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ABSTRACT
The developmental origin of health and diseases theory support the critical role of the fetal
exposure to children‘s health. We developed a physiologically based pharmacokinetic model for
human pregnancy (pPBPK) to simulate the maternal and fetal dosimetry throughout pregnancy. Four
models of the placental exchanges of chemicals were assessed on ten chemicals for which maternal
and fetal data were available. These models were calibrated using non-animal methods: in vitro (InV)
or ex vivo (ExV) data, a semi-empirical equation (SE), or the limitation by the placental perfusion (PL).
They did not impact the maternal pharmacokinetics but provided different profiles in the fetus. The PL
and InV models performed well even if the PL model overpredicted the fetal exposure for some
substances. The SE and ExV models showed the lowest global performance and the SE model a
tendency to underprediction. The comparison of the profiles showed that the PL model predicted an
increase in the fetal exposure with the pregnancy age, whereas the ExV model predicted a decrease.
For the SE and InV models, a small decrease was predicted during the second trimester. All models but
the ExV one, presented the highest fetal exposure at the end of the third trimester. Global sensitivity
analyses highlighted the predominant influence of the transfer constants on the fetal exposure, as well
as the metabolic clearance and the fraction unbound. Finally, the four transfer models could be
considered depending on the framework of the use of the pPBPK model and the availability of data or
resources to inform their parametrization.
Key words: Physiologically based pharmacokinetic model, pregnancy, placental transfer, fetal
exposure, chemicals, drugs.
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INTRODUCTION
The exposome concept calls for measuring the environmental component of diseases‘ etiology
―from the prenatal period onwards‖ (Wild 2005). Assessing xenobiotic‘s exposure, as part of the
specific external exposome (e.g., diet, smoking, drugs, environmental pollutants etc.), is essential since
hazardous chemicals in food, drinking water, consumer products and ambient or household air
pollution are strongly suspected to impact human health (European Environment Agency, 2019;
Sunderland et al. 2019). Specific concerns warrant to focus efforts on the sensitive populations such as
pregnant women and their developing fetuses (Rager et al. 2020). The prenatal life has been identified
as a potential window of susceptibility to environmental pollutants exposure leading to postnatal short
term (Philippat et al. 2012), congenital defects (Clayton-Smith et al. 2019) and even to later life
disease (Haugen et al. 2015).
Diverse prospective and birth cohort studies such as MoBa (Magnus et al. 2016), HELIX (Maitre et
al. 2018; Tamayo-Uria et al. 2019), ELFE (Vandentorren et al. 2009), or PELAGIE (Chevrier et al.
2011) have contributed to inform the prenatal exposome. The studies based on mother-child pairs
aimed to identify associations between in utero exposure to environmental pollutants and increased
risk for health outcomes in offspring (Rappazzo, Coffman, and Hines 2017; Rivollier, Krebs, and
Kebir 2019). Since fetal blood sampling is not an option during pregnancy without clinical indication,
fetal exposure is often estimated via the maternal concentrations throughout pregnancy or the cord
blood concentrations at delivery. Pregnancy physiologically based pharmacokinetic (pPBPK) models
can be used to simulate indicators of fetal exposure, such as the cumulated exposure or the maximal
concentration in plasma or target sites of toxicity (Brochot et al. 2019). Those mechanistic models aim
to describe the processes that a substance will undergo in the maternal and fetal bodies such as its
absorption, distribution, metabolism and elimination. They can simulate the concentration time-course
of a substance in various maternal and fetal organs and body fluids (Luecke et al. 1994).
Numerous pPBPK models for a compound (e.g., Lumen, Mattie, and Fisher 2013) or different
chemical families (e.g., Beaudouin, Micallef, and Brochot 2010) have been published. Recently, we
reviewed the published pPBPK models with a focus on the modelling of the placental exchanges
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(Codaccioni, Bois, and Brochot 2019). Our review showed the heterogeneity of the methodologies
employed in pPBPK models to describe the placental transfers of xenobiotics, either for the placental
structure or the parameterization of the transfer itself. Animal in vivo data are mainly used for
placental transfer parameterization but several non-animal methods (e.g., in silico, in vitro, ex vivo)
can also be used to estimate the placental transfers. For instance, the simplest approach consists in
considering that the exchanges between the mother and the fetus are limited only by the rate of blood
perfusion inflowing the placenta (Valcke and Krishnan 2011). Other approaches rely on an exchange
rate extrapolated from the ex vivo cotyledon perfusion experiment (De Sousa Mendes et al. 2016), or
from an intrinsic permeability computed either by a semi-empirical equation (Dallmann, Ince,
Solodenko, et al. 2017) or by the ratio of apparent permeabilities taken from an in vitro system (Zhang
and Unadkat 2017). Recently these three approaches were implemented in a pPBPK model and tested
for acetaminophen (Mian et al. 2020), emtricitabine and acyclovir (Liu et al. 2020). Both studies
showed that fetal internal dosimetry was impacted at term by the modelling of the placental exchanges
and that the model predictive performance associated with those parameterizations varied between
substances.
In this study, we aimed at extending these works by assessing the predictive performance of four
non-animal methods to inform the chemical placental exchanges within a pPBPK model at different
periods of pregnancy. First, we developed a pPBPK model which can predict the prenatal internal
exposure during pregnancy. This new pPBPK model was adapted from the adult model available in
the R package httk which was developed to support high throughput screening (Pearce et al. 2017).
Our pPBPK model integrates physiological (volumes, blood flows, glomerular filtration rate etc.) and
biochemical (enzyme activities, plasmatic protein concentrations etc.) changes associated with
pregnancy in the mother and the fetus. Four approaches were tested for the placental transfer
parameterization (perfusion limited transfer or diffusion limited transfer with ex vivo, in vitro or in
silico data) in order to assess i) their predictive performance on a set of ten substances with in vivo
maternal and fetal concentrations measured at different periods of pregnancy ; and ii)their impacts on
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fetal internal dosimetry during pregnancy. Additionally, we conducted a global sensitivity analysis to
study the influence of the model‘s parameters on the fetal dosimetry.
MATERIAL AND METHODS
Model structure
The pPBPK model associates two sub-models, one for the mother and one for the fetus (Figure 1).
Their structures are both based on the PBPK model included in the R package httk (Pearce et al. 2017)
which comprises five perfused compartments (lungs, gut, liver, kidneys and the rest of the body) and a
non-perfused compartment (gut lumen) for oral dosing. We extended the maternal model with two
new compartments related to tissues that evolve during pregnancy (i.e., adipose, mammary tissues). In
fetus, lungs were not considered, and brain was added. The circulatory blood system was adapted to
the fetus‘ physiology: 30% of the blood flow exiting the placenta by the umbilical cord vein is shunted
to the fetal venous blood system through the ductus venosus, the remaining 70% reaches the fetal liver
through the portal sinus. The placenta links the maternal and fetal sub-models and was modelled
differently regarding the placental transfers models (see Modelling of the placental exchanges of
substances section).
In the mother and fetus, the compound‘s distribution in the body is managed by the blood flow and
the partitioning into tissues. A homogenous distribution was assumed in each maternal and fetal
compartment, i.e., the compound‘s concentration was assumed to be the same in each
compartment/tissue‘s region (e.g., in plasma and in interstitial and intercellular spaces). The general
tissue mass balance equation was expressed as follows:
(

)

(1)

with FT the inflowing blood flow (in L/min), Cart the substance arterial blood concentration (mg/L), QT
the substance amount in tissue (mg), VT the tissue volume (L), and PCt:b the tissue to blood partition
coefficient.
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The maternal model includes elimination pathways in the kidneys, venous blood and liver,
accounting for urinary excretion and metabolism. Excreted or metabolized amounts were computed
from the unbound plasma concentration. Depending on the substance considered, the urinary excretion
was included either in the kidneys as the glomerular filtration rate (FGFR) (Eq. 2) or in the venous
blood as a plasmatic clearance scaled to FGFR changes during pregnancy (Eq. 3):
(2)

or,
(3)

where CLr stands for the non-pregnant renal clearance (L/min), FGFR the glomerular filtration rate
(L/min), FGFR0 the non-pregnant glomerular filtration rate (L/min), Fuppgcy the maternal plasma
fraction unbound during pregnancy, Ckid and Cplas the concentrations in the kidneys and venous plasma
(mg/L) respectively, and PCk:p the partition coefficient between kidneys and plasma.
Hepatic metabolism was assumed to be linear with dose:
(4)

where CLmet, Cliv and PCl:p represent the non-pregnant metabolic clearance, the concentration in the
liver and the liver:plasma partition coefficient, respectively. In order to account for the induction or
inhibition of the metabolism observed during pregnancy, the rate of metabolism was made
proportional to the variations of several hepatic enzyme activities during pregnancy as proposed by
Dallmann, Ince, et al. (2018):

