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Abstract

Optimal treatment of infants with many renally cleared drugs must ac-
count for maturational differences in renal transporter (RT) activity. Pediatric
physiologically-based pharmacokinetic (PBPK) models may incorporate RT ac-
tivity, but this requires ontogeny profiles for RT activity in children, especially
neonates, to predict drug disposition. Therefore, RT expression measurements
from human kidney postmortem cortical tissue samples were normalized to rep-
resent a fraction of mature RT activity. Using these data, maximum likelihood
estimated the distributions of RT activity across the pediatric age spectrum, in-
cluding preterm and term neonates. PBPK models of four RT substrates (acy-
clovir, ciprofloxacin, furosemide, and meropenem) were evaluated with and
without ontogeny profiles using average fold error (AFE), absolute average fold
error (AAFE), and proportion of observations within the 5-95% prediction inter-
val. Novel maximum likelihood profiles estimated ontogeny distributions for the
following RT: OAT1, OAT3, OCT2, P-gp, URAT1, BCRP, MATE1, MRP2, MRP4,
and MATE-2K. Profiles for OAT3, P-gp, and MATE1 improved infant furosemide
and neonate meropenem PBPK model AFE from 0.08 to 0.70 and 0.53 to 1.34 and
model AAFE from 12.08 to 1.44 and 2.09 to 1.36, respectively, and improved the
percent of data within the 5-95% prediction interval from 48% to 98% for neonatal
ciprofloxacin simulations, respectively. Even after accounting for other critical
population-specific maturational differences, novel RT ontogeny profiles sub-
stantially improved neonatal PBPK model performance, providing validated es-
timates of maturational differences in RT activity for optimal dosing in children.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

Extrapolating adult physiologically-based pharmacokinetic (PBPK) models to
pediatric populations requires a representation of renal transporter ontogeny.
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INTRODUCTION

Infants experience rapid developmental changes in
physiological processes that directly affect drug pharma-
cokinetics (PKs) and thus optimal dosing."”* As a result,
optimal dosing predictions require a quantitative repre-
sentation of the ontogeny, or maturational trajectory, of
these processes. One of these processes is tubular secre-
tion.>* Tubular secretion is a major elimination pathway
for many commonly used drugs and is driven primar-
ily by renal transporters (RTs).>® RT ontogeny has been
evaluated primarily through mRNA and protein expres-
sion measurements in postmortem kidney samples.*’
These tissue measurements can be incorporated into
physiologically-based PK (PBPK) models to improve pre-
dictions of the disposition of RT substrates in children.®

PBPK models can provide quantitative predictions of
drug disposition in children by mechanistically represent-
ing relevant physiological processes from the population
of interest.”'® PBPK models incorporating pediatric renal
clearance have included the ontogeny of glomerular fil-
tration and tubular secretion, and these approaches have
demonstrated superior predictability compared with allo-
metric scaling in children less than 2years of age.”™**

Although these efforts have incorporated a measure of
tubular secretion and RT ontogeny, transporter-specific
ontogeny profiles that span the pediatric age spectrum to
include preterm neonates are still needed.'* Ideally, these
profiles would provide estimates of the distributions of
RT activity to facilitate pediatric population PBPK model
predictions.

To provide such profiles, this work applies maximum
likelihood estimation to RT expression measurements
from human kidney postmortem cortical tissue samples
to estimate ontogeny profiles for the following RT: OAT1,

However, this approach requires renal transporter ontogeny profiles that span
the pediatric age spectrum.
WHAT QUESTION DID THIS STUDY ADDRESS?

Can renal transporter expression measurements provide reliable estimates of
renal transporter ontogeny profiles for pediatric PBPK modeling?
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

This study provides validated estimates of renal transporter ontogeny profiles
that span the pediatric age spectrum. Profiles are estimated for the following 10
renal transporters: OAT1, OAT3, OCT2, P-gp, URAT1, BCRP, MATE1, MRP2,
MRP4, and MATE-2K.

HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT,
AND/OR THERAPEUTICS?

This work provides renal transporter ontogeny profiles for pediatric PBPK mod-
eling for enhanced prediction of drug disposition in children and infants.

OAT3, OCT2, P-gp, URAT1, BCRP, MATE1, MRP2, MRP4,
and MATE-2K. Profiles for OAT3, P-gp, and MATE1 are
incorporated into pediatric population PBPK models for
acyclovir, ciprofloxacin, furosemide, and meropenem -
prevalent drugs for which limited data are available to
guide optimal dosing.

