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Nominal effect concentrations from in vitro toxicity assays may lead to inaccurate estimations of in vivo toxic
doses because the nominal concentration poorly reflects the concentration at the molecular target in cells in vitro,
which is responsible for initiating effects and can be referred to as the biologically effective dose. Chemicals can
differentially distribute between in vitro assay compartments, including serum constituents in exposure medium,
microtitre plate plastic, headspace and extracellular matrices. The partitioning of test chemicals to these
extracellular compartments reduces the concentration at the molecular target. Free concentrations in medium
and cell-associated concentrations are considered better proxies of the biologically effective dose. This paper
reviews the mechanisms by which test chemicals distribute between in vitro assay compartments, and also lists
the physicochemical properties driving the extent of this distribution. The mechanisms and physicochemical
properties driving the distribution of test chemical in vitro help explain the makeup of mass balance models that
estimate free concentrations and cell-associated concentrations in in vitro toxicity assays. A thorough under
standing of the distribution processes and assumptions underlying these mass balance models helps define
chemical and biological applicability domains of individual models, as well as provide a perspective on how to
improve model predictivity and quantitative in vitro-in vivo extrapolations.

1. Introducing exposure conditions in in vitro systems
Toxicity testing in the 21st century aims to make use of the advances
in cellular and molecular technologies to circumvent animal testing and

develop a more mechanistic approach to characterise the hazards of
chemical exposure in humans (Leist et al., 2008; NRC, 2007). Highthroughput cooperative screening programs, such as the US Tox21
programme, not only increased the availability of in vitro bioassay data,
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but also improved the credibility of in vitro assay data by undergoing
rigid quality control and showing transparent outcomes (Krewski et al.,
2020; Tice et al., 2013). However, the extrapolation of effective doses in
vitro to in vivo exposure remains a bottleneck in the interpretation of in
vitro effect data. Reverse-dosimetry using physiologically-based kinetic
(PBK) models simulates the absorption, distribution, metabolism, and
excretion (ADME) processes acting on chemicals in the body, to derive
external exposures from target tissue concentrations (Coecke et al.,
2013). These models are increasingly used to perform quantitative in
vitro-in vivo extrapolations (QIVIVE) for chemical hazard characterisa
tion. (Blaauboer et al., 2012; Louisse et al., 2010; Wetmore et al., 2015).
However, QIVIVE studies usually relate in vitro nominal concentrations
(Cnominal), which is defined in Groothuis et al. (2015) as the mass of
added chemical per volume exposure medium1, to the free concentra
tion (Cfree) in blood plasma in the target organ. The Cnominal in vitro and
Cfree in vivo that cause the same effect are not necessarily similar. The
discrepancies found in in vitro chemical hazard characterisation can be
partly explained with the lack of consideration for differences in fraction
of chemical available to interact with the molecular target (Groothuis
et al., 2015; Honda et al., 2019; Kramer et al., 2009).
Toxicity is a function of both the exposure at the molecular target site
and the chemical’s intrinsic potency to activate the molecular initiating
event (MIE), which initiates a cascade of key events and resulting in an
adverse outcome in vivo (Ankley et al., 2010; Escher et al., 2005).
Ideally, the concentration at the molecular target in vitro and in vivo
(referred to in Paustenbach (2000) as the biologically effective dose,
BED2) should be linked for accurate QIVIVE. Since the experimental
determination of BED is challenging, experimentally accessible dose
metrics closely related to the BED should be compared instead. In vivo,
the dose metric approximating the BED is the tissue concentration
(Ctissue) or free plasma concentration (Cfree plasma), which can be derived
from externally exposed dose or Cblood using PBK models (Derendorf and
Schmidt, 2019). In vitro, the cell-associated concentration (Ccell, i.e. the
concentration of a chemical accumulated in cells) or freely available
concentration in the medium (Cfree) are considered appropriate proxies
for the BED (Groothuis et al., 2015; Heringa et al., 2004; McCarty et al.,
2011). The relationship between Cfree, Ccell and Cnominal depends on
chemical distribution processes in the in vitro system, including evapo
ration and sorption to microtitre plastic and medium constituents.
Typical high-throughput in vitro systems consist of a plastic micro
titre plate allowing for gas exchange in which primary or immortalized
cells are exposed to chemicals in cell culture medium. Chemicals
distribute in the in vitro system as schematized in Fig. 1. The distribution
depends on their physicochemical properties (e.g. binding affinity for
medium constituents and volatility) and the experimental setup (e.g.
volume of medium, presence of medium supplements and exposure
temperatures). A fraction of the chemical mass can be irreversibly lost
through evaporation and degradation or reversibly sorb/bind to well
plastic, extracellular matrices and medium constituents like serum
protein. This decreases Cfree relative to the nominal concentration
(Groothuis et al., 2015; Kramer et al., 2015). It is often assumed that
only the freely dissolved molecules in medium can be distribute into
cells, and therefore in steady state conditions, Cfree is equal to the free
concentration in cell (Ccell_free). The assumption does not hold for ionised
chemicals as the pH differs between the extracellular and intracellular
environment, which results in different fraction of neutral chemicals in
and outside the cell. Moreover, due to ionic molecules low passive
permeability, transporters activity might play a greater role in their
influx and efflux in cells (Varma et al., 2015). It should be noted that the

dose metric that is measurable, Ccell, also includes the amount bound to
cell components like membrane lipids and proteins. This non-specific
sorption to cellular components can cause cells themselves to appre
ciably reduce the Cfree, especially if used in high numbers with low
concentrations of highly accumulating xenobiotics (Gülden and Seibert,
2003). As an example, the same nominal concentration of the same
chemical is added to two different assays. If one assay has higher con
centrations of cells or serum, it may have lower Cfree and, consequently,
lower Ccell, Ccell_free and BED, and higher observed nominal effect con
centrations (Gülden et al., 2001; Heringa et al., 2004; Seibert et al.,
2002).
To avoid extensive analytical measurements, but also better under
stand the distribution of chemicals in in vitro systems, several mathe
matical models have been developed to predict in vitro Cfree and Ccell
from Cnominal. These mass balance models simulate the distribution of
the chemicals through a set of equations that describe distribution
processes, defining the movement of the chemical between two different
in vitro compartments using partition coefficients or rate constants. The
general structure of this type of models is depicted in Fig. 1. Static
models make use of a partition coefficient and assume that the in vitro
system is at steady-state equilibrium, meaning that there are no changes
in chemical concentrations between compartments over time. This
assumption reduces the complexity of the models and make them less
data intensive than kinetic models. However, this simplified view of
chemical distribution insufficiently captures cases where a thermody
namic equilibrium takes significant time compared to the overall
duration of the assay. Kinetic models consider the evolution of the
chemical distribution in the different compartments in time using dif
ferential equations parameterized with rate constants. Some of the
models in literature integrate both approaches assuming thermody
namic equilibria for fast distribution processes like serum constituent
binding and rate equations for slower processes like uptake into cells.
Partition constants and distribution rate constants used in these in vitro
distribution models can be derived from experimental data (e.g.
analytically determined chemical concentrations in medium and cells)
or using Quantitative Structure-Property Relationships (QSPRs) that
predict these parameters based on the chemical physicochemical
properties.
The choice of model compartments, equations, and parameterisation
differs per model, and depends on the aim of the model (e.g. intrinsic
clearance assays require the modelling of the rate of metabolism), the
assumptions made (e.g. a steady-state between cell and medium may be
assumed for exposures of stable and non-volatile chemicals over 24
hours), the test chemicals (e.g. volatile chemicals require the modelling
of evaporation) and experimental setup (e.g. the distribution to extra
cellular matrix is modelled when estimating the distribution in hepatic
sandwich cultures). Hence, each model simulating the chemical distri
bution in in vitro systems has a specific chemical as well as system setup
applicability domains (AD). Models should generally be used to only
simulate conditions within their AD, since extrapolations to outside the
AD can be very inaccurate. However, understanding the ADs of these
type of models in literature is not an easy task, given that these are not
explicitly reported, and the model structures are complex and largely
overlap. Moreover, the impact of using the models outside their AD, on
the prediction’s accuracy, should be determined to understand where
model improvements are required.
To allow researchers to make an informed decision on what in vitro
mass balance (i.e. chemical distribution) model to select for a given in
vitro experiment, this review aims to clarify AD’s of common models and
describe the uncertainties associated with the different model assump
tions. Since the distribution process of the chemical into each
compartment is dependent on the matrix characteristics of the
compartment, in a first step, we focus on the processes decreasing the
Cfree. We discuss our current knowledge of matrix characteristics and
how these characteristics determine the extent to which chemicals
associate with it (see ‘Distribution processes in in vitro systems’ section).

