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~ Review: HTTK model parameters

Intrinsic hepatic clearance rate (CLint) Measured in HT in vitro assays (Rotroff et al.
2010; Wetmore et al. 2012, 2014, 2015; Wambaugh

Fraction unbound to plasma protein (Fup) _ e
et al. 2019) or predicted in silico (Sipes et al.

2017)
Tissue:blood partition coefficients (for Predict from phys-chem properties and
compartmental models) tissue properties (Pearce et al., 2017)

Tissue masses (including body weight)

Tissue blood flows Gathered from data available in the
Glomerular filtration rate published literature [Wambaugh et al. 2015;
(passive renal clearance) Pearce et al. 2017a]

g Hepatocellularity



.. Chemical-specific parameters measured in vitro
carry measurement uncertainty

Chemical-specific parameters .

Intrinsic hepatic clearance rate (CLint) Measured in HT in vitro assays (Rotroff et al.
Fraction unbound to plasma protein (Fup) 2?2?‘2\’(;/;;;“”6’ = il 2002, 200, 200, BRI

CLint: Cryo-preserved
hepatocyte suspension
Shibata et al. (2002)

Fup: Rapid Equilibrium
Dialysis (RED)
Waters et al. (2008)




i Parameters represent biology — so they have
nopulation variability

Intrinsic hepatic clearance rate (CLint) Represent chemical-body interactions —

factors, age, etc.

Tissue:blood partition coefficients (for
compartmental models)

Tissue masses (including body weight)

Tissue blood flows . S
Represent physiology — vary with individual

Glomerular filtration rate genetics, environmental factors, age, etc.

(passive renal clearance)

Hepatocellularity
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“HTTK model parameters determine the slope relating
Css to daily dose —

need to propagate both uncertainty & variability

Prediction (line)

Slope = C for 1 mg/kg/day:
determined by values of TK model parameters
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- Wambaugh et al. (2019)
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Approach to uncertainty & variability: Monte Carlo

* Characterize uncertainty and variability of TK parameters in terms of
probability distributions

* Draw samples from these distributions: “simulated population”

e Evaluate HTTK model for each “simulated individual” in the
“simulated population”

* Characterize resulting distribution of HTTK model predictions
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Characterizing key uncertainty in
chemical-specitic TK parameters
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Bayesian approach to uncertainty quantification

Unknown true value Observed (measured) value

A

N Error
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Bayesian approach to uncertainty quantification

Unknown true value Observed (measured) value

Error

 |dentify sources of error
e Develop mathematical model of
error
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Bayesian approach to uncertainty quantification

Unknown true value Observed (measured) value

A

N Error

 |dentify sources of error
e Develop mathematical model of
error

Bayesian inference:

Find a distribution of possible true values that could
have produced the observed values, under this error
model
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Uncertainty in Fup
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““Understanding sources of error in Fup: How to
measure in vitro using Rapid Equilibrium Dialysis
(RED)

Semi-permeable Add ;! Add . . Let equilibrate Use mass
membrane plasma to ﬁ chemical (until unbound spectrometry

1 to both

) conc. equal on to measure
sides

both sides) total chemical

(chemical can pass, ©ne€ side
but not protein)

l conc. from each
_ side
R AL SERSHL 1 - B

Protein Protein- (Some l

fl_’ee cpntammg ch-em.lcal Protein—free conc.
side side will bind E

. up ~ —— —
to protein) Protein—containing conc.

Waters et al. (2008); Rotroff et al. (2010); Wambaugh et al. (2019)




Source of measurement uncertainty:
Mass spectrometry = uncertainty in measured chemical
concentrations

2&60.531

* |Instrument calibration
* Limit of quantification (LOQ)

| Peak area _ , _
Calibration: Peak area vs. concentration

g281.529

intensywnosé

Figure adapted
from
Fisher et al. (2022)

Predicted

Intensity or Response Ratio

https://commons.wikimedia.org/wiki/File:ObwiedniaPeptydu.gif
(GPL)

Wambaugh et al. (2019)

A Concentration
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AAAAAA LOQ is a problem in the RED assay for highly-
bound chemicals

- 260 531 44% of chemicals in Wambaugh et al. (2019)
Protein—free conc.
Fup = Protein—containing conc.
B l
E% 2E61.529 I } }
] I }
| ®
i ® 1 @
l
<LOQ : } ; } %
l

https://commons.wikimedia.org/wiki/File:ObwiedniaPeptydu.gif
(GPL)



https://commons.wikimedia.org/wiki/File:ObwiedniaPeptydu.gif

m

nvironmenta | Protection

Approach to <LOQ problem:
Repeat RED assay with varying amounts of protein

: 100%} . : 30% } . : 10% }
o : t} }} o : t o © . ® : o, ©
<L0Q : o S }} >L0Q .: P >L0Q .: o

Estimate dissociation constant K
(strength of binding affinity between chemical and protein)

Wambaugh et al. (2019)
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ggggg Additional source of uncertainty:
Non-specific chemical binding to membrane or walls

Protein—free conc.
Fup — . . .
Protein—containing conc.