METHODS
Renal transporter ontogeny data

The transporter expression measurements used in this
work were previously measured from human postmor-
tem renal cortical tissue samples obtained from biobanks
in the United States and the Netherlands.* Both protein
and mRNA expression measurements were made from
human tissue samples and protein expression data were
preferentially used to estimate ontogeny profiles. These
protein and mRNA data were normalized by the mean
mature expression level (Figure S1). Whereas the mean
mature expression level would putatively be provided by
the RT expression measurements from individuals older
than 18 years (938 weeks) postmenstrual age (PMA; n=10
per RT), we found no statistically significant difference
(Welch's t-test; p<0.05) in mean expression between indi-
viduals 5.5years (288 weeks) to 18years (938 weeks) PMA
and individuals older than 18years (938 weeks) PMA for
any RT (n=13 per RT; Figure S3). We therefore included
expression measurements from all individuals older than
5.5years (288weeks) PMA (n=23 per RT) to increase
the sample size and more accurately estimate mature
expression for each RT. Because RT expression data for
the preterm neonate population consisted only of mRNA
measurements, these measurements were normalized by
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mature mRNA expression data in the same way protein
expression data were normalized, and then combined
with protein expression data. The extent to which pro-
tein and mRNA expression data were used to estimate
the ontogeny profiles for each transporter is summarized
in Table S1. To explore the impact of combining preterm
neonate mRNA expression data, analogous ontogeny pro-
files were also estimated using only protein expression
data (Table S1, Figure S5). Profiles that did not achieve
mathematical convergence were estimated by manually
and iteratively adjusting parameter values while assess-
ing the visual fit and the value of the likelihood function
(Table S1). For MRP2 and MRP4, no protein expression
data were available; therefore, ontogeny profiles were es-
timated using only mRNA expression data. Neither pro-
tein nor mRNA expression preterm neonate data were
available for URAT1 and BCRP. Therefore, URATI1 and
BCRP profiles were estimated using only protein data.
Consequently, except for URAT1 and BCRP, ontogeny
data represent the pediatric age spectrum from 25weeks
PMA to older than 30years of age. More than 62 expres-
sion measurements, including more than 32 measure-
ments from individuals less than 2years of age, informed
the estimation of every ontogeny profile (Table S1).

Maximum likelihood estimation of renal
transporter ontogeny profiles

Preliminary nonlinear least squares regression of RT
expression data was challenging, likely because of the
heteroscedasticity of the data. Therefore, this work used
maximum likelihood estimation to fit a heteroscedastic
sigmoidal mathematical equation as a function of PMA
to the RT expression data. Four sigmoidal equations
were investigated (Figure S2): Gompertz (Equation S3);
Logistic (Equation S4); Weibull (Equation S5); and Hill
(Equation 1). The Hill equation*® was chosen for all on-
togeny profiles because it resulted in the highest overall
likelihood when fit to the median of the normalized RT
expression data. RT expression data were fit with a log-
normal distribution because this distribution is most ap-
propriate for processes that result from multiplicative
interactions, including transporter kinetics.'® Whereas
normally distributed ontogeny profiles were also esti-
mated (Equation S1; Figure S4), lognormally distributed
profiles demonstrated greater mathematical convergence
(Table S1). The maximum likelihood estimation resulted
in heteroscedastic, lognormally distributed ontogeny pro-

files for pediatric PBPK modeling.
-1

filxa,b) = l1+<%>b] W

ASCPT

In Equation 1, a and b are function parameters and
x is the PMA in years. Within the maximum likelihood
estimation, this function informed the likelihood func-
tion (Equation 2), which calculates the likelihood of
observing the data given the parameter values of the
function. The likelihood function also included an es-
timate of the variance (o;) of the ontogeny as a function
of PMA (Equations 3 and S2) so that a distribution for
each age could be simultaneously estimated. The best
estimates of these parameters were then determined
by maximizing the likelihood of observing the normal-
ized expression data.!” The optimal ontogeny profiles
and distributions with lognormally distributed variance
were estimated by maximizing the likelihood function

(Equation 2):
oo B [ln@ )] 2

L(Y|X,a,b,s) = exp 2)
g yi"i\/g 20—1'2
oi(x;,a,b,s) =seexp( —f;) 3)

In these mathematical expressions, f represents
Equation 1 and is the median of the ontogeny distribu-
tions for lognormally distributed ontogeny profiles; and
s is the proportionality constant that relates the value
of the median or mean (for lognormally or normally
distributed profiles, respectively) of the ontogeny dis-
tribution for a given age with its variance (Equation 3).
The data permitted mathematical convergence for
seven and five out of 10 transporters for lognormally
and normally distributed ontogeny profiles, respec-
tively (Table S1). The maximum likelihood values of
a, b, and s for each ontogeny distribution are given in
Table S1. Tables of the resulting ontogeny distributions
for incorporation into PBPK models are included as
Tables S2-S11.