(5)
with fmxx the dose fraction of a compound metabolized through a specific pathway (xx) and CYPxx the
changes in activity for this specific enzyme pathway. The equations and the related profiles describing
the changes in enzymes activities during pregnancy (Dallmann, Ince, et al. 2018; Abduljalil et al.
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2012) are presented in Supplemental Material (Figure S1). It should be highlighted this methodology
is only accurate in case of linear metabolism as assumed in Equation 4.
The fetal sub-model does not include urinary excretion or metabolism. The fetal intake and
elimination were then only driven by the placental exchanges between the mother and the fetus.
Modelling of the placental exchanges of substances
Two hypotheses on the placental structure were tested to model the bidirectional transfers of
compounds through the placenta during pregnancy. The transfers were modeled either by blood
perfusion (i.e., a unique placental compartment perfused by both maternal and fetal blood) or by
diffusion (i.e., the placenta is divided into two sub-compartments linked by a diffusion parameter). In
the first case, the placental compartment is defined as follows:
(6)

When the transfers are limited by diffusion, the maternal and fetal placental amounts are given by:

(

(

)

)

(7)

(8)

with Cplac the placenta concentration in the perfusion model (mg/L), Cplacm the maternal placenta
concentrations (mg/L), Cplacf the fetal placenta concentration (mg/L), Fplacm the blood flow of the
maternal placenta compartment (L/min), Fplacf the blood flow entering the fetal placental compartment
(L/min), PCplac:b the placenta:blood partition coefficient, Kmp:fp and Kfp:mpthe diffusional placental
transfer constants from the mother to the fetus and vice-versa (L/min), Fuppgcy and Fuppgcyf the free
plasma fractions in the mother and the fetus, respectively. The latter is presented in the Model
parameterization section. Due to different plasma protein concentrations during pregnancy in the
mother and the fetus, Fuppgcy and Fuppgcyf values were different and hence the mother to fetus and fetus
to mother placental transfer rates were automatically asymmetrical.
Model parameterization
7
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In this section, we present the maternal and fetal physiological parameterization according to the
published data and the placental transfer parameterization. Compound-specific parameters will be
given in the Model evaluation section below. Time-dependent physiological equations can be
expressed according to either fertilization age (FW in weeks) or gestational age (GW in weeks). FW
denotes the elapsed time since the ovum fertilization whereas GW considers the time since the first day
of the last menstrual period that precedes conception. Ovum fertilization occurs, on average, 14.6 days
after the last menstrual period.
Physiological parameters
Fertilization (or gestational) age-dependent equations were implemented in the pPBPK model for
the maternal physiological parameters (tissue volumes and blood flows) mainly using the metaanalysis performed by Dallmann, Ince, Meyer, et al. (2017). Table S1 and Table S2 in Supplemental
Material present the equations of the tissue volumes and blood flows, respectively. The maternal
bodyweight was computed as the sum of the initial bodyweight with the gestational weight gain. The
tissue volumes (gut, kidneys, liver and lungs) and blood flows (gut and liver) which do not change
during pregnancy were expressed as a fraction of initial bodyweight or the cardiac output,
respectively. The volume of the rest of body compartment was assumed to remain stable during
pregnancy and was computed at the start of pregnancy by subtracting the sum of all tissue volumes to
the initial bodyweight. The blood flow to the rest of body compartment was computed by subtracting
the sum of all tissues blood flows to the cardiac output.The fetal bodyweight (BWf) was computed as
presented in Luecke et al. (1994), as well as the compartments‘ growth (Table S3 in Supplemental
Material). provides the parameterization of the α and β allometric parameters. The fetal plasma cardiac
output, taken from Luecke et al. (1994), was turned to fetal blood cardiac output with fetal hematocrit.
The umbilical vein blood flow (Fplacf) was assumed to start at GW = 3.6 weeks, when the
uteroplacental circulation is established (Kapraun et al. 2019). Several equations were tested in the
model (Dallmann, Ince, Meyer, et al. 2017; Zhang et al. 2017; Kapraun et al. 2019), but for the five
first FW, either the computed Fplacf were above the fetal blood cardiac output or presented negative
values. Fplacf was then assumed to be proportional to the placenta volume during pregnancy with the
8
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value at the end of pregnancy set to the value obtained by Dallmann, Ince, Meyer, et al. (2017).
Furthermore, the blood flows through the ductus venosus and the portal sinus were set as constant
fractions of Fplacf. All the fetal blood flows equations are given in Supplemental Material.
The pPBPK model also includes the changes in maternal and fetal hematocrit, albumin and α-1glycoprotein serum concentrations and the increase in maternal FGFR during pregnancy. Maternal
parameters equations were taken from Dallmann, Ince, Meyer, et al. (2017), and fetal parameters
equations from Zhang et al. (2017), except for albumin fetal serum concentration equation which was
determined by linear regression on Krauer et al. (1984) data. For each compound, both maternal
(Fuppgcy) and fetal (Fuppgcyf) plasmatic free fractions were computed according to their estimated
affinity to plasmatic proteins (from non-pregnant women values assuming that the number of binding
sites and the affinity remain constant) and the evolving concentration of the latter during pregnancy.
The plasmatic protein concentration equations are given in Supplemental Material for the mother and
the fetus.
Placental transfers
Four placental transfer models were defined: the blood perfusion-limited (PL) model and the
diffusion-limited model parameterized by three approaches. These approaches are based on in silico
(SE), in vitro (InV) or ex vivo (ExV) data to parameterize the passage of the compounds from the
mother to the fetus and vice-versa (Kmp:fp and Kfp:mp). All the transfer constants varied during pregnancy
according to the changes in the placental blood flows, the thickness and the surface of the membrane
of exchange, or the volume of the placenta.
Diffusion-limited structure: SE model
This approach was proposed by Dallmann, Ince, Solodenko, et al. (2017). It assumes that the
diffusion of a substance through the placenta is driven by two physicochemical parameters: the
logarithm of the membrane affinity (logMA) and the efficient molecular weight (i.e., considering the
presence of halogen atoms in the molecule, MWeff). The authors defined a semi-empirical equation that
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predicts the intrinsic permeability of the membrane (Pint in dm/min) separating maternal and placental
blood as follows:

(

)

(10)

The permeability surface area product Kmp:fp is then obtained from Pint by adjustment to the placenta
physiology, i.e. the syncytiotrophoblast membrane surface (Surfsct in dm²) and thickness (Thsct in dm)
as follows:
(11)

with Pint the intrinsic membrane permeability expressed in dm/min. Here, we assumed that it
corresponded to the membrane permeability at the reference thickness value (Thsctref expressed in dm).
The latter was estimated from the AUC of the Thsct equation, which is presented in Supplemental
Material, as well as the Surfsct equation. Finally, in this approach, Kmp:fp and Kfp:mp have similar values.
Diffusion-limited structure: InV model
This approach was adapted from Zhang and Unadkat (2017) and consists in estimating the intrinsic
permeability (Pint) from an in vitro apparent permeability (Papp) by adjusting this latter to the in vitro
apparent permeability of a reference compound (here midazolam):
(12)

with Pint,MDZ stands for midazolam intrinsic permeability computed from Zhang and Unadkat (2017) as
follows:

(13)

where Surfsct,term, CLPDu,MDZ and FuppgcyMDZ,term are the syncytiotrophoblast surface, the unbound
passive in vivo diffusion clearance estimated by Zhang and Unadkat (2017) and the plasmatic free
fraction of midazolam, at term, respectively. The Pint was then scaled to in vivo transfer constant as
done for the SE model (Eq.11). Here, Kmp:fp and Kfp:mp present similar values.
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Diffusion-limited structure: ExV model
This approach was adapted from Schalkwijk et al. (2018) and De Sousa Mendes et al. (2016) that
estimated the placental transfers at term using ex vivo placenta perfusion studies. The experiments
consist in the perfusion of a placental cotyledon at the interface of a maternal-like and a fetal-like
reservoirs and in monitoring the transfers of compounds from the maternal reservoir to the fetal one
and vice-versa. The first-order constants were then used to compute a cotyledon passive diffusion
parameter (Dcot, in L/min):
(14)
(15)
where VMR and VFR are the maternal and fetal reservoirs volumes in L, respectively. These transfer
constants were then scaled to the whole placenta as follows:
(16)

