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 A B S T R A C T

The human toxicological risk assessment of per- and polyfluoroalkyl substances (PFAS) is challenging, due to 
their sheer number and structural diversity, but also the paucity of the toxicity data required to characterize 
them. The development of Next Generation Physiologically Based Kinetic (NG-PBK) models may assist in 
overcoming this challenge. The mechanistic nature of NG-PBK models allows for their extrapolation from 
data-rich PFAS, such as perfluorooctanoic acid (PFOA), to data-poor ones, facilitating their application in 
Next Generation Risk Assessment (NGRA). The present study proposes a NG-PBK model for PFOA in humans, 
parametrized exclusively using in vitro-, and in silico-derived data. The model describes the toxicokinetic 
processes of 1) partitioning to plasma and tissue proteins, 2) partitioning to cell membrane lipids, 3a) 
transporter-mediated entero-hepatic circulation and 3b) renal elimination and reabsorption, and 4) elimination 
via menstruation. Global sensitivity analysis indicated that the model was most sensitive to the fraction 
unbound in plasma, active-transport parameters, and tissue-plasma partition coefficients. The model was 
equivalent to already available validated human PFOA-PBK models, while compared to those, it is not 
calibrated to observed animal, nor human data, illustrating its strength in being mechanistic. The serum 
concentrations and half-lives predicted by the NG-PBK model were within the ranges of those reported in 
human volunteer and biomonitoring (HBM) studies, demonstrating the model’s capacity to accurately predict 
PFOA toxicokinetics on exposure estimates. Extrapolation of the NG-PBK model to other PFAS, in conjunction 
with its integration with HBM data, will facilitate the NGRA of PFAS. This is particularly relevant given the 
paucity of in vivo data for most PFAS, ensuring compliance with the 3R principles.
1. Introduction

Human exposure to per- and polyfluoroalkyl substances (PFAS), a 
class of thousands of prevalent environmental pollutants of anthro-
pogenic nature, poses a risk to human health. The increasing evidence 
that PFAS exposure is associated with adverse health effects has led to 
the regulation of legacy PFAS, including perfluorooctanoic acid (PFOA), 
perfluorooctane sulfonic acid (PFOS), perfluorononanoic acid (PFNA) 
and perfluorohexane sulfonic acid (PFHxS), but also the increase in 
production and emission of alternative and precursor PFAS. To this 
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date, legacy PFAS and more than 40 PFAS alternatives and precursors 
have been detected in human blood matrices in human biomonitoring 
(HBM) studies (Borghese et al., 2024; Schultz et al., 2023). Conse-
quently, the whole PFAS class poses a potential risk to human health 
and hence, is a priority in human toxicological risk assessment (Rosato 
et al., 2022; Fenton et al., 2020). Humans are exposed to PFAS mainly 
through ingestion, although dermal absorption and inhalation also 
occur (Richterová et al., 2023; Bil et al., 2022; Sunderland et al., 2018; 
Poothong et al., 2020).
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Exposure to PFAS has been associated with adverse health effects, 
including immunosuppression (Crawford et al., 2023; Hong et al., 2025; 
Huang et al., 2024; Abraham et al., 2020), cardiovascular, metabolic, 
endocrine, reproductive and developmental toxicity, diseases of the 
nervous system (Radke et al., 2022; Shirke et al., 2024), and cancer 
(Biggeri et al., 2024; Li et al., 2025). The risk of developing adverse 
health effects not only depends on the hazardous properties of PFAS, 
but also on their toxicokinetics in the human body, i.e., absorption, 
distribution, metabolism and elimination. Toxicokinetic processes drive 
the relationship between external and internal exposure in different 
body parts, including the systemic blood circulation and target tis-
sue(s) of toxicity. Integration of HBM, toxicokinetics and toxicity data 
increases the weight of evidence used for their toxicological risk as-
sessment. PFAS risk assessment following the traditional one-by-one, 
laboratory animal-based, toxicity testing approach is challenging due 
to the sheer number (> 4700 OECD, 2021b) of PFAS.

A potential solution to this challenge lies in the implementation of 
the Next Generation Risk Assessment (NGRA) framework. NGRA does 
not rely on laboratory animal tests but promotes the application of new 
approach methodologies (NAMs), in a tiered approach. NAMs aim to 
provide a mechanistic understanding of the toxicity and toxicokinetics, 
while being high-throughput and alternatives to animal testing (Dent 
et al., 2018; Paini et al., 2021a,b). For instance, mechanistic NAM 
studies demonstrated that the toxicokinetics of PFAS are driven by their 
binding to plasma proteins and cell-membrane phospholipids (Fischer 
et al., 2025; Allendorf et al., 2020; Zhao et al., 2023). The capacity of 
PFAS to occupy the binding cavity of proteins, as well as their affinity 
to cell-membrane phospholipids, are both influenced by the number 
of per-fluorinated carbons (npc), and their functional group. The un-
derstanding of these toxicokinetic properties, and structure–property 
relationships, obtained via NAMs, can facilitate the hazard charac-
terization of PFAS, thus circumventing the necessity for one-by-one 
laboratory animal tests.

One of these NAMs is physiologically-based kinetic (PBK) modelling. 
PBK models are mathematical models that simulate the fate of a chem-
ical in an organism, based on the physicochemical and biochemical 
properties of the chemical and the physiology of the organism stud-
ied. Several human-PBK models are available for a limited number 
of PFAS, mainly PFOA and PFOS, but they were generally calibrated 
to in vivo toxicokinetic data Loccisano et al. (2011), EFSA (2020), 
Cheng and Ng (2017), Lin et al. (2023), Ratier et al. (2024), Husøy 
et al. (2023), Karakoltzidis et al. (2025). Calibration of these models 
to in vivo data was necessary in order to correct for discrepancies 
between predicted and observed toxicokinetic properties/profiles (max-
imum concentration (Cmax), area under the concentration–time curve 
(AUC), half-life). These discrepancies may be attributed to a poor, or 
incomplete depiction of key biokinetic processes, such as transporter 
mediated uptake and elimination in the liver and kidney and binding 
to tissue constituents, both of which influence the biodistribution of 
PFAS. A consequence of calibrating/fitting, is that extrapolation of 
these traditional PBK models to other PFAS congeners requires the 
calibration of each model on congener-specific in vivo data.

A way forward might be the development of next generation PBK 
(NG-PBK) models. The structure of NG-PBK models is informed by 
the knowledge of the chemical-specific biokinetic mechanisms (such 
as protein-binding, metabolism, active transport) obtained from NAM 
data (OECD, 2021a). By being mechanistic, these models provide a 
physiologically and biologically plausible explanation of the toxicoki-
netic behaviour of a chemical, therefore overcoming the need of cali-
bration to animal or human data (Paini et al., 2019). For instance, by 
refining the structure of a generic PBK model to include transporter-
mediated cellular uptake and elimination of benzophenone-4 in the 
liver and kidney, Punt et al. (2025) was able to predict relevant internal 
concentrations of the chemical used in its NGRA, without the use of any 
animal data.
2 
In this study, we aim to develop a mechanistic NG-PBK model that 
builds on recent advancements in our understanding of membrane, 
lipid, and protein binding kinetics of PFAS, combined with human 
physiology. For the development of the NG-PBK model, we focused 
on PFOA as a proof of concept, but the model can also be applied to 
other PFAS with similar structural properties in the future, including 
those lacking in vivo kinetic information (Thompson et al., 2024). 
We first developed the modelling framework and upscaled essential 
toxicokinetic parameter values obtained using NAMs to humans. We 
then evaluated the developed PBK model against HBM data spanning 
daily intakes, age-groups, and exposure routes by comparing predicted 
PFOA plasma concentrations after oral and dermal exposure over a 
whole lifetime to observed plasma concentrations (Ratier et al., 2024; 
Johanson et al., 2023; Olsen et al., 2007).

To facilitate the regulatory acceptance of the developed NG-PBK 
model as suggested by experts and regulatory agencies (Paini et al., 
2021b,a), we followed the OECD guidance document, which incorpo-
rates the scientific workflow for characterizing, validating and evalu-
ating PBK models, including the model’s goodness-of-fit and sensitivity 
analyses (OECD, 2021a). Lastly, we demonstrated how the incorpora-
tion of physiological data can explain the high inter-individual vari-
ability in PFOA serum concentration, and half-life observed in HBM 
studies. We made our PBK tool open access to facilitate its extrapolation 
to other PFAS: (Pachoulide, 2025).