Pediatric PBPK modeling using maximum
likelihood ontogeny profiles

PBPK modeling was accomplished with PK-Sim version
11 from the Open Systems Pharmacology suite. PK-Sim
was programmed as described below with maximum like-
lihood ontogeny profiles. From these ontogeny profiles,
a dimensionless ontogeny scaling factor (OSF) as a func-
tion of PMA is used to calculate the effective RT concen-
tration for each virtual pediatric individual according to
Equation 4.

[RT]ped(PMA) = [RT],qu1t * OSF(PMA) (4)
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In Equation 4, [RT],,4 is the kidney RT concentration of
the virtual pediatric individual. The adult renal transporter
concentration ([RT],4,;,) was derived from literature or iden-
tified in the adult model (Figure 1a; Table S12). For individ-
ual simulations, the OSF is determined by the lognormally
distributed maximum likelihood ontogeny profile as the me-
dian of the ontogeny distribution for that individual's age.
For population simulations, the PK-Sim algorithm for cre-
ating virtual populations assigns OSFs to virtual individuals
by sampling from the age-appropriate distribution of the on-
togeny profile. Thus, for population PBPK simulations, the
OSF is a lognormally distributed variable.

The drug's molar rate of mass transport for both the
basolateral (kidney interstitial to kidney intracellular)
and apical (kidney intracellular to urine) active transport
processes were simulated with Michaelis—-Menten kinet-
ics. The K,,, and k_,, parameter values were derived from
literature reports of in vitro experiments or identified in
the adult simulations (Figure 1la, Table S12), including
with adult probenecid simulations described in the subse-
quent section. Although these validated parameter values
are utilized directly in pediatric PBPK models, simulated
renal active transport of the drug is also determined by
the appropriate RT ontogeny function, as described by
Equation 5:

1

. mo [D]
Active transport rate (E) =[RTlped * Viid * keat *

i K., +[D] )
In Equation 5, [RT],.q is the molar concentration of
renal transporter in the kidneys described by Equation 4,

(a) Pediatric PBPK Model Development (b)

[D] is the molar concentration of drug in the interstitial
(basolateral transport) or intracellular (apical transport)
compartment, V4 is the kidney volume scaled accord-
ing to the age of the simulated individual,'® k, is the
Michaelis—Menten transporter turnover number, and K,
is the transporter Michaelis—Menten constant. The PBPK
model attributes basolateral and apical transporters to the
kidney interstitial and kidney intracellular compartments
of the model, respectively.

Ontogeny profile and PBPK
model validation

For the validation of ontogeny profiles, PBPK models
were first constructed without RT ontogeny profiles.
Then, RT ontogeny profiles were incorporated and the
improvement in model performance was assessed. PBPK
models were constructed with established methods'**
that were adapted in the following ways (Figure 1a): (1)
adult model kidney parameters describing basolateral and
apical processes were estimated using PK data from drug-
drug interaction (DDI) studies with probenecid in order to
more accurately estimate the relative contribution of each
transport process to overall tubular secretion;** (2) the
ontogeny of tubular secretion was represented using the
OATS3, P-gp, and MATEL1 ontogeny profiles of this work
and applied to drug-specific models as directed by a litera-
ture review of drug-transporter interactions.’

The development of adult acyclovir, ciprofloxacin, fu-
rosemide, meropenem, and probenecid PBPK models has

Adult Model Inputs

1. Drug-specific

Inputs

Inputs PK Data

2. System-specific 3. In vivo probenecid DDI

Model Tubular Secretion
4. In vivo Kidney Plasma Plasma
Compartment Drug

PK Data Passive Diffusion

¥

Optimized Adult Model

¥

Kidney Interstitial F

Compartment
Basolateral Active Transport

Pediatric Model Inputs
3. Age-specific
Tubular Secretion —
2. Age-specific Renal Transporters

Hepatic Metabolism 4. Pediatric PK Data

1. Age-specific
Glomerular
Filtration

5. Age-specific
Protein Binding
6. Age-specific
Anatomy &
Physiology

Kidney Intracellular
Compartment

Apical Active Transport

Urine

Compartment Excreted

Drug

L 2

Pediatric Model

FIGURE 1 (a) Workflow of pediatric renal transporter PBPK model development. Drug-specific inputs include physicochemical
properties. System-specific inputs include population-specific organ weights and blood flows. (b) Diagram of PK-Sim PBPK kidney

compartments (plasma, interstitial, intracellular, and urine) and processes comprising modeled tubular secretion. DDI, drug-drug

interaction; PBPK, physiologically-based pharmacokinetic; PK, pharmacokinetic.
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been previously reported,”** with parameter identifica-

tion repeated for PK-Sim version 11. As a critical step in
the process for creating reliable pediatric PBPK models,
the performance of these adult models was rigorously val-
idated. Optimal adult parameter values are presented in
Table $12.2°%