(17)

where Dcotmp:fp, Dcotfp:mp, represent maternal to fetal reservoirs and fetal to maternal reservoirs cotyledon
passive diffusion constants expressed in L/min. Vplac and Vcot stand for the placental and one cotyledon
volumes both expressed in L, respectively. In this approach, Kmp:fp and Kfp:mp can have different values.
Model evaluation
Compounds
We selected drug monitoring studies which provide pharmacokinetic fetal data for a short period of
time after a controlled administration to the mother (Table 1). Most of the maternal and fetal data were
collected at the end of pregnancy. Data for ten therapeutic drugs were collected: midazolam (MDZ),
theophylline (THEO), zidovudine (ZIDO), nevirapine (NEVI), lamivudine (LAMI), emtricitabine
(EMTRI), cefuroxime (CEFU), diazepam (DZP), ondansetron (OND) and metronidazole (MNZ). All
these compounds have a short elimination half-life, i.e. the complete elimination from the maternal
11
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body is between hours to days. For NEVI, LAMI and EMTRI, the observed maternal concentrations
cannot be properly discriminated from the published figures but most of them were collected to be
compared to the pPBPK model predictions. CEFU, DZP, OND and MNZ maternal data were
downloaded from PK-Sim®. For four substances (ZIDO, OND, CEFU and MNZ), maternal and fetal
concentrations in early pregnancy were identified in the literature. ZIDO and OND first trimester data
were given as fetal to maternal concentration ratios at a specific time point (S.-S. N. Siu, Chan, and
Lau 2006; S.-S. Siu et al. 2005). No information was given in the original publications regarding the
sampling times in fetuses. The maternal times were set so that the model predictions fitted the
maternal measured concentrations and the fetal sampling time was assumed to occur 15 minutes later
to account for the surgical procedure.
The compound-specific parameters of the pPBPK model (absorption first-order constant kgutabs;
bioavailability F; initial plasma fraction unbound fu; and the ratio blood to plasma Rbp) were informed
with published values from previous models (Table 2). The tissue:blood partition coefficient (PCt:b)
were calculated from in silico estimated tissue to plasma partition coefficients (PCt:p) corrected by the
blood-to-plasma ratio. For all compounds but one, the in silico tools implemented in PK-Sim® were
used to predict PCt:p. For ZIDO, the Schmitt‘s function integrated in the httk package was used
(Schmitt 2008). When the in silico method predicted the unbound tissue:plasma partition coefficients
(PCu,t:p) instead of PCt:p, it was corrected with the plasma free fraction (fu). Finally, for all compounds
the fetal PCt:b were assumed equal to the maternal ones. All the PCt:p are presented in Supplemental
Material (Table S4, S5 and S6). The non-pregnant elimination clearances (CLmet, CLr and CLsys) were
calculated by different approaches according to the type of available information (see Table 2). To
account for the variations of the metabolic clearance through pregnancy, the values of the metabolic
fraction per enzymes are reported in Supplemental Material (Table S7).
Table 3 presents the values of the placental exchange parameters that have been used in each
transfer model. The parameter logMA was computed with a regression equation used in httk (Yun,
Cotton, and Edginton 2014) which was derived from the Schmitt‘s dataset (Schmitt 2008). The MWeff
values were estimated using the equations derived by Willmann et al. (2003) implemented in PK12
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Sim®. The permeability Papp values were taken from the literature considering only those obtained
from epithelial cell lines with tight junctions between cells in monolayer cultures (i.e., MDCK and
Caco-2). To avoid cofounding bias, we selected studies for which the experiments have been
conducted in the absence of binding proteins, except for LAMI whose Papp was corrected by fu.
When multiple data were available for a substance, the mean Papp value was calculated (Table 3). No
Papp data were found for EMTRI. Concerning the ExV model parameterization, the cotyledon firstorder constants kdmp:fp and kdfp:mp (in min-1) were estimated by a non-compartmental analysis from the
slope of the natural log concentration time profiles of the maternal and fetal reservoirs, respectively.
Among the ex vivo experimental studies, the perfusion medium used was protein-free only for DZP
(Myllynen and Vähäkangas 2002).
Variability and sensitivity analyses
We performed Monte Carlo (MC) simulations (n = 10,000) in order to assess the impact of interindividual variability and uncertainty in parameters‘ values of the pPBPK model on the maternal and
fetal concentrations. We assigned truncated normal distributions to the physiological and compoundspeciﬁc parameters (absorption, elimination, partition coeﬃcients, placental transfer parameters) with
a variation coefficient of 30% and 50%, respectively.
A global variance-based sensitivity analysis (SA) was conducted on the pPBPK model to identify
the compound-specific parameters which had the most impact on the internal fetal exposure. We
selected two model outputs: the maximal fetal plasma concentrations (Cmaxfet) and the area under the
fetal plasma concentration-time curve (AUCfet). The Sobol method was used for the analysis (Sobol‘ et
al. 2007). The analysis was run for a theoretical substance that is eliminated by hepatic metabolism
only and fully absorbed. For most of the parameters, truncated normal distributions were assigned with
a coefficient of variation of 100% or 50% around their mean value. A lognormal distribution and a
log-uniform distribution were assigned to the hepatic clearance and the placental transfers,
respectively, to allow very low values (Table S8 in Supplementary Material). The SA was run at the
end of each trimester of pregnancy (FW = 13, 26 and 39 weeks). Model output variances were
estimated employing MC integrals from two independent input samples n1×p1 matrices (the ―sample‖
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matrix M1 and the ―resample‖ matrix M2), with n1 the sample size (n1 = 100,000) and p1 the number of
parameters. Each row in M1 and M2 stands for a possible parameter combination. SA results are
presented as two indices: the first order index (FOI) which is the variance contribution of one
parameter to the total model variance, and the total order index (TOI) which is the result of the main
effect of the parameter and of its interactions with the other parameters.
Software
The pPBPK model was built in GNU MCSim (Bois 2009) software (available at
http://www.gnu.org/software/mcsim/). It converts model equations into C code and solves it by
numerical integration. The R software was used for graphics (R Core Team 2018).
RESULTS
Model evaluation: non-pregnant profiles
Before proceeding to the pPBPK model evaluation, we first assessed the predictions for nonpregnant women in order to ensure that our evaluations focused on pregnancy will not be biased by a
poor predictive performance of the non-pregnant period. In that respect, plasma concentrations were
simulated for non-pregnant women and compared to observed in vivo data for the ten selected
compounds. The non-pregnant model corresponds to the pPBPK model parameterized with the initial
values for volumes and blood flows. The posology and subjects‘ information are given in
Supplemental Material (Table S9). The predicted pharmacokinetic profiles adequately described the
observed plasma concentrations for all the substances but NEVI and EMTRI. We then reparameterized the bioavailability for NEVI and the absorption rate constant for EMTRI by visual
fitting to improve the model predictability. Although the absorption and elimination slopes in the
initial NEVI profile seemed correct, the concentrations were constantly over-predicted. Concerning
EMTRI, both the initial absorption and elimination slopes seemed steeper than the observed ones. The
initial profiles are provided together with the updated profiles in Supplemental Material (Figure S2 &
S3). The adjusted values were used in the following and are given in Table 2. After the calibration of
these two parameters, more than 80% of the simulated concentrations were within the two-fold error
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interval, except for LAMI (67%) and MNZ (76%). The model predictability could be a bit lower for
the times far from the administration at low concentrations (e.g., LAMI).

