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Physiological Based Kinetics (PBK) modelling

- ADME properties of a chemical can be used to predict its concentration time course in different organs/tissues in the
human body after exposure to the chemical via different exposure routes, e.g., oral, skin and inhalation. The outcome
of PBK modelling, e.g., the maximum concentration of the chemical in an organ (C__.), can be compared with Point of
Departure from in vitro bioactivity assays to support NGRA decision
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Clearance rate - whatitis and why itis important

Clearance: The volume of plasma from which a substance is
completely removed per unit time (ml/min, L/h)

Hepatic Clearance Renal Clearance

Blood flow through the liver, reflecting drug delivery to the liver

Influenced by Fraction of drug in the blood that is not bound to plasma proteins

Intrinsic clearance (Cl.,): Intrinsic ability of hepatic enzymes to metabolize the drug

One of the most sensitive parameters to C Moxon, 2020; Punt, 2022; van Tongeren, 2022)
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Understanding the uncertainty of Cl. . estimation is critical to
characterisation of the uncertainty of C__, predictions
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Support a transparent exposure assessment in NGRA
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= oy ThiSwork aims to characterise the uncertainty for Clint from the in vitro and/or in vivo clinical
s X 0n g .

%@ measurements so that its impact on the uncertainty on C_ ., could be analysed to support a
Unleer transparent exposure assessment in NGRA



Data collation

Aim: find chemicals with both in vitro and in vivo clinical clearance measurement data, so that
the relationship between the measurements and Cl,, including the uncertainty associated can
be analysed.

Pearce, et al., 2017 Halifax, et al., 2010 Lombardo, et al., 2018

In vitro hepatic clearance In vivo and in vitro hepatic clearance In vivo total clearance
1352 chemicals in total

1158 chemicals in total 110 chemicals in total

¥ ¥

137 chemicals in total with both in vitro and in vivo hepatic/total clearance data

According to Extended Clearance Classification System (ECCS) (Varma et
al., 2015), from the 137 chemicals, ADMET Predictor® is used to “select”
chemicals predominantly cleared by liver, so that the total clearance is
considered the same as hepatic clearance for the “selected” chemicals

B 115 chemicals in total left for data analysis
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Data insight

Number of chemicals Number of chemicals

m Chemicals with only 1 in vitro
measurement available

m Chemicals with only 1 in
vivo measurement avalable

Chemicals with 2 in vitro
measurements available

Chemicals with 2 in vivo m Chemicals with 3 in vitro

69 measurements available measurements available
o0 m Chemicals with 4 in vitro
measurements available
Fold difference among in vivo measurement for the same chemical Fold Difference among in viro meaurement for the same chemical
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@g@ For the same chemical, in vitro measurements are in general is less consistent compared to in vivo
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Bayesian model (1) - Structure

In Vitro

’ : | ;
Clgvt_m_ave > Clgvt_s : Clgvv_int
I
In Vitro Halifax Halifax
Scaling Dataset Dataset

le;,kt .. the kth measurement of hepatocyte based in vitro clearance rate for chemical i

¢

Lombardo
Dataset

Pearce Liver

Dataset

Model

Clive m ave: the average measured value of hepatocyte based in vitro clearance rate for chemical i

levt_sz the scaled in vitro clearance rate for chemical i, considering the fraction unbound of chemical i (fu;),
hepatocellularity (SF) and human liver weight (HLW)
ok

ivv_int" the in vivo intrinsic clearance rate *

lem,_t: the total in vivo hepatic clearance rate, relation between lew_t and lew_int is determined by liver models
accounting for the impact of blood flow through liver and the fraction of chemicals that are unbound to plasma protein

wooay

iy m- the jth measurement in vivo clearance rate for chemical i



Bayesian model (2) - Equations

In Vitro
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ivv_int ivv t ivt m