2. Theoretical toxicokinetic basis for the NG-PBK model develop-
ment

This study proposes a NG-PBK model that mechanistically incorpo-
rated the toxicokinetic processes specific to PFAS based on in vitro and 
in silico data, including: (1) partitioning to plasma and tissue proteins 
(Fischer et al., 2024; Ryu et al., 2024; Allendorf et al., 2019, 2020), 
(2) partitioning to cell membrane lipids (Ebert et al., 2020; Allendorf 
et al., 2020), and (3) the transporter-mediated processes of entero-
hepatic circulation (EHC) and renal elimination and reabsorption (RER) 
(Kimura et al., 2017; Janssen et al., 2024; Lin et al., 2023). In addition, 
we added elimination via menstruation (Wu et al., 2015; Upson et al., 
2022) as an excretion pathway of PFAS in women.

2.1. Partitioning to plasma and tissue proteins

PFOA is assumed to be distributed within the organism based on two 
factors: plasma perfusion rate of each tissue, and sorption of PFOA to 
tissue constituents. In blood, PFOA does not partition to red blood cells, 
but mostly binds to plasma proteins (Ehresman et al., 2007; Fischer 
et al., 2024). In plasma, PFOA has a high affinity to albumin and to a 
lesser extent to globulins (Fischer et al., 2024; Ryu et al., 2024; Smeltz 
et al., 2023). Since PFOA is bound to plasma proteins, plasma loss 
due to menstrual bleeding contributes to the excretion of PFOA (Wu 
et al., 2015; Upson et al., 2022). The amount of PFOA available in the 
systemic plasma circulation, is free to be distributed to different tissues, 
based on its tissue to plasma partition coefficients (𝐾𝑇𝑖∕𝑃 ).

2.2. Partitioning to tissue constituents

Distribution of PFOA to tissue constituents is driven by its sorption 
affinity to each respective constituent and its fractional volume (Utsey 
et al., 2020; Allendorf et al., 2020), while excretion of PFOA from 
the tissue depends on the freely available fraction of PFOA in water 
(fraction unbound (fu)) (Figure S3). Thus, tissue-to-plasma partition 
coefficients are estimated by describing each tissue as a combination 
of the fractional volumes of neutral (storage) lipids, membrane lipids, 
albumin, structural proteins, fatty acid binding proteins (FABP) and 
water. Previous studies experimentally determined the sorption affini-
ties of PFOA to these constituents (Ebert et al., 2020; Allendorf et al., 
2019, 2020), showing that PFOA exhibited the highest affinity for 
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Fig. 1. A graphical illustration of (A) intestinal absorption and enterohepatic circulation processes, and (B) renal excretion and re-absorption of PFOA, as 
mechanistically applied in the NG-PBK model. Arrows indicate the directions of PFOA mass transfer. (A) PFOA is absorbed in the enterocytes by both passive 
diffusion and active transport via OATP2B1. PFOA in the intestinal venous plasma follows the portal plasma flow to the extracellular space of the liver, where 
it is transported to the hepatocytes via OATP1B1 and OATP1B3. From the hepatocytes, PFOA is either transported to the systemic circulation, or secreted to the 
bile by BSEP followed by the transport to the intestinal lumen. (B) PFOA reaching the kidneys is filtrated by the glomeruli to the primary urine in the proximal 
tubule lumen, from where it is either excreted via the urine, or reabsorbed to the proximal tubule cells via the OAT4 transporter. From the proximal tubule cells, 
PFOA reaches the kidney venous plasma and thereafter systemic circulation. An overarching principle is that only the fu of PFOA passes through the different 
membranes, is actively transported, or filtrated by the glomeruli. We assumed an instant chemical equilibrium between the venous plasma and the extracellular 
space of the intestine and kidney, as well as the interstitium and the vascular space of the liver.
albumin, FABP and membrane lipids, followed by a lower affinity for 
structural proteins, and a low affinity for storage lipids (Figure S4). 
This finding suggested that PFOA tends to accumulate in organs such 
as the skin, kidneys, adipose and liver which exhibit higher albumin 
and/or membrane lipid content compared to other tissues (see Table 
S1) (Allendorf et al., 2020; Utsey et al., 2020).

2.3. Transporter-mediated processes

Lungs, liver, and kidney human autopsy samples had indeed the 
highest PFOA concentrations compared with other organs (Nielsen 
et al., 2023). Nonetheless, the 𝐾𝑇𝑖∕𝑃  and high perfusion of these tissues 
alone could not explain the high measured PFOA concentrations and 
contradict the low concentrations in the brain, suggesting that active 
transport could enhance the distribution of PFOA in perfusion-rich 
organs and limit its distribution to the brain (Nielsen et al., 2023). 
Multiple in vitro and in silico studies investigated the affinities of PFOA 
to different active transporters (Figure S8) that potentially contribute 
to the absorption and/or elimination of PFOA in humans (Louisse et al., 
2022, 2024; Ryu et al., 2024; Vujic et al., 2024; Cao et al., 2022; Niu 
et al., 2023; Tiburtini et al., 2024; Zhao et al., 2023; Lin et al., 2023; 
Kimura et al., 2017; Yang et al., 2010). Figure S8 illustrates all known 
3 
apical and basolateral transporters found to potentially contribute to 
the uptake in, or efflux out from enterocytes, hepatocytes, and proximal 
tubule cells.

2.3.1. Transporter-mediated entero-hepatic circulation
Molecular docking studies suggested that PFOA mimics bile acids 

(such as taurocholate) and could undergo enterohepatic circulation via 
the same transporters (i.e., sodium/bile acid co-transporter (NTCP), 
apical sodium dependent bile acid transporter (ASBT ), bile acid export 
pump (BSEP)) (Cao et al., 2022). However, to date, only the PFOA 
transport by NTCP was studied in vitro, by Lin et al. (2023), who re-
ported a low affinity of PFOA towards the transporter. Lin et al. further 
demonstrated that both organic anion transporting proteins (OATPs) 
1B1 (OATP1B1) and 1B3 (OATP1B3) increased the hepatic uptake of 
PFOA in vitro. It is therefore more likely that basolateral OATP1B1
and OATP1B3, and not NTCP, contribute to the uptake of PFOA to 
the hepatocytes. Similarly, PFOA uptake in enterocytes was shown to 
be mediated by OATP transporters, and more specifically OATP2B1
(Kimura et al., 2017; Lin et al., 2023). To the best of our knowledge, 
there are no in vitro studies that investigated the excretion of PFOA 
from hepatocytes to bile. Nonetheless, biliary excretion is primarily 
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driven by active transport in humans, hence it is assumed that this is 
mediated by BSEP (Dawson et al., 2006).

2.3.2. Transporter-mediated renal elimination and reabsorption
Renal excretion of PFOA is influenced by glomerular filtration (GF) 

and active transport via apical and basolateral organic anion trans-
porters (OATs) responsible for reabsorption (RER) to the systemic 
circulation. GF is a physical process influenced by the difference in the 
hydraulic pressure between the glomerular capillaries and the glomeru-
lar space (ICRP, 2002). The PFOA amount filtered from the glomerular 
capillaries is limited by the fu in plasma. Upon disposition of PFOA to 
the primary urine, or the efferent arteries (plasma leaving the glomeru-
lus), a fraction of PFOA can be taken up to the proximal tubule cells by
OAT4 and URAT1, and OAT1 and OAT3, respectively, as demonstrated in 
vitro studies (Louisse et al., 2024; Lin et al., 2023; Louisse et al., 2022). 
From all these transporters, OAT4 could be the major renal transporter, 
due to both the highest affinity of PFOA towards the transporter, and 
the higher fu of PFOA in primary urine compared to plasma given 
the differences in albumin concentrations (Tojo and Kinugasa, 2012). 
Consequently, PFOA reabsorption via OAT4 could be contributing to 
the long half-life of PFOA in humans (Louisse et al., 2024).

Overall, it can be concluded that both the EHC and RER of PFOA 
are active transport mediated. Fig.  1 illustrates the mechanisms that 
are described in the NG-PBK model presented in this study. To best 
account for these mechanisms in the NG-PBK model, the final model 
included the plasma, intestinal, liver, kidney, and adipose tissues with 
or without a skin compartment depending on the exposure route. Ar-
terial and venous blood were lumped into a single homogeneous blood 
compartment, because heart was not an explicitly modelled organ (Li 
and Zhang, 2023). Additionally, we assumed that plasma and not blood 
was the main circulatory system, because PFOA is only distributed in 
the plasma fraction of blood (Ehresman et al., 2007; Fischer et al., 
2024). Lastly, it was assumed that plasma and serum concentrations 
were equal, because serum to plasma ratios of PFOA were found to be 
1:1 (Ehresman et al., 2007).