Model evaluation at term
The pPBPK model including the placental transfers models was evaluated in maternal plasma at
term for the ten selected compounds (Figure 2). Globally, the simulated profiles well described the
data. The impact of the placental transfer modelling on the simulated maternal concentration-time
profiles was limited since the four profiles showed similar results. For instance, the maximal deviation
between the four models for MDZ was less than 6%. The only significant difference was for LAMI at
the end of the elimination phase at low concentrations (Figure S4 in Supplemental Material). Table 4
presents the predicted maximum maternal plasma concentration (Cmax) and time to reach Cmax
(Tmax) for orally administered compounds, but only for the perfusion-limited transfer since model
predictions were similar for the four placental transfer models. Because the data covered the whole
pharmacokinetic phase for each compound, the observed Cmax and Tmax were identifiable even if the
sampling times for NEVI, EMTRI and LAMI were highly variable between the individuals. The
predicted Cmax and Tmax were all within a two-fold error range except Tmax for LAMI (the relative
error was equal to -73.2%). Therefore, the pPBPK model presents a good accuracy in maternal Cmax
and Tmax predictions at term.
The sampling times of the fetal data for model evaluation were heterogeneous due to the alea in the
time of delivery. For few substances, the observed data were not available in the elimination phase
(MDZ, NEVI and MNZ). Inversely, data in the early pharmacokinetic phase were lacking for OND
and CEFU. Such shortcomings rendered the assessment not fully complete. The predictive
performance of the four placental transfer models was assessed by comparing their predictions to
measured umbilical cord plasma concentrations at term (Figure 3 for the pharmacokinetic profiles,
Figure 4 for the goodness-of-fit plots based on measured umbilical cord concentrations, and Figure S6
for the goodness-of-fit plots based on plasma Cmaxfet). As expected, the placental transfer models had
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an influence on the simulated profiles (Figure 3). The fetal profiles simulated with the PL model
followed the maternal profiles and had systematically the highest fetal intake rate with the ability to
reach Cmaxfet faster than the other models. For several substances, the PL and InV profiles were quite
close (overall profile for THEO, NEVI and MNZ, or their elimination slopes for OND and DZP), but
for other substances the InV profiles exhibited a diffusion-limited distribution in the fetus. In most of
the cases, the SE and ExV profiles were well below the PL and InV ones and were seemed extremely
flat for six substances (MDZ, ZIDO, CEFU, MNZ, DZP and OND). Regarding the substances tested,
several types of fetal pharmacokinetics can be generated by the four transfer models.
The PL model showed a slight tendency to overprediction, whereas the SE model showed a
tendency to underprediction. No such pattern was observed for the InV and ExV models. For all
compounds but OND, at least one of the simulated profiles was in good agreement with the observed
data. However, the model with the best predictability often differed between substances: the PL model
showed the best performance for 6 of the 10 substances (MDZ, THEO, ZIDO, DZP, MNZ, CEFU);
the SE model for three substances (NEVI, EMTRI and LAMI); the InV model for two substances in
association with the PL model (THEO and MNZ) and also for LAMI in association with SE model;
the ExV model was never the best fit but was evaluated on four substances only.
The InV model showed the highest percentage (81%) of predictions within the three-fold interval
followed by the SE (71%), PL (67%) and ExV models (41%), and the lowest percentage of predictions
out of the ten-fold error interval (6%), followed by the SE (11%), PL (16%) and ExV (18%) models
(Table S10 in Supplemental Material). These results were highly dependent on the number of data per
substance. If a model performs well for a compound with numerous data, the predictive performance
will be high. The reverse is also true: a poor performance for a compound with numerous data will
decrease predictability. For instance, the SE model presented its highest predictive performance for
three compounds which had the highest number of data (NEVI, EMTRI and LAMI). We then
computed the number of times a transfer model showed the best predictability per substance and
presented the results as relative percentages (% = number of times a model shows the best
performance / number of substances tested with this model). Concerning the InV model (9 tested
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substances), 78% of the tested substances had at least 80% of their simulated concentrations within the
three-fold error interval. In comparison, the predictive performance of the PL, SE and ExV models
were much lower with respectively 50%, 40% and 25% of their tested substances which met the
similar criteria. The ExV model showed the highest percentage of simulated concentrations out of the
ten-fold error interval for 50% (i.e., EMTRI 17% and DZP 81%) of the tested substances. The SE, PL
and InV models followed in decreasing order with 40%, 20% and 11%, respectively. Finally, the same
ranking of the models was obtained from the four criteria presented here starting from the best
performances: InV, PL, SE and ExV models. In only one case, the SE model performed better than the
PL model.
Table 5 compares the simulated and observed plasma Cmaxfet and Tmaxfet for the four placental
transfer models. Concerning the simulated maximum concentrations, 70% of Cmaxfet simulated with
the SE model were within the ten-fold error range and 50% within the three-fold error interval. All the
Cmaxfet simulated with the InV model were within the ten-fold error range and 67% were within the
three-fold error interval. The Cmaxfet simulated with the PL model were all comprised within the
three-fold error range and it must also be noticed that 60% of corresponding Tmaxfet were within the [50 – 100%] relative error interval. Furthermore, the uncertainty intervals simulated by the PL model
were narrower than the ones of the other models and were included within the ten-fold error range,
except for EMTRI. Finally, 75% of Cmaxfet simulated with the ExV model were within the ten-fold
error range and 50% within the three-fold error range.
Model evaluation: early pregnancy
The pPBPK model was also evaluated in early pregnancy for MNZ, ZIDO and OND, and at the
start of the third trimester for CEFU for the SE, InV and PL models since no ex vivo data were
available for the ExV model calibration. Figure 5 presents the predictive performance for ZIDO and
OND in early pregnancy in the form of boxplots of the simulated ratios of the fetal tissue
concentrations over the maternal plasma concentrations (F/M). For all transfer models, the
interquartile range (IQR) of the simulated ratios were wider than the observed ones. The ZIDO
simulations with the SE model almost contained the observed IQR (simulated IQR: [0.52-2.02] and
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observed IQR: [0.40-1.36]) whereas the InV and PL models overpredicted the ratios (simulated
IQR:[0.96-1.96] for InV, [0.91-1.80] for PL). Concerning OND, the simulated IQR with the SE model
contained the data whereas the simulated IQR with the PL and InV model were largely above the
observed values. Finally, for both substances the SE model‘s predictions presented the best agreement
to the data. For MNZ, the simulated placental, fetal tissue and plasma pharmacokinetics well described
the data (Figure S7 in Supplemental Material). The simulated pharmacokinetics were close for the
three models. In each case, the observed data were contained within simulated 2.5th–97.5th percentile
ranges of each model. In fetus and placenta, the InV and PL predictions were similar, and the SE
model simulated high Tmax in comparison to the InV and PL models. The uncertainty intervals were
also wider with the SE model.
For CEFU in early third trimester, the maternal predictions were similar for the three models and
well described the data (Figure 6). Regarding the fetal toxicokinetics, the predictions of the three
models differed. The InV and SE models‘ simulations were rather constant and the InV predicted levels
were above the SE model ones. and their intervals of uncertainty practically never overlapped. The PL
model simulations showed the best agreement with the observed values and the highest level for Cmaxfet
with the fastest Tmaxfet among the three models. The interval of uncertainty was the only one to contain
all the observed data. For both the mother and the fetus, the predicted intervals were quite large,
specially at low doses. The predicted uncertainty was driven by the distributions assigned to the
model‘s parameters whose variations were close to the human inter-individual variability affecting the
ADME processes (30% or 50% of variation depending on the process). Refining the distributions of
the most influential parameters (such as the clearances) should result in narrower intervals.
Impact of the placental transfer models on the fetal dosimetry
The impact of the placental transfer models on the fetal internal dosimetry was evaluated at the
three different trimesters of pregnancy (at FW = 13, 26 and 39 weeks) with compounds for which all
the placental transfer parametrization information was available (i.e., THEO, NEVI and DZP). Table
10 summarizes the values of the transfer constant Kmp:fp (and Kfp:mp for the ExV model), of Cmaxfet and
AUC24fet simulated by each transfer models. As expected, the simulated Kmp:fp values increased as the
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term of pregnancy approaches. The ExV model simulated the lowest Kmp:fp values for THEO and NEVI
at each trimester. For all placental transfer models but ExV model, the AUC24fet tends to increase
throughout pregnancy. Mixed results were observed for Cmaxfet: it increases along pregnancy with the
PL model whereas it decreases with the ExV model, and no general trends can be identified for the SE
and InV models except a small decrease during the second trimester.
The differences in Cmaxfet and AUC24fet predictions by the placental transfer models changed as
pregnancy progressed and among the three compounds, DZP exhibited the highest differences
between the models. The mean relative error between the highest and the lowest simulated Cmaxfet
increased from 244% in T1 to 1486% in T3. A similar trend was found with the mean relative error
between the highest and the lowest simulated AUC24fet values (28% in T1; 581% in T3). Therefore, the
first trimester was the period for which the simulated fetal plasma peak and average internal exposures
were the closest between the transfer models after a single maternal exposure. In general, the AUC24fet
predicted by the InV and PL models were quite close.
Figure 7 presents the simulated fetal plasma concentration-time profiles of THEO, NEVI and DZP
at the end of the three trimesters of pregnancy. The PL profiles only presented elimination phase
slopes as the Cmaxfet were close to the initial time point. As observed in our other simulations, on one
hand the PL and InV profiles were similar (rapid intake and fast elimination), and on the other hand SE
and ExV models provided similar profiles but different from the PL and InV models (longer
absorption). For each substance, the second and third trimester profiles were close and could differ
from the first trimester profile specially for the SE and ExV models. Indeed, in each case the first
trimester profile showed higher initial but lower final plasma concentration levels than with the two
other trimesters (except for DZP with the ExV model). For all models but the ExV one, the fetal
exposure is the highest at the end of the third trimester. For the ExV, the period of highest exposure is
the first trimester. In most cases, the shape of the pharmacokinetic profiles was rather similar between
the trimesters and only their magnitudes differed.
Sensitivity analysis
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The global sensitivity analyses identified the parameters to which the maximal concentration in the
fetal plasma (Cmaxfet) and the cumulative exposure in the fetal plasma, computed as the AUC (AUCfet)
are sensitive. As it could have been expected, the parameter driving the placental transfer (Kmp:fp) was
the most influential parameter towards fetal plasma exposure. Overall, the ranking of the parameters