- Wambaugh et al. (2019) )
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AAAAAA Bayesian inference model for
Fup uncertainty

Observed (measured) value:

MS peak areas for protein-

free and protein-containing
sides

Unknown true value:
Fup for 7ihemical

N Error

- Wambaugh et al. (2019)
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Bayesian inference model for
Fup uncertainty

Observed (measured) value:
MS peak areas for protein-
free and protein-containing

Unknown true value: .
sides

Fup for 7§hemical

Error
Error model:

* MS calibration

* MS LOQ

* Dissociation constant K
* Non-specific binding

- Wambaugh et al. (2019)
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Bayesian inference model for

m

Observed (measured) value:

U p-unce rtal ﬂty MS peak areas for protein-
Unknown true value: free and pro.tein—containing
Fup for 7§hemical sides
Error
Error model:

e MS calibration

_ * MS LOQ
_ * Dissociation constant K
* Non-specific binding
<i Result: Distribution of possible Fup values for a

chemical, compatible with measurements & error

Fup

- Wambaugh et al. (2019) mOdEI
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Uncertainty in CLint




<EPA

United States

e CLint: How to measure in vitro using pooled human
hepatocytes

@@/

> > i
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Culture donated Add known Measure chemical concentration remaining at
human hepatocytes amount of 0, 15, 30, 60, and 120 minutes
volunteers b+
£ 90- ¢ Rate of decrease - Clint
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. . = °
CLint can be estimated 8
ey . Q L
from fitting a decaying % o
exponential to 5 ., 3
concentration vs. time © o
$
- Rotroff et al. (2010); Wetmore et al. (2012, 2015); Wambaugh et al. (2019) 0 25 30 75 100 125
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~ Mass spec uncertainties also apply to Clint

Calibration: Area vs. concentration

BE0.531

0 21A )
e Calibration curve &
© $
« LOQ 0 g |
<< 2 Figure adapted from
= % Observed Fisher et al. (2022)
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- Wambaugh et al. (2019) Time, minutes



https://commons.wikimedia.org/wiki/File:ObwiedniaPeptydu.gif

ttttt

s chemical really metabolized at all?

Wambaugh et al. (2019)
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Additional uncertainty source:

Saturable metabolism
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Free chemical conc.

Concentration (uM)

Diazinon (333-41-3)  figure adapted from supplemental material of

Wambaugh et al. (2019)
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Approach: Test 2 concentrations £

A
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Probability Decreases: 100%
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CLint (1uM): 0.508(0.228-0.649)

04- CLint (10uM): 0.183(0.0552-0.303)
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AAAAAA Bayesian inference model for
Clint uncertainty

Observed (measured) value:
MS peak areas at 5 time

Unknown true value: points

Clint for7\chemical

N Error

- Wambaugh et al. (2019)
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AAAAAA Bayesian inference model for
Clint uncertainty

Observed (measured) value:
MS peak areas at 5 time
points

Unknown true value:
Clint for7\chemical

Error
MS calibration

LOQ
Probability of no metabolism
Probability of saturation

- Wambaugh et al. (2019)
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~ Bayesian inference model for

: . Observed (measured) value:
Cllﬂt uncertalnty MS peak areas at 5 time
Unknown true value: points

Clint for7\chemical

Error
MS calibration
LOQ
Probability of no metabolism
Probability of saturation

120

count
()]
o
[ )

Result: Distribution of possible Clint values for a

chemical, compatible with measurements & error
Wambaugh et al. (2019) model
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Characterizing variability: HT TK-
Pop for human TK variability




TTK physiological parameters

Physiological parameters

Tissue masses (including body weight)
Tissue blood flows

Glomerular filtration rate
(passive renal clearance)

Hepatocellularity




~. Data source for population physiology: CDC
NHANES

CDC NHANES = Centers for Disease Control National Health and
Nutrition Examination Survey

(“anes Large, representative, ongoing survey of US population:
demographics, body measures, medical examination data....