A representation of the model structure is given in Fig.  2 and the 
model code is available in GitHub (Pachoulide, 2025).

3. Materials and methods

3.1. General workflow

The mechanistic PBK model for simulating PFOA toxicokinetics in 
humans was developed with the aim of facilitating the extrapolation 
to other PFAS, using in vitro and in silico derived parameters. To 
this end, the model structure was constructed based on up-to-date 
knowledge of the processes driving the toxicokinetics of PFOA, as 
described in Section 2 and the supplementary materials. The model was 
subsequently translated into mathematical equations and parametrized 
using in vitro derived parameters for PFOA. The model was evaluated 
in two steps, by goodness-of-fit comparisons and by global sensitivity 
analysis (GSA).

3.2. PBK model equations

The PBK model consists of a series of mass balance differential equa-
tions simulating temporal changes in PFOA amounts in the different 
tissues. Detailed description of the equations in each organ can be found 
in the supplementary information.

The general equation for calculating the change in the amount of 
PFOA in an organ is 𝐴𝑇𝑖  in μg∕day, as Eq.  (1) and Eq.  (2): 

𝑑𝐴𝑇𝑖∕𝑑𝑡 = 𝑄𝑇𝑖 (𝐶𝑃 − 𝐶𝑉𝑇𝑖 ) (1)

𝐶𝑉 = 𝐶 ∕𝐾 (2)
𝑇𝑖 𝑇𝑖 𝑇𝑖∕𝑃

4 
Fig. 2. A schematic representation of the NG-PBK PBK model for PFOA for 
both oral and dermal exposure. Rest refers to all other tissues that were not 
explicitly modelled. The black solid arrows represent the plasma flow, the 
dotted arrows a physiological flow, and the dashed arrows represent an active 
process. In green is represented the skin uptake, in yellow the enterohepatic 
circulation, in purple the renal excretion and re-absorption and in blue the 
menstrual clearance. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

Where 𝑄𝑇𝑖  is the tissue plasma flow rate in 𝐿∕day, 𝐶𝑃  and 𝐶𝑉𝑇𝑖  are 
the PFOA plasma concentration entering the tissue and that in the 
venous plasma leaving the tissue, respectively in μg∕𝐿, and 𝐾𝑇𝑖∕𝑃  is 
the tissue:plasma partition coefficient.

Eq.  (3) was used to calculate PFOA tissue-plasma partition coeffi-
cients. 
𝐾𝑇𝑖∕𝑃 = (𝑓𝑤𝑇𝑖

+ 𝑓𝑚𝐿𝑇𝑖
𝐾𝑚𝐿+

𝑓𝑠𝑙𝑇𝑖𝐾𝑠𝑙 + 𝑓𝑠𝑝𝑇𝑖𝐾𝑠𝑝+

𝑓𝑎𝑙𝑏𝑇𝑖𝐾𝑎𝑙𝑏 + 𝑓𝐹𝐴𝐵𝑃𝑇𝑖
𝐾𝐹𝐴𝐵𝑃 ) × 𝑓𝑢𝑝

(3)

Where 𝑓𝑤𝑇𝑖
, 𝑓𝑚𝐿𝑇𝑖

, 𝑓𝑠𝑙𝑇𝑖 , 𝑓𝑠𝑝𝑇𝑖 , 𝑓𝑎𝑙𝑏𝑇𝑖 , 𝑓𝐹𝐴𝐵𝑃𝑇𝑖
𝐾𝑚𝐿, are the fractional 

volumes of water, membrane lipids, storage lipids, structural proteins, 
albumin and fatty acid binding protein in each tissue, respectively; 𝐾𝑠𝑙, 
𝐾𝑠𝑝, 𝐾𝑎𝑙𝑏, and 𝐾𝐹𝑎𝐵𝑃  are the PFOA sorption coefficients to membrane 
lipids, storage lipids, structural proteins, albumin and fatty acid binding 
proteins; and 𝑓𝑢𝑃  is the fraction unbound of PFOA in plasma. The 
sorption coefficients of PFOA to the different tissue constituents were 
taken from Allendorf et al. (2020) (see Theory), and the fractional 
volumes of the relevant tissue components were taken from Allendorf 
et al. (2020), Utsey et al. (2020). The values of both the sorption 
coefficients and fractional volumes are available in the supplementary 
materials (Figures S5-7, and Table S1). A detailed description of the 
rationale underpinning the selection of this method for determining the 
partition coefficients can also be found in the supplementary materials.

The fu of PFOA in plasma was dynamically calculated depending on 
age, based on serum albumin concentrations, using Eq.  (4), previously 
described by Fischer et al. (2024). 

𝑓𝑢𝑝 =
1

1 + (𝐷𝑎𝑙𝑏 ×
𝐹𝑉𝑎𝑙𝑏
𝐹𝑉𝑤

) + (𝐷𝑔𝑙𝑜𝑏 ×
𝐹𝑉𝑔𝑙𝑜𝑏
𝐹𝑉𝑤

)
(4)

Despite that fu is one of the most critical parameters in PBK models, 
frequently only the fu in plasma is determined experimentally, but 
not that in tissues. To determine the fu in each matrix of interest, 
we followed the recommendations of Poulin and Haddad (2018), who 
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developed an equation for calculating an adjusted fu based on the local 
albumin concentrations in the relevant matrices Eq.  (5) . 

𝑓𝑢matrix =
𝑅plasma/matrix × 𝑓𝑢𝑝

1 + (𝑅plasma/matrix − 1) × 𝑓𝑢𝑝
(5)

Where 𝑓𝑢matrix is the fraction unbound of PFOA in either liver, in-
testine, or proximal tubule lumen and 𝑅plasma/matrix is the albumin 
concentration ratio between plasma and the matrix. The original equa-
tion by Eq.  (5) corrects for the local fraction unionized as well; how-
ever, given the absence of significant differences between the pH of 
plasma and those of the matrices of interest, it was assumed that there 
would be no such differences in the fraction unionized of PFOA either. 
Consequently, the term was removed from the equation.

PFOA uptake was modelled either from the intestine alone, or from 
both the intestine and the skin, using apparent permeability (Papp) 
values obtained in vitro (Janssen et al., 2024; Ragnarsdóttir et al., 
2024), and Eq.  (6), where 
𝐶𝐿𝑢𝑝𝑡𝑎𝑘𝑒 = 𝑃𝑎𝑝𝑝 × 𝑆𝐴𝑚𝑎𝑡𝑟𝑖𝑥 (6)

Where 𝐶𝐿𝑢𝑝𝑡𝑎𝑘𝑒 stands for the passive uptake clearance in L/day, 𝑃𝑎𝑝𝑝
stands for the apparent permeability, in cm/s and 𝑆𝐴matrix stands for 
the skin, or intestinal surface area, in cm2.

PFOA excretion was modelled via feces (EHC), GF and RER and 
clearance through menstruation. As described in Section 2, active trans-
port determines both the EHC and RER of PFOA. The in vitro derived 
Vmax and transporter Km was scaled to the in vivo transport rates fol-
lowing in vitro to in vivo (IVIVE) extrapolation principles as suggested 
by Tan et al. (2024) and Eqs. (7), (8), (9): 
𝑉 𝑚𝑎𝑥𝑖𝑛 𝑣𝑖𝑣𝑜 = 𝑉 𝑚𝑎𝑥𝑖𝑛 𝑣𝑖𝑡𝑟𝑜 × 𝑆𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 ×𝑊𝑚𝑎𝑡𝑟𝑖𝑥 (7)

𝑆𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 = 𝑀𝐺𝑃𝐾𝐺𝑂 × 𝑅𝐸𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 (8)

𝑅𝐸𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 =
𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑖𝑛 𝑣𝑖𝑣𝑜
𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑖𝑛 𝑣𝑖𝑡𝑟𝑜

(9)

𝑆𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 refers to the transporter specific scaling factor, 𝑊𝑚𝑎𝑡𝑟𝑖𝑥
to the organ weight in kg, 𝑀𝐺𝑃𝐾𝐺𝑂 to milligramme protein per 
kilogramme organ and 𝑅𝐸𝐹𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑟 to the relative expression factor 
between the in vitro system and the in vivo situation. OATP1B1, 
OATP1B3, OATP2B1 and OAT4 transporter expression in the in vitro 
systems and the relevant organs were taken from literature (Lin et al., 
2023; Al-Majdoub et al., 2021). A consolidated description of the pa-
rameter scaling, including specific references and assumptions is found 
in Table  1.