Cli ClL®

L,k i i
Clivt_m Clivt_m_ave Clivt_s

(4) (3) (2) (1) (5) (6)
log (Cifvv_int)MN(IOQ(Hivv_int)a Jivv_int) (1) log (Cifvt_s)"" N(a * log(CIiiw_int) + b, Jivive) (2)

i I:':vt 5 fugnc i i i ] ]
le"’f—m—ave = ﬁ‘ fu’inf = f(logP orlogD ) (3) EDQ(C{L%{?IE_m)MN (Eﬂg (Clivt_m_ave)f Ji??t_m) (4)

fu*ﬂiw_int

Clivo.e = Qn Qu+furClipy int (5) EUQ(CEE;fv_m)”N(EGQ(CEEW_{:): Jivv_m)‘ (6)
(1): Capture uncertainty in estimation of Cl,, ;,; across all chemicals in the dataset
(2): Assume linear relation between Cl,, ; and Cl,, ;,: (Halifax, 2010) with uncertainty
(3): In vitro clearance scaling (Halifax, 2010), considering
« The fraction unbound of chemical (fu;,.), a regression function based on logP or logD
» Hepatocellularity (SF, 120 million/g liver)
 Human liver weight (HLW, 21.4 g liver/kg body weight)
(4): Capture uncertainty in measurement of Cl;;
(5): Well Stirred liver model (Halifax, 2010) capturing the impact of
, « Blood flow through liver (Q4, 20.7 ml/min/kg for an average adult)

L « The fraction of chemicals that are unbound to plasma protein (f,)
wiwer  (6): Capture uncertainty in measurement of Cl, .,
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Bayesian model (3) - Bayesian ldea in clearance data analysis

Data 14
Collection of unknown parameters "5 2 _32s 3 35 4 45 s

108 (Cliy, 1) ~N (109 (v 1) Giow )
log (Cli,, )~ N(@* lng(Clwv mt) +

i C[wt sx(fum 1 i
C‘!mt _m_ave ISFWLWEI fu’m::'/ f(ngP ﬂ?’(][}g D )
log(.)"-'N(lOg(Cfm m ave) (O Unknown parameters
CEI', _ @ N (Jﬁu}“ﬂzw int { > Chemical specific constants
— <4, -~ : :
wv-t i Ql’? #f”‘"mmﬂ int { . Physiological related constants

u@i&ww log (.’”N (log(Cliyy ¢) ’) O Data



Bayesian model (4) - Prior

lﬂg (leﬂv_iﬂt)mw(lﬂg (1) log (CI::ut_s)N N log(CIEvv_int) (2)
Clgvt_m_ave = %, fu::nc = f(logPi or logDi) (3) Eﬂg(CE;ﬁi_m)”N(lﬂg (C{Evt_m_aﬁ'e )4)

] fu*miw_in i i -
Clivoe = Q1 g Funcio — (5) Eﬂg(Cl;fv_m)ﬂvﬁ(!ug(ﬂ;w_t (6)

Uivt_int~n0rmal(0:1): Oivt int = 0

Oivive~n0ormal(0,1), 0jyipe > 0

— Non negative, non informative prior
O-ivt_m~n0rmal(011)) O-ivt_m > O

Oivy m~normal(0,1) , 0y m > 0 -

a~N(0,1) —  Non informative prior
b~N(0,1) —
Uivy ine~N(1.73,0.9) Data informed prior
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Result - parameter posterior VS prior
The Bayesian model is built using R 4.3.0 and rstan 2.21.8.

After running the model using all in vitro and in vivo measured clearance data, the posterior
distribution of the parameters are plotted against their prior distributions, as below:

Posterior vs Prior -- log_mu_ivv_int Posterior vs Prior --a Posterior vs Prior --b
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N =20000 Bandwidth =0.0105 N =20000 Bandwidth =0.005626 N =20000 Bandwidth=0.0104
Prior Mean = 1.73,SD = 0.9 Prior Mean =0, SD = 1 Prior Mean =0, SD =1
Posterior Mean = 1.64, SD =0.09 Posterior Mean = 0.46, SD =0.05 Posterior Mean = 0.30, SD =0.08
Posterior vs Prior -- sig_ivt_m Posterior vs Prior -- sig_ivive Posterior vs Prior -- sig_ivv_int Posterior vs Prior -- sig_ivv_m
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o g,ag Prior: half normal distribution (non-negative) half with mean = 0 and standard deviation = 1

ozl Posterior Mean = 0.38, SD =0.03 Posterior Mean =0.23, SD =0.06 Posterior Mean = 0.89, SD =0.06 Posterior Mean =0.14, SD =0.01



Result - parameter posterior VS prior - model implication

In Vitro _I_

ik : , , & y

Cl;vt_m Cl%vt_m_ave Cll!vt_s Cll!vv_int Clévv_t Cl;?]t_m
(4) (3) (2) (1) (5) (6)