NHANES does NHANES does not
measure: measure:
Sex Tissue masses

Age > Tissue blood flows
Height ' '

GFR (kidney function)

Weight Hepatocellularity
Serum creatinine

- Ring et al. (2017)
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Sample NHANES measured

population variability in physiology: H

guantities for actual
NHANES individuals

(capturing covariance):

Sex

Age

Height

Weight

Serum creatinine

Ring et al. (2017)

—

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

Correlated Monte Carlo approach to simulating

[K-Pop

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

Tissue masses

Tissue blood flows
GFR (kidney function)
Hepatocellularity

(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.)

31
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Chemical-specific parameters have both
uncertainty and variability

Intrinsic hepatic clearance rate (CLint) Carry uncertainty from in vitro

Fraction unbound to plasma protein (Fup) measurements

Also have population variability: represent
chemical-body interactions — vary with
individual genetics, environmental factors,
age, etc.




" Chemical-specific TK parameters: Two-stage Monte Carlo approach to
modeling both measurement uncertainty and population variability

Step 1: Draw 1 sample from
uncertainty distribution and
treat as “population average”
value

120

901

60 1

count

301

- Wambaugh et al. (2019) 33




" Chemical-specific TK parameters: Two-stage Monte Carlo approach to
modeling both measurement uncertainty and population variability

Step 1: Draw 1 sample from
uncertainty distribution and
treat as “population average”
value

Step 2: Assume population
variability (30% CV) around the
sampled “population average” value
from Step 1, and draw 1 sample

120

754
901

60+ 504

count
count

301
251

Clint
For CLint: Add 5% “poor
metabolizers” (10% of

] Wambaugh et al. (2019) original pop. average) 34
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Chemical-specific TK parameters: Two-stage Monte Carlo approach to

modeling both measurement uncertainty and population variability

Step 1: Draw 1 sample from
uncertainty distribution and
treat as “population average”

Step 2: Assume population
variability (30% CV) around the

sampled “population average” value
value P Pop 8

from Step 1, and draw 1 sample

120

count

count

- Wambaugh et al. (2019)

751
90 1
60+ 50 -
301
251
0+ ~
0 2 4 6

Clint 0]

e

0 2 4

Clint
For CLint: Add 5% “poor
metabolizers” (10% of

original pop. average)

6

count

100 A

501

Repeat Steps 1 and 2 for each simulated
individual to get sampled values that
include both uncertainty & variability

0.0 25 5.0 75 10.0
Clint -
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="Putting it all together: A table of HTTK model
parameters for each “simulated individua
“simulated population” for a given chemical

Demographics Body Tissue Blood Hepatocell Clint
measures | volumes flows ularity
Sex Age Ht Wt

|II .

IN a

67184 M 42 171 55  [.] [...] [...] [...] [...] [...]
52034 M 0.5 73 9 [...] [...] [...] [...] [ [...]
64847 F 11 154 47  [.] [...] [...] [...] [...] [...]
51787 F 22 166 87  [.] [...] [...] [...] [...] [...]
49889 M 9 147 50  [.] [...] [...] [...] [...] [...]
64606 F 59 169 115 [.] [...] [...] [...] [...] [...]
45549 F 50 165 80  [.] [...] [...] [...] [...] [...]
[...] [...] [...] [T T [ [...] [...] [..] [...]
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Evaluate TK model for each "simulated individual”
= distribution of Css-dose slopes

95th %ile
(Most Sensitive ./
5%) R4

Median

’E; Slope = C for 1 mg/kg/day
w | N e
» | L, S NG et
O --------
........ 5t %ile (Least
,,,,,,,,, Sensitive 5%)
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httk R package automates this Monte Carlo
sampling & model evaluation process

> library (httk)
> set.seed (42)
> #Css for 1 mg/kg/day = slope
calc mc css(chem.name="benzo (a)pyrene",
which.quantile = ¢ (0.95, 0.5, 0.05))

Human plasma concentration returned in mg/L units
for 0.95 0.5 0.05 gquantile.

95% 50% 5%
066.510 13.070 3.742



e Result: Percentiles of predicted Css vs. dose slope
t 95t %ile,*
1e+04 p— OII?/
= :
E Median
16+03 ? Slope = C,, for 1 mg/kg/day
O , /7 M T
1e+02 A 5t %ile
1e+01 ’
o 1e+00
g
w

1e-01

1e-02 = .
Percentile

1e-03 & ® 95%
® 50%
1e-04
® 5%

1e-05
Chemical




Another way to visualize: ratio of 95" percentile to median

(roughly, how wide is the Css slope distribution?)
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Relative contributions of
variability & uncertainty




© Median Ratio for Uncertainty: 2.32
A Median Ratio for Variability: 6.27

1% Median Ratio for Both: 7.13

For most chemicals, population variability
produces more difference between 95" and
50t percentile Css slopes than uncertainty
does.