did not differ significantly through the three trimesters. Cmaxfet was highly sensitive to three
parameters: the placental transfers (Kmp:fp), the metabolic clearance (CLmetc) and the rest of
body:plasma partition coefficient (PCr:p). To a lesser extent, the unbound fraction (fup) and the
absorption rate (kgutsabs) can impact Cmaxfet. AUCfet was highly sensitive to the placental transfers
(kmp:fp), the metabolic clearance (CLmetc) and the unbound fraction (fup). After these parameters, three
partition coefficients (adipose:plasma, placenta:plasma, and rest of the body:plasma) were identified.
The rankings of the parameters by the first order and total order indices were similar and significant
interactions were observed between the three most influential parameters (Figure S8 in the
Supplemental Material).
DISCUSSION
In this study, we developed a new pPBPK model for characterizing maternal and fetal exposure
through pregnancy, assessed its predictive capabilities associated to four placental transfer models and
analyzed their impacts on fetal dosimetry throughout pregnancy. All our results were obtained for
therapeutic substances with fast elimination kinetics due data availabilty.
The pPBPK model was able to adequately simulate the pharmacokinetics of the ten selected
compounds in non-pregnant and pregnant women after oral, intravenous bolus or infusion intakes. For
all compounds, the maternal model was parametrized using specific data or from previous PBPK
models in order to provide adequate predictions of the maternal pharmacokinetics. Regardless of the
placental transfer model included in the pPBPK model, the simulated maternal pharmacokinetic
profiles were similar along the whole pregnancy. In other words, the placental transfers did not affect
the pharmacokinetics in the mother. On the contrary, the fetal plasma pharmacokinetics varied highly
in shape and magnitude according to the placental transfer model at different periods of pregnancy.
Although general trends in the PK profiles can be identified according to the transfer model, it was not
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possible to identify a unique placental transfer model that showed undeniably the best predictive
results for the set of tested substances. The models showing the highest estimated transfer values (i.e.,
the InV and PL models) seemed better appropriate for predicting the fetal plasma concentration at
term. Indeed, the InV model showed the highest agreement with the data and can generate a variety of
different profiles. The fetal profiles simulated by the PL model followed the maternal
pharmacokinetics and were in all cases but one, the ones that predicted the highest fetal exposure. For
some substances, the PL profiles were not adequate and overpredicted the fetal exposure. The SE and
ExV models showed the lowest global performance and their profiles were generally flat a term, e.g.
the ExV model showed the lowest placental transfer constants for nevirapine, theophylline and
diazepam. For several compounds, their predictions underpredicted the actual pharmacokinetics.
Regarding the model performance in early pregnancy, no general conclusions could be drawn as very
few data were available. The SE model provided accurate predictions compared to the PL and InV
models for the three tested substances but these results could be affected by the uncertainty about the
sampling time in the fetus that was not reported in the original papers (S.-S. N. Siu, Chan, and Lau
2006; S.-S. Siu et al. 2005). We then assumed that the sampling occurred 15 minutes after the
sampling time in the mother. Because the drug‘s distribution to the fetus was fast with the PL and InV
models, any deviations in the sampling time could impact drastically the predicted concentrations in
fetus. In that respect, the predictions by the SE models are less subject to our assumption since the
predicted profiles were flat.
Chronic toxicity in offspring can either result from an acute fetal exposure, even single, during a
well-defined critical period within organogenesis as well as long-term exposure during the prenatal
life (Fragki et al. 2017). Therefore, the fetal concentration peak (Cmaxfet) and the cumulative exposure
(AUCfet) in plasma are both exposure metrics of particular interest. We assessed the impact of the four
models on these exposure metrics. Both Cmaxfet and AUC24fet were the closest between the transfer
models within the first trimester. During that period, AUC24fet varied only by 28% between the lowest
and the highest simulated values. Our results also showed similar rankings between the simulated
AUC24fet and Cmaxfet medians at every trimester (except for one substance in the first trimester). For all
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placental transfer models but ExV model, the AUC24fet tends to increase throughout pregnancy. The
growth in fetal plasma volume impacted the AUC24fet simulated with the ExV model more than with the
others, since in each model the simulated substance amount in the fetal plasma increased during
pregnancy. The pPBPK model was also assessed for its predictability of Cmaxfet at term. A higher
confidence could be attributed to the PL model predictions because its intervals were narrower than
the ones of the other models. Unfortunately, the fetal data were usually too sparse to compute the
observed AUCfet limiting the assessment of the models.
In this study, we extended the recent works of Mian et al. (2020) and Liu et al. (2020) that
performed a similar evaluation of three placental transfer models (all except the PL model) on a
reduced set of substances at the end of a full-term pregnancy (Mian et al. (2020) for acetaminophen
and Liu et al. (2020) for emtricitabine and acyclovir). Like highlighted in our results, the authors also
observed different trends among the three substances: for acetaminophen the shape of simulated fetal
profiles were similar between the models whereas for emtricitabine and acyclovir the fetal profiles
simulated with the semi-empirical model differed from the ones simulated with the ex vivo and in vitro
models. Another common point is that the models showing the highest placental transfer constant in
Liu et al. (2020) (i.e., ex vivo- and in vitro-based models) provided the most accurate predictions of
fetal plasma concentrations. In our study, we also assessed our model for emtricitabine. The maternalto-fetal transfer constant estimated with ex vivo data (17.5 mL/min) was close to the value used by Liu
et al. (18.8 mL/min). However, the pharmacokinetic profiles were quite different as Liu et al. (2020)
assumed a symmetrical transfer unlike in our study (i.e., fetal-to-maternal transfer constant was set to
1.6 mL/min). Therefore, our asymmetrical transfer assumption largely contributed to the accumulation
of emtricitabine in the fetal plasma. The asymmetry of the transfers through the placenta was modelled
for the ExV model as mother-to-fetus and fetus-to-mother transfers were determined experimentally.
Only four compounds were tested with various situations regarding the magnitudes of the transfers. In
all cases, the asymmetry in the transfers associated with the ExV model did not exhibit a higher
predictability compared to the three other models with symmetrical transfers. Nevertheless, this
asymmetry could be plausible for two compounds that could be ionized at a physiological pH.
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Theophylline is a weak base (one pKa equals to 8.6) and nevirapine is amphoteric (one pKa equals to
2.8). Because the fetal blood pH is lower in comparison to the maternal one, this could lead to the
trapping of weak bases in the fetus and inversely weak acids in the mother (Heikkinen et al. 2017).
The placental transfer constant is not the only model parameter driving the plasma fetal exposure.
For emtricitabine, the semi-empirical equation-based model in Liu et al. (2020) underpredicted the
observed fetal data when our analogous model described well the observed data with a lower placental
transfer constant estimated value (2.5 mL/min). The sensitivity analyses help in identifying the model
parameters that influence the fetal exposure, as done with our global sensitivity analysis and the local
one performed by Mian et al. (2020). In our study, we showed that the fetal concentration were
sensitive to the placental transfers together with some maternal parameters as the clearance and the
fraction unbound, whereas Mian et al. (2020) identified the placenta:plasma partition coefficient as an
influential parameter. Among the approaches tested here to parametrize the placental transfers, only
the ex vivo cotyledon perfusion experiment is designed to inform on the partitioning into the placenta
at term. Both sensitive analyses are complementary as the GSA helps in identifying the influential
parameters over a wide range of compounds whose characteristics are specified by the distributions
assigned to the model parameters whereas the local sensitive analysis focuses on a specific compound.
An additional critical point in selecting a placental transfer model is its ease of implementation, i.e.
the parameters‘ calibration. The models tested here require various levels of information, from no
specific data to dedicated experiments with fresh human tissues. The PL model does not need to be
calibrated for each substance since the placental transfers are limited by the blood flows. The SE
model only needs two physicochemical properties whose values are usually known: the molecular
weight (MW) and the logP. Unlike those models, the InV and ExV models require generating data on
the chemical permeability. The first one needs dedicated monolayer cell experiments to measure the
Papp whereas the ex vivo single-cotyledon perfusion experiment requires a fresh placenta. These two
models are then more demanding in terms of resources than the PL and SE models (Aengenheister et
al. 2018).
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The SE and InV approaches are both based on a reference substance, i.e., the transfer of the new
compound is computed based on the known transfer of the reference substance. If the equation used in
the first method cannot be modified easily for another reference compound, the InV approach allows
either to keep midazolam as the standard (Atoyebi et al. 2019) or to change for another compound
(Strikwold et al. 2017). In that latter case, the transfer constant of the new reference compound must
be calibrated using fetal cord blood data. In this work, we kept midazolam transfer as the reference
value for the InV model and used the reference value of the transfer provided by Zhang and Unadkat
(2017). Because that value could be impacted by the pPBPK model structure, it could be envisaged to
update this reference value by adjusting our pPBPK model to the fetal concentration of midazolam.
The use of another reference substance could be also considered in order to better match the physicoand biochemical properties of a chemical family of interest (e.g., hydrophilic compounds that
passively diffuse with transfer rates much lower than placental blood flows, substrates of active
transport enzymes expressed in the syncytiotrophoblast or persistent pollutants etc.).
Our study was based on publicly available data for the SE, InV and ExV approaches. Quantitative
structure/properties relationship publications have produced large databases of observed intestinal
Papp from monolayer Caco-2 cell culture (Pham-The et al. 2013; Broccatelli et al. 2016) and of
placental clearance index (or transfer index, fetal transfer ratio etc.) values from single-cotyledon
perfused experiments (Hewitt et al. 2007; Giaginis et al. 2009). Those databases were mainly built for
drug compounds and gathered studies from various laboratories which did not necessarily used
harmonized experimental protocols. For instance, the maternal-like and fetal-like transport media
composition can be variable (e.g., use of fetal bovine serum and lipids). In situation where proteins
and lipids were added in transport media to account for binding, the physiologic differences observed
between maternal and fetal blood content at term were not necessarily considered. This could impact
the experimental transfers for highly bound compound. Furthermore, those physiological equilibrium
are variable between stages of pregnancy. Although the Papp values are directly used in the InV
approach, the ExV model does not include the ex vivo summary indexes but a cotyledon transfer
constant estimated from the experimental concentrations collected in the maternal and fetal

