (IDE) , which is also 
freely available:

https://rstudio.com/
(but use of RStudio is optional – R 
comes with a basic GUI, or it can be 
used completely from the system 
command line)

 R is freely available from the 
Comprehensive R Archive Network 
(CRAN):

https://cloud.r-project.org/
Available for Windows, Mac, Linux

40
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Setup: Installing and loading “httk” package at 
the R command line

> install.packages("httk")
Installing package into ‘c:/Users/jwambaug/Rpackages’

(as ‘lib’ is unspecified)

--- Please select a CRAN mirror for use in this session ---

trying URL 'https://cloud.r-
project.org/bin/windows/contrib/3.6/httk_2.0.1.zip'

Content type 'application/zip' length 10127063 bytes (9.7 MB)

downloaded 9.7 MB

package ‘httk’ successfully unpacked and MD5 sums checked

The downloaded binary packages are in

C:\Users\jwambaug\AppData\Local\Temp\Rtmp4STebz\downloaded_packages

> library(httk)
> packageVersion("httk")
[1] ‘2.0.1’

Install HTTK from the 
command line 
(GUIs like RStudio also provide 
menus for this)

Load the HTTK 
package: data, models, 
and functions

Check what version you are using 41



Q: How do I know which arguments to use 
for httkpop.generate.arg.list
to specify my population demographics?

A: Look at the help for 
httkpop_generate()

At the R command line, type
> help(httkpop_generate)

You will see a detailed help page pop 
up, with explanations for each 
function argument, and (usually) 
some examples of how to use the 
function.
You can get help on any function this 
way.
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You can see the index of help files for all
the functions in the httk package by 
typing at the R command line

> help(package="httk")
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How do I find out which chemicals have sufficient built-in 
chemical-specific HTTK data to run the model?

> library(httk)

> get_cheminfo()
[1] "2971-36-0"   "94-75-7"     "94-82-6"     "90-43-7"     "1007-28-9"  

[6] "71751-41-2"  "30560-19-1"  "135410-20-7" "34256-82-1"  "50594-66-6" 

[11] "15972-60-8"  "116-06-3"    "834-12-8"    "33089-61-1"  "101-05-3"   

[16] "1912-24-9"   "86-50-0"     "131860-33-8" "22781-23-3"  "1861-40-1" …

> get_cheminfo(info="all")

Compound CAS logP
pKa
Accept

pKa
Donor MW

Human
Clint

Human
Clint
pValue

Human
Funbound
plasma

DSSTox
Substance
Id Formula Substance Type

2,4-d 94-75-7 2.81 <NA> 2.81 221.03 0 0.149 0.04 DTXSID0020442 C8H6Cl2O3 Single Compound
2,4-db 94-82-6 3.53 <NA> 4.5 249.09 0 0.104 0.01 DTXSID7024035 C10H10Cl2O3 Single Compound
2-phenylphenol 90-43-7 3.09 <NA> 10.6 170.211 2.08 0.164 0.04 DTXSID2021151 C12H10O Single Compound
6-desisopropylatrazine 1007-28-9 1.15 1.59 <NA> 173.6 0 0.539 0.46 DTXSID0037495 C5H8ClN5 Single Compound

> "80-05-7" %in% get_cheminfo()
[1] TRUE

subset(get_cheminfo(info=
"all"),Compound %in% 
c("A","B","C"))

Is a chemical available?

All data on chemicals A, B, C

List all CAS numbers for all 
chemicals with sufficient data

List all information
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If my chemical doesn’t have built-in in vitro information, how 
can I check whether it has built-in in silico information?
httk package includes a table of human Clint and Fup values for 8758 chemicals, 
predicted in silico using Simulations Plus ADMET Predictor software (Sipes et al. 
2017). 
> library(httk) 
> origlist <- get_cheminfo() 
> length(origlist) #number of chems with in vitro TK data
[1] 987 
> load_sipes2017() #adds in silico data to built-in TK data set
Loading predictions from Sipes et al. (2017) for 8758 chemicals.
Existing data are not being overwritten. Please wait... 
> newlist <- get_cheminfo() 
> length(newlist) #number of chems with in vitro OR in silico TK data
[1] 8797
Now you can query the get_cheminfo() function the same way as on the previous slide
It will now include the in silico data as well as the in vitro data
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If I need to “bring my own” chemical-specific data for a 
chemical that doesn’t have data built into the httk package, 
how do I do that?
1. Create a data frame identifying chemicals by (at least) CASRN, containing 

data on (at least) log P (octanol-water partitioning coefficient), molecular 
weight, fraction unbound in plasma, and intrinsic hepatic clearance rate. 
(For example, you may have made your own in vitro measurements in-
house, used in silico/QSAR models to predict these quantities, etc.)

2. Use the httk function add_chemtable() to add your data frame to 
httk’s built-in table of chemical-specific information. (This only affects 
your current, local R session – it will need to be re-done every time you 
restart R.) Type help(add_chemtable)to see details on how to use 
this function.

3. Call TK modeling functions like calc_mc_oral_equiv() as usual –
httk will use the new chemical-specific info you provided.
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Example R code for HT reverse dosimetry for 
multiple chemicals & in vitro HTS assays
#Assume ac50 = data frame storing in vitro AC50s listed by chemical CASRN & 
assay, with columns “CASRN”, “assay”, and “AC50”
equiv_doses <- sapply(1:nrows(ac50), #loop over rows of ac50 data frame

function(n){ #apply the following function to row n:
if(chem %in% get_cheminfo()){ #if chemical has TK info 

sufficient to run model
return(calc_mc_oral_equiv(conc = ac50[n]$AC50,

chem.cas = ac50[n]$CASRN,
which.quantile = 0.95)

)
}else{ #if no TK info, can’t run model, so return NA

return(NA_real_)
} #end if/else block

} #end function to apply to row n of ac50 data frame
) #end loop over rows of ac50 data frame
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