1

Groothuis et al. (2015) distinguish between Cnominal and Ctotal, where the latter
refers to analytically determined test chemical concentrations in exposure medium
before exposure.
2
In this paper, ‘dose’ is considered an umbrella term for measures of
chemical exposure.
2
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Fig. 1. Scheme illustrating how test chemicals distribute between different in vitro assay compartments, which are numbered and explained in the legend on the
right of the figure. Two strategies for modelling the chemical distribution in vitro are depicted: modelling the distribution as a series of kinetic processes (dark blue)
or as partition processes where a thermodynamic equilibrium is assumed (light blue). Examples of equations estimating the distribution into plastic as a kinetic or
partition process are presented as examples. Besides Afree or Cfree, most of the models in literature also predict the dose metrics Ccell and Acell.

With the theories behind distribution processes clarified, it is easier to
discuss different model structures reported in literature: naming the
compartments, the reason for including partition and/or kinetic equa
tions, and the strategies for parameterisation (see ‘In silico models of in
vitro system chemical mass balance’ section). The ADs of the different
models are then discussed. This review ends with an advice how to direct
future research efforts based on the ADs of currently available models.
Overall, we aim to highlight the relevance of understanding test chem
ical distributions in in vitro systems to accurately compare chemical
potencies between in vitro assays and between in vitro and in vivo assays.

lower Cfree compared to Cnominal than chemicals with a low binding af
finity in in vitro assays with high serum levels in exposure medium.
Chemicals with a high affinity for serum protein and/or lipids will have
a lower Cfree in in vitro assays with high serum levels in exposure medium
than in in vitro assays with low serum levels in exposure medium.
Serum lipids are mostly organised as lipoproteins aggregates, which
consist in a core of hydrophobic lipids surrounded by one layer of
phospholipids and apoproteins (Fielding and Fielding, 2008). Chemical
binding to serum lipids can be described in a similar manner as the
binding to cellular lipids. Details on this binding process are discussed in
Section 2.4, which covers the binding of chemicals to cell components,
focussing on different types of lipids.
The globular protein bovine serum albumin (BSA) accounts for 60%
(ranging 51-84% for different lots) of the total protein in FBS (Price and
Gregory, 1982) and is considered the dominant chemical sorptive pro
tein in cell culture media. The two main chemical-binding sites for al
bumin are size-constrained cavities that mediate hydrophobic
interactions. These cavities also contain a small cluster of positively
charged amino acids that can interact with electronegative groups of
chemicals such as organic acids (Balaz, 2009; Ghuman et al., 2005).
Besides these two cavities, other binding sites that mostly mediate hy
drophobic and nonspecific interaction have been found in the albumin
protein (Colmenarejo, 2003; Ghuman et al., 2005).
It should be noted that albumin binding can saturate, particularly
when there are low levels of serum added to the exposure medium.
Under these conditions, the impact of albumin binding on Cfree and Ccell
decreases with increasing test chemical concentrations. Also, despite the
presence of multiple chemical binding sites on albumin, chemicals such

2. Distribution processes in in vitro systems
2.1. Binding to serum constituents
In vitro exposure media are often supplemented with 2-20% foetal
bovine serum (FBS), which means that the concentrations of serum
protein and lipids in in vitro exposure medium and in vivo plasma differ.
The impact of chemical binding to serum lipids and proteins in in vitro
exposure medium on Cfree, has been recognized in in vivo studies (Smith
et al., 2010; Trainor, 2007), in vitro intrinsic clearance (Austin et al.,
2005; Bowman and Benet, 2018; Kilford et al., 2008; Poulin et al., 2016)
and drug potency assays (Smith et al., 2010; Wienkers and Heath, 2005).
It has not been as well recognized and considered in chemical safety
assessment and development of new in vitro models. Ignoring the
binding of test chemicals to serum proteins and lipids might cause a
mischaracterisation of intrinsic chemical toxic potencies. Chemicals
with a high affinity for serum protein and/or serum lipids will have a
3
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as organic acids (Henneberger et al., 2020) and polycyclic aromatic
hydrocarbons (PAHs) (Kramer, 2010) appear to only have one binding
site, which results in the saturation at relatively low concentrations of
test chemical concentrations in culture medium (Gülden and Seibert,
2003; Henneberger et al., 2020).
Where binding affinities for BSA are not available, binding affinities
to human serum albumin (HSA) may be used. These proteins are highly
conserved (Majorek et al., 2012) and since the unspecific interactions of
many chemicals with albumin is somewhat independent of the albu
min’s tertiary structure, it is assumed that the small amino acid differ
ences between the two species do not change association constants
(Kalbumin/w) significantly (Kwon et al., 2020). Thus, the differences be
tween BSA and HSA are frequently ignored in in vivo and in vitro dis
tribution models. However, it should be noted that for some specifically
interacting chemicals (e.g. warfarin), significantly different association
constants due to structural differences between BSA and HSA have been
reported (Kosa et al., 1997).
As illustrated in Fig. 1, the albumin concentration and association
constant are needed for the calculation of Cfree in vitro. Some in vitro
distribution models consider saturation of serum protein binding,
requiring knowledge of the number of binding sites on albumin for a
given chemical (Henneberger et al., 2020; Kramer, 2010; Seibert et al.,
2002). Often the albumin concentration used to calculate the bound
concentration and Cfree is the concentration measured or reported to be
in serum. However, it should be noted that some cells in in vitro assays,
such as hepatocytes, also produce albumin, increasing the total con
centration of albumin in in vitro system. However, the excreted levels of
albumin in these systems are calculated to be equivalent to a supple
mentation of 0.0003-0.0009%3 of FBS and are therefore considered to be
an insignificant determinant of Cfree. To analytically measure Kalbumin/w,
tools using matrices that extract unbound chemicals are used, like
polymer coatings in solid phase microextraction (SPME) or dialysis
membranes. Variations in experimental protocols (e.g. pH, salt concen
tration and temperature) can impact the Kalbumin/w (Bowman and Benet,
2018; Henneberger et al., 2016a). Additionally, lipophilic chemicals
bind to plastic and dialysis membranes, which decreases the Cfree,
leading to overpredictions of Kalbumin/w if appropriate controls are not
used (Kramer et al., 2007). Nevertheless, the robustness and stand
ardisation of these techniques has improved in recent years, making the
experimental determinations of Kalbumin/w more reliable and more
applicable to high-throughput screening (Azizi et al., 2019; Boyacl et al.,
2018).
Since Kalbumin/w is such an important determinant of Cfree in vitro and
in vivo, a number of Quantitative Structure Property Relationships
(QSPRs) have been developed to estimate Kalbumin/w using physico
chemical properties, circumventing the need to perform analytical
measurements. Due to the nonspecific interactions between albumin and
most chemicals, the octanol/water partition coefficient (Kow) is the most
common chemical descriptor used for Kalbumin/w QSPRs. Using different
chemical classes in their training sets, several authors found that linear
regressions of log Kow could reasonably predict log Kalbumin/w for lipo
philic neutral chemicals (de Bruyn and Gobas, 2007; Endo and Goss,
2011; Kramer, 2010; Vandenbelt et al., 1972). On the other hand, since
polar chemicals can interact with albumin protein through hydrogenbonds (Zsila et al., 2011), lipophilicity and thus log KOW, does not
correlate as strongly to the binding affinity to albumin of these chem
icals, which highlights the need for more descriptors. Endo and Goss
(2011) explored other descriptors to predict log Kalbumin/w of polar and
apolar neutral chemicals by applying polyparameter linear free re
lationships (PP-LFERs) (Endo and Goss, 2014). Despite including more
varied descriptors, the PP-LFER did not improve the log Kalbumin/w

