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Serum creatinine (sCr) is a commonly measured and readily accessible biomarker to
estimate glomerular filtration rate (GFR) and therefore widely used as a covariate in
population pharmacokinetic models of renally excreted drugs. In neonates sCr
dynamically changes during the first few weeks after birth. The objective of this work is
to develop a parsimonious population model describing time courses of sCr in
neonates with the intent to be incorporated in pharmacokinetic models of various drugs
where sCr values are sparse or missing. The data for model development consisted of
sCr measurements in 1080 newborns with a gestational age of 24-42 weeks. The
model is based on the assumption of a steady state pharmacokinetic model of sCr that
involves GFR, back-flow of creatinine from the renal tubules, and urinary flow. Our
model uses only gestational age (GA) as covariate explaining between-subject
variability of sCr. The model adequately describes distinct features of the sCr time
course such as a peak and decline to a plateau. For a neonate with a GAof 35 weeks,
the typical value of sCr at birth was 0.584 mg/dL, the peak occurred 2.3 days after birth
and its value was 0.794 mg/dL, to reach a plateau of 0.255 mg/dL approximately after
24.7 days. Model simulations reveal that in neonates with a similar postnatal age, sCr
decreases with increasing GA. In summary, our model is designed to be a part of full
random effects pharmacokinetic models where sCr is a significant covariate.
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mechanistic population model describing the time course and variability of serum creatinine in
neonates so it be used as part of full random effects models of renally cleared drugs. Our work is
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1 Abstract
2
3 Serum creatinine (sCr) is a commonly measured and readily accessible biomarker to estimate
4  glomerular filtration rate (GFR) and therefore widely used as a covariate in population
5  pharmacokinetic models of renally excreted drugs. In neonates sCr dynamically changes during
6 the first few weeks after birth. Missing covariates are a common problem in pharmacokinetic
7 modeling of neonates due to limited availability of blood sampling in number and volume. The
8  objective of this work is to develop a parsimonious population model describing time courses of
9  sCr in neonates with the intent to be incorporated in pharmacokinetic models of various drugs
10  where sCr values are sparse or missing. The data for model development consisted of sCr
11 measurements in 1080 newborns with a gestational age of 24-42 weeks. The model is based on the
12 assumption of a steady state pharmacokinetic model of sCr that involves GFR, back-flow of
13 creatinine from the renal tubules, and urinary flow. Our model uses only gestational age (GA) as
14  covariate explaining between-subject variability of sCr. The model adequately describes distinct
15  features of the sCr time course such as a peak and decline to a plateau. For a neonate with a GAof
16 35 weeks, the typical value of sCr at birth was 0.584 mg/dL, the peak occurred 2.3 days after birth
17  and its value was 0.794 mg/dL, to reach a plateau of 0.255 mg/dL approximately after 24.7 days.
18  Model simulations reveal that in neonates with a similar postnatal age, sCr decreases with
19 increasing GA. In summary, our model is designed to be a part of full random effects
20  pharmacokinetic models where sCr is a significant covariate.
21
22
23 Key words: serum creatinine, neonates, time-dependent covariate; full random effects model
24
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Introduction

Selection of an optimal dose of drugs for use in neonates is challenging since drug
pharmacokinetics is highly variable due to postnatal development of body organs and their
functions. The U.S. FDA has issued specific guidelines for clinical studies in neonates implicating
gestational age (GA) at birth, and postnatal age (PNA) as essential components of any clinical
pharmacology assessment because these two factors can alter the pharmacokinetics (PK) and
pharmacodynamics (PD) of a drug (1, 2). Glomerular filtration rate (GFR) is the key contributor
to renal clearance of drugs. Renally cleared drugs encompass antibiotics (e. g. amikacin,
gentamicin, vancomycin), analgesics (e.g. morphine), antiarrhythmics (e.g. digoxin), and diuretics
(e.g. chlorothiazide) or pharmacodynamically relevant metabolites, like a-hydroxy-midazolam or
morphine-6-glucuronide. Serum creatinine (sCr) is a commonly measured and readily accessible
biomarker to estimate GFR.

Creatinine is a by-product of muscle metabolism in which creatine in the muscle is converted non-
enzymatically to creatinine. Creatinine is cleared from the plasma almost exclusively by
glomerular filtration with minimal active secretion by the renal tubules. In the first days after birth
a significant tubular creatinine reabsorption is present leading to a peak in sCr. This phenomenon
is attributed to back-flow of creatinine across leaky immature tubular and vascular structures that
vanishes with time when maturational renal changes impose a barrier to creatinine (3). After the
peak, sCr decreases with PNA to reach a plateau during infancy. Although nephrogenesis is
completed before term birth, the kidney continues to mature both from a functional and anatomical
point of view potentially through increased filtration surface area, capillary growth, blood flow
characteristics and maturation of tubular cells (4).

SCris used as a covariate in population pharmacokinetic models of drugs in neonates (5-6). Blood
sampling in neonates is limited and measurements of sCr are sparse, resulting in missing data.
Missing time dependent covariates create a particular challenge for population modeling of
pharmacokinetic data. One of the recommended solutions to account for missing observations is a
full random effects model (FREM) that consists of a mathematical model describing the time
course of the covariate that is combined with a PK model (7). Then the missing covariate
observations are generated by the covariate model that is consistent with available data and a mixed
effects pharmacokinetic model.

The objective of this work is to develop a mechanistic population model describing the time course
and variability of sCr in neonates with GAs from 24 weeks onwards during the first 42 days after
birth. Our intention is that our model will be used as part of future full random effects models of
renally cleared drugs in neonates rather than to derive sCr reference ranges to facilitate monitoring
and evaluation of kidney function in neonates (8).