24

Journal Pre-proof
compartments. In this study, we identified only four substances (THEO, DZP, EMTRI and NEVI)
which gathered the required level of information for estimating the cotyledon first-order constants and
extrapolating them to the placenta.
The ex vivo experiment is designed to mimic the placental transfers in the third trimester of
pregnancy or at term (Kovo and Golan 2008). Among the different models tested, the ExV one clearly
identifies the period to which the transfer constant is estimated whereas the transfers estimated by the
SE and InV approaches do not correspond to any specific period of pregnancy. To date, no approach
can represent the placental structure in the first trimester. The Caco-2 (and MDCK) cells brush-border
structure are comparable to the microvilli structure at the surface of the mature chorionic villi
(Crawley, Mooseker, and Tyska 2014). Although the transcellular diffusion of a substance through the
monolayer of the intestinal cells with tight-junctions might be close to the one through the
syncytiotrophoblast layer, efflux and influx active transporters expression at the apical or the
basolateral faces would be different. A placental cell line would be more representative such as the
primary trophoblast or the choriocarcinoma cells (BeWo, Jeg-3 and JAR cells) (F. Liu, Soares, and
Audus 1997). The latter display biochemical and morphological characteristics reported for invasive
trophoblast cells, but some functions remain altered since they are derived from placenta
choriocarcinoma. Those cells readily form tight-junctioned monolayer when cultured on semipermeable membrane. Such in vitro experiments had not been conducted for our test substances but
for other compounds. For instance, Strikwold et al. (2017) extrapolated placental transfer constants for
a rat pPBPK model from Papp values estimated with a BeWo cell system for a series of phenolic
compounds.
In every model, the rate of transfer was assumed to be maximal at the end of a full-term pregnancy.
In the placental diffusion-limited models, the placental exchange constants were extrapolated to other
periods of pregnancy according to the placental volume in the ExV approach, and to the
syncytiotrophoblast‘s surface and thickness in the two others. The evolution of the syncytiotrophoblast
thickness was assumed to be directly proportional to the one of trophoblast cells throughout
pregnancy. In the same way, the diffusion through the endothelium membrane in the stroma of fetal
25

Journal Pre-proof
chorionic villus was assumed to be not limiting in chemical transfer (Aengenheister et al. 2018).
However, extrapolation to other periods of pregnancy is challenging mainly because of the lack of
information on the placental transporters. To date, placental active transport was only included in
pPBPK models for manganese (Yoon et al. 2011) and for iodide/perchlorate (Lumen, Mattie, and
Fisher 2013; Clewell et al. 2003; 2007; Sweeney et al. 2009). Besides qualitative understanding of
human placental transporters ontogeny throughout pregnancy (Dallmann et al. 2019), quantitative
expression/activity information are still limited (Anoshchenko et al. 2020). In each model but the SE
model that describes per default only passive processes, the estimated transfer value was apparent
since it implicitly combined active and passive passage processes. The deconvolution of those two
would provide a better mechanistic understanding which would help in extrapolation to other periods
of pregnancy but also to other compounds (Dallmann, Pfister, et al. 2018).
The pPBPK model presented in this work is based on the pre-existing PBTK adult model
developed by US EPA and included in the R package httk (Pearce et al. 2017). US EPA has developed
this in silico tool to address toxicokinetic modelling for chemicals undergoing high-throughput
screening. We therefore chose to add a quite simple PBPK model for the fetus in order to be adapted
to this framework, i.e. easy to use and parametrizable using in vitro or in silico data. Some
simplifications about the fetal ADME processes were assumed mostly due to the lack of quantitative
data. For instance, the placenta is assumed to be the only source of uptake and elimination for the fetus
in our model. The model could be extended to account for the role of the liquid amniotic as several
studies have shown the exchanges of compounds between the fetus and the amniotic liquid via dermal
contact before the keratinization of the skin or via oral ingestion later in the pregnancy (Koutroulakis
et al. 2014; Chappuy et al. 2004). Some pPBPK models already included a compartment representing
the amniotic liquid (Loccisano et al. 2013; Verner et al. 2015; De Sousa Mendes et al. 2017;
Schalkwijk et al. 2018). De Sousa Mendes et al. (2017) and Schalkwijk et al. (2018) assessed the
impact of the amniotic fluid-fetal exchanges on the fetal dosimetry using sensitivity analyses for a
pPBPK model and showed that these exchanges had little influence on simulated fetal concentrations.
These results together with the interindividual variability and the uncertainty on the physiological
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parameters driving the exchanges between the fetus and the amniotic fluid, indicate that the modelling
of such exchanges might be taken into account only in the case where specific experimental data
support the role of the amniotic liquid in the pharmacokinetics of the compound of interest. Another
extension of the model could be the modelling of the active transport in the placenta or the metabolism
in the placenta and the fetus. The presence of transporter families in the placenta, such as ATP-binding
cassette (ABC) and solute carrier (SLC), has been demonstrated at different times of pregnancy
(Unadkat, Dahlin, and Vijay 2004; Walker et al. 2017). However, the paucity of quantitative data
currently available prevents a direct use in a PBPK model (Anoshchenko et al. 2020). Regarding
metabolism, several studies have shown the presence of phase I and phase II enzymes in the placenta
and the fetus and the evolution of their abundance throughout the pregnancy (Syme, Paxton, and
Keelan 2004; Saghir, Khan, and McCoy 2012; Bouazza et al. 2019). These two possible metabolic
pathways are still rarely included in pPBPK models unless they significantly impact the fetal
dosimetry. As an example, one can cite bisphenol A (BPA) whose glucuronide might contribute to the
fetal exposure to bioactive BPA, following its deconjugation into parent BPA in fetal tissues or in
placenta (Corbel et al. 2015; Sharma, Schuhmacher, and Kumar 2018). However, quantitative data
specific to the placenta and fetus are rarely available, leading to extrapolate their metabolic activities
from activities observed in adults (Sharma, Schuhmacher, and Kumar 2018).
Our pPBPK model belongs to non-animal alternative methods which could help in prioritization of
compounds for quantitative risk assessment issues. For instance, the pPBPK could transpose in vitro
toxicity doses into in vivo fetal internal doses (Louisse et al. 2010), refine associations found in
epidemiological studies between exposure and health outcomes (Verner et al. 2013), or to compare the
ranking of fetal dosimetry and their associated measured maternal levels from biomonitoring studies
(Brochot et al. 2019). Applying our pPBPK model in biomonitoring or epidemiological studies may
require some new developments to account for the nature of the biomarkers and of the exposure of the
populations. Our pPBPK model does not includes the toxicokinetic or elimination of the metabolites.
However, most of the non-persistent environmental pollutants (e.g., some plasticizers, pesticides etc.)
are not directly monitored in the blood, but in urine as metabolites (Saravanabhavan and Murray
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2012). The coupling of a metabolite elimination compartment or a full pPBPK model for the
metabolite(s) could be considered. Another extension could be the description of the dermal and the
inhalation routes to account for aggregate exposures.
CONCLUSION
The current study reports the development and the assessment of a generic pPBPK model whose
placental transfers are parameterized from non-animal methods based on in vitro, ex vivo, and in silico
tools. Our model aims at predicting the fetal internal dose in target tissues throughout pregnancy. The
four tested transfer models did not impact the maternal pharmacokinetics but provided different
pharmacokinetic profiles in the fetus. None of the tested models showed the best predictive
performance related to fetal exposure for the ten tested drugs. Two models (PL and InV) exhibited a
good performance, and the other two models a relatively poor performance on the tested substances at
term. Regarding early pregnancy, the models calibrated with a slow distribution to the fetus better
match the observations. The comparison of the profiles by the four models at the three trimesters of
pregnancy provided mixed results and highlighted the differences between the placental transfer
models. Finally, the four transfer models could be considered depending on the framework of the use
of the pPBPK model and the availability of data or resources to inform their parametrization. Such
modelling tool could help to better characterize the fetal exposure in prenatal exposome studies.
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FIGURES