1&' & F 1 I ' "lj_ 'y } L 111+ T i. £ 1 *
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eV L 4 L e 4 Ji¥ el mmal  bat | Pl . A A ‘* .l..
h A & & A B, '.'.."‘ e 5 WY _.5‘-‘: ) _:*'.‘_ iy ,ﬁ_“ t f
R | N ’* . Yy P gy A, "_'*f .:.s.__..*:.'_ g A, b A A L&* o U s

Ratio of C 95" Percentile to Median Estimate
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Chemicals

Figure adapted from Wambaugh et al. (2019)

C, Varied to Reflect Uncertainty 4 Variability Both
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Simulating sensitive
subpopulations




ldentifying potentially sensitive sub-populations

Who is in the most sensitive portion

95th %ile .
t  (Most Sensitive .’ of the population?
5%) R4
.’ edian What does this slope distribution look

like for kids, for example?

% Slope = C for 1 mg/kg/day
§ ,,,,,,,,,,,,,,,, Or people over 657
............. 5th %ile (Least
e Sensitive 5%) To answer this question: Need to
0 Dose model TK variability for specified sub-
populations

- Ring et al. (2017)




HTTK- Pop can generate simulated subpopulations
with user-specified demographics

Use httkpop.generate.args argumenttocalc mc css () function: Takes a named list of arguments

Name of list element | User can specify... Default if not
specified

agelim years Age limits in years (6,11) Ages 6-11 years All NHANES (0-79
years)
agelim months Age limitsin months ¢ (0, 36) Ages 0-36 months All NHANES (0-79
years)
gendernum # of males and list (Male = 1000 males, 0 females Randomly selected
females 1000, Female = from NHANES
0)
weight category BMI category c ('Overweight', BMI> 25 (overweight c('Underweight’,
'Obese') & obese) 'Normal’,

'Overweight', 'Obese’)
7 HTTK-Pop generates physiology based on NHANES respondents in the specified demographic groups
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Example of Css95
differences by
subpopulation

log10(Css95/Css95_Total)
1

i 0.5
0

-0.5
-1

10 subgroups of interest

Heatmap: Css95 difference
(subgroup vs. Total population) for
50 chemicals with largest Css95
difference in any subgroup
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Cytarabine hydrochloride
Tétrahydrofuran
Azameéthiphos
Doxepin
Isoxaben
Ametryn
Etoxazole
Pentachlorophenol
Dazomet
Ethion
"3-buten-2-one, 3-methyl-4-(2,6,6-trimethyl-2-cyclohexen-1-yl)-"
Tetrahydrocurcumin
Piperonyl butoxide
Metolachlor
2,2-bis(4-hydroxyphenyl)-1,1,1-trichloroethane (hpte)
Bendlocarb

1 4- dlchlorobenzene

enzylideneoctana
5 hept¥|d|hydro 2(3h )-furanone
rimethylaniline”
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rs roxyphenyl)ethane
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Igconazo e
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Fluconazole
3-iodo-2-propynyl-n-butylcarbamate
Nitrendipine
Diuron
Geranyl acetate
O-ethyl o-(p-nitrophenyl) phenylphosphonothioate
Fluoxastro in
Fenthion
Qumollne

Pyrene
Clnmeth lin
1,1.3, 3 tetramethylbutyl)phenol”
3-frichlorobenzene"

4 but Ianlllne
Pebulate
3-chloro-4-methylaniline

1,2-dimethyl-3-nitrobenzene
2'[2-(2-ethoxyethoxy)ethoxy]ethanol
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Conclusions

e Uncertainty vs. Variability in TK model parameters
* Measurement uncertainty: Chemical-specific parameters measured in vitro
* Population variability: Physiological & chemical-specific parameters

Cf}aracterizing key uncertainty in chemical-specific TK parameters using Bayesian
inference

* Fraction unbound in plasma protein (Fup)
* Intrinsic hepatic clearance rate (Clint)

Characterizing variability: HTTK-Pop for human TK variability
e Correlated Monte Carlo approach based on CDC NHANES data

Relative contributions of uncertainty and variability to TK model predictions
* For most chemicals, population variability has larger effect

Simulating sensitive subpopulations
 HTTK-Pop can simulate populations with user-specified demographics
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Thank you!

Questions?
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