predictions significantly relative to log Kow-based QSPRs for neutral
chemicals. For ionic chemicals, a PP-LFER that included two ionic de
scriptors (Abraham and Zhao, 2004) was found to predict log Kalbumin/w
significantly better than log Kow-based QSPRs (Henneberger et al.,
2016a).
There are QSPRs that use more complex descriptors (e.g. electro
topological descriptors (Hall et al., 2003)), or instead of linear re
gressions, use machine learning algorithms (e.g. genetic algorithms
(Colmenarejo, 2003)) and random forest (Toma et al., 2019)). Besides
electrotopological descriptors derived from 2D structures of the chem
ical molecule, descriptors can also be obtained from the 3D conforma
tion that the chemical adopts when bound to albumin binding sites
(Linden et al., 2017). This method allows for more accurate predictions
of Kalbumin/w for ionised chemicals. However, more complex descriptors
frequently require software that may not be sufficiently maintained and
updated. Ideally, for the QSPR to be used by a wider public, they should
be easily integrated into different software platforms that derive the
descriptors and run the QSPR (e.g. Dragon molecular descriptors
extension in KNIME4). Moreover, due to the complexity and variety of
possible interactions between chemicals and albumin, generating a
sufficiently reliable generic QSPR is unlikely. Therefore, specific QSPRs
that take into account the different classes of chemicals are recom
mended for accurate determination of Kalbumin/w (Colmenarejo, 2003;
Henneberger et al., 2016a), even when these QSPRs consider only log
Kow as descriptor. Ideally the QSPRs are based on enough descriptors
that the physicochemical properties driving the distribution process are
represented but are also simple enough to allow for mechanistic
interpretations.
Binding to serum is usually considered a partition process that
decreases Cfree and consequently Ccell. In reality, there are several rate
processes (e.g. sorption and desorption from albumin, diffusion of free
chemical across aqueous medium, etc.) which are generally quick
enough to be negligible and therefore these assumptions hold true for
most in vitro test scenarios. A number of studies investigated whether the
‘immediate partitioning to albumin’ assumption holds in intrinsic
clearance assays, since any rate process that is slower than the intrinsic
clearance can lead to underpredictions of clearance (Krause and Goss,
2018; Kwon et al., 2020; Weisiger, 1985). Predictions using experi
mental desorption rates from albumin revealed that a slow desorption
rate of rapidly metabolised chemicals with a high affinity to albumin
may indeed hamper clearance calculations in vivo (Krause and Goss,
2018). In these simulations, the slow albumin desorption kinetics
together with the relatively quick perfusion of plasma were shown to
limit the amount of chemical released from albumin into liver sinusoids.
Given that most in vitro systems are not perfused, a similar hindrance in
clearance calculations is not expected. However, with the advent of
microfluidic systems, it will be worth investigating and comparing
perfusion, desorption and diffusion rates in vitro.
Likewise, the assumption that a decrease of Cfree in medium leads to a
proportional decrease of Ccell may not always hold. Several authors
report that in vitro clearance did not decrease in the presence of serum as
would be expected given the decrease in Cfree (Andersson et al., 2004;
Fukuchi et al., 2017; Obach, 1999; Riley et al., 2005). The proposed
mechanism is that albumin binding to some chemicals enhances their
rate of diffusion and/or cellular uptake (Bowman and Benet, 2018;
Poulin et al., 2016). Similarly, lipoproteins vesicles have been found to
facilitate uptake of chemical into cells (Shireman and Wei, 1986). In
fact, this increase in diffusion and/or serum constituent-mediated
cellular uptake, has also been observed in cells with low metabolic ac
tivity (Fischer et al., 2018a; Hjelmborg et al., 2008), meaning that cells
in assays with supplemented serum achieve steady state Ccell sooner than
in conditions without serum.

3
Calculations based on an albumin production rate of 7.5 pg/day/cell (Gunness
et al., 2013) and 2.5 μg/day/106cells (Lübberstedt et al., 2011) and a monolayer
of 125,000 cells in a 24-well microplate with 0.5 mL medium.

4
http://www.talete.mi.it/help/dragon_help/index.html?knime_extension.ht
ml (23/04/2020)
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2.2. Distribution to and through the extracellular matrix (ECM)

of sorption to microtitre plate plastic on the Cfree in in vitro assays. For
neutral chemicals with a log Kow higher than 5.5 and under serum-free
conditions, 25-75% of the added mass of chemical sorbed to plastic
(Bourez et al., 2013; Hestermann et al., 2000; Mundy et al., 2004).
The amount of chemical associated to microplate (Aplastic) was found
to be time-dependent (Bourez et al., 2013; Mundy et al., 2004). In fact, a
two-phase kinetic profile has been proposed, where the rate of sorption
occurs rapidly in the first hours of exposure and then continues more
slowly afterwards (Fischer et al., 2018b). The existence of these two
kinetic steps in plastic sorption is possibly because the sorption to plastic
consists of adsorption (binding of molecules to the surface of the poly
mer) as well as absorption (diffusion within the polymer). Slower ab
sorption kinetics demand measurement of samples spaced in time to
accurately measure the sorption equilibrium. Equilibrium between the
chemical in medium and sorbed to plastic was found to take several
hours or even days for high log Kow chemicals (Stadnicka-Michalak
et al., 2014). Gavara et al. (1996) derived an equation to estimate the
length of time to reach equilibrium in polystyrene films given a chem
ical’s diffusion rate in polystyrene (DPS). The authors then calculated
that 90% chemical equilibrium is reached in vitro after 50 days of
exposure to limonene (DPS =3×10-18 m2/s). Experimentally it was found
that 4-31 days were needed for several neutral chemicals to reach
equilibrium between Cfree and the concentration sorbed in 25 μm thick
polystyrene sheets (Fischer et al., 2018b). Since chemical sorption to
plastic is a reversible process and diffusion in polystyrene is a slow
process, desorption from plastic can potentially be a rate limiting step in
intrinsic clearance assays.
Since the absorption rate is significantly slower than adsorption rate
to plastic, adsorption dominates the mass transfer of chemical into
plastic in in vitro assays with standard exposures times (Fischer et al.,
2018b; Schreiber et al., 2008). Therefore, some authors assume an
instantaneous chemical equilibrium between plastic and medium
described by an apparent partition coefficient (KPS/medium) to determine
the fraction associated to well plate plastic. Following the finding that
sorption to plastic affected especially highly lipophilic chemicals (Riedl
and Altenburger, 2007; Schreiber et al., 2008), Kramer (2010) studied
the KPS/medium of seven PAHs (log Kow ranging from 3.3 to 6.1) to the
tissue-culture treated polystyrene. Freundlich isotherms were used
derive log KPS/medium. It was found that saturation of plastic binding of
PAHs occurs at concentrations higher than the solubility in water and
could therefore be ignored when estimating the extent of plastic binding
in the in vitro assay examined in the study. The log KPS/medium for these
PAHs linearly correlated with log Kow. It should be noted that by fitting
log KPS/medium to experimental data, even if assuming adsorption only,
the resulting partition coefficient will reflect both adsorption and ab
sorption. Hence, in vitro distribution kinetics models that use these
calculated partition coefficients may still predict accurately plastic
concentrations, as long as it is for the same length of exposure as used
experimentally.
Stadnicka-Michalak et al. (2014) studied how the amount associated
to plastic changed over 48 hours for eight chemicals. While for most
chemicals an apparent equilibrium in the plastic was achieved within
one day, three chemicals took more than one day to achieve it. For each
chemical, rates of influx and efflux from plastic were fitted to experi
mental data. The rate of influx was shown to also correlate positively
with log Kow while the rate of efflux had an inverse second order poly
nomial correlation with log Kow. Fischer et al. (2018b) studied adsorp
tion and absorption for 22 chemicals, using thin 25 μm polystyrene disks
to achieve equilibrium in reasonable experimental time. Absorption was
modelled through Fick’s second law of diffusion which describes the
change of chemical concentration in plastic over time and depends on a
diffusion coefficient (DPS). The model for plastic sorption was used to fit
KPS/medium and DPS from experimental data. The model and resulting
parameters successfully simulated the decrease of Cfree after 24 and 96
hours in polystyrene plates with and without serum. The model was
published in Excel and is available to calculate the impact of plastic