Combining the albumin mediated active transport and the Michaelis–
Menten equation, active transport was calculated as shown in Eq.  (10): 

𝐴𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑑 =
𝑉 𝑚𝑎𝑥𝑖𝑛 𝑣𝑖𝑣𝑜 × 𝐶𝑚𝑎𝑡𝑟𝑖𝑥 × 𝑓𝑢𝑚𝑎𝑡𝑟𝑖𝑥

𝐾𝑚 + (𝐶𝑚𝑎𝑡𝑟𝑖𝑥 × 𝑓𝑢𝑚𝑎𝑡𝑟𝑖𝑥)
(10)

𝐴𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑒𝑑 is the amount of PFOA that is transported at a given time-
point, 𝐶𝑚𝑎𝑡𝑟𝑖𝑥 is the concentration of PFOA in the matrix where it is 
transported from and 𝑓𝑢𝑚𝑎𝑡𝑟𝑖𝑥 is the fraction unbound of PFOA at the 
matrix where it is transported from.

GFR was estimated using the full age spectrum (FAS) equation 
(Pottel et al., 2016) (Figure S2) Eq.  (11): 

𝑒𝐺𝐹𝑅𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 =
107.3 × 1.44 × BSA∕1.73
𝑆𝐶𝑟𝑑𝑒𝑓𝑎𝑢𝑙𝑡∕𝑆𝐶𝑟𝑚𝑒𝑑𝑖𝑎𝑛

(11)

𝑒𝐺𝐹𝑅𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 stands for the baseline GFR, 𝐵𝑆𝐴 stands for the body 
surface area, and 𝑆𝐶𝑟𝑑𝑒𝑓𝑎𝑢𝑙𝑡 and 𝑆𝐶𝑟𝑚𝑒𝑑𝑖𝑎𝑛 stand for the default and me-
dian serum creatinine (SCr) values. Default SCr values for adults were 
0.90 and 0.70 for males and females, respectively. Median GFR values 
per age and sex were estimated using Eq.  (12) and the age-specific GFR 
was estimated using Eq.  (13), which describes an exponential decrease 
in GFR after 40 years of age. 
𝑆𝐶𝑟 = 0.1678 + (𝑆𝐶𝑟 − 0.1678∕18) × 𝑎𝑔𝑒 (12)
𝑚𝑒𝑑𝑖𝑎𝑛
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𝑒𝐺𝐹𝑅 = 𝐺𝐹𝑅𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 × 0.988(𝑎𝑔𝑒−40) (13)

Plasma clearance via menstrual blood was modelled as previously 
done by Ruark et al. (2017). Given that total plasma is eliminated 
during menstruation (Ruark et al., 2017), it was assumed that: (i) PFOA 
concentrations in plasma and menstrual excretion fluid were equal, and 
(ii) total PFOA plasma concentration (and not the fu) was cleared via 
this route. Menarche and menopause were modelled to start at 12 and 
51 years of age, respectively. Plasma clearance was at 25 mL per cycle 
for women of 12- to 45-years of age and then at 27.1 mL per cycle 
in women from 45- to 51-year-old women. Cycle lengths were of 29.2 
days from age 12- to 45-years and then of 35.1 days, until menopause.

3.3. PBK model parameters

Tables S2 and S3 compile all model parameters for an adult woman, 
their values, units and references. Organ volumes and flow rates were 
calculated based on the fractional organ volumes and flow rates, plasma 
cardiac output and body weight. Equations to calculate the aforemen-
tioned parameters for both sexes over a lifetime were taken from Ratier 
et al. (2024), except for the equations to calculate body weight, body 
height, and body surface area which were taken from Gastellu et al. 
(2025). The fractional volume of the intestinal lumen was calculated 
from Willmann et al. (2004), the fractional volumes of the proximal 
tubule tissue, proximal tubule lumen, rest of kidney tissue and rest 
of kidney lumen were derived from Pletz et al. (2021). Fractional 
volumes of liver extracellular and intracellular space were derived from 
Utsey et al. (2020). Serum albumin concentration was modelled to 
dynamically change during lifetime. For this we derived a polynomial 
equation, based on average values from Weaving et al. (2015) (see 
Equations S1 and S2 and, Figure S1). The tubular fluid flow and urinary 
excretion rate were taken from Scotcher et al. (2016), Pletz et al. 
(2021). Compound-specific parameters such as sorption coefficients to 
tissue components, plasma albumin and globulins, apparent perme-
abilities across the skin and intestine, and Vmax and Km were taken 
from Allendorf et al. (2020), Fischer et al. (2024), Ragnarsdóttir et al. 
(2024), Janssen et al. (2024), Lin et al. (2023), de Bruijn et al. (2024), 
Louisse et al. (2024).

3.4. Model evaluation

The NG-PBK model was evaluated following the recommendations 
of the OECD PBK guidance document (OECD, 2021a), which recom-
mends to perform a sensitivity analysis to quantify the extent at which 
the uncertainty of the model can be attributed to the input parame-
ters, and an evaluation of the goodness-of-fit where the PBK model 
predictions were compared to observed in vivo kinetic data (OECD, 
2021a).

3.4.1. Goodness-of-fit
We evaluated the predictions of the developed NG-PBK model 

against: (a) predictions by previously published PBK models (EFSA, 
2020; Ratier et al., 2024), (b) a human volunteer study (Abraham et al., 
2024) and (c) human biomonitoring data (Olsen et al., 2007; Johanson 
et al., 2023; Bartell et al., 2010; Seals et al., 2011; Worley et al., 2017; 
Xu et al., 2020; Zhang et al., 2013; Li et al., 2017; Batzella et al., 2024; 
Fu et al., 2016). The model outputs used for the evaluation step were 
individual serum concentrations, cumulative PFOA amount in urine 
and faeces and/or predicted half-life. We evaluated the goodness-of-fits 
either visually and/or quantitatively via a linear regression analysis. 
A two-fold difference between model estimates and observed data, or 
a difference within the intrinsic variability of the measured data were 
considered acceptable. It is noted that given that PFOA serum to plasma 
ratio is 1, plasma and serum concentrations were assumed equal, and 
the terms were used interchangeably.
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Table 1
Parameter scaling for transporter activities.
 In vitro Scaling In vivo
 Vmaxa

(umol/min/ 
mg protein)

Kma

(umol/L)
MGPKGOb
(g protein/ 
kg organ)

REFc SFd KGOe
(kg 
organ)

Vmaxf
(ug/day)

Km 
(ug/L)

 

 Intestine 
(OATP2B1)

0.0015 148.68 1.3𝑒5 1.97 2.56𝑒5 3.08 7.05𝑒8 6.16𝑒4  

 Liver 
(OATP1B1)

0.0023 52.65 1.8𝑒5 16.67 3.00𝑒6 0.84 3.46𝑒9 2.18𝑒4  

 Liver 
(OATP1B3)

0.0027 91.61 1.8𝑒5 1.39 2.50𝑒5 0.84 3.38𝑒8 3.79𝑒4  

 Liver (BSEP) 7 16.4 11.62 1 11.62 1.13 5.48𝑒7 6.79𝑒4  
 Kidney 
(OAT4)

4.5𝑒 − 3 47 1.7𝑒5 30.16 5.13𝑒6 0.13 1.789𝑒9 1.954𝑒4 

a OATP2B1 and OATP1B1/1B3 (Lin et al., 2023), BSEP assumed the same as TCA (de Bruijn et al., 2024), OAT4 (Louisse et al., 2024).
b Milligramme protein per kilogramme intestine, liver and kidney respectively (Utsey et al., 2020), mg protein per 10𝑒6 hepatocytes and number of hepatocytes per kilogramme 
liver (de Bruijn et al., 2024).
c Calculated using Eq.  (9); mg protein/mg membrane in vivo/mg protein/mg membrane in vitro; OATP2B1: 1.6 (assuming the same as the liver)/0.812 (Lin et al., 2023), OATP1B1: 
2/0.120 (Lin et al., 2023), OATP1B3: 1/0.719 (Lin et al., 2023), BSEP: assumed as 1, OAT4: 1.9 (Al-Majdoub et al., 2021)/0.063 (Lin et al., 2023).
d Calculated using Eq. (8).
e Scaled to the weight of the intestinal lumen, liver extracellular space, liver intracellular space and proximal tubule lumen respectively; in this example, the fractional volumes 
and a body weight were taken from table S2.
f Calculated using Eq.  (7), MW = 414.07g/mol.
Previously published PBK models. The predictions of our model were 
compared to those of the model optimized by EFSA, ‘‘EFSA-2020’’ 
model (EFSA, 2020). The two models were run with the same input 
settings, corresponding to the (Abraham et al., 2024) study. The model 
predictions were also evaluated against those of the model published 
by Ratier et al. (2024), ‘‘Ratier-2024’’ model, which simulates PFOA 
toxicokinetics in pregnant women, infants, children, and adolescents. 
This enabled us to evaluate the influence of the updated physiological 
parameters and model structure on model predictions, as well as the 
computational efficiency of the model. To this end, the two models 
were run with the predicted daily intakes of each subject of the HELIX 
cohort, obtained in Ratier et al. (2024) via reverse dosimetry in a 
Bayesian framework. The HELIX cohort consisted of 1239 children from 
6 European countries (France, Greece, Spain, Lithuania, Norway, and 
the United Kingdom). All subjects were simulated with an exposure to 
PFOA for 1 day, which was followed by a wash-out period of 30 days.