Methods
Data

Two data sets were used for our analysis: one for model development and another for model
qualification. The data for model development consisted of measurements of individual sCr values
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at varying postnatal ages (PNA), gestational ages (GA), and birth weights (BWT) collected from
neonates admitted to the neonatal intensive care unit (NICU) of the University Hospitals Leuven
(Belgium) between 2007 and 2011 and previously published as results of a retrospective study (9).
The data were reduced by the following inclusion criteria: neonates with a GA of at least 24 weeks
with at least one measurement of sCr during 42 days after birth and sCr value <2 mg/dL. The final
dataset consisted of 1080 subjects with 7977 sCr observations. A spaghetti plot of individual sCr
is shown in Fig. 1. The GA distribution ranged from 24 to 42 weeks with a median of 35 weeks
and an interquartile range (IQR) between 31and 38 weeks. The BWT distribution ranged between
370 and 4860 g with a median of 2300 g and an IQR between 1486 and 3203 g. Frequency
histograms of GA and BWT distributions are shown in Fig. 2. The scatter plot of BWT vs GA is
shown in Fig. 3. No additional covariates were included in the analysis.

The data for model qualification were retrieved from an additional dataset of a retrospective study
that explored postnatal albumin trends, but co-collected sCr values. This dataset included all
neonates admitted to the NICU of the University Hospitals Leuven between June 2015 and March
2017 whose albumin data were available. The dataset was reduced using the same inclusion criteria
as for the development dataset. The final qualification dataset consisted of 765 subjects with 5095
sCr observations. A spaghetti plot of individual sCr is shown in Fig. 1. The GA distribution ranged
between 25 and 42 weeks with a median of 35 weeks and an IQR between 33 and 38 weeks. The
BWT distribution ranged between 1014 and 6000 g with a median of 2505 g and an IQR between
1860 and 3200 g. Frequency histograms of GA and BWT distributions are shown in Fig. 2. No
additional covariates were included in the analysis.

Creatinine assays

The isotope dilution mass spectrometry (IDMS)-traceable enzymatic assay was used to measure
serum creatinine concentrations (10). The colorimetric Jaffe assay is also broadly used for
creatinine measurements (10). The enzymatic assay is preferable over the Jaffe assay in neonates
and young infants due to potential interference with bilirubin. Hyperbilirubinemia is common in
this population (9,11). sSCR measurements prior to 2012 were based on the IDMS enzymatic CREA
PLUS assay on the Modular P (Roche, Mannheim, Germany). In 2012 the CREA PLUS assay was
replaced by the enzymatic CREP2 assay on the Cobas ¢702 (Roche, Mannheim, Germany) by the
local lab. It has been reported that the CREP2 assay overestimated sCR in relation to the CREA
PLUS assay and the following linear regression relationship has been established (12):

SCFCREP (umOl/L) = 0.997 - SCrCREA(umOI/L) — 5.011 (1)
Consequently, we corrected the qualification sCr (SCrquar) using the inverse relationship Eq. (1):
sCrqual = 1.003 * sCrgeyer + 0.057 @)

where sCrqever denotes the sCr values from the development data set. The creatinine molecular
weight of 113.12 g/mol was assumed.

Quasi steady state pharmacokinetic model for serum creatinine



105
106
107
108
109
110
111
112
113
114
115
116

117

118

119
120
121
122
123
124
125

126

127

128

129

130

131
132
133

134

135
136
137
138

We adopted a mechanistic pharmacokinetic model of renally cleared drugs which exhibit
reabsorption as developed by Felmlee at al. (13). A schematic diagram of the model for sCr in
neonates is shown in Fig. 4. Serum creatinine is secreted from the muscle at a rate kg, that depends

on the muscle mass. Given that the muscle mass changes much slower than the changes in
creatinine clearance by the kidney, we assume that kg, ,is constant. Creatinine is cleared from
plasma by glomerular filtration. Since glomerular filtration rate GFR(t) increases with the infant
age, we assume it is time dependent and subject to a separate model presented in the following
section. Creatinine in the renal tubules (rtCr) is secreted into urine by the urinary flow UF. Based
on an increase in sCr during the first days after birth, we have attributed this phenomenon to a
transient back flow of the creatinine from the renal tubules to the plasma Q(t) (2). The back flow
vanishes after several days as the kidney of the neonate matures. We have introduced an empirical
model for transient changes of Q(t) in the section below. The model equations are as follow:

dsC
Vo S = Ky — GER(E) - SCr + Q1) - reCr ®
Vit d:f - = GFR(t) - sCr — Q(v) - rtCr — UF - rtCr “)

where V,and V; are the creatinine plasma and renal tubules volumes, respectively. The half-life
of creatinine in plasma is in the order of hours. Indeed, for a typical term neonate with a BWT of
2.5 kg, and a BSA of 0.18 m? the GFR at birth is approximately GFRo = 3.1 ml/min (8). Given the
plasma volume V; of 1250 mL, the calculated half-life (t12) is 4.6 h. On the other hand, a change
in the sCr baseline reflects kidney maturation in the order of days if not weeks as seen in Fig. 1.
In view of a many fold difference in the time scales present in our model, we have looked for a
solution using a quasi-steady state assumption:

Vp dsCr _ Ve drtCr
GFR, dt 0 and GFR, dt 0 (5)
that yields
— QMY Ksyn
str = (1 t Ur ) GFR(t) (6)

Derivation of Eg. (6) is shown in Appendix 1.
Model for GFR(t)

In our study the observed sCr decreases after birth to reach a plateau at 30-40 days after birth. This
implies that GFR(t) increases with time (t) to reach a steady-state GFR. Therefore, we selected
the sigmoidal Emax model to describe the time course of GFR in infants (14)