While the use of extracellular matrices (ECM) in in vitro systems has
been studied to improve organ-specific functions of cells (LeCluyse et al.,
1999; Sellaro and Ranade, 2009; Streuli, 1999), its impact on the dis
tribution of chemicals and uptake kinetics into cells has been less
studied. As is the case with serum proteins in in vitro assays, ECM may
sorb chemicals, decreasing the overall Cfree of test chemicals. Some of
the chemicals tested in EU FP7 Predict-IV project were found to be
associated with ECM in cell assays (e.g. 15% of the dose of ibuprofen was
found sorbed to collagen after acute exposure while 5-10% of a dose of
amiodarone was found sorbed to GeltrexTM after repeated exposure)
(Kramer et al., 2015). However, an overview of partitioning of neutral
organic chemicals to animal protein indicated that, in general, chemicals
have lower binding affinities to collagen and gelatin (hydrolysed
collagen which is also used in in vitro assays) than muscle protein and
BSA (Endo et al., 2012). These low binding coefficients to ECM together
with higher binding coefficient to other compartments (e.g. plastic and
serum protein) results in a negligible fraction of compounds associated
to ECM (e.g. cyclosporin A and chlorpromazine sorption to GeltrexTM
(Bellwon et al., 2015b; Broeders et al., 2015)).
Despite the relatively low binding affinity of chemicals to ECM
compared to other assay components, the ECM may hamper quantifi
cation of observed effects in kinetic assays as it may slow the uptake rate
of in chemicals into cells (Broeders et al., 2015). Since the ECM is a mesh
of fibres, its tortuosity increases the diffusion length of both free and
bound chemicals, which decelerates overall diffusion. Collagen matrices
were reported to significantly restrict diffusion of large molecules (e.g.
proteins and dextran) depending on the collagen concentration, hydra
tion, extent of cross-linking, as well as macromolecules size (Gilbert
et al., 2006; Ramanujan et al., 2002). The diffusion of cationic chemicals
was found to be hindered in ECM-containing assays more than other
chemical classes due to collagen being slightly positively charged. On
the other hand, selective filtration of anionic macromolecules has been
observed in glomerular basement membrane, which is constituted by
collagen, but also contains many negatively charged components, such
as laminin and heparan sulphate proteoglycans. Therefore, besides steric
and hydrodynamic restrictions, electrostatic repulsion can also decel
erate the overall mass transport of chemicals (Stylianopoulos et al.,
2010). It should be noted that there are conflicting reports for ECM se
lective filtration, possibly due to differences in ECM gel constitution,
hydration, extension of polymerization and the presence of cells (Bolton
et al., 1998; Ferrell et al., 2011).
The impact of ECM slowing the rate of diffusion of chemical on Ccell
in vitro can be especially high in static in vitro intrinsic clearance assays
where diffusion through the ECM is he rate-limiting step of the observed
clearance. However, since ECM-hindered diffusion was so far only
observed for large macromolecules, diffusion of smaller organic chem
icals may not be significantly hampered. For warfarin (slow clearance)
and 7-hydroxycoumarin (fast clearance) in serum-free intrinsic clear
ance assays containing hepatocytes within an ECM gel, it has been
shown that intrinsic clearance rate was rate limiting the overall reaction
rather than the diffusion in the ECM (Treijtel et al., 2005). Future ex
periments with well-designed controls will provide greater clarity on the
exact in vitro conditions (e.g. level and type of ECM, exposure time,
physicochemical properties and intrinsic clearance of the chemical)
needed for the presence of ECM to significantly affect in vitro readout
due to reduced chemical diffusion rates and sorption to ECM.
2.3. Plastic sorption
Current in vitro assays rely on plastic materials. The most common
material used for microtitre plates is polystyrene. This hydrophobic
polymer is treated to make its surface more hydrophilic and negatively
charged, which facilitates cell attachment (Curtis et al., 1983; Lerman
et al., 2018; Wilson et al., 2005). Several studies investigated the impact
5
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sorption in different well plate formats. In the same study by Fischer
et al. (2018b), while the logarithm of KPS/medium correlated linearly with
log Kow, log DPS did not correlate with log Kow and contrary to some
literature (Berens and Hopfenberg, 1982; Dole et al., 2011; Kim et al.,
1993; Rusina et al., 2010) nor with molecular weight.
While the study of sorption to microplates has been focused on
polystyrene, the use of other plastics for culture plates is increasing.
Microfluidic systems, for example, often use polydimethylsiloxane
(PDMS) which has markedly different chemical sorption characteristics
to polystyrene (Nianzhen Li et al., 2009). The diffusion of chemicals
through polymeric systems depends on the free volume of the polymer,
segmental mobility of the side-chains and overall “stiffness” of the
polymer (George and Thomas, 2001). For the latter parameter, the lower
the glass transition temperature relative to the experimental tempera
ture, the softer and more flexible the polymer is, thus allowing chemicals
to diffuse more quickly and partition better (in)to the polymer.
Schreiber et al. (2008) compared the diffusion of phenanthrene in
different polymers and showed that while 2% of the chemical sorbed to
glass and 28% to plexiglass, 94 % sorbed to polystyrene. However,
higher percentages of the total chemical mass were observed sorbed to
polyethylene, illustrating how chemicals can differentially sorb to
different polymers.

derived intrinsic clearance rate (Margolis and Obach, 2003). Although
the measured effective dose or intrinsic clearance can be affected by
other factors such as cell confluency, pH differences and saturable
intrinsic clearance, the decrease of Ccell_free due to unspecific binding to
cell components is the only process that can occur in all the aforemen
tioned in vitro systems.
Cell lipids and proteins drive the accumulation of chemicals in cells
in vitro and in vivo. Carbohydrates have not been pointed out as signif
icant sinks for chemicals, although literature on partitioning into car
bohydrates is scarce (Schwarzenbach et al., 2016). To estimate
partitioning to cellular proteins, some in vitro chemical mass balance
models use Kalbumin/w (Fischer et al., 2017; Zaldivar Comenges et al.,
2016). While Kalbumin/w does reasonably predict Ccell for neutral and
cationic chemicals, it generally overestimates Ccell of organic acids
(Henneberger et al., 2020). Predictions improved for these chemicals
when partition coefficients to structural proteins (chicken muscle),
instead of albumin, are used as surrogates for cell proteins (Henneberger
et al., 2020). While albumin can have more specific interactions with
acidic chemicals, resulting in higher Kalbumin/w, non-specific interactions
are expected for structural proteins, lowering the partition coefficient
(Henneberger et al., 2016b). Moreover, partitioning to structural pro
teins does not exhibit saturation and is less influenced by steric effects of
chemicals than Kalbumin/w (Henneberger et al., 2016b). A PP-LFER has
been created for predicting partition coefficients of neutral chemicals to
chicken muscle (Endo et al., 2012) and has meanwhile been extended to
ionised chemicals (Henneberger et al., 2016b). It should be noted the
test set for the latter is not rich in cationic chemicals and therefore its
accuracy for this class of chemicals is uncertain.
There is a strong correlation between bioaccumulation and lipid
content of organisms in ecotoxicity studies (Barron, 1990; Jonker and
Van Der Heijden, 2007; Van Der Heijden and Jonker, 2011). Lipids tend
to be the dominant determinant of distribution to in vivo tissues. Neutral
chemicals tend to have significantly higher partition coefficients to
lipids than proteins, especially structural proteins (Endo et al., 2013;
Henneberger et al., 2020). Yet, for several organs and cell lines, the
protein content was measured to be 3-8 times higher than the lipid
content and thus proteins can have a major role in driving partitioning
(Bertelsen et al., 1998; Fischer et al., 2017; Henneberger et al., 2019;
Zaldivar Comenges et al., 2016).
Partition coefficients to cell lipids have an obvious direct correlation
with the general lipophilicity proxy, Kow (Austin et al., 2005; Kramer,
2010; Quinn et al., 2014). It should be noted, however, that cellular
lipids include membrane lipids5 (e.g. phospholipids, cholesterol, sphin
gomyelin) and storage lipids (mostly triglycerides and derivates).
Especially polar and ionised chemicals have different binding affinities
for different lipids types.
For more accurate Ccell predictions, solvents or sorbent matrices that
better represent each type of lipids have been studied. Partition co
efficients of neutral lipophilic chemicals to triolein (log Ktriolein/water), a
specific triglyceride, strongly correlate with partition coefficients to
abdominal fat and MCF-7 cells (Quinn et al., 2014). In turn, log Ktriolein/
water had a linear correlation with log Kow, although there is a trend for
Kow to be lower than log Ktriolein/water. References in literature report
opposing results: log Kow either over- or underpredicts log Ktriolein/water
(Chiou, 1985; Jabusch and Swackhamer, 2005; Quinn et al., 2014).
These discrepancies may be due to experimental artifacts and/or dif
ferences in chemicals tested. Since octanol is a more favourable solvent
for polar chemicals than triolein (Abraham and Acree, 2016), test sets
containing chemicals of different polarity may show different correla
tions between log Kow and Ktriolein/water. Besides Ktriolein/water, using
partition coefficients to oils (e.g. olive oil, fish oil) other than octanol
may help improve the prediction of the partition coefficients to storage