Human volunteer study. One controlled human study was available in 
literature which aimed to determine the toxicokinetic profile of PFAS, 
including PFOA, after oral exposure (Abraham et al., 2024). The study 
subject was a 67-year-old male, who ingested a mixture of radiolabeled 
PFOA. PFOA serum, urine and faeces samplings were taken over 450 
days at multiple time points (Abraham et al., 2024). We simulated a 
male subject with the same physiological characteristics as the subject 
of the human study (67 years old, with a body weight of 82 kg), being 
exposed to a single oral PFOA exposure of 0.048 μg/kg bw.

Human biomonitoring studies. Lastly, we compared the model predicted 
serum concentrations to those measured in HBM studies (Johanson 
et al., 2023; Olsen et al., 2007). The studies involved a total of 131 
subjects that were exposed to PFOA either via drinking water (Jo-
hanson et al., 2023), or occupational exposure (Olsen et al., 2007). 
We compared the predicted PFOA serum concentrations with those 
measured, and the predicted half-lives with those reported in literature 
(Olsen et al., 2007; Johanson et al., 2023; Bartell et al., 2010; Seals 
et al., 2011; Worley et al., 2017; Xu et al., 2020; Zhang et al., 2013; 
Li et al., 2017; Batzella et al., 2024; Fu et al., 2016). Given that the 
inter-individual variability of the measured concentrations was about 
ten-fold, we considered that a ten-fold difference between measured 
and estimated datasets was acceptable. In all studies, PFOA serum 
concentrations were measured after PFOA exposure ceased. For the 
simulations, physiological information of each subject was estimated 
based on their reported sex and age. Exposure and simulation time 
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were subject-specific and were determined based on the reconstructed 
exposure estimations.

As the exact exposure was unknown, this was reconstructed follow-
ing two different approaches. For the subjects in the (Johanson et al., 
2023) study (‘‘Arvidsjaur’’, ‘‘Lulnäset’’ and ‘‘Visby’’) PFOA exposure 
was assumed to be a combination of contaminated drinking water 
and background food intake. For the population in the Olsen et al. 
(2007) study (‘‘Olsen’’), the exposure route was not available, but PFOA 
serum concentrations were available from two points in time (at the 
point of retirement and about five years later). Based on the available 
information, we used the measured PFOA serum concentration at the 
first measurement as a starting point to estimate the exposure dose by 
reverse dosimetry; and the second measurement as the observed serum 
concentration against which the model predicted serum concentration 
was evaluated.

3.4.2. Global sensitivity analysis (GSA)
To perform GSA, we followed the workflow first introduced by Mc-

Nally et al. (2011) and then adopted by OECD (2021a). The workflow 
consisted of a two-step sensitivity analysis: starting with an elemen-
tary effect screening test (Morris Test) followed by a variance-based 
test (eFAST). The Morris Test was performed with PFOA plasma con-
centration as the model-output, and the eFAST with PFOA plasma, 
proximal tubule tissue, proximal tubule lumen and liver intracellular 
concentrations as the model-outputs. Given the long half-life of PFOA, 
a 20-year simulation was chosen to allow for the full elimination 
of PFOA from the body after a single oral dose. This assumption is 
based on a half-life of 4 years for PFOA and reaching an apparent 
steady-state approximately after 5 half-lives. To enable convergence of 
the outcomes, the experimental designs consisted of 1000 elementary 
effects per parameter for the Morris test, and 10,000 runs per retained 
parameter in the eFAST test. This led to 2924 and 360,000 simulations 
of the PBK model, respectively. The test designs, parameter distribution 
and script are provided in GitHub (Pachoulide, 2025).

The Morris elementary effect test categorized the parameters de-
pending on their sensitivity indices: mean effect (𝜇∗) and standard 
deviation (𝜎). The values of the sensitivity indices were relative, mean-
ing that the sensitivity index of a parameter was high relative to that 
of other parameters. All parameters with relatively small (𝜇∗) and (𝜎) 
were considered non-influential to the model’s output. The parameters 
with a global elementary effect above 5% were applied to the eFAST, 
which further ranked the parameters based on their total order index. 
Total order index represented the total variance of the output caused 
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by both the variance of a specific parameter (main effect) and that 
parameter paired with another (interaction) (Saltelli et al., 1999). The 
final model had a total number of 52 parameters, and all of them 
were included in the Morris Test. Parameters were assumed to follow 
a uniform distribution, and varied by 10% in both directions, for both 
tests. Parameter baseline default and probability distribution values can 
be found in GitHub (Pachoulide, 2025).

Lastly, we performed a Pearson correlation analysis to study the 
relationship between the predicted half-life and different physiological 
parameters that vary over lifetime. These parameters were: the age 
at exposure (expAGE), body weight (BW), GFR, fu in plasma (fup) 
(which depends on the differences in serum albumin concentration over 
lifetime), and PFOA clearance through menstruation (CL_menses). For 
this analysis, a group of 16 males and females was created, with ages 
at the beginning of exposure varying from 0- to 64-years. All simulated 
subjects were exposed to 0.00019 μg/kg BW/day of PFOA for one year, 
which was followed up by a wash-out period of 15 years.

3.5. Codes and software

All model and data analysis codes are available in GitHub (Pa-
choulide, 2025). The PBK model was written in the R language and 
run using RStudio, version R 4. 5. 1. The deSolve_1.40, PKNCA_0.12.1, 
pracma_2.4.4 and sensitivity_1.30.2 packages of R were used for run-
ning the model, calculating the half-life, AUC and performing the 
sensitivity analysis, respectively. Data structuring, manipulation and 
plotting were performed within the tidyverse_2.0.0 package of R as 
well.

4. Results and discussion

The developed NG-PBK model for PFOA is the first PFAS toxicoki-
netic model that integrated various parameters derived from in vitro 
experiments and in silico approaches. An illustration of predicted PFOA 
internal concentrations over lifetime, in both sexes can be found in SI 
Figures 9–11. We demonstrated the model’s predictability against HBM 
data covering various life-stages and exposure ranges and identified 
influential parameters by global sensitivity analysis. The evaluation 
of the model’s performance against HBM data is one of the practices 
recommended within the NGRA framework.

4.1. Model evaluation

4.1.1. Comparison against reference models
The NG-PBK model’s predictive capacity was evaluated by means of 

comparison to previously published and evaluated PFOA PBK models, 
here referred to as reference models. The two reference models were the 
model used in the risk assessment process, ‘‘EFSA-2020’’ (EFSA, 2020) 
and that of Ratier et al. (2024), which predicted PFOA concentrations 
throughout the different life-stages and especially infants and children. 
As shown in Fig.  3 and SI Figure 12, the NG-PBK model predicted 
the PFOA plasma concentration similarly to both reference models, 
with the majority of predictions falling within the recommended two-
fold difference range (WHO, 2010). Furthermore, while the predicted 
liver and kidney concentrations between the two models were different 
(Figure S12), in the absence of data pairing tissue and plasma concen-
trations of PFOA in humans at steady state, it is challenging to evaluate 
the accuracy of the predicted PFOA tissue concentrations. Nevertheless, 
at predicted plasma concentrations corresponding to those measured in 
human autopsies by Nielsen et al. (2023), both the kidney and liver 
concentrations predicted by the EFSA-2020 model were overestimated. 
On the contrary, the NG-PBK model seemed to only mis(under) estimate 
the liver concentrations (Figure S13). The discrepancy between the 
predicted and observed liver concentrations could be attributed to 
limitations of both the reference dataset of human autopsies, or the 
model.
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Fig. 3. Evaluation of the NG-PBK model against the reference Ratier-2024 
model (Ratier et al., 2024). Predicted PFOA plasma concentration from the 
Ratier-2024 PBK model is plotted against that predicted by the NG-PBK model. 
Solid, dashed, and dotted lines represent perfect alignment, two-fold, and ten-
fold difference, respectively.