(GFRss—GFRg)-PNAY )
PNAY +PNAY

GFR(PNA) = GFR, +

where GFR|, is the glomerular filtration rate at birth, PNAs, is the time after birth at which 50% of
GFRss is reached, and vy is the Hill coefficient. Since sCr in the both datasets were observed as
functions of PNA with day as unit, we replaced the time after birth t with PNA. A hypothetical
plot of GFR vs. PNA is shown in Fig. 5.
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Model for Q(t)

The back-flow of creatinine from the renal tubules to the plasma Q(t) was modeled by the truncated
Gaussian distribution function designed to control its onset, peak and a gradual disappearance:

Q(PNA) = Quax - exp (— - (PNA - PNA,)) ®)

where Qnax IS the peak of the back flow that occurs at time PNAp. The parameter K is the time
scale factor that controls the width of Q (1/K is equal to the standard deviation of the Gaussian
distribution). As for GFR we replaced the time t with PNA. A hypothetical plot of Q vs. PNA is
shown in Fig. 5.

Identifiability of model parameters

Substitution of Egs. (7) and (8) for GFR(t) and Q(t) into Eq. (6) provides insights on identifiability
of the model parameters based on sCr observations:

_ Qmax K? 2 ksyn/GFRo
str = ( or &P~ (PNA=PNA,) |+ (GFR/GFR, — 1) - PNAY
PNAY, + PNAY

Therefore, the structurally identifiable parameters (15) are Qmax/UF, PNAp, K, GFRgs/GFRy,
Ksyn/GFRKg, PNAs,, and y.

Random effects models

All identifiable model parameters (P?)were assumed to be log-normally distributed among
subjects:

P = Bpexp(np) and np~N(0, w§) ©)

where P € {Qmax/UF,PNA, K, GFRss/GFR, Ksyn /GFRky, PNAs, v} Serum creatinine
observations for subject i time t; sCry;were log-transformed and the constant residual error was
assumed:

log(sCr;;) = log(sCr(t;)) + &; and &;~N(0, 0?) (10)
Covariate models

The two available covariates GA and BWT were highly correlated with the Pearson correlation
coefficient r = 0.91 (see Fig. 3). Therefore, only one covariate at the time was used for a covariate
relationship with the model parameters. We assumed linear models for all relationships:

P = (8p + Bcov p(COV — COVinean) ) exp(np) (11)

where COV € {GA, BWT}. The forward-inclusion backward-elimination technique for covariate
selection was applied (16). We used the log-likelihood ratio test of the change in the objection
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function value with significance levels for inclusion and elimination 0.001 and 0.0001,
respectively.

Assessment of model performance

We evaluated the final model performance by applying pre-specified criteria for maximization of
the likelihood, precision of parameter estimation (relative standard errors, RSEs), and goodness-
of-fit plots, such as predicted vs observed and conditional individual weighted residuals
(CIWRES) vs PNA plots. Additionally, our model predictive performance was tested using the
visual predictive check (VPC) method (17). To obtain VPC, 100 simulations of the data were
performed with parameters estimates from the final model. Simulated 5th, median, and 95th
percentiles and their 95% Cls were compared with observed values.

Model qualification

To assess our model predictive performance we used the qualification dataset. The VPC method
was applied to compare model predictions with observations as described above. The predictive
performance of the final model was numerically evaluated by calculating mean prediction error
(MPE) to assess prediction bias and mean absolute prediction error (MAPE) to estimate

prediction accuracy:

1 n; SCr(PNA;j)-sCrj;

__1 yN
MPE —_ Z{\I:]_ n; i=1 2]’=1 sCri]- (12)
_ 1 N nj |SCI‘(PNAU)—SCFU|
MAPE = Zle n; i=1 4j=1 SCI‘i]' (13)

Software

All models were implemented in NONMEM 7.4 (ICON Development Solutions, Ellicott City,
MD). Population model parameters were estimated using the first order conditional estimation
(FOCE) method with n-¢ interaction. The model performance diagnostic plots were obtained using
R packages ggplot2, lattice, and vpc (18) implemented in RStudio version 1.2.5033 (RStudio Inc.,
Boston, MA).

Results
Parameter estimation for the base model

The model without covariate relationships (base model) was fitted to the log-transformed sCr data.
The estimates of the population parameters are listed in Table 1. The relative standard errors
(%RSEs) of estimates of the typical values of all model are within the range 1.2%-5.3%. The RSEs
for estimates of inter-individual variability (IIV) parameters were less than 19%. The observed vs.
predicted diagnostic plots did not show signs of model misspecification (data not shown).

Covariate analysis

Individual estimates of the base model fixed effects parameters were correlated with two available
covariates GA and BWT. Only parameters with a correlation coefficient r? < 0.1 were added to

6
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the model to test for significance. Since the model performance (measured as the change in the
objective function value) was slightly better for GA then BWT we selected GA as the only
covariate contributing to the explanation of the data variability. We did not consider using both
covariates as they were highly correlated (see Fig. 3). Table 2 shows successful steps in the
covariate selection process. GA significantly contributed to 1V of the following parameters
Qmax/UF, PNA,, GFRss/GFRg, ksyn/GFRy, and PNAs,. The parameter GFR/GFR, failed the
inclusion criteria for forward selection (P=0.0013) and backward elimination (P=0.00063) by
narrow margins. However, given the importance of both GFRgs and GFRy in controlling the sCr
curve we decided to include it in the final model.