2.4. Ccell: accumulation and permeability
The cell-associated concentration (Ccell) is the result of chemical
uptake into the cell, accumulation inside the cell by binding to cellular
components, and metabolic degradation of the chemical. While binding
to the cellular components is usually considered an instantaneous pro
cess and thus can be calculated using partition coefficients, permeability
and metabolism are rates and therefore need to be modelled through
kinetic models. It should be noted that cellular uptake for some chem
icals also depend on xenobiotic transporters (i.e. proteins that mediate
facilitated and active membrane transport) (Clerbaux et al., 2018). The
expression and activity of these transporters depend highly on the cell
model and experimental conditions used (De Bruyn et al., 2013; Tiong
et al., 2014). Moreover, predicting the facilitated or active transport rate
is considerably challenging due to the complexity of membrane proteinsubstrate interactions. Also, the microenvironment (e.g. membrane
composition) affects membrane transporter expression and activity
(Lagares et al., 2020; Montanari and Ecker, 2015).
Despite the existence of facilitated or active transport of chemicals
across cell membranes, studies frequently assume that for most chem
icals in vitro, passive permeability dominates the overall transport in and
out of cells. For these reasons, published in vitro distribution models do
not include the process of active transport of chemicals into cells.
Similarly, metabolic clearance depends on enzymes differentially
expressed across in vitro assays. Predicting clearance rates of chemicals is
equally challenging and generally ignored in in vitro distribution models.
In this section, we therefore focus on the different partitioning processes
that drive accumulation and list physicochemical properties correlating
with partition coefficients and passive permeability.
As mentioned in the introduction, Ccell incorporates Ccell_free, Ccell_
membrane and Ccell_bound (Fig. 1). Only free chemical molecules (Cfree or
Ccell_free) are considered available to interact with a molecular target
(McCarty et al., 2011; Smith et al., 2010). For chemicals with high
sorption affinities to cells in assays with high cell numbers, the intra
cellular accumulation of a chemical can deplete the medium Cfree, and
consequently Ccell_free and the concentration at the molecular target.
Indeed Gülden et al. (2001) found a correlation between the cytotoxic
effective concentration and the number of bovine sperm cells in sus
pension. A similar effect was observed with zinc oxide particles in a
human cell line (Heng et al., 2011) and with copper in unicellular algae
(Franklin et al., 2002). Unspecific binding to cell components also de
creases Ccell_free in intrinsic clearance assays; the number of microsomes
in an experimental condition was found to inversely correlate to the

5
Cell membranes, myelin membranes, the nucleus membrane, endoplasmic
reticulum and mitochondrial membranes differ in their lipid composition.
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lipids (Geisler et al., 2012; Poulin and Krishnan, 1995).
Liposomes, bilayers of organised phospholipids, strongly resemble
cell membranes and, hence, have been used extensively to study how
chemicals partition to cell membranes in vitro (Escher and Schwarzen
bach, 1996). Unlike triolein and octanol, phospholipids have either
zwitterionic or negatively charged headgroups, with the latter having
good hydrogen bond acceptors capabilities (Fahy et al., 2005). These
phospholipids self-organize in membranes, with the highly polar sur
faces surrounding the densely packed lipophilic hydrocarbon core. Kow
and Ktriolein/w are considered ill-suited to act as direct proxies for lipo
some/water partition coefficients (Kliposomes/w). Two different PP-LFERS
were fit to log Kliposomes/w (Endo et al., 2011; Vaes et al., 1998). The
lipophilicity related parameter showed to have a positive correlation to
log Kliposomes/w. Both PP-LFERS also captured the negative influence of
hydrogen-bond acceptor capability in the value of the predicted Klipo
somes/w, reflecting the repulsion of hydrogen-bond acceptors from the
phospholipids headgroups. The impact of hydrogen bond donors on log
Kliposomes/w was overall low. A comparison of one of the log Kliposomes/w
PP-LFER (Endo et al., 2011) with a log Kow PP-LFER using the same
descriptors, showed that, although polarity has a negative impact on
both partition coefficients, it has a greater impact on log Kow (Abraham
and Acree, 2016; Schwarzenbach et al., 2016).
Log Kliposomes/w and log Kow differ more for ionised chemicals than
for neutral chemicals. The log Kliposomes/w and log Kow of neutral mole
cules of phenols are similar, and with increased pH and consequently
increased number of negatively ionised molecules, both partition co
efficients decrease. However, for log Kow, the decrease is much more
pronounced and depends more on the presence of cationic salts (Escher
and Schwarzenbach, 1996). The liposomes’ membrane structure pro
motes more efficient counterion-ionic molecules “neutralization”,
possibly due to its higher surface area to volume ratio than octanol
(Escher and Schwarzenbach, 1996).
To further explore the importance of membrane structure and
anisotropy on partitioning of chemical, Bittermann et al. (2014) calcu
lated Kliposomes/w for a set of neutral, cationic and anionic chemicals to
membranes with different levels of complexity. The authors used COS
MOtherm, a software that calculates solvation mixture thermodynamics.
Kliposomes/w values for neutral chemicals, predicted using COSMOtherm

and assuming disorganised phospholipids, were comparable to experi
mental Kliposomes/w values and Kow-predicted Kliposomes/w values. How
ever, when compared to experimental Kliposomes/w values, Kliposomes/w was
overpredicted for cations and underpredicted for anions. Phospholipids
were also modelled in COSMOtherm as organised membranes, and Kli
posomes/w values were computed from the chemical’s solubility in the
different sections of the membrane. Although Kliposomes/w was better
predicted when COSMOtherm assumed organised membranes as
opposed to disorganised phospholipids, the tendency to over- and
underpredict Kliposomes/w of cationic and anionic chemicals persisted. As
aforementioned, phospholipids are amphiphilic molecules and its
organisation in membranes causes an electronic heterogeneity and
dislocation of charges (dipole), which generates a positive electronic
potential. This potential was optimised for Kliposomes/w of neutral and
ionised chemicals. Partitioning simulations including the optimized
potential resulted in improved predictions of log Kliposomes/w for ionised
chemicals; the membrane positive potential lightly repels cations,
reducing their overprediction, and slightly attracts anions, reducing
their underprediction. COSMOtherm remains the most accurate tool to
predict the partition behaviour of ions, without requiring more
computationally laborious methods (e.g. software that includes molec
ular dynamics (Venable et al., 2019)).
In summary, cell partitioning can be calculated with individual
partition coefficients to cell protein, storage lipids and membrane lipids.
Depending on whether the chemical is neutral, polar or ionic, different
methods are available to estimate these partition coefficients. Fig. 2
presents an overview of methods estimating partition coefficients to cell
proteins, storage lipids and membrane lipids. The methods differentially
balance prediction accuracy and throughput. Measurements of the
different lipids in cells can be a hurdle in modelling partitioning to cells
as distinguishing lipid types is analytically challenging. There is little
need to distinguish between storage and membrane lipids when esti
mating Kcell and Ccell for neutral chemicals. For polar and especially
ionic chemicals, however, assuming bulk lipid partitioning can lead to
over- and underestimations. Future studies should investigate the extent
and significance of this over- and underestimation. Moreover, since the
other components of membranes (e.g. glycolipids, sterols and trans
membrane proteins) are not included in liposomes, also it should be

Fig. 2. An overview of surrogate parameters and QSPRs for predicting a chemical’s affinity to the different components of cells in vitro. The correct surrogate or
QSPR to use is dependent on the chemical class of the test chemical. References: 1- (Zaldivar Comenges et al., 2016), 2-(Fischer et al., 2017), 3- (Endo and Goss,
2011), 4-(Endo et al., 2012), 5-(Henneberger et al., 2016a), 6-(Poulin and Krishnan, 1995), 7-(Rodgers et al., 2005; Rodgers and Rowland, 2006), 8-(Quinn et al.,
2014), 9-(Geisler et al., 2015), 10-(Endo et al., 2011), 11-(Bittermann et al., 2014)
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studied if these components can significantly affect the partition coef
ficient to cell membranes.
Whereas partition coefficients to cells describe the distribution of a
chemical between medium and cells at equilibrium, permeability de
scribes the flux of molecules across the membrane. Hence, permeability
defines how quickly the chemical accumulates in the cell before it rea
ches this chemical equilibrium. Depending on the chemical properties
and other processes affecting the Ccell (e.g. transport and metabolism), it
may take hours to days for cells to reach a steady state concentration in
cells (Fischer et al., 2018a; Stadnicka-Michalak et al., 2014). Therefore,
for in vitro assays of short duration (i.e. shorter than 8 hours), a chem
ical’s permeability can significantly influence the observed in vitro
readout.
Most literature studying permeability test the passage of chemical
across phospholipid membranes (e.g. parallel artificial membrane
permeability assays and black lipid membrane assays) or cell barriers (e.
g. Caco-2 or brain-blood barrier endothelial cells apparent permeability
Papp assays) in transwell systems (Youdim et al., 2003). Permeability
measured with phospholipid membranes cannot be directly compared to
Papp. Besides assessing the permeability across phospholipid mem
branes, Papp also includes influx and efflux transporter activity, lateral
membrane diffusion, transcellular diffusion, and diffusion across the
cytosol and transwell membrane (Bittermann and Goss, 2017). There
fore, mechanistic modelling that discriminates between individual
diffusive processes driving membrane permeability is needed for
comparing membrane permeability to Papp.
Because permeability describes a flux of molecules it can be
described with Fick’s law of diffusion (Eq. (1)), which states that the
transfer of a chemical mass from a donor compartment to a receiver
compartment in time (dM/dt) depends on the chemical’s diffusion co
efficient (D), the distance the chemical needs to cross (l), the concen
tration gradient between the receiver and donor compartment (ΔC) and
the surface area of the membrane (SA). For permeability studies it is
common practice to lump D and l in a permeability coefficient (Pcoef, in
cm/min), assuming the membrane thickness is identical in all
membranes.