Pediatric PBPK model development begins with the
optimized adult model and comprises the following steps:
(1) drug-specific model inputs (e.g., physicochemical
properties, k., and K, parameter values for enzymatic
and transport processes) are kept constant; (2) physiolog-
ical measures specific to pediatric populations, including
organ volumes and blood flow rates are changed from
adult values to age-specific pediatric values using PK-Sim
and as reported in literature®'®; and (3) OSFs are used to
calculate parameter values for maturation-dependent pro-
cesses.'® These maturation-dependent processes include
the following: (1) glomerular filtration; (2) the maturation-
dependent activity of hepatic metabolizing enzymes (e.g.,
UGT1A9); (3) albumin ontogeny and its effect on protein
binding; and (4) the age-dependent tissue expression of
transporters (e.g., OAT3 and MRP4)."® PK-Sim incorpo-
rates maturation functions for (1) through (3), including
heteroscedastic, lognormally distributed ontogeny profiles
for the major metabolizing enzymes across the pediatric
age spectrum. In contrast, ontogeny profiles required by
(4) are not available.

For each pediatric population PBPK simulation,
1000 virtual pediatric individuals were created to re-
flect the patient demographics within each respective
study. Variability was assigned to each clearance process
and integrated within the population PBPK simulations
(Table S13). The ability of each model to accurately repre-
sent the PK of each drug of interest at the population level
was assessed with the mean or median as specified and
with the 5th to 95th percentile prediction interval of drug
concentrations for the population. Model performance
was evaluated using the percentage of individual drug
concentrations falling within the 5th to 95th percentile
prediction interval, average fold error (AFE; Equation 6),
and absolute average fold error (AAFE; Equation 7) with
respect to plasma concentrations.

1 predicted;
AFE = 1017 ;log( observed; ) (6)

1 redicted;
AAFE = 10" zz‘l"g(l;bservedi ) (7)

In Equations 6 and 7, predicted; and observed; corre-
spond to predicted and observed plasma concentrations,
respectively. AFE and AAFE assessed model bias and
precision, respectively, for individual measurements and
cohort averages (furosemide and meropenem),30 whereas

ASCPT

percentage within the 5th to 95th percentile assessed
model performance with aggregated data points from
literature (ciprofloxacin and acyclovir).>’** Acceptable
model performance required AFE of 0.7 to 1.3 and AAFE
less than or equal to two or 80-95% of observed individual
drug concentrations within the 5th to 95th percentile pre-
diction interval.

Pediatric PBPK models for acyclovir,
ciprofloxacin, furosemide, and meropenem

Acyclovir clearance is represented by the following pro-
cesses: (1) renal clearance through glomerular filtration;
(2) renal clearance through tubular secretion mediated
by OAT3 and an apical transporter process (representing
MATE and BCRP)’; and (3) generic hepatic metabolism by
an unknown enzyme modeled as first order degradation.
The maximum likelihood ontogeny profiles for OAT3 and
MATE1 were applied to the basolateral and apical active
transport processes, respectively. The performance of the
pediatric PBPK model for acyclovir was assessed using lit-
erature PK data®® as the proportion of observations cap-
tured within the 5th to 95th percentile prediction interval
of population PBPK simulation results*"** (Figure 3b).
Ciprofloxacin clearance is represented by the following
processes: (1) renal clearance through glomerular filtra-
tion; (2) renal clearance through tubular secretion medi-
ated by OAT3 and an apical transport process (Table S12)°;
and (3) hepatic metabolism by CYP1A2 modeled as first
order degradation. Ontogeny for CYP1A2 was represented
by the PK-Sim ontogeny profile for CYP1A2. Ontogeny for
OAT?3 was represented by the OAT3 maximum likelihood
ontogeny profile. Although the contribution of specific
RTs to apical efflux of ciprofloxacin is unclear,” the max-
imum likelihood ontogeny profile for MATE1 was applied
to the apical active transport process because (1) ciproflox-
acin is a known substrate of MATE1**; (2) ciprofloxacin
perpetrates transport inhibition of other MATE1 sub-
strates®; and (3) the role of BCRP and P-gp in apical ef-
flux of ciprofloxacin is contested.”**’ The performance of
the pediatric PBPK model for ciprofloxacin was assessed
using literature PK data®®*" as the proportion of observa-
tions captured within the 5th to 95th percentile prediction
interval of population PBPK simulation results.*!**
Furosemide clearance is represented by the follow pro-
cesses: (1) renal clearance through glomerular filtration;
(2) renal clearance through tubular secretion mediated
by OAT3 and a combination of MRP2, MRP4, and P-gp21;
and (3) metabolism through glucuronidation by UGT1A9
with expression following the PK-Sim gene expression
database. Ontogeny for UGT1A9 was represented by the
PK-Sim ontogeny profile for UGT1A9 (Figure S6). The
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ontogeny profile for OAT3 from this work was applied
to the basolateral OAT3 transport process. Literature ev-
idence is conflicting regarding furosemide as a substrate
of MRP2 and P-gp.****** Additionally, the P-gp ontogeny
profile achieved mathematical convergence whereas the
ontogeny profiles for MRP2 and MRP4 did not. Therefore,
the P-gp ontogeny profile from this work was applied to
the apical transport process. The performance of the pe-
diatric PBPK model for furosemide in the preterm neo-
nate and infant populations was assessed using AFE and
AAFE*"* and the proportion of observations captured
within the 5th to 95th percentile prediction interval of
population PBPK simulation results using literature PK
data.*>*