Final model

The estimates of the final model parameters are shown in Table 1. Addition of covariate not only
decreased the objective function value, but also reduced the IV of all parameters. The RSEs of
fixed effects model parameters do not increase compared to the base model and are in the range
1.2%-5.3%. The RSEs of estimates of the IIV parameters are less than 14%. The observed vs.
predicted diagnostic plots are shown in Fig. 6. They confirm the population model captured the
trend in the data as well as the individual sCr vs. time profiles. The visual predictive check plot
shown in Fig. 7 assesses the model ability to describe variability in sCr data. The 95% confidence
intervals for model predicted 5, 50", and 95" percentiles of observed sCr at any moment of time
are very narrow but still close to or covering the observed percentiles. The model slightly
underpredicted the 95" observed sCr percentile for infants of postnatal ages 5 to 15 days. Overall,
the population model well captured the variability in the observed data.

The model estimate of the peak time in sCr coincides with the backflow peak time at 2.42 days.
The peak back flow is estimated to be 57.5% of the urinary flow. The average duration of the back
flow expressed as PNAp+2/K is 5.2 days. The estimate of the typical value of GFRgs/GFR is1.97
implying that GFR increases almost two-fold from its value at birth and 50% of this increase occurs
on average at 18.5 days of postnatal age. The Hill coefficient of 3.57 indicates a sigmoidal shape
of GFR vs. PNA curve with an inflection point at PNAs.

Model qualification

VPC plot of the final model predictions overlaid with sCr observations from the qualification
dataset is shown in Fig. 8. The median observations are well captured whereas the 95™ percentile
is slightly over predicted for days 8-13 and 20-27 and the 5™ percentile is under predicted for days
6-10. The over and under predictions are noticeable but acceptable. The MPE = -0.0021 and
MPAE=0.0651 values indicate no bias and high accuracy of the model predictions. Overall, the
final model satisfactory well described the qualification data.

Simulations

We used the estimated parameters to simulate time courses of sCr, GFR/GFR,, and Q/UF for the
typical subject with a GA,ean0f 34.2 weeks and representative neonates with a GA of 25 weeks
(extremely preterm), 30 weeks (very preterm), 35 weeks (preterm), and 40 weeks (term). The
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simulated curves are shown in Fig. 9 and Fig. 1S. In general terms, sCr decreases with increasing
GA. The peak time becomes shorter and the peak value smaller. For GA of 40 weeks one can
hardly observe a peak. The sCrat birth (sCro), peak time (PNAmax), peak (SCrmax), and steady-state
(sCrss) parameters characterizing sCr vs PNA curve are listed in Table 3 as functions of GA. The
relationship between GFR and GA is the opposite of one for sCr. The GFR increases with
increasing GA. Since we were able only to simulate GFR/GFR, values, all curves start at 1 at birth
and increase to reach steady state GFR¢;/GFR,. The steady state value is higher for neonates with
greater GA. Also, the time to reach 50% of GFR is shorter for such subjects. The values of
GFR4s/GFR, and PNA:, as functions of GA are listed in Table 3. Finally, the simulations of Q/UF
for different GA values are shown in Supplementary Materials Fig. 1S. The peak time of the back
flow PNA, and the peak value Q.,.x/UF decrease with increasing GA. The values of Q,.x/UF
and PNA,, as functions of GA are listed in Table 3.

Discussion

Many publications providing reference values for sCr in neonates and other pediatric populations
are available. A statistical approach was to pool all observations, often allowing only one
measurement per subject, and apply regression analysis to determine a mathematical relationship
between sCr and subject age. Various empirical curves such as fractional polynomials (19), and a
broken stick (19) were used to describe the data. The naive pooled data approach is unable to
quantify various sources of variability and does not permit additional covariates as explanatory
variables. Moreover, discarding serial individual sCr measurements resulted in neglecting the
presence of a peak in sCr during 2-3 days after birth (see for example (20)).

Only recently a nonlinear mixed effects modeling approach has been applied to provide GA-
adjusted reference values in extremely low birth weight neonates (8). Besides GA, and BWT,
current body weight, delivery mode, and treatment with ibuprofen or inotropic agents were
considered as covariates for quantifications of data variability. The mathematical model used for
description of sCr time course in neonates employed a mechanistic turnover model where
creatinine is synthesized by the muscle and cleared by the kidneys. The time-dependent
reabsorption term in the creatinine clearance accounted for the peak in sCr data. We applied the
same nonlinear mixed-effects statistical approach to a larger population based on data retrieved
form the same retrospective clinical studies (9). However, our mathematical model is
fundamentally different from the turnover model. Also, our objectives were not to provide GA-
adjusted reference values for sCr in neonates but rather to develop a parsimonious model of time-
dependent sCr that can be implemented in pharmacokinetic models of therapeutic agents as a
covariate contributing to the clearance variability in neonates.

Our initial model describing sCr time courses in neonates was a simplification of mechanistic
pharmacokinetic models for renally cleared drugs with reabsorption (13). We added a zero-order
production rate ksyn Of creatinine and assumed a time dependent reabsorption from the renal tubules
Q(t). After simulating sCr for a typical term neonate we observed that the changes in the sCr time
course occurred much faster than in the observed data. This prompted us to consider a quasi steady
state approximation of the pharmacokinetic model where the time dependent GFR(t) reflects
kidney maturation and sCr is a direct function of GFR(t) and it is not described by a

8
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pharmacokinetic system of differential equations. While ksyn and the urinary flow UF were
assumed to be constant, we tested various functions to describe Q(t) and GFRT(t). These included
the Bateman function, truncated gamma and normal probability density functions for Q(t) and
logistic growth and sigmoidal Hill functions for GFR(t).