Kow higher than 5) have low cell membrane permeabilities. This is
because diffusion through the unstirred aqueous boundary layer and
across phospholipids with polar headgroups becomes prohibitively slow
(Bittermann and Goss, 2017). Similarly, chemicals with several H-bond
donor or acceptor groups diffuse more easily across the aqueous and
polar environments, but not within the membrane lipophilic core. Due
to their optimal affinity to membranes, amphiphilic molecules, such as
digitonin, prefer accumulating in membrane instead of diffusing across
it (Balaz, 2009; Gülden et al., 2001).
The molecular volume negatively affects Pcoef because every diffu
sion process has a resistance created by the “viscosity drag”, which de
pends on the surrounding matrix viscosity and the molecule size
(Edward, 1970). Therefore, high volume chemicals have lower diffusion
constants than low volume chemicals. With the membrane being a more
viscous environment than medium or cytosol, the decreased diffusion of
these large and less compact molecules is more pronounced. It is note
worthy that unfavourable interactions between the chemical and the
surrounding matrix also increase the diffusion drag. In fact, for a set of
ten fluorescent chemicals, the anionic and zwitterion chemicals had
lower uptake in cells relatively to neutral chemicals (Fischer et al.,
2018a).
The difference between membrane partitioning and permeability
explains the controversy surrounding the question to what extent mo
lecular volume and high lipophilicity have a negative impact on bio
accumulation (Jonker and Van Der Heijden, 2007). As aforementioned,
molecular volume and high lipophilicity have deleterious effect on
permeability. This is not true for partitioning to membrane. If a dele
terious effect of these characteristics on partitioning to cell is observed,
the chemical equilibrium between the aqueous medium and the mem
brane surrogate was likely not achieved during the experiment. In fact, it
was calculated that for some extremely lipophilic chemicals, extraordi
nary time lengths (e.g. 0.5 years for log Kow of 6) are needed to achieve
equilibrium (Hawker and Connell, 1985). Therefore, especially in assays
with short exposure durations, it should be evaluated whether parti
tioning processes reach equilibrium and consequently whether partition
coefficients predict Ccell sufficiently.

)
(
)
(
/
dM D (cm2 /min)
× ∆C μmol cm3 × SA cm2
=
l(cm)
dt

2.5. Loss processes to gas phase

(1)

Problematic evaporation of the test chemicals has been extensively
reported in aquatic toxicity assays and is therefore a large focus point in
the OECD guidance document on aqueous -phase aquatic toxicity testing of
difficult chemicals (OECD, 2019). This OECD guideline indicates that
significant fractions of chemicals with a Henry Law constant (KH) of 1-10
Pa×m3/mol are lost to evaporation, which hampers the calculation of
effect concentrations. With the advent of in vitro high-throughput
screening using smaller medium volumes in microtitre plates, gas sur
face area to medium ratios are becoming higher and consequently the
problems associated with the evaporation of test chemicals will become
more apparent. (Vaal and Forkerts, 1998).
Modelling evaporation in in vitro assays is challenging. Most in vitro
chemical mass balance models taking evaporation of a chemical into
account, assume the in vitro assay is closed system. In a closed system,
the volatile chemical quickly reaches an equilibrium between air and
media, which can be described by the chemicals air-water partition
coefficient, Kaw. Kaw can be derived from KH. However, most in vitro
assays are semi-open systems. The mass flow of air in and out of the well
continually dilutes the chemical in the headspace, making it virtually
impossible to attain a chemical equilibrium between medium. Eventu
ally, all chemical mass will have evaporated out of the system. The in
vitro distribution model in Comenges et al (2016) includes equations
simulating this mass flow of air. It should be noted, however, that the air
mass flow is a chaotic and highly variable process, and consequently,
models of this flow are fraught with uncertainties.
Besides contributing to the loss of chemical mass from the system,
evaporation can also cause the cross-contamination of wells with

It is assumed that only the unbound molecules can permeate, hence
∆C is about the Cfree and the Ccell_free. Once chemicals reach the cytosol,
they can quickly partition to cell lipids and proteins, hence decreasing
Ccell_free. Therefore, partitioning of chemicals to cells lipids and protein,
generates a higher ∆C than if cellular partitioning was not considered.
This results in a higher flux of molecules in cells with higher lipid and
protein content. Bourez et al. (2013) found that uptake of PCBs is faster
in cells with more triglycerides. As an important driver of the flux of
molecules across membranes, ∆C must be correctly incorporated in
experimental derivations of Pcoef and models of the distributions of
chemicals in in vitro systems.
Several processes determine Pcoef: diffusion of molecules in the
unstirred aqueous layer around the (cell) membrane, partitioning be
tween medium and the membrane and diffusion through the membrane,
across sections differing in lipophilicity and polarity. Therefore, several
physicochemical properties of a substance influence permeability,
summarized in the Lipinski rule of 5 (Lipinski et al., 1997): lipophilicity,
molecular weight, and polarity (H-bond-donor and acceptors). Accord
ingly, there are several membrane permeability QSPRs that take these
properties into account. Recently COSMOtherm added a feature that
predicts a “true” passive membrane permeability based on the free en
ergy of chemicals into individual sections of the membrane (Ebert et al.,
2020).
Although lipophilicity generally increases permeability because
lipophilic chemicals diffuse readily through membranes and have high
partition coefficients to membranes, extremely lipophilic chemicals (log
8
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chemical. In 96-well microtitre plates, phenol with a KH of 0.155
Pa×m3/mol evaporated and migrated from the phenol-exposed wells to
the control wells (100% viability), slowing cell growth in these controls
(Thellen et al., 1989). Therefore, the cell growth in phenol-exposed
wells was not as low relative to controls as it would be expected if
there was no cross-contamination, reducing the observed toxic potency
of the chemical. This cross contamination was dependent on the orien
tation of test wells relative to control wells, buffer zones between con
ditions, and whether the plates were sealed, emphasizing the
importance of test setup standardisation.
Another pitfall of modelling evaporation lies in the need to extrap
olate KH for different temperatures. While common chemical databases
list KH at 25 ◦ C, in vitro toxicity assays with mammalian cells are
routinely performed at 37◦ C. Since KH changes with temperature (Ten
Hulscher et al., 1992), predicting the volatilization at 37◦ C with the
constant for 25◦ C can lead to great underestimations of evaporation. KH
can be extrapolated from 25oC to 37oC through calculations using the
chemical vapor pressure or enthalpy or a PP-LFERs for Kaw in different
temperatures (Smith and Harvey, 2007).
Several strategies have been studied to adapt in vitro assays to a
closed system format to reliably test volatile chemicals and model Cfree.
Plastic adhesives were used to cover wells in microtitre plates used for
cytotoxicity assays with phenanthrene (KH of 4.28×Pa⋅m3/mol). Yet,
after 24 hours exposure, a loss of 98 % of phenanthrene to evaporation
was still observed. When microplates were covered with aluminium
instead of plastic, losses decreased to 75%, suggesting the plastic ad
hesive worked as a sink for evaporated compound, enhancing evapo
ration (Schreiber et al., 2008). The potential for aluminium covers to
minimize evaporation was further studied in Birch et al. (2019). In
general, the aluminium covers did not decrease evaporation signifi
cantly. However, cross-contamination of wells was prevented for 8
volatile chemicals by using the aluminium cover. Thus, the loss of
chemical mass in closed wells is most probably due to the glue of the
aluminium cover sorbing the chemical than to the presence of gas
transfer from out of the well to inside.
To accurately predict Cfree using Kaw, the in vitro system needs to be
closed, which is easier to do with cell cultures that do not require
attachment to a surface, such as suspension cultures and spheroids (Liu
et al., 2013), since these cultures can be done in tightly capped glass
vials. Still, monolayers of SH-SY5Y (McDermott et al., 2007) and A549
(Liu et al., 2013) cell lines were able to attach to glass vials, and also
HepG2, after coating the bottom of the vial with Poly-Lysine (Mochalski
et al., 2013). Instead of ensuring a chemical equilibrium between the
medium and gaseous phase in in vitro systems, the gaseous headspace
may be eliminated altogether. Stalter et al. (2013) used tightly capped
glass vials without headspace and found higher recoveries of test
chemicals than in sealed wells with a gaseous headspace. Although these
closed-system methods have their advantages, many cells used in in vitro
assays require high oxygen levels in medium (Wenger et al., 2015) and
gas exchanges with the CO2 atmosphere inside the cell incubator, which
these systems cannot deliver.
As aforementioned, usually loss of mass of the chemicals by evapo
ration can be predicted through KH. However, binding to in vitro set up
components, such as serum, decreases Cmedium and Cfree and conse
quently the amount of chemical available for evaporation. Taking this in
account, a volatile cut-off was proposed that was not based on the KH,
but rather on the medium-air partition constant Kmedium/air of 10000
(Escher et al., 2019). This Kmedium/air represent both the Kaw, but also
how much chemical is bound to lipid and protein components in
medium.