Fig.  3 demonstrates that predicted PFOA plasma concentrations 
from both models follow the same trend. Although plasma concentra-
tions predicted by the NG-PBK model were, on average, 1.39 times 
higher than those predicted by the Ratier-2024 model, this discrepancy 
is within the acceptable two-fold range. Furthermore, even though a 
few points are outside the two-fold range difference, the maximum 
discrepancy between the two sets of predictions is 3.15-fold Fig.  3. 
The slight over-prediction of the NG-PBK model can be attributed to 
small differences in the calculation of the physiological parameters 
over lifetime, the PBK-model structure and input parameters. Overall, 
these results demonstrated comparable performances of the NG-PBK 
model to the two reference models which were calibrated on in vivo 
toxicokinetic data.

4.1.2. Comparison against a human controlled toxicokinetic study
Next, we compared PFOA plasma concentration measurements from 

a human-controlled toxicokinetic study with the predictions by the NG-
PBK model and EFSA-2020 model. As shown in Fig.  4, the predicted 
PFOA plasma concentrations were close to those measured in Abra-
ham et al. (2024). The NG-PBK model predicted the measured plasma 
concentrations slightly better than the EFSA-2020 model. However, 
the predicted maximum concentration (Cmax) in plasma, from both 
models (0.38 and 0.36 ng/mL for the EFSA and NG-PBK models, 
respectively), was underestimated compared to the observed one (0.8 
ng/mL). Both models appeared to miss the initial high Cmax and slow 
tissue distribution observed in the human study (Abraham et al., 2024). 
Nevertheless, we believe that this discrepancy should not influence the 
adequacy of the model for its application in the risk assessment process. 
Due to the facts that chronic (and not acute) exposure is considered 
critical for the risk assessment of PFOA (EFSA, 2020), and that oral 
bioavailability is highly dependent on the food matrix upon intake, 
nutritional habits, microbiota composition, metabolism, age, sex and 
BMI (Heitmann et al., 2021; Fischer and Fadda, 2016).
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Fig. 4. Evaluation of the NG-PBK model against the human volunteer study (Abraham et al., 2024) and the reference EFSA-2020 model (EFSA, 2020). Panel 
(a) compares the observed and modelled plasma concentration of PFOA over time. The observed (dark points), predicted by the NG-PBK model (solid purple 
line) and predicted by the EFSA-2020 model (yellow dashed line) plasma concentrations are plotted in overlay. Panel (b) compares observed and NG-PBK model 
(purple points), or EFSA-2020 model (yellow diamonds) predicted PFOA plasma concentrations. Solid and dashed lines represent perfect alignment and two-fold 
difference, respectively.
Fig. 5. Integration of the NG-PBK model with HBM based exposure data. Panel (a) compares observed and NG-PBK model predicted PFOA serum concentrations. 
Solid, dashed, and dotted lines represent perfect alignment, two- and ten-fold difference, respectively. Panel (b) illustrates the range of reported PFOA half-lives 
taken from literature over which are shown the predicted half-lives. Purple circles, blue triangles, yellow squares, and green diamonds represent subjects from 
the Arvidsjaur, Lulnäset and Olsen studies, respectively.
4.1.3. Comparison against human biomonitoring studies with uncertain 
exposure information

We further evaluated the capacity of the NG-PBK model to predict 
PFOA serum concentrations measured in four HBM studies : Arvidsjaur, 
Lulnäset and Visby published by Johanson et al. (2023), and Olsen 
initially published by Olsen et al. (2007). Detailed description of the 
re-construction of the exposure estimates for each study can be found 
in the supplementary materials (Figure S15). For the Arvidsjaur, Lul-
näset and Visby subjects, the median estimated oral exposure was at 
0.0007 μg/day/kg BW ranging from 0.0002 to 0.0075 μg/day/kg BW. 
For the Olsen subjects, the median estimated dermal exposure was at 
0.0310 μg/day/kg BW, with a range from 0.0055 to 0.3975 μg/day/kg 
BW.

As depicted in Fig.  5, panel (a), the predicted PFOA concentrations 
were in general slightly higher than the observed ones. For the ma-
jority (95%) of the data points, the discrepancy between the observed 
and predicted PFOA plasma concentration was less than 10-fold. A 
10-fold range was considered acceptable in this context. For half of 
the data points, the discrepancy between the observed and predicted 
plasma concentrations falls within the 2-fold range recommended by 
the WHO (WHO, 2010). It should also be noted that there are 7 subjects 
for which the predicted and observed plasma concentrations have 
more than 10-fold difference. However, these subjects are considered 
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outliers, because their serum concentrations were either extremely high 
or low, and did not correlate with their estimated exposure.

We further evaluated the distributions of predicted PFOA half-lives 
against those reported in literature for each sex (6250 data points for 
men, 6360 data points for women) as violin plots, shown in panel (b) 
of Fig.  5. For the literature-reported data, we observed that there is a 
more widespread distribution of reported half-lives in men compared 
to women. This highlighted the high inter-individual variability in 
reported half-lives. For both sexes, two peaks of high distribution 
density were identified, around 2 or 3 years for women, and 2.5 or 
5 years for men. Overall, it appears that women have shorter half-lives 
than men.

On top of the violin plots are superposed data points of the predicted 
half-lives from the evaluated HBM studies, placed well within the range 
of previously reported half-lives, and around the values with the highest 
density Fig.  5. Interestingly, most of the predicted half-lives are around 
2 to 3 years, irrespective of the sex and the inter-individual variability 
is narrower in the predicted half-lives compared to those reported in 
literature. This could be attributed to unknown background exposure 
to PFOA, or inter-individual differences in elimination capacity (such 
as physio-pathological conditions affecting the kidney, liver, serum 
albumin, or lipid to protein ratio), for which the model and input 
data do not account for. Overall, these results demonstrate the model’s 
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capacity to accurately predict PFOA plasma concentrations based on 
reconstructed exposures for each individual.

4.2. Global sensitivity analysis

We evaluated the model following the OECD guidance on the char-
acterization, validation, and reporting of PBK models for regulatory 
purposes (OECD, 2021a). The guidance recommends a two-step GSA, 
firstly an elementary effect screening test (Morris Test) and secondly a 
variance-based test (eFAST). For the Morris test, PFOA concentration 
in plasma was the model output for the test, while for eFAST the 
concentration of PFOA in plasma, proximal tubule tissue, proximal 
tubule lumen and liver intracellular space were taken as evaluation 
outputs. Results are shown in Fig.  6 and SI Figures 16–17.

Results from the Morris test suggested that PFOA plasma concentra-
tion was primarily sensitive to the fraction unbound in plasma (fup), 
parameters influencing the enterohepatic circulation and to a lesser ex-
tent to parameters influencing renal excretion and reabsorption (Figure 
S16). To further explore the effect of each parameter, the parameters 
with an elementary effect score above 5% were also evaluated using 
the eFAST variance test. The eFAST test was run on 36 parameters and 
convergence was only reached with a sample size of 10,000 (32 h of 
simulation time). Results of the eFAST are illustrated on the Lowry plot, 
Fig.  6, panel (a).

As shown in Fig.  6 and SI Figure 17, all of the evaluated model 
outputs were sensitive to the same parameters. These were the fraction 
unbound in plasma (fup) and parameters related to the enterohepatic 
circulation (i.e. SF_OATP2B1, Vmax_OATP2B1 and Km_OATP2B1 driv-
ing the intestinal uptake; colon transit time driving the faecal excretion, 
and SF_OATP1B1, the volume of liver and liver:plasma partition co-
efficient which influence the active uptake and elimination from the 
hepatocytes). Although the most sensitive parameters were consistent 
for all model outputs, their sensitivity index and ranking differed for 
each model output. Interestingly, the ranking of these parameters was 
identical when the concentration of PFOA in plasma and proximal 
tubule were the evaluated model outputs, with the fup being the most 
highly sensitive parameter. On the contrary, the ranking was different 
when liver intracellular concentration was selected, with the fup being 
ranked as the sixth most sensitive parameter.