Because of the quasi steady state, we were able to estimate parameters describing Q(t) peak and
GFR(t) steady state relative to UF and GFRyo, respectively. The time characteristics of Q(t) such as
the peak time and duration of the back-flow were well estimated as well as the PNAso that informs
about the time to reach 50% of the GFR steady state. The typical value of 18.4 days is the time
scale for kidney maturation that should be compared to the sCr half-life of 4.6 h when explaining
the nature of the sCr dynamics in neonates. PNAso allows us calculation of the time to reach 90%
of GFRss PNAg=10""PNAso =38.9 days. This value can be compared to the 65 day period
necessary to reach sCr steady-state reported by Boer et al. (20). As our data set ended at 42 days
of PNA, it possible that the PNAgo is shortened and does not reflect the actual time to reach the
GFR values observed in infants.

In our model Kksyn represents the production of creatinine by the muscle that is assumed to be
constant. Brion et al. (21) reported the muscle mass as percentage of body weight in two groups
of infants PNA of 7 days and PNA 14-56 days as 17.2+1% (~245 g) and 19.6x£1.1% (~254 @),
respectively, for premature infants (25 < GA< 34) and term infants (38 < GA< 42) 21.3+£1.3 %
(~707 g) and 22.2+1.6% (~1072 g), respectively. This implies only a 3.7% increase in the muscle
mass for neonates of GA < 34 weeks, but a 51.6% increase for infants of GA > 38 weeks.
Consequently, ksyn values for patients in this GA group might have been about 50% higher at PNA
> 14 days than assumed in our model, introducing a bias in the estimates of ksyn/GFRo and
GA_Kkgyn/GFR, parameters. This calls for a future refinement of our model that should have ksyn
that depends on time similarly to GFR. Another factor in our model contributing to sCr is the
urinary flow UF that is assumed to be constant. Gubhaju et al. (4) reported the urinary output for
pre-term neonates of GA less 36 weeks. During first 7 days PNA, there was no changes in the
urinary output for all GA groups. However, on days 14, 21, and 28 the infants in the group 32 <
GA< 36 showed an increased the urinary output about 5 mL/kg/h whereas the remaining GA
groups showed no change and remained at the level of 4 mL/kg/h. These data suggest that UF is
relatively constant for neonates with lower GA and keeps increasing for patients with GA > 32
weeks. Since UF is present in Eq. (6) as the ratio Q(t)/UF and Q(t) vanishes after first week of
PNA (see Fig. 1S), the reported increase in UF does not affect our predicted sCr.

Our simulations of sCr and GFR/GFRo vs PNA show a strong dependence of these markers on
GA. sCr profile exhibits three phases: a peak that lasts about a week, a decline to a plateau that
lasts about two to three weeks, and a plateau itself that starts at three to four weeks of PNA. The
sCr level decreases with increasing GA except during first few days after birth when this trend is
reversed. A decrease in SCr with GA for neonates of PNA = 7 days was reported by Go et al. (22).
For later PNA, the impact of GA on sCr is in concordance with reports of reference values for
neonates with similar PNA where the sCr values for premature infants are higher than ones for
term infants (23). It is noteworthy to observe that the sCr peak diminishes with increasing GA both
in the amplitude and the peak time to be virtually absent in neonates of GA > 40 weeks. Our
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simulations show that GFR increases with PNA to a plateau in a sigmoidal rather than hyperbolic
fashion. During the first week after birth, the GFR increase is minimal to speed up between the
second and third week of PNA to slow down before reaching the plateau. Our model has flexibility
to account for both types of the GFR increase due to the presence of the shape Hill coefficient 1.
Any value of y <1 would result in the hyperbolic behavior of the GFR vs PNA curve whiley > 1
yields sigmoidicity. Our data supported the latter. Similarly to sCr, the GA strongly impacts the
GFR plateau values as well as the time to reach the plateau. For neonates of a given PNA, GFR
increases with GA, and the time to reach the plateau decreases.

Missing data is a common problem in pharmacokinetic modeling of neonates due to limited
availability of blood sampling and small volume of blood. Covariates such as body weight, GA,
sCr are used to explore and explain between and within-subject variability of pharmacokinetic
parameters. If a covariate does not change during the duration of the study, it can be measured
once. However, in neonates covariates such as body weight and sCr vary in time, particularly in
the first weeks after birth. Implementation of covariates in a mixed effects model requires
knowledge of their values at each observation time. When such values are missing statistical
techniques such as data imputation are used to account for the absent covariate. The pros and cons
data imputation are discussed elsewhere (24). Full random effects model (FREM) has been
proposed as an alternative approach (7). We have applied FREM to account for missing body
weight measurements in a pharmacokinetic model of paracetamol in neonates (25). One of the
biggest challenges for FREM of time-dependent covariates is that a covariate model is often more
complex than a pharmacokinetic model. On the other hand, covariate models are drug independent
and therefore they are universal. Once developed, they can be applied to the same or similar patient
population together with various pharmacokinetic models. Hence, there is a need for parsimonious
and simplistic models of time-dependent covariates. The presented here population model has been
developed to fulfill this need for sCr in neonates. We plan to demonstrate the utility of our model
in a future analysis of amikacin data in neonates.

In summary, we have developed a semi-mechanistic population model describing time courses of
sCr in neonates with a GA greater than 24 weeks. Our model used only GA as a covariate
explaining between subject variability of sCr. The model is based on the quasi steady state
assumption for a pharmacokinetic model of sCr that involves GFR, back-flow of creatinine from
renal tubules, and UF. The model adequately describes distinct features of sCr time course such as
a peak and decline to a plateau. Model simulations reveal that in neonates of similar PNA, sCr
decreases with increasing GA. The model was built with intent to be applied together with
pharmacokinetic models of various drugs in neonates where sCr are sparse or missing.