relatively quickly (e.g. half-life of 72 h and 2.5-16h, respectively) in
aqueous solutions at pH 7.4. Assuming similarities to environment
abiotic degradation (Nolte and Ragas, 2017), degradation in vitro is
likely to occur by reacting with radicals (mainly oxygen radicals) or
photolysis in the medium and headspace. This means degradation will
occur at different rates in medium and headspace due to different con
centration of radicals and light penetration in each phase. Radicals occur
naturally (often through photolysis of water and atmospheric gases), but
may also get into medium through metabolism reactions in cells (Pha
niendra et al., 2015). Components of cell culture serum can also increase
radicals concentration (Wang et al., 2018). Moreover, partial oxygen
pressure in in vitro is often higher than tissues and blood in in vivo, which
could result in a more oxidative environment (Halliwell, 2003). How
ever, it should be also noted that oxygen concentration in medium drops
quickly throughout the static culture medium depth (Wenger et al.,
2015). Most media often do contain antioxidants such as glutathione
that reduce the reactivity of radicals. Altogether it is difficult to conclude
how similar abiotic degradation rates in cell culture media and in in vivo
are.
It is assumed that only unbound molecules in medium are available
for degradation, since bound molecules are shielded from light and
degradation by radicals (Schwarzenbach et al., 2016). Similarly, to
intrinsic clearance assays, if the rate of albumin or plastic desorption of
the chemical is slow enough it potentially affects the degradation of the
chemical. Thus, future studies are needed to elucidate the similarities of
mass loss in in vitro and in vivo due to abiotic degradation and the best
strategy for QIVIVE of unstable chemicals.
While models for abiotic degradation exist, they have been devel
oped for environmental compartments and rely on complex chemical
descriptors (e.g. electron orbitals of the atoms in the molecules) (Nolte
and Ragas, 2017). The U.S. EPA EPIsuite toolbox includes models pre
dicting aqueous hydrolysis rates (HYDROWIN) and atmospheric oxida
tion (AopWIN), which consist of hydroxy radical reactions. Besides,
experimental data for atmospheric hydroxylation rate of a number of
chemicals is available in US and EU chemical databases (Comptox
Dashboard and REACH dossiers, respectively). There is a need for more
relevant in silico tools to predict abiotic degradation under in vitro test
conditions.
3. In silico models to estimate the distribution kinetics of
chemicals in vitro
The use of Cnominal for comparing chemical potencies, assay sensi
tivity or deriving a Point of Departure (PoD) for QIVIVE is often inap
propriate because Cnominal is not necessarily similarly proportional to the
BED across chemicals and bioassays. The distribution processes
described above explain why, when and by how much Cnominal and BED
differ. The Cfree and Ccell that cause a certain effect are dose metrics that
are more independent of distribution processes in an in vitro system and
are therefore more comparable across systems.
Although individual distribution processes have their individual
contribution to the decrease of available chemical, often several pro
cesses occur in the same in vitro system, with plastic, serum, cells, etc.
competing to sorb the same unbound molecules. There are a few
experimental examples of the interplay between in vitro distribution
processes. Since serum constituent-bound test chemical are unavailable
for sorption to other compartments, the presence of serum minimizes the
fraction sorbed to plastic and cells (Hestermann et al., 2000; Mundy
et al., 2004). Testing the same volatile chemical in glass vessels instead
of polystyrene ones resulted in more evaporation since the chemical
molecules that binds to the polystyrene vessel do not evaporate, effect
that does not happen in glass vessels (Riedl and Altenburger, 2007;
Schreiber et al., 2008). In conclusion, the same chemical can have
different distribution profiles in different experimental set ups (Bellwon
et al., 2015a; Broeders et al., 2015; Pomponio et al., 2015; Truisi et al.,
2015). Hence, to predict in vitro Cfree and other alternative dose metrics

2.6. Abiotic degradation
Abiotic degradation of test chemicals may occur in in vitro assays,
thus decreasing Cmedium and Cfree. Some chemicals, such as bupropion
and coumarin (Dragojević et al., 2011; O’Byrne et al., 2010), degrade
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to Cnominal, in silico models describing the rate and partitioning of test
chemicals to the different compartments in in vitro systems, have been
developed (Fig. 3 and Table 1).
Compartmental models of chemical distribution in in vitro set up
(Fig. 1) describe the process of chemicals moving between compart
ments by means of uptake and elimination rate constants and concen
tration gradients. Assuming steady-state in the compartment, the ratio of
uptake and efflux can be described as a partition coefficient. Whether to
include a specific process (e.g. abiotic degradation) and compartment (e.
g. serum) in an in vitro chemical distribution model depends on the
physicochemical properties of the chemical, assay setup and dose metric
needed for a specific study. For a detailed analysis of these models, a
selection has been made to have a diverse representation of the different
compartments and methods to simulate the distribution processes. This
selection allows to evaluate the domains of applicability of different
models.

such as a capped glass vial (Liu et al., 2013; McDermott et al., 2007;
Mochalski et al., 2013), provided that cells can be cultured under such
conditions.Then an in silico model of distribution can be useful to predict
in equilibrium situations how much chemical is in the headspace (Liu
et al., 2013). For setups in glass vials, there is no need for polystyrene as
a compartment.
3.2. Partitioning or kinetic processes
Each distribution process in an in vitro system can be modelled using
partition coefficients, thus assuming the system is instantaneously in a
steady-state equilibrium. The distribution process can also be modelled
as a kinetic process, using differential equations (Fig. 1). Except for
unidirectional reactions (e.g. degradation), kinetic processes must be
modelled through either a rate in and out or as a diffusion, both stra
tegies taking in account concentration gradients between compart
ments. The majority of the in silico models reported in the literature
(Fig. 3) are based solely on partitioning. Based on the knowledge of the
different distribution processes, despite this assumption being reason
able for most chemicals and in vitro systems, some cases justify resolving
the kinetics of distribution processes.
The assumption that the system will quickly reach equilibrium or
steady state can be incorrect for experiments where metabolism or
evaporation of the chemical into an open system occurs. To have general
steady-state in these in vitro assays, the rates of sorption/desorption from
serum, plastic and cells and diffusion across ECM need to be significantly
faster than the rate of depletion of the chemical. If the rates are not faster
than the depletion, then the amount of chemical found in serum, plastic
and cells will be lower than the partition coefficient would predict,
leading to overestimations of the chemical sorbed into these compart
ments. Moreover, the measured rate of depletion will then be influenced
by the speed of the rates of those distribution processes. Kwon et al.
(2020) studied this issue (Fig. 3D), by using different in silico models to
simulate in vitro PAHs clearance assays with varied concentrations of
microsomal protein in glass vials, so sorption to polystyrene would not
play a role. The model with most accurate simulations included a rate of
delivery of the chemical bound to cell components to the enzymatic
complex. Diffusion in polystyrene can be quite slow (Fischer et al.,
2018b), typically slower than the clearance rate of quickly metabolized
chemicals. Most clearance assays are completed within minutes to
hours. Therefore, plastic sorption as a kinetic process for clearance as
says or any other assays where there will be depletion of chemical will
need to be considered if the clearance has slow kinetics.
While most of the in vitro models for intrinsic hepatic clearance as
says do incorporate the distribution to protein and cells as instantaneous
partition (Austin et al., 2005; Kilford et al., 2008), often they under
predict the intrinsic clearance of highly lipophilic chemicals in the
presence of serum. This underprediction is possibly because they do not
account for the facilitated diffusion or cellular uptake of chemical
albumin-bound chemical (Bowman and Benet, 2018; Poulin et al.,
2016). Since diffusion through ECM could also be a rate-limiting step in
clearance assays, Treijtel et al. (2005, 2004) added this kinetic process to
a in silico model of chemical distribution in a hepatocytes sandwich
culture (Fig. 3L). In fact, diffusion through collagen seemed to impact
minimally the measured clearance. Still, more knowledge and experi
mental data is needed to properly assess the extension of delayed
diffusion by the ECM, since it also depends on presence of serum,
cellular uptake rate and clearance rate of the specific drug.
A specific case where Ccell_free and Cfree do not reach equilibrium is
short exposures (e.g. 4-6 hours exposure) of chemicals with slow mem
brane permeability. For example, PCBs accumulation in adipocytes did
not reach equilibrium in 4 hours (Bourez et al., 2013), cypermethrin
took more than 8 hours to reach equilibrium (Stadnicka-Michalak et al.,
2014) and the cell accumulation of five out of the ten chemicals tested
by Fischer et al. (2018a), did not reach equilibrium after five hours. Most
importantly, temporal Ccell followed a first order kinetic curve and