To further evaluate the processes determining the model predic-
tions, we also studied the correlation between the predicted half-life 
(one of the most discussed toxicokinetic characteristics of PFOA) and 
input parameters related to physiological changes during lifetime. The 
results shown in Fig.  6 and SI Figure 18, demonstrate that CL_menses, 
expAGE and fup had high correlation scores (−0.96, 0.95, and 0.84, 
respectively), while BW and GFR had lower scores (0.56 and −0.48). 
These results are indicative of the influence of menstruation and age 
on the half-life of PFOA, as previously demonstrated in epidemiological 
studies (Rosato et al., 2024; Batzella et al., 2024). The positive relation-
ship between fraction unbound in plasma and half-life is unexpected, as 
one would expect that elimination is increased, and therefore half-life 
decreased with an increased fraction unbound. However, an increase 
in the fup could also lead to an increase of PFOA amounts in tissues, 
and a decrease in the amount of PFOA lost via menstruation. This is 
also reflected in the results of the eFAST analysis where the fraction 
unbound in plasma was also a parameter highly interacting with other 
input parameters.

Both the GSA and parameter correlation results suggested that the 
rate-limiting parameter in the RER processes was the fu in plasma, 
which was supported by the following three observations. Firstly, the 
fraction unbound in plasma was consistently the parameter to which 
PFOA concentrations in plasma, the proximal tubule tissue, and the 
proximal tubule lumen were the most sensitive to (Figure S16). Sec-
ondly, the sensitivity indices of both GFR and OAT4 Vmax and Km 
were not among the most highly ranked, in comparison to fu. Thirdly, 
the correlation analysis demonstrated an identical correlation of both 
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parameters to the predicted half-life Fig.  6. Contrary to our results, 
renal reabsorption parameters (Kt, Tmax), and PFOA half-life were 
two of the most sensitive parameters in previous PBK models (EFSA, 
2020; Loccisano et al., 2011; Husøy et al., 2023; Lin et al., 2023; 
Ratier et al., 2024). This can be explained by the fact that the renal 
reabsorption parameters in the previously published PBK models were 
fitted to observed half-lives, potentially biasing the model towards this 
parameter (EFSA, 2020; Loccisano et al., 2011; Husøy et al., 2023; Lin 
et al., 2023; Ratier et al., 2024).

This is the first PBK study that showed that the influence of entero-
hepatic circulation on the predicted plasma concentrations was higher 
than that of renal elimination and reabsorption in humans. These 
results are aligned well with the mechanistic PBK model of PFAS in 
mice that showed that enterohepatic circulation was driving the plasma 
concentration of PFAS with a chain length with more than 7 carbons 
(Fischer et al., 2025). Similarly, the higher influence of enterohepatic 
circulation and faecal elimination compared to renal clearance, in long 
chain PFAS, including PFOA, was also observed in human volunteer 
studies (Abraham et al., 2024; Fujii et al., 2015).

Our modelling results were also in agreement with epidemiological 
studies that suggested that PFOA clearance via menstruation was one of 
the contributing factors explaining the shorter half-lives and lower mea-
sured plasma concentrations in women compared to men. As seen in 
Figures S10 and S11, our model correctly captured the observed lower 
plasma concentrations in women compared to men, especially during 
the menstrual years of women (12–51 years of age). These results 
coincided with previous modelling work, where simulated PFOA serum 
concentrations were higher in post-menopausal women compared to 
pre-menopausal ones (Ruark et al., 2017).

4.3. Limitations and future developments

The present study introduces a NG-PBK model that relies exclusively 
on NAM-derived input parameters and has not been calibrated to 
human data. Nevertheless, it is important to acknowledge that this ap-
proach is also the source of the model’s limitations. The NG-PBK model-
predicted plasma concentrations were slightly overestimated against 
those measured in the human volunteer and HBM studies (Abraham 
et al., 2024; Olsen et al., 2007; Johanson et al., 2023), and the pre-
dicted liver concentrations, were lower than those measured in human 
autopsy samples by Nielsen et al. (2023), (Figure S13). In the subse-
quent section, we discuss a range of potential explanations for these 
discrepancies.

Measured PFOA plasma concentrations in HBM studies were system-
atically over-predicted by the NG-PBK model. The reasons for this result 
might largely relate to the reconstruction of exposure estimations. 
Some limitations in the exposure estimations might be related to un-
certainties about historically background exposure from food or other 
exposure sources over the exposure duration, potential fluctuations in 
PFOA concentrations in drinking water, inter-individual variability in 
drinking water consumption, as well as dynamic individual behaviours 
(i.e., movements between different residencies). Moreover, the high 
inter-individual variability in the observed half-lives, but also serum 
concentration could be partly explained by physio-pathological condi-
tions, or inhibition/induction of the active transporters, which are not 
taken into consideration in the NG-PBK model.

Physio-pathological conditions that could explain the observed high 
inter-individual variability are conditions that alter the serum albumin 
concentrations (such as age, pregnancy, or obesity), or conditions alter-
ing hepatic or renal function (such as diabetes, chronic kidney disease, 
metabolic syndrome, or cholestasis). An increasing amount of evidence 
shows an association between exposure to PFAS, chronic kidney disease 
(CKD) and type 2 diabetes (Li et al., 2025; Lin et al., 2021, 2024). The 
studies focussing on this association showed that not only do PFAS seem 
to increase the risk of developing these diseases, but their toxicokinetic 
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Fig. 6. Results of the global sensitivity and Pearson correlation analysis. Panel (a) shows the Lowry plot showing the results of the eFAST analysis. Sensitivity 
indices presented here were calculated accounting for the sensitivity of the predicted PFOA plasma concentration to the input parameters. A simulation time 
of 20 years, with steps of one month was performed, covering all kinetic processes (absorption, distribution, and elimination). The main effect (yellow) and 
interaction (purple) are stacked on top of each other, illustrating the total effect of each parameter. The grey ribbon represents the cumulative effect of all 
parameters on the model output. Panel (b) shows the correlation plot between physiological parameters (age at exposure (expAGE), body weight (BW), GFR, fu 
in plasma (fup) (dependent on the differences in serum albumin concentration over lifetime), and PFOA clearance through menstruation (CL_menses)) with the 
predicted half-life of PFOA (HL_predicted) in females. The higher the correlation the darker the colour becomes, with the yellow colour illustrating a positive 
correlation and the purple colour a negative correlation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
profiles can be also influenced by these diseases (for example a higher 
PFAS concentrations in CKD patients with lower GFR).

Other conditions that could be influencing PFOA biodistribution can 
be related to concomitant exposure to xenobiotics such as medicines, 
foods, smoking, and alcohol consumption. For instance, smoking and 
alcohol consumption were highly associated with the extend of PFOA 
serum elimination in humans (Batzella et al., 2024). This association is 
likely mediated via a decrease in the expression, or activity OATP or 
OAT transporters, an effect that has been demonstrated both in vitro 
and in vivo. Some examples are the inhibition of the expression and 
activity of OATP and OAT4 transporters in HEK cells, and the increased 
risk of developing resistance to imatinib, a drug transported by OATPs, 
by cigarette smoke (Sayyed et al., 2016, 2017; Mohammadi et al., 
2021).

The discrepancy between the predicted and observed liver concen-
trations could be attributed to limitations of both the reference dataset 
of human autopsies, or the PBK-model. Tissue distribution of PFOA 
can differ between sexes and ages due to changes in organ blood 
flow, volumes and compositions, especially at the young or elderly 
ages (Li and Xiong, 2023). This physiological variability could have 
contributed to the observed underestimation of liver concentrations, 
especially because the human autopsies originated from adults of 29 
to 84 years of both sexes, while the simulated subject was a single 
50 years old man. Other contributing factors could be the small size 
of the autopsy samples (potentially not representative of whole tissue 
concentrations), and post-mortem differences in tissue perfusion. PBK-
model-related factors could be a potential under-estimation of the oral 
bioavailability, and/or over-estimation of the faecal excretion.

The NG-PBK model predicted higher faecal clearance (0.078 mL/
day/kg) than that estimated from human data (0.0007,
0.022 or 0.052 mL/day/kg) (Abraham et al., 2024; Andersson et al., 
2025; Fujii et al., 2015) (see Table S4 and Figure S14). Nevertheless, 
the discrepancy was within the variability between the fecal clearance 
rates estimated from human studies. The discrepancies in the estimated 
faecal clearance may be explained by the different matrices in which 
PFOA was measured (i.e., fresh/freeze-dried faeces, or bile), the differ-
ences in analytical detection limits and the different methods applied 
for estimating faecal clearance. We believe that harmonizing these 
methods will improve their robustness and utilization in NGRA.