Figure 1: Schematic representation of the pPBPK model. Blue arrows represent the
administration sites, green arrows the elimination pathways, and grey arrows the placental
passive diffusion.
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Figure 2: Plasma concentration-time profiles of the ten substances in pregnant women at term.
The black dots stand for the measured concentrations, and the solid lines for the predicted mean
plasma concentration according to the four placental transfer models: SE model in orange; InV
model in red; PL model in green; ExV model in blue. See Table 1 for the posology and Figure S4
for semi-logarithmic plots.
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Figure 3: Umbilical cord plasma concentration-time profiles of the ten tested substances. The
black dots stand for the measured concentrations. The solid lines represent the predicted mean
plasma concentration according to the four placental transfer models: SE model in orange; InV
model in red; PL model in green; ExV model in blue. See Table 1 for the posology and Figure S5
for semi-logarithmic plots.
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Figure 4: Goodness-of-fit plot for the fetal plasma concentrations. The panels stand for the four
placental transfer models (SE model in top left, InV model in top right, PL model in bottom left
and ExV model in bottom right). The solid line indicates the line of identity and the dashed lines
the three-fold and the ten-fold error ranges.

40

Journal Pre-proof

Figure 5: Boxplots of the simulated ratios between the total concentration in fetus and the
maternal plasma concentration, together with the data during the first trimester of pregnancy.
10,000 Monte Carlo simulations were performed with the pPBPK with the SE (orange), InV
(red) and PL (green) models. The dark blue squares stand for the median observed ratios and
the light blue circles for the associated IQR.

Figure 6: Simulated (lines) and oberved (circles) cefuroxime concentration-time profiles in
maternal plasma (left window) and venous umbilical cord plasma (right window) in early third
trimester after the intravenous administration of 1,500mg three times a day predicted by the SE
(orange), InV (red) and PL (green) models. The shaded area indicates the predicted 95th
confidence interval. The solid lines stand for the MC simulated median profiles and the dotted
lines delimit the intervals of uncertainty for each model.
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Figure 7: Predicted fetal plasma concentrations of THEO, NEVI and DZP after an oral
administration of 160, 200, and 10 mg, respectively, to the mother at the end of the three
trimesters of pregnancy. The simulations were conducted with the SE, InV, PL and ExV models.
Only the median profiles obtained from the Monte Carlo simulations are presented. The solid
lines are used for the first trimester profiles, the dashed lines for the second trimester and the
dotted lines for the third trimester.
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TABLES
Table 1: Summary of the experimental studies used for the pPBPK model evaluation at the end of pregnancy

Compound No. of women BW (kg) FW (weeks)

Admin. Dose (mg)

Dosing

Reference

MDZ

11

69

36-39α

PO

15

SD

(Kanto et al. 1983)

THEO

10

72.7

38

PO

160

MD

(Ron et al. 1984)

ZIDO

26

-β

8.6

PO

200

MD

(S.-S. Siu et al. 2005)

7

60-110γ

36-39α

PO/Inf

200/140

MD

(O‘Sullivan et al. 1993)

NEVI

38

58.3

37

PO

200

SD

(Benaboud et al. 2011)

EMTRI

38

58.3

37

PO

400

SD

(Hirt et al. 2009)

LAMI

123

73.5

36

PO

300

MD

(Benaboud et al. 2012)

OND

41

55.2

8.5

PO

8

MD

(S.-S. N. Siu, Chan, and Lau 2006)

10

80.7

37

IV

4

SD

(Elkomy et al. 2015)

DZP

-

72.3η

38α

IV

10

SD

MNZ

10

57.7

6.8

Inf

500

SD

16

-β

38α

Inf

500

SD

(Visser and Hundt 1984)

9

70.9

28.2

IV

1500

MD

(De Leeuw et al. 1993)

7

74

39

IV

750

SD

(Philipson and Stiernstedt 1982)

CEFU

(Mandelli et al. 1975; Moore and
McBride 1978; Ridd et al. 1989)
(Karhunen 1984)

SD: single dose; MD: multiple doses; IV: intravenous; PO: per os; Inf: infusion; αdefault value; βBW0 set as 60kg (default value) in the model; γBW set as 70kg
(Zhang and Unadkat 2017) in the model; ηtaken from Ridd et al. (1989).
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Table 2: Values of the compound-specific parameters of the pPBPK model for the ten compounds of our study.

MDZ

kgutabs (h- F
1
)
4
0.51α

THEO

1

ZIDO

Compound

fu

Rbp

CLmet (L/h/kg)

0.032 0.66

20.76a

CLrc
(L/h)
0.085*

CLsysc
(L/h)
-

Reference

0.97α

0.58

0.82

0.044b

0.45*

-

(Zhang and Unadkat 2017)

4.05

0.83α

0.8

0.91

0.41b

15.5*

52.8

(Zhang and Unadkat 2017)

NEVI

0.67

0.60β

0.4

1.04

0.054a

0.07

-

(De Sousa Mendes et al. 2017)

EMTRI

0.271

0.93

0.96

1

0.096a

13

-

(De Sousa Mendes et al. 2016)

LAMI

1.042

0.85

0.84

1.5

0.162a

16.8

-

(De Sousa Mendes et al. 2015)

OND

1.05

1

0.27

1.16

1.55a,c

FGFR

-

DZP

-

-

0.02

0.59

3.88a,c

FGFR

-

(Dallmann, Ince, et al. 2018)
(Hsyu et al. (1994)
(Dallmann, Ince, et al. 2018)

MNZ

-

-

0.89

0.82

0.056a,c

0.49

-

(Dallmann, Ince, et al. 2018)

CEFU

-

-

0.67

0.78

-

11.9

-

(Zhang and Unadkat 2017)

(Dallmann, Ince, Solodenko, et
al. 2017)
1
2
Set as 50% of the published value based on visual fitting. Estimated with non-pregnant and pregnant women mixed data. αProduct of the fraction absorbed
and the fraction escaping gut metabolism. βSet as 50% of the published value based on visual fitting. aCalculated with the well-stirred liver model using an
hepatic plasma flow of 53.91 L/h for a 60 kg woman. bThe intrinsic hepatic unbound clearance was corrected by fup and scaled to a 60 kg woman. cCLiv was
computed as Dose/AUC observed for a non-pregnant woman. *CLrc not scaled to FGFR variations.
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Table 3: Values of the placental transfer-specific parameters of the pPBPK model for the ten compounds of our study. For six compounds, no values
for kdmp:fp and kdfp:mp (ExV model) were available. For the InV model, no Papp values for EMTRI were available.
Compound
MDZ

ZIDO

EMTRI

OND

DZP

Parameter
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)

Value
2.24
286.8
489.9
1.31
267.2
212.4
1.16
230.25
0.00724
0.00132
2.08
293
1100
2.76
263