Meropenem clearance is represented by the follow pro-
cesses: (1) renal clearance through glomerular filtration;
(2) renal clearance through tubular secretion mediated by
OAT3 and a generic apical transporter process; (3) met-
abolic clearance by dehydropeptidase (DHP). The DHP
activity was assumed to be mature in all patient popula-
tions simulated as no ontogeny data could be found for
DHP in the literature. The ontogeny profile for OAT3 from
this work was applied to the basolateral OAT3 transport
process.” Because the apical transport of meropenem is
not known, and a recent report suggests that meropenem
is not a substrate of any apical transporter studied in this
work,* the ontogeny profile for OAT3 was also applied as
a surrogate for maturation of the apical transport process.
The performance of the pediatric PBPK model for mero-
penem was assessed using AFE and AAFE from literature
PK data.*’*8

PK-Sim model files for each drug are included with the
Supplementary Material.

Sensitivity analysis

A local sensitivity analysis was performed to investigate
the influence of RT ontogeny within the pediatric PBPK
simulations on primary PK parameters such as the area
under the curve extrapolated to infinity (AUC,,) and total
clearance (CL,,,)- Specific RT activity involved in the
clearance pathways of each drug was varied by 10% and
the relative changes in AUC,, and CL,,, were reported
as sensitivity coefficients. RT concentration incorporated
within each model was used as a surrogate for testing the
importance of the newly developed OSF on each PK pa-
rameter of interest. The sensitivity coefficient (SP) for the
effect of the parameter (p) on the PK output (PK) was cal-
culated as the average of Equation 8:

_ PK(p+0.1xp)—PK(p)| 100%

SP
PK(p) 10%

®)

A sensitivity coefficient of 1 means that a 10% change
in the parameter value caused a+10% change in the PK
output, and a sensitivity coefficient of 0.1 means that a
10% change in the parameter value caused a+1% change
in the PK output.

RESULTS

Heteroscedastic ontogeny profiles were estimated for
the following RT: OAT1, OAT3, OCT2, P-gp, URATI,
BCRP, MATE1, MRP2, MRP4, and MATE-2K (Figure 2a).
Alternative ontogeny profiles were estimated using only
protein expression data by excluding mRNA expression
measurements from preterm neonates. Two outliers were
excluded before the estimation of the P-gp and URAT1
ontogeny profiles.*” The ontogeny profiles are defined
by Equations 1-3, with function parameters given in
Table S1. These profiles, including variance as a function
of PMA, are tabulated as Tables S2-S11.

The ontogeny profile for P-gp is shown in Figure 2b
together with observed data and virtual population OSF
results from PK-Sim. The observed data are shown in
red, whereas the simulated OSFs are shown in gray. For
comparison, an ontogeny profile for generic active tubu-
lar secretion of PAH previously reported by Hayton™ is
included in Figure 2a.

The performance of the maximum likelihood ontog-
eny profiles for OAT3, P-gp, and MATE1 was assessed
with pediatric population PBPK simulations of acyclovir,
ciprofloxacin, furosemide, and meropenem. These results
demonstrate significantly improved model performance
for preterm neonate and neonate populations after incor-
porating ontogeny profiles. Literature PK data are sum-
marized in Table 1 and PBPK model performance with
and without ontogeny profiles is summarized in Table 2.
Table S14 summarizes pediatric PBPK model performance
after incorporating ontogeny profiles estimated from only
protein expression data (i.e., that omit preterm neonate
mRNA expression data).

Literature acyclovir data included 50 pediatric pa-
tients ages newborn to 18years* and simulation results
are shown in Figure 3b. Sevent-three percent and 74% of
observed concentrations were captured within the 5th to
95th percentile prediction interval for simulations with
and without ontogeny profiles, respectively.

Ciprofloxacin data from the literature included
60 neonates and preterm neonates,” 10 infants ages
3-12months,*® and 10 children ages 12-60 months.>® For
the neonatal population simulation, ontogeny profiles
improved model AFE from 0.17 to 0.62, AAFE from 6.10
to 1.96, and the proportion of data falling within the 5th
to 95th percentile prediction interval from 48% to 98%
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FIGURE 2 (a)Lognormally distributed ontogeny profiles for individual renal transporters resulting from renal cortical tissue expression

measurements and maximum likelihood estimation. (b) Lognormally distributed P-gp ontogeny profile. Red dots represent normalized

observed expression levels; the black line is the maximum likelihood fit of the sigmoidal Hill equation to the median of the distributions.