Appendix 1
Derivation of the quasi-steady state Eq. (6)

Dividing Egs. (3)-(4) by GFR,, one can obtain the time scale for creatinine clearance V,/GFR,
that is equal to 0.3 days for a typical term neonate of BWT =2.5 kg. If the time scale for GFR(t)

10
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due to kidney maturation is several days or longer, the factor V,/GFR, will be proportionally
decreased, justifying the quasi-steady state assumption Eqg. (5). Consequently,

= Xoym  GFRO) s0p 4 2O iy (A1)
GFRy, GFR, GFRy
0 =R sor - 20 e — 2E ey (A2)
GFR, GFR, GFRg
One can add Egs. (A1) and (A2) side by side and arrive at
0= UF eer (A3)
GFR, GFRy
Hence
tCr = < A4
riCr = (A4)
On the other hand, solving Eq. (A2) for yields
rtCr
sCr = (UF + Q(t)) GFR(D (A5)

Substituting rtCr from Eqg. (A4) into Eq. (A5) results in Eq. (6).

References

1.

Food and Drug Administration. General Clinical Pharmacology Considerations for Neonatal
Studies for Drugs and Biological Products Guidance for Industry (2019)
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/general-
clinical-pharmacology-considerations-neonatal-studies-drugs-and-biological-products-
guidance Accessed December 2020.

Ward RM, Benjamin D, Barrett JS, Allegaert K, Portman R, Davis JM, Turner MA;

the International Neonatal Consortium (INC). Safety, dosing, and pharmaceutical quality for
studies that evaluate medicinal products (including biological products) in neonates. Pediatr
Res. 2017; 81:692-711. doi: 10.1038/pr.2016.221.

Guignard JP, Drukker A. Why do newborn infants have a high plasma creatinine? Pediatrics.
1999;103:e49

Gubhaju L, Sutherland MR, Horne RS, Medhurst A, Kent AL, Ramsden A, Moore L, Singh
G, Hoy WE, Black MJ. Assessment of renal functional maturation and injury in preterm
neonates during the first month of life. Am J Physiol Renal Physiol. 2014;307: F149-F158
doi:10.1152/ajprenal.00439.2013.

Grimsley C, Thomson AH. Pharmacokinetics and dose requirements of vancomycin in
neonates. Arch Dis Child Fetal Neonatal Ed. 1999;81:F221-F227

Anderson BJ, Allegaert K, Holford NH. Population clinical pharmacology of children:
modelling covariate effect. Eur J Pediatr.2006;165:819-29 doi: 10.1007/s00431-006-0189-x
Nyberg J, Karlsson MO, Jonsson EN. Implicit and efficient handling of missing covariate
information using full random effects modelling. PAGE 28 (2019) Abstr 9181 [www.page-
meeting.org/?abstract=9181] Accessed January 2021.

11


https://www.fda.gov/regulatory-information/search-fda-guidance-documents/general-clinical-pharmacology-considerations-neonatal-studies-drugs-and-biological-products-guidance%20Accessed%20December%202020
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/general-clinical-pharmacology-considerations-neonatal-studies-drugs-and-biological-products-guidance%20Accessed%20December%202020
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/general-clinical-pharmacology-considerations-neonatal-studies-drugs-and-biological-products-guidance%20Accessed%20December%202020
https://pubmed.ncbi.nlm.nih.gov/16807729/
https://pubmed.ncbi.nlm.nih.gov/16807729/

400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

van Donge T, Allegaert K, Gotta V, Smits A, Levtchenko E, Mekahli D, van den Anker J,
Pfister M. Characterizing dynamics of serum creatinine and creatinine clearance in extremely
low birth weight neonates during the first 6 weeks of life. Pediatric Nephrology.
2021;36:649-659 d0i:10.1007/s00467-020-04749-3

Allegaert K. Creatinine Assays in Early Infancy: How to Aim for a Moving Target. In Patel
VB, Preedy VR (eds.), Biomarkers in Kidney Disease, Springer Science+Business Media,
Dordrecht, 2015

Delanghe JR, Cobbaert C, Harmoinen A, Jansen R, Laitinen P, Panteghini M. Focusing on
the clinical impact of standardization of creatinine measurements: a report by the EFCC
Working Group oncreatinine standardization. Clin Chem Lab Med. 2011;49:977-82
Allegaert K, Pauwels S, Smits A, Crevecoeur K, van den Anker J, Mekahli D, Vermeersch P.
Enzymatic isotope dilution mass spectrometry (IDMS) traceable serum creatinine is
preferable over Jaffe in neonates and young infants. Clin Chem Lab Med. 2014;52:e107-9
Erlandsen EJ, Randers E. Challenges in the measurement of plasma creatinine on the Roche
cobas ¢702. Scand J Clin Lab Invest. 2018;78:490-495 doi:
10.1080/00365513.2018.1501090

Felmlee MA, Dave RA, Morris mg, Mechanistic models describing active renal reabsorption
and secretion: A simulation-based study. AAPS J. 2012;15:278-287 doi: 10.1208/s12248-
012-9437-3

Gabrielsson J, Weiner D. Pharmacokinetic and Pharmacodynamic Data Analysis: Concepts
and Applications, Fourth Edition, Swedish Pharmaceutical Society, Stockholm, 2007
Janzen DLI, Bergenholm L, Jirstrand M, Parkinson J, Yates J, Evans ND, Chappell MJ,
Parameter identifiability of fundamental pharmacodynamic models. Front. Physiol.
2016;7:590 doi: 10.3389/fphys.2016.00590

Bonate PL. Pharmacokinetic-Pharmacodynamic Modeling and Simulation. Second Edition.
Springer Science, New York, 2011.