Reference
(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)

Compound
THEO

(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)

NEVI

(De Sousa Mendes et al. 2016)
(De Sousa Mendes et al. 2016)

LAMI

Papp (nm.s-1)

639

kdmp:fp (min-1)

0.0188

kdfp:mp (min-1)

0.00008

(Yazdanian et al. 1998; Yee
1997; Thomas et al. 2008;
Stenberg et al. 2001; Garberg
et al. 2005; Neuhaus et al.
2006)
(Myllynen and Vähäkangas
2002
(Myllynen and Vähäkangas
2002

(De Sousa Mendes et al. 2016)
(De Sousa Mendes et al. 2016)
MNZ
(Dallmann, Ince, et al. 2018)
(Irvine et al. 1999)

CEFU
(Dallmann, Ince, et al. 2018)

Parameter
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)
Papp (nm.s-1)
kdmp:fp (min-1)
kdfp:mp (min-1)
logMA
MWeff (g.mol-1)

Value
1.28
180.2
335.5
0.00094
0.00153
1.88
266
301
0.00128
0.00106
1.04
229
12
1.28
171
481
1.30
424

Papp (nm.s-1)

4.95

kdmp:fp (min-1)

-

kdfp:mp (min-1)

-

Reference
(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)
(Zhang and Unadkat 2017)
(Omarini et al. 1993)
(Omarini et al. 1993)
(De Sousa Mendes et al. 2017)
(De Sousa Mendes et al. 2017)
(Yazdanian et al. 1998)
(De Sousa Mendes et al. 2017)
(De Sousa Mendes et al. 2017)
(Benaboud et al. 2012)
(de Souza et al. 2009)

(Dallmann, Ince, et al. 2018)
(Cherian et al. 2015)

(Dallmann, Ince, Solodenko, et
al. 2017)
(Saitoh et al. 2004)
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Table 4: Maximum maternal plasma concentrations (Cmax) at the corresponding time (Tmax) predicted by the perfusion-limited model for the
placental transfers (PL model). The predictions correspond to the central value obtained by a deterministic simulation and the 95% interval of
confidence obtained with the MC simulations. The relative error compared to the observed value is also given in percent.

Compound
MDZ
THEO
ZIDO
NEVI
EMTRI
LAMI

Cmax (mg/L)
Obs
Pred (RE(%))
0.038
0.038 [0.008 – 0.103] (0)
12.26
13.15 [5.17 – 55.53] (7.2)
0.72
1.35 [0.92 – 4.65] (87.5)
2.94
2.75 [1.01 – 9.61] (-6.5)
3.61
2.86 [0.85 – 17.66] (-20.8)
2.15
2.22 [0.97 – 10.94] (3.2)

Tmax (h)
Obs
Pred (RE(%))
0.5
0.52 [0.17 – 1.83] (4)
3
1.75 [0.67 – 4.67] (-41.7)
0.93
0.98 [0.83 - 1] (5.4)
3.8
3.65 [1 – 12.83] (-3.9)
0.96
1.65 [1 – 5.33] (71.9)
4.29
1.15 [0.5 – 3.5] (-73.2)
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Table 5: Predictions of the maximum fetal plasma concentration (Cmaxfet) at the corresponding time (Tmaxfet) according to the four placental
transfer models. The observations and the predicted median value are reported together with the 95% confidence interval.

Compound
Cmaxfet
MDZ
THEO
ZIDO
NEVI
EMTRI
LAMI
OND
DZP
MNZ
CEFU
Tmaxfet
MDZ
THEO
ZIDO
NEVI
EMTRI
LAMI
OND
DZP
MNZ
CEFU

Obs

SE model

InV model

PL model

ExV model

0.030
13.01
0.59
2.94
1.38
1.31
0.016
0.43
19.7
17

0.0002 [2.8 E-6;0.015]
12.06 [3.43;50.42]
0.17 [0.016;1.07]
1.68 [0.06;6.55]
0.90 [0.16;7.44]
0.46 [0.22;3.66]
0.0013 [2.4 E-5;0.026]
0.04 [2.4 E-4;0.44]
9.37 [3.13;48.56]
0.12 [0.006;0.23]

0.0049 [7.85 E-4;0.02]
13.10 [4.99;58.15]
0.77 [0.45;3.34]
2.78 [0.97 - 10.14]
0.72 [0.3;4.32]
0.021 [8.17 E;7;0.027]
0.09 [0.02;0.28]
13.85 [0.05;46.63]
2.66 [0.48;9.78]

0.023 [0.005;0.075]
13.09 [5.13;58.72]
1.08 [0.74;4.53]
2.75 [1;10.59]
2.84 [0.86;18.93]
2.20 [0.94;11.61]
0.04 [0.02;0.08]
0.46 [0.26;0.99]
15.38 [10.97;76.42]
28.47 [16.88;53.81]

8.94 [0.99;41.45]
1.32 [0.12;3.97]
5.21 [0.82;35.96]
0.0084 [4.7 E-4;0.02]
-

0.75
3
0.93
3.8
4.2
1.55
0.63
0.1
0.25
1.6

> 12
4[2;24]
2.68 [1.0;23.5]
> 12
6.8 [2.67; 24]
5.25[2.67; 1]
> 12
> 12
3.68 [0.66;14.67]
11.35 [5; 24]

4.75 [1.33;18.67]
2.35 [1.5;6.33]
1.03 [1.00;2.67]
4.2 [1.83; 15.5]
4.35 [2.67; 9.5]
0.95 [0.33; 24]
1.68 [0.5; 24]
1.2 [0.33; 24]
5.1 [2; 24]

0.98 [0.5;4.17]
2 [1.17; 5]
1.02 [1.00;1.02]
3.77 [1.33;13.17]
1.77 [1.17;5.33]
1.3 [0.67;3.67]
0.083 [0.03;0.52]
0.033 [0.03;0.13]
0.35 [0.35;1.25]
0.18 [0.03;0.87]

> 12
> 12
5.72 [3.67;19.17]
> 12
-
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Table 6: Maximal concentration in fetal plasma (Cmaxfet) and the area under the curve 24h after the administration(AUC24fet) predicted by the SE,
InV, PL and ExV models following a maternal exposure to THEO (160 mg per os), NEVI (200 mg per os) and DZP (10 mg per os). The median values
are given at each trimester. The Kmp:fp (and Kfp:mp for the ExV model) values are given for each model.
T1
Compound

THEO

NEVI

DZP

Model

T2

T3

Kmp:fp

AUC24fet

Cmaxfet

Kmp:fp

AUC24fet

Cmaxfet

Kmp:fp

AUC24fet

Cmaxfet

(mL/min)

(mg.h/L)

(mg/L)

(mL/min)

(mg.h/L)

(mg/L)

(mL/min)

(mg.h/L)

(mg/L)

SE

2

2540

2.95

7.2

2747

2.47

14.6

3013

2.54

InV

25.2

2612

4.02

89.6

3238

3.83

181.7

3777

4.16

PL

-

2615

4.14

-

3265

4.44

-

3830

4.72

ExV

0.4 α

2920

2.61

1.4 α

1968

1.64

2.3 α

1579

1.43

SE

0.8

1732

1.63

2.8

1598

1.29

5.6

1619

1.26

InV

22.6

1968

3.69

80.4

2328

3.05

163

2706

3.19

PL

-

1973

3.91

-

2348

4.40

-

2742

4.91

ExV

0.5 β

1849

1.74

2β

1632

1.34

3.2 β

1364

1.15

SE

6.3

34

0.04

22.6

42

0.03

45.7

48

0.04

InV

48

44

0.11

170.7

70

0.08

346

91

0.08

PL

-

45

0.19

-

78

0.31

-

112

0.40

ExV

7.1 γ

29

0.03

28.9 γ

11

0.01

46.9 γ

7

0.01

α

Kfp:mp = 0.3 (T1), 1.2 (T2), 1.9 (T3) mL/min; βKfp:mp = 0.5 (T1), 2 (T2), 3.3 (T3) mL/min; γKfp:mp = 0.02 (T1), 0.06 (T2), 0.1 (T3) mL/min.
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Graphical abstract: Workflow of the pPBPK model development and placental transfer models evaluation.
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We developed a pPBPK model for human and assessed its predictions on 10 compounds
Four placental transfer models were tested and calibrated with non-animal methods
The four transfer models provided different pharmacokinetic profiles in the fetus
In late pregnancy, models with rapid diffusion to the fetus had the best performance
All models but one predicted the highest fetal exposure at the end of pregnancy

53