In all studies, faecal clearance was estimated assuming a complete 
EHC, therefore a fraction reabsorbed close to 1 (Abraham et al., 2024; 
Andersson et al., 2025; Fujii et al., 2015). Extensive EHC of PFOA was 
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also supported in the EFSA risk assessment of PFAS, and was suggested 
to be mediated via the bile-acid transporters: ASBT, OST, NTCP and
BSEP (EFSA, 2020; Cao et al., 2022), SI Figure 8. We based our choice 
of the parameters used to describe EHC in the NG-PBK model on the 
current knowledge on the expression and activity of these transporters 
in the human body, and available active transport kinetic values (sup-
plementary materials, section 1.5). We assumed that OATP2B1, and 
not OST, contributes to the intestinal uptake of PFOA, while OATP1B1
and OATP1B3, and not NTCP, contribute to its liver uptake. As no 
mechanistic data on the biliary secretion of PFOA was available, we 
assumed equal excretion of PFOA by the BSEP transporter as that 
of the endogenous bile acids (de Bruijn et al., 2024). Nevertheless, 
these assumptions should be re-evaluated upon the availability of more 
expression or kinetic data.

Notably, we considered that contribution of OATP2B1 to the in-
testinal uptake of PFOA ambiguous. While both the protein and gene 
expression of OATP2B1 have been detected in the intestinal tissue, 
there is yet no scientific consensus regarding its localization (apical, or 
basolateral) and activity (Oswald, 2019; Kinzi et al., 2021; Müller et al., 
2017). Furthermore, given the high affinity of PFOA to the membrane 
phospholipid bilayer (Ebert et al., 2020), it can be expected that passive 
permeability contributes to a higher extent to the intestinal uptake of 
PFOA compared to what is currently predicted by the NG-PBK model. 
This underprediction could be attributed to an underestimation of the 
apparent permeability (Papp), due to limitations inherent in the in vitro 
system applied to derive the value, but also the IVIVE approach of our 
study.

We applied the Papp value derived by Janssen et al. (2024) using 
the Epiintestinal microtissues, representing the most physiologically 
relevant in vitro system and the highest PFOA Papp value available. 
However, the in vitro system was not able to exhibit the aqueous 
boundary layer (ABL), which is hypothesized to enhance the uptake 
of ionizable chemicals like PFOA and other PFAS (Sugano et al., 2010; 
Ebert et al., 2024), hence leading to an underestimation of the Papp 
value. According to Ebert et al. (2024), Dahley et al. (2023), PFAS, 
could enhance the permeability of the intestinal membrane by altering 
the pH gradient of the ABL. We therefore suggest that for future PFAS 
in vitro apparent permeability determination experiments, researchers 
implement the revised iso-pH method developed by Dahley et al. 
(2023), which would allow to further explore the extent of the influence 
of the ABL.



C. Pachoulide et al. Environment International 209 (2026) 110161 
According to the GSA the scaling factors (SFs) used to extrapolate 
in vitro transporter kinetic parameters to in vivo ones were among 
the most sensitive parameters of the model. Although, these SFs are 
uncertain due to the lack of data on transporter expression and activity 
in humans and in vitro systems. Importantly, neither the expression 
nor activity of the relevant transporters was evaluated in the in vitro 
systems used to derive the kinetic parameters applied in our study. 
Consequently, we utilized transporter expression values reported in 
literature, which is a common PBK modelling practice (Harwood et al., 
2013; Tan et al., 2024). However, this approach increases the model’s 
uncertainty, because both the expression and activity of transporters 
can vary between cell-lines, batches, and laboratories (Hayeshi et al., 
2008; Harwood et al., 2016; Clerbaux et al., 2018). Future studies 
should further investigate the active transport of PFAS by OATs, OATPs
and bile acid-transporters (BSEP, ASBT, OST ) in in vitro systems. We 
recommend that the studies also characterize the expression and activ-
ity of the transporters of interest, which will enable a more accurate 
IVIVE of the in vitro-derived parameters.

The NG-PBK model presented in this study predicted observed PFOA 
concentrations within acceptable accuracy ranges, by implementing the 
current understanding of the mechanisms driving the toxicokinetics of 
PFOA. Integration of diseased conditions, or alteration of transporter 
expression/activity, as previously done by de Bruijn et al. (2024), 
(Huang and Isoherranen, 2020), can help in predicting the high inter-
individual variability in the toxicokinetics of PFOA that is observed in 
epidemiological studies. Both the liver and kidneys have been identified 
as PFOA target organs for PFOA toxicity (Radke et al., 2022; Li et al., 
2025; Vujic et al., 2024). Prediction of PFOA concentrations in these 
organs, can facilitate its NGRA by deriving target-organ-specific health-
based guidance values (HBGV). This can be achieved by, integrating 
quantitative in vitro to in vivo extrapolation (QIVIVE) with PBK mod-
elling. Previously, Chen et al. (2022), Silva et al. (2024), Iulini et al. 
(2024) integrated QIVIVE with the EFSA-2020 PBK model to predict 
the benchmark dose for either liver or immune toxicity based on either 
plasma, or liver concentrations. However, the uncertainty of the de-
rived HBGV was related to that of the predicted internal concentrations. 
We believe that the present NG-PBK could be used instead to derive 
HBGV based on in vitro hepato-/ or nephro-toxicity data, with the 
application of an uncertainty factor, correcting for the potential under-
prediction of liver concentrations derived from the results of our study 
(Figure S13).

The development of a NG-PBK model poses the foundation for 
extrapolating the toxicokinetic mechanisms observed for PFOA to other 
PFAS congeners. A strength of this model lies in the mechanistic 
determination of tissue-plasma partition coefficients, for which we 
used experimentally derived distribution-coefficients of PFOA to the 
different tissue constituents. This approach facilitates the extrapolation 
of the NG-PBK model to all Perfluoroalkyl Acids (PFAAs) and their al-
ternatives for which these coefficients are already available (Allendorf 
et al., 2020). Another strength of this model is the introduction of active 
biliary excretion via BSEP, for which we assumed equal excretion of 
PFOA as that of the endogenous substrate TCA. This physiologically 
plausible mechanism of biliary excretion, allows for the extrapolation 
of this model to other PFAS following the same approach as we did for 
PFOA.

Following upon these suggestions, and accounting for differences in 
the binding affinities of PFAS to albumin, globulins, or the transporting 
proteins (Zhao et al., 2023; Louisse et al., 2024), could help in the 
extrapolation of the NG-PBK model to other PFAS. Future PFAS-PBK 
model-development work could also build on the results of Fischer et al. 
(2025), who developed a PBK model for different PFAS in mice. The 
authors observed that inter-congener differences in toxicokinetics were 
mainly driven by the number of pfcs. For example, they demonstrated 
that the toxicokinetics of PFAS with more than 7 pfcs were influenced 
by their permeability across cell membranes, while the toxicokinetics of 
PFAS with less than 7 pfcs were driven by their active renal excretion.
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5. Conclusion

To our knowledge, our study is the first to develop a NG-PBK model 
for PFOA that predicts internal concentrations throughout lifetime. The 
NG-PBK model mechanistically describes the toxicokinetic processes 
that contribute to the fate of PFOA in the human body, using only 
NAM-derived parameters. Most interestingly, our model is the first one 
that accounts for the changes in albumin concentrations over lifetime 
and PFOA clearance due to menstruation. We showed that both these 
mechanisms contribute to the observed sex- and age-differences in the 
measured serum concentration and half-life of PFOA in humans.

We showed that the NG-PBK model is equivalent to the already 
available validated PFOA-PBK models and that it more accurately de-
scribes the mechanisms driving the toxicokinetics of PFOA in humans. 
Despite that both the NG-PBK model and previously published models 
correctly predicted PFOA serum concentrations, our model was not 
calibrated to observed animal, nor human data. The global sensitivity 
analysis showed that all the mechanisms described in our model con-
tributed to the total variance of the model outputs. Furthermore, we 
showed that the extent of the influence of the modelled processes on 
the predicted PFOA serum concentration and half-life was in agreement 
with observations in humans, demonstrating the physiological and 
toxicokinetic correctness of the model.

Our model poses the mechanistic foundation on which future studies 
can build on, to develop PBK models for other PFAS. Extrapolation of 
our model to other PFAS, and its integration with HBM data will bring 
forward the human toxicological risk assessment of PFAS.
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