Yano Y, Beal SL, Sheiner LB. Evaluating pharmacokinetic/pharmacodynamic models using
the posterior predictive check. J Pharmacokinet Pharmacodyn. 2001;28:171-92

The R Project for Statistical Computing. https://www.r-project.org/. Accessed June 28 2020.
Ceriotti F, Boyd JC, Klein G, Henny J, Queralto J, Kairisto V, Panteghini M. Reference
intervals for serum creatinine concentrations: Assessment of available data for global
application. Clinical Chemistry. 2008;54:3 559-566

Boer DP, de Rijke YB, Hop WC, Cransberg K, Dorresteijn EM. Reference values for serum
creatinine in children younger than 1 year of age. Pediatr Nephrol. 2010;25:2107-2113
d0i:10.1007/s00467-010-1533-y

Brion LP, Fleischman AR, McCarton C, Schwartz GJ. A simple estimate of glomerular
filtration rate in low birth weight infants during the first year of life: Noninvasive assessment
of body composition and growth. J Pediatr. 1986;109:698-707

Go H, Momoi N, Kashiwabara N, Haneda K, Chishiki M, Imamura T, Sato M, Goto A,
Kawasaki Y, Hosoya M. Neonatal and maternal serum creatinine levels during the early
postnatal period in preterm and term infants. PLoS ONE. 2018;13: 0196721 doi:
10.1371/journal.pone.0196721

Savory DJ. Reference ranges for serum creatinine in infants, children and adolescents. Ann
Clin Biochem. 1990;27:99-101

Johansson AM, Karlsson MO. Comparison of methods for handling missing covariate data.
AAPS J. 2013;15:1232-1241

12


https://doi.org/10.1007/s00467-020-04749-3
https://www.r-project.org/

446
447
448
449

25. Krzyzanski W, Cook SF, Wilbaux M, Sherwin CMT, Allegaert K, Vermeulen A, van den
Anker JN. Population pharmacokinetic modeling in the presence of missing time-dependent
covariates: Impact of body weight on pharmacokinetics of paracetamol in neonates. AAPS J.

2019;21:68 doi: 10.1208/s12248-019-0331-0

13



Table 1. Estimates and their percent relative standard errors (%RSE) of the population parameters for the base and final models.

Estimates of 11V parameters are presented as variance and coefficient of variation for lognormal distribution (%CV¥*).

Parameter Estimate of 0p(%RSE) Estimate of w3 Estimate of 6p(%RSE) Estimate of w3
Base (%RSE, %CV) Final (%RSE, %CV)
Base Final
PNAc,, day 18.4 (4.0) 0.427 (12.4, 73.0) 18.5 (3.0) 0.145 (12.2, 39.5)
GFR./GFR, 2.09 (1.8) 0.0215 (18.5, 14.7) 1.97 (1.8) 0.0141 (18.9, 11.9)
ksyn/GFRg, dL/mg 0.55 (1.2) 0.0259 (9.3, 16.2) 0.516 (1.2) 0.0169 (8.5, 13.1)
% 3.08 (5.3) 0.431 (13.0, 73.4) 3.57(5.3) 0.52 (11.8, 82.6)
K, 1/day 0.77 (3.8) 0.229 (13.5, 50.7) 0.709 (3.3) 0.207 (13.9, 48.0)
PNA,, day 2.52(2.4) 0.22 (19.0, 49.6) 2.42(1.5) 0.11 (7.0, 34.1)
Qmax/UF 0.496 (3.3) 0.154 (11.6, 40.8) 0.575 (3.2) 0.153 (9.4, 40.7)
GA_PNA,,, day/week NA NA -0.0747 (4.8) NA
GA_PNA;,, day/week NA NA -0.0547 (16.9) NA
GA_Ksyn/GFR,, dL/mg/week NA NA -0.0255 (7.9) NA
GA_GFR,/GFR,, 1/week NA NA 0.00763 (30.9) NA
GA_Qunax/UF , 1/week NA NA 0.0178 (27.9) NA
02 0.0153 (2.2) NA 0.0151 (2.2) NA

* 06CV = 100%-/exp(wd) — 1
** Parameter was fixed

NA = not applicable

GFRss = glomerular filtration rate (GFR) value at steady state ; GFRo = GFR value at birth; PNAso = postnatal age (PNA) at which
GFR is equal to 50% of GFRss; ksyn = SCr synthesis rate constant; y = Hill factor; K= time scale factor that controls the width of the
back-flow curve Q; PNA, = PNA at the back-flow peak; Qmax= back-flow peak value; UF=urinary flow; GA_PNA,= slope in the

covariate relationship between PNAp and GA; GA_PNAso= slope in the covariate relationship between PNAso and GA; GA_ksyn/GFRo

= slope in the covariate relationship between ksyn/GFRo and GA; GA_GFRss/GFRo = slope in the covariate relationship between
GFRs/GFRo and GA; GA_Qmax/UF = slope in the covariate relationship between Qmax/UF and GA; o= variance of residual error for

sCr observations;




Table 2. Objective function value (OFV) and its change (AOFV) for the successful steps of the forward-inclusion covariate selection
process and the final model in the backward elimination process. P value is calculated for the chi square distribution of |]AOFV/| with one

degree of freedom.