Dotted lines represent two standard deviations from the median. Gray dots represent P-gp OSF produced by a population PBPK simulation

in PK-Sim. (c) Probability density functions of the estimated population distributions of OAT3 OSF at six different pediatric ages: preterm
(PMA =31 weeks), newborn (PMA =42 weeks), 2months (PMA =47 weeks), 4 months (PMA = 57 weeks), 6 months (PMA =63 weeks), and
3years (PMA =198 weeks). ‘Profiles estimated by manual, iterative parameter adjustments rather than by mathematical convergence.

*No preterm neonate expression data available for these transporters. OSF, ontogeny scaling factor; PBPK, physiologically-based

pharmacokinetic; PMA, postmenstrual age.

TABLE 1 Pediatric pharmacokinetic data for acyclovir, ciprofloxacin, furosemide, and meropenem.

Drug Study # Patients
Acyclovir Abdalla et al. 50
Ciprofloxacin Zhao et al. 60
Lipman et al. 10
9
Furosemide Peterson et al. 1
1
1
Tuck et al. 1
Meropenem van den Anker et al. 23
15
Blumer et al. 63

Age Dose
0.02 to 18 years 17mg/kg i.v.?
25-48 weeks PMA 9.7mg/kgi.v.?
3-12months 10mg/kg i.v.
12-60 months 10mg/kgi.v.
18-day-old preterm neonate 1mg/kgiv.
3-month-old infant 1mg/kgiv.
4-month-old infant 1mg/kgi.v.
38-week PMA preterm neonate 1mg/kgiv.
Preterm neonates 10mg/kg i.v.
20mg/kgiv.
40mg/kg i.v.
Term neonates 10mg/kg i.v.
20mg/kg i.v.
40mg/kg i.v.
2-months to 12 years 10mg/kgi.v.
20mg/kgi.v.
40mg/kg i.v.

Abbreviation: PMA, postmenstrual age.
Cohort median dose.

(Figure 3a). Simulation results for the pediatric ciproflox-
acin cohorts are included as Figure S8.

PK data for furosemide from the literature included
two preterm neonates and two infants (Figure 4).
Comparing the population PBPK simulation median pe-
ripheral venous plasma furosemide concentration with
observed literature data, the combined AFE and AAFE

for all four patients improved from 0.08 to 0.70 and 12.08
to 1.44, respectively, after the incorporation of ontog-
eny profiles. Notably, 0% of preterm neonate observed
data fell within the 5th to 95th percentile prediction
interval without the incorporation of ontogeny profiles
compared with 85% of the preterm neonate data with
ontogeny profiles (Table 2).
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TABLE 2 Pediatric PBPK model performance for acyclovir, ciprofloxacin, furosemide, and meropenem before and after incorporating

renal transporter ontogeny.

Drug
Acyclovir
0.02-18 years PNA (n=50)
Ciprofloxacin
25-48 weeks PMA (n=60)
3-60 months PNA (n=19)
Furosemide
Preterm neonates (n=2)
3-4 months PNA (n=2)
Infant total (n=4)
Meropenem

Neonates (n=38)

2-144 months PNA (n=63)

No RT ontogeny With RT ontogeny
In

AFE AAFE In 5-95% AFE AAFE 5-95%
0.766 2.304 73% 0.755 2.306 74%
0.169 6.102 48% 0.620 1.961 98%
1.098 1.200 NA? 1.201 1.235 NA?
0.030 33.267 0% 0.722 1.386 85%
0.358 2.793 33% 0.671 1.520 89%
0.083 12.075 14% 0.700 1.439 86%
0.531 2.093 NA?* 1.336 1.358 NA?
0.752 1.541 NA® 0.747 1.543 NA®

Abbreviations: AFE, average fold error; AAFE, absolute average fold error; NA, not available; PBPK, physiologically-based pharmacokinetic; PMA, post-

menstrual age; PNA, post-natal age; RT, renal transporter.

*Data from individual study participants not available.
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FIGURE 3 Pediatric population PBPK simulations of (a) ciprofloxacin (Zhao et al.,* n=60 neonates ages 25-41 weeks PMA) and
(b) acyclovir (Abdalla et al.,** n= 50 pediatric patients ages newborn to 18 years). Black and red lines represent virtual population medians

without and with renal transporter ontogeny, respectively. Shaded regions represent corresponding 5th to 95th percentile simulated

concentration ranges. The PBPK population comprised 1000 virtual individuals with characteristics corresponding to the literature cohorts.