Posterior Mean = 0.38, SD =0.03 - — Posterior Mean = 0.14, SD =0.01

Posterior Mean =0.23, SD =0.06 Posterior Mean = 0.89, SD =0.06
(1): Capture uncertainty in estimation of Cl,, ;. across all chemicals in the dataset
(2): Assume linear relation between Cl,,  and Cl, ;: (Halifax, 2010) with uncertainty
(3): In vitro clearance scaling (Halifax, 2010), deterministic
(4): Capture uncertainty in measurement of Cl,; .,
(5): well Stirred liver model (Halifax, 2010), deterministic
(6): Capture uncertainty in measurement of Cl,, .,

« From posterior mean of ¢;,; ,,, in (4) and g,y n, in (6), it can be seen the posterior uncertainty of in vitro
measurement is higher than that of in vivo measurement - consistent with the data collated

« The uncertainty of Cl;, ;, (reflected by posterior mean of g;;,; ;5,; in (1)) is larger than that of Cl, ,, as the
uncertainty of Cl,,, ., is enlarged by the deterministic relation in (5)

« The relation between in vitro clearance and in vivo clearance in (2) based on posterior parameter
distribution is in general agree with the same relation specified deterministically in (Halifax, 2010)

e o log (Cl},, o)~ N(0.46 = log(Cl.,, ;,,) + 0.30,0.23) Relation based on posterior distribution and dataset collated
8% o=y - B e e g . . . .
e % 10g CLix, hepatocyies = 0.512 10 ClLie, iy 3o + 0.293 Deterministic relation in (Halifax, 2010) based on its data
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Result- predicted VS raw data for /in vivointrinsic clearance

Chemicals

The figure on the left is a comparison between
model prediction on Cl,,, ;.. based on the
posterior distributions of the parameters and
the raw data in the literature for 115 chemicals

From the figure, it can be seen that
« Almost all raw data liesin 2.5 to 97.5
percentile range of the prediction except a
. few chemicals, e.g., Naproxen, Lidocaine,
Propafenone and Bepridil
. « This could be explained by the big difference
. between the value in the raw data from
different literature, e.g., the value of Cl,, ;. for
the above 4 chemicals are (unit: ml/min/kg):

Lombardo, et al., 2018 Halifax 2010

Maproxen 35 5.86
Lidocaine 2422 82
Propafenone 10348 328
= = Bepridil 17699 1583
e Based on the measured clearance (either in
vitroor in vivoor both), the model can predict
@ Mean of prediction the Cl,,, ;.. for each chemical and characterise

= — 2.5t to 97.5t

percentile range of prediction
= = ® Rowdata the uncertainty associated with the prediction

0 2 4
log10(In vivo intrinsic Clearace Rate (ml/min/kg))



Result- predicted VS raw data for different clearance

In Vitro
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Using the posterlor dlstrlbutlon of the parameters derived from the Bayesian model, the uncertamty in the measurement of
both in vitro and in vivo clearance for each chemical can also be inferred.

In general, the uncertainty of prediction of Cl,,; ., 4 is the largest while the uncertainty of prediction of Cl,,, . is the smallest,
this is consistent with the uncertainty associated in the raw data

s Oy
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(In all 3 figures, the x-axis is spanning across 6 order of magnitude, so that the uncertainty in prediction and in raw data can
be visually compared)



sSummary

 Based on the measurements of in vitro and in vivo clinical clearance rate for 115
chemicals, a Bayesian model was built to
« Understand the relationship between different clearance rates
« Estimate the in vivo intrinsic clearance rate, one of the most sensitive parameters of a
PBK model, with corresponding uncertainty being characterised,

« Understanding uncertainty of in vivo intrinsic clearance rate can help us to have more
understanding of the source and extend of uncertainty in PBK outcome, contributing to a
transparent exposure assessment for NGRA

« The model can also be used to estimate the uncertainty in the in vitro and in vivo
measurement of the clearance rate.

« When there is a new (predominantly liver cleared) chemical with either in vitro or in vivo
clinical measurements of clearance rate or both, this model can be used to estimate the
corresponding in vivo intrinsic clearance rate, and the corresponding uncertainty.

« The extent of uncertainty of estimation is based on the extent of uncertainty in the
corresponding measurement data.
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