Covariate relationship OFV (AOFV) P
Base model -18275.6 (0) NA
GA_PNA, -18682.4 (-424.8) | 2.20E-94
GA_PNA, & GA_PNAg, -19049.2 (-366.8) | 9.31E-82
GA_PNA, & GA_PNA;, & GA kgyn/GFR, -19300.0 (-250.8) | 1.74E-56
GA_PNA, & GA_PNAg, & GA_Kgy,/GFRo& GA_GFRgs/GFR, -19319.9 (-10.4) | 0.0013
GA_PNA, & GA_PNA;) & GA Kgy,/GFRo& GA_GFR,/GFR(& GA_Qpnax/UF -19330.3 (-26.2) | 3.08E-07
GA_PNAs, & GA_Kgyn/GFR& GA_GFRss/GFR(& GA_Quax/UF -18962.6 (367.7) | 5.93E-82
GA_PNA, & GA_Kgyn/GFRo& GA_GFRgs/GFRo& GA_Qpnay/UF -19270.3 (60.0) 9.49E-15
GA_PNA, & GA_PNA;, & GA_GFRgs/GFR & GA_Qmax/UF -19162.8 (168.3) | 1.74E-38
GA_PNA, & GA_PNAg, & GA Kgy,,/GFR & GA_Qpax/UF -19318.612 (11.7) | 0.00063

NA = not applicable

GA_PNA,= slope in the covariate relationship between PNA, and GA; GA_PNAso= slope in the covariate relationship between
PNAso and GA; GA_ksyn/GFRo = slope in the covariate relationship between ksyn/GFRo and GA; GA_GFRss/GFRo = slope in the
covariate relationship between GFRss/GFRo and GA; GA_Qmax/UF = slope in the covariate relationship between Qmax/UF and GA;
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Table 3. The parameters characterizing sCr, GFR/GFRo, and Q/UF vs PNA curves calculated for
the indicated values of GA.

GA, weeks 25 30 35 40

sCrg, mg/dL 0.643 0.598 0.584 0.589
PNA x> days 41 3.2 2.3 14

SCryax, mg/dL 1.04 0.914 0.794 0.679
sCrgs, mg/dL 0.35 0.30 0.255 0.214
GFR/GFR, 1.83 191 1.98 2.06
PNA;,, days 27.8 22.8 11.7 12.7
Q,/UF 0.00941 0.0468 0.154 0.337
Qmax/UF 0.630 0.60 0.571 0.543
PNA,, days 4.09 3.19 2.28 1.38

sCro=sCr at birth; PNAmax= PNA at sCr peak; sCrmax= SCr peak value; sCrss=sCr at steady state;
GFRss = GFR value at steady state; GFRo = GFR value at birth; PNAso = PNA at which GFR is
equal to 50% of GFRss; PNAp = PNA at the back-flow peak; Qo= back-flow value at birth;
Qmax= back-flow peak value; UF=urinary flow;
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Figure legends

Fig. 1. Time courses of individual serum creatinine sCr measurements for 1083 patients from the
development dataset (upper panel) and the 765 patients from the qualification dataset (lower
panel). The bold line is the mean of observed values.

Fig. 2.  Frequency histograms of distributions of gestational age and birth weight in the
population of (pre)term neonates from the development dataset (upper panels) and qualification
dataset (lower panels) (Q1, Q2 and Q3 indicated)

Fig. 3. Scatter plot between the body weight at birth BWT and the gestational age GA for subjects
in the study. The LOESS line is red. The regression line is added to the plot for assessment of the
linearity.

Fig. 4. Schematic diagram of pharmacokinetic model of creatinine. Serum creatinine (sCr) is
synthesized from the muscle at a zero-order rate (ksyn) and cleared by the kidney glomerular
filtration (GFR(t)) into the renal tubules (rtCr). The creatinine from the renal tubules is excreted
into the urine by the urinary flow (UF). Transiently, rtCr is also secreted into the plasma by the
back-flow (Q).

Fig. 5. a) A plot of a sigmoidal curve describing a hypothetical GFR vs. postnatal age (PNA) time
course. The curve is normalized by the GFR value at birth GFRo. It starts at 1 and increases to
approach the steady-state GFRss/GFRo. PNAso indicates PNA at which GFR reaches the midpoint
between GFRss and GFRo b) A plot of a hypothetical time course of the back-flow Q(t). The curve
is normalized by the urinary flow UF. The back flow reaches a peak Qmax at the time PNA,. After
the peak Q declines to a value of 0.

Fig. 6. Upper panels: Observed vs. predicted diagnostic plots for sCr. The left panel shows sCr
predicted using the typical values of model parameters and the right panel shows sCr predicted
using the individual subject parameter values. Lower panel: Conditional individual weighted
residuals (CIWRES) vs. postnatal age diagnostic plot. The solid line is the LOESS regression line.

Fig. 7. Visual predictive check plots for sCr from the development data set. Symbols represent
observed sCr, the continuous line is the median, and the dashed lines are 5" and 95" percentiles
of observed values. The shaded regions are model predicted confidence intervals for these
percentiles.

Fig. 8. Visual predictive check plots for sCr from the qualification dataset. Symbols represent
observed sCr, the continuous line is the median, and the dashed lines are 5" and 95™ percentiles
of observed values. The shaded regions are model predicted confidence intervals for these
percentiles.

Fig. 9. Simulated time courses of sCr (upper panel) and GFR/GFRo (lower panel) for a typical
patient of the indicated GA. GFRy is the GFR at birth. GA=34.2 weeks represents the population
mean. The parameter values used for simulations are listed in Table 1.
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Supplementary Material

Population model of serum creatinine as time dependent covariate in neonates

Wojciech Krzyzanski, Anne Smits, John Van Den Anker, Karel Allegaert
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Fig. 1S. Simulated time courses of Q/UF for typical a patient of the indicated GA. Q is the back-
flow and UF is the urinary flow. GA=34.2 weeks represents the population mean. The parameter

values used for simulations are listed in Table 1.
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