PBPK, physiologically-based pharmacokinetic; PMA, postmenstrual age.
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FIGURE 4 Pediatric population PBPK simulations and observed data of furosemide after administration of 1 mg/kg by i.v. infusion.
(a) Preterm neonate*; (b) Preterm neonate®; (¢) 3-month-old infant*; and (d) 4-month-old infant.*> Black and red lines represent virtual
population medians for simulations without and with renal transporter ontogeny, respectively. Shaded regions represent corresponding
5th to 95th percentile simulated concentration ranges. The PBPK populations comprised 1000 virtual individuals with characteristics
corresponding to the literature cohorts. PBPK, physiologically-based pharmacokinetic.
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FIGURE 5 Pediatric plasma PK data and population PBPK simulation results after 20 mg/kg meropenem i.v. over 30 min. (a) Preterm
neonates (n=8)""; (b) full-term neonates (n=>5)""; and (c) pediatric cohort ages 2 months to 12years (n=25).*® Black and red lines represent
virtual population arithmetic means for simulations without and with renal transporter ontogeny, respectively. Shaded regions represent

corresponding 5th to 95th percentile simulated concentration ranges. The PBPK populations comprised 1000 virtual individuals with

characteristics corresponding to the literature cohorts. Additional meropenem simulation results are included as Figure S11. PBPK,

physiologically-based pharmacokinetic; PK, pharmacokinetic.

PK data for meropenem included plasma concentra-
tions from 23 preterm neonates,*” 15 full-term neonates,"’
and 63 infants and children aged 2months to 12years.*
Plasma meropenem PK data and simulation results are
shown in Figures 5, S10, and S11. Comparing population

PBPK arithmetic means to PK study cohort averages, the
combined AFE and AAFE for all six preterm and term ne-
onate population simulations improved from 0.54 to 1.34
and 2.09 to 1.36, respectively, after incorporating ontogeny
profiles.
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The PK parameters for all four drugs demonstrate nota-
ble sensitivity to changes in RT concentration (Figure S12).

DISCUSSION

Because RTs contribute significantly to the disposition
of many drugs, an accurate representation of their on-
togeny is critical to predict exposure to these drugs in
infant populations, especially when extrapolation of an
adult PBPK model is necessary. This is demonstrated
by the significant difference in neonate PBPK model
performance between models which incorporate RT
ontogeny and models that do not. These differences re-
main significant notwithstanding the incorporation of
other critical population-specific maturational differ-
ences such as glomerular filtration (Figure 1). Notably,
if dosing of these drugs were guided by neonate PBPK
simulations without RT ontogeny, overexposure is the
expected result.

The ontogenies for all RT estimated in this work achieve
mature levels by 2years PMA. Interestingly, the RTs stud-
ied in this work follow more rapid maturational trajecto-
ries than many metabolizing enzymes.”® Concordantly,
PBPK simulations of older pediatric cohorts show less
improvement in performance after incorporating ontog-
eny profiles compared with the dramatic improvements
in simulations of neonates and preterm neonates after
incorporating ontogeny profiles (Table 2). For example,
simulations of furosemide in 3 and 4-month-old infants
show significantly less negative deviation from observed
data when ontogeny is omitted than the simulations for
preterm neonates (Figure 45 Similarly, the accurate and
similar performance of acyclovir simulations with and
without ontogeny may be attributed to the wide age range
of study participants (0.02-18years).>> Importantly, the
available literature PK data do not allow a direct assess-
ment of the maximum likelihood ontogeny profiles within
the acyclovir pediatric PBPK model for children less than
2years of age. However, these results do demonstrate that
ontogeny profiles perform well for this combined cohort
of older children plus neonates. Likewise, simulations
of neonate and preterm neonate meropenem cohorts are
dramatically less biased by including the OAT3 ontogeny
profile, whereas no changes are observed in the simula-
tion of the cohort with a mean of 4years old (Figures 3
and 5).47’48 Furthermore, simulations of the ciprofloxacin
cohort consisting of children between 3 and 12months
old (1-1.7years PMA) without ontogeny show only mod-
erate deviations from observed data (Figure S8), whereas
simulations without ontogeny of neonates receiving cip-
rofloxacin show significant deviation from observed data
(Figure 3).*® This suggests that these ontogeny profiles

represent the maturation of RT activity in these patient
cohorts.

The local sensitivity analyses are likewise instructive.
As highlighted by the sensitivity analysis for meropenem,
the OSF of OAT3 became slightly less influential on the
PK parameters with increasing age, which is demon-
strated by the decreasing sensitivity between simulations
of preterm neonates and older children. This is likely a re-
sult of the model correctly representing the maturation of
pediatric GFR: as GFR increases, the contribution of RT to
overall clearance decreases. The results of these analyses
convey the importance of maturational functions in the
context of PBPK modeling, and their ability to accurately
describe the PK of renal transporter substrates across the
age spectrum.

An important feature of the profiles reported in this
work is their heteroscedasticity, which estimates the vari-
ance of RT activity across the pediatric age spectrum based
on observed expression data. Such estimates enable more
accurate population PBPK predictions. Although both
normally and lognormally distributed ontogeny profiles
were estimated, lognormally distributed ontogeny profiles
provided superior estimates of the renal transporters stud-
ied in this work and may be preferred in PBPK modeling
based on the apparent distributions of the available RT
expression data in adults. Measurements of OAT3 expres-
sion in mature populations have resulted in coefficient of
variation (CV) of 0.44 and 0.48.°>>® By comparison, sam-
pling from the mature distribution of the OAT3 ontogeny
profile (Figure 2b) resulted in a CV of 0.50. Thus, popula-
tion PBPK model simulations utilizing these profiles rep-
resent appropriate variability.

This PBPK modeling approach provides a tool to un-
derstand and predict RT mediated DDIs in pediatric pop-
ulations.”! By leveraging probenecid DDI PK data,” the
method used in this work represents the apical and ba-
solateral transport rates separately. Although this method
also requires separate apical and basolateral ontogeny pro-
files, it retains distinct advantages, such as the potential
to capture a flux imbalance and subsequent intracellular
accumulation across the tubule epithelium. High tubule
intracellular concentrations have been implicated in the
renal toxicity of several drugs,”*> and this mechanis-
tic PBPK approach may help identify such mechanisms
of renal toxicity. For example, if the relevant basolateral
transport process matures more rapidly than the apical
transport process, infants may be susceptible to renal tox-
icities to which patients with mature RT activities are not.
Importantly, the local sensitivity analyses demonstrate
that renal transporter ontogeny significantly influences
the simulated PKs of these drugs.

This work is not without limitations. First, this
approach assumes that tissue-specific transporter
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expression represents transporter activity. If RT ex-
pression is not analogous to RT activity in the tubules,
additional considerations may be required to predict
pediatric PKs. However, the good performance of the
pediatric models suggests that these ontogeny profiles
provide useful estimates of RT activity. Additionally,
our data suggest that URAT1 expression may peak
around 3years PMA before decreasing to adult levels.
Although this nonmonotonic profile may not be fully
captured by the monotonic ontogeny functions used
in this work, URAT1 is the only RT for which our data
suggest a nonmonotonic maturational trajectory, and
the estimation of a nonmonotonic ontogeny function
is left to future work. Additionally, mRNA data from
preterm neonates were normalized to mature levels and
then combined with protein expression data to ensure
that the preterm neonate population was represented
in the final ontogeny profiles. To investigate the appro-
priateness of combining protein and mRNA expression
data, ontogeny profiles were also created after excluding
preterm neonate mRNA expression data. Overall, these
profiles did not perform as well in PBPK models com-
pared to the profiles that included mRNA expression
data (Table 2, Table S14). Nevertheless, because preterm
neonate mRNA expression data were not available for
URAT1 and BCRP, these ontogeny profiles may not be
fully representative of this population. Importantly, the
ontogeny profiles that were estimated with preterm ne-
onate data and converged to a mathematical solution
(Figure 2a, Table S1), are likely most representative
of the RT ontogeny of these populations. Specifically,
lognormally distributed profiles for BCRP, MRP2, and
MRP4 were estimated without mathematical conver-
gence (Figure 2a, Table S1) and therefore population
representativity is less likely. Additional data for these
transporters may facilitate more reliable estimates of
ontogeny distributions. Notwithstanding, all other log-
normally distributed ontogeny profiles converged to
mathematical solutions, and the ontogeny profiles for
MATE1, OATS3, and P-gp significantly improved infant
PBPK model performance, suggesting that these profiles
are representative of RT ontogeny in these populations.
The estimation method provided by this work could be
applied to other ontogenies, (e.g., organ volumes, bind-
ing partners, and metabolizing enzymes) to further im-
prove pediatric PBPK modeling.

In conclusion, this study addresses a major gap in drug
dosing and development by providing estimates of het-
eroscedastic RT ontogeny profiles to facilitate pediatric
PBPK modeling of RT substrates across the pediatric age
spectrum. The value of this contribution is highlighted by
recommendations from regulatory authorities to utilize in
silico methods, such as PBPK models that incorporate drug

ASCPT

metabolizing enzymes and drug transporters to inform
clinical studies of drugs in pediatric patients of all ages.
Whereas accurate PK predictions can be especially diffi-
cult in preterm and term neonate populations, these sim-
ulations provide reasonable predictions enabled by novel
RT ontogeny profiles in these vulnerable populations.
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