3.1. In vitro compartments
Earlier models focus on serum protein binding to estimate Cfree in
vitro. Based on previous studies indicating that specific serum proteins
(e.g. sex hormone binding globulin, alpha-fetoprotein and albumin)
strongly bind estrogenic chemicals, Heringa et al. (2004) and Tee
guarden and Barton (2004) divided serum into a number of separate
model compartments (Fig. 3A and B). The addition of these serum
proteins in the models allowed the evaluation of availability of estro
genic chemicals in different in vitro assays. Teeguarden et al. (2004)
extended this work further to understand how xenobiotics could
compete with oestrogen for its receptor, by simulating a mixture of the
two chemicals.
Several authors noted the dependency of intrinsic clearance and ef
fect concentrations on cell number. They proposed to include cells as an
additional model compartment (with cell lipids as a surrogate for the cell
biomass) to model Cfree (Fig. 3D-G) (Armitage et al., 2014; Gülden and
Seibert, 2003; Kramer, 2010; Kwon et al., 2020). Following the dis
covery that highly lipophilic chemicals in low serum conditions signif
icantly sorbed to the plastic of microtitre plates, plastic was also added
as a compartment (Fig. 3F) (Kramer, 2010).
After studies reporting that while organic chemicals generally had
higher partition coefficients to lipids, tissues contained more protein
than lipids, the models also started to add both a serum lipid compart
ment but also a cell protein compartment (Fig. 3H,I and N). ECM was
used in experiments in the Predict-IV (Bellwon et al., 2015b; Broeders
et al., 2015; Pomponio et al., 2015; Truisi et al., 2015). The amount of
drug detected in medium, plastic, cells and ECM were measured. Since
results showed that little concentration of the chemical was found
associated with the ECM, it was not included as a compartment in the in
silico model (Fig. 3H). However the model of Treijtel et al. (2005, 2004)
(Fig. 3L) included ECM as a compartment, for the aim of the study was to
evaluate the impact of ECM on intrinsic clearance assays.
Some chemicals toxic mode of action requires their uptake into
subcellular compartments such as mitochondria and lysosomes. Since
the distribution into these compartments can also be predicted based on
chemical physicochemical properties (Horobin et al., 2007; Trapp et al.,
2008), the compartments were added to two generic models (Fig. 3I and
N). Thus, these models have a semi-integration of chemical distribution
and toxicodynamics.
The inclusion of headspace as a compartment introduces a great deal
of uncertainty. While some general models have included it to account
for evaporation of volatile compounds (Fig. 3F,G, I and N)(Armitage
et al., 2014; Fisher et al., 2019; Kramer, 2010; Zaldivar Comenges et al.,
2016), testing volatile chemicals in standard in vitro systems leads to
very unreliable results. Moreover, the current in silico distribution
models consider the wells of microtitre plates as closed system, ignoring
the flow of air in and out of the well. Ideally, testing of suspected volatile
chemicals should be performed in a more suitable closed in vitro system
10
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Fig. 3. Schematic representation of in silico models that describe the in vitro distribution of test chemicals. Grey and orange circles denote proteins and lipids,
respectively, and the orange double line represents the cell membrane. Black arrows indicate whether the distribution process is modelled using partition coefficients
(solid line), rate constants (dashed line) or diffusion constants (triangles). Questions marks represent competition for binding sites. Some models estimate Cmedium
instead of Cfree in medium because serum constituent binding is not accounted for.(For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)

therefore, most of the accumulation occurs within a short duration. This
mean that predictions using partition coefficients might still be suffi
ciently accurate for Ccell and Ccell_free. The models in Fig. 3C, D, J, K-N do
include distribution processes as kinetics (Austin et al., 2006; Bellwon
et al., 2015b; Kwon et al., 2020; Madureira et al., 2014; StadnickaMichalak et al., 2014; Treijtel et al., 2005; Wilmes et al., 2013; Zaldivar
Comenges et al., 2016): Zaldivar et al (2016) includes permeability as a
rate which can potentially better simulate short exposures scenarios or
slowly permeable chemicals, but also intrinsic clearance (Paini et al.,
2017). The model in the Predict-IV project includes distribution into all
compartments as rates.

components do not degrade extensively. Again, specific experiments
could clarify the best strategy to model the contents of dead cells,
although it would probably only be relevant for serum-free or low serum
conditions.
Although all models in Fig. 3 used cell line specific parameters (e.g.
cell volume, lipid and protein fraction in cells), measuring these pa
rameters is hardly high throughput or standardized. Moreover, pheno
typic characteristics of the same cell line vary significantly between
experiments and labs (Liu et al., 2019; Zucco et al., 2005). Henneberger
et al. (2020) measured Ccell for the same 21 chemicals in four different
cell lines. Except for few chemicals (warfarin, torsemide, naproxen,
coumarin, 6-gingerol) the steady-state partition ratios between cells and
water varied by less than one log-unit, and besides, no systematic dif
ferences between the cells were observed. Therefore, to simulate Cfree
and Ccell in in vitro experiments with several cell lines, the authors used
cell parameters calculated from the average of different cell lines. They
recommended that differences in cell volume, lipids and protein content
between cell lines and within cell lines cultured under different condi
tions (e.g. passages, serum supplementation, growth stage, etc.) should
be better assessed in the future to understand which strategy offers the
best balance between being high throughput and being accurate.
To obtain the partition coefficients and rate constants that are used in
these in silico models that predict Cfree or Ccell in in vitro assay, three
strategies can be identified from the models in Fig. 3. The models are
categorized according to these strategies in Table 1.

3.3. Parameterisation of models
Model structure depends on the available data to parameterize it.
Knowledge of the in vitro setup, such as test temperature, medium vol
ume and composition and surface area of medium-exposed plastic, is
generally readily available from the suppliers of the assay and assay
components. It is more challenging to obtain detailed information on the
cells used in the in vitro assay, e.g. the number over time, volume, lipid
and protein content, and expression levels of xenobiotic transporters and
biotransformation enzymes in the cells of interest. Complex measure
ments are needed for cell volume, intracellular lipid and protein. In
many long-lived in vitro assays, cell numbers and therefore concentra
tion per cell change over the exposure period. However, these changing
cell numbers over the exposure time is rarely determined. Of the models
depicted in Fig. 3, only the VCBA model includes cell growth, but it does
not reflect contact inhibition of cell proliferation and the effect of serum
on cell growth (Proença et al., 2019). In exposure conditions where cell
death occurs, the number of cells and therefore total volume of cells will
decrease. Dead cells release their intracellular content, including cell
proteins, lipids and associated test chemicals, into the exposure medium.
This process is represented in the model in Zaldivar et al.(2016)
although it is not shown in Fig. 3. The model simulates that the amount
of cell lipid and protein in the system remains the same, and thus, Cfree
should not change. However, this way of modelling assumes that
intracellular lipids and proteins retain the same partitioning character
istics inside and out of the cells and that once the cell die these

1. Collecting the parameters (e.g. partitioning coefficients for estro
genic chemicals and different proteins in serum) from literature
(Fig. 3A, B and E) (Heringa et al., 2004; Teeguarden and Barton,
2004). This strategy is easy but relies on very specific data which is
not frequently available in literature, especially for new chemicals.
Thus, the number of chemicals these models can simulate are
limited.
2. Deriving the parameters by fitting the model to experimental data (e.
g. concentrations of chemical in the different compartments in time)
(Fig. 3C,D, J, K, L and M). These types of models are generally more
explanatory than predictive for different scenarios (Bellwon et al.,
2015b; Broeders et al., 2015; Madureira et al., 2014; Pomponio et al.,
11
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Table 1
Summary of in silico models that describe in vitro distribution of test chemicals and their applicability domains (ADs). The chemical applicability domain distinguishes
between specific (for specific chemicals) and generic, meaning it is for chemicals within the range of physicochemical properties indicated.
Reference
model

In vitro system
applicability
domain

Chemical
applicability
domain

Partition to
serum

Fig. 2 -A (
Heringa
et al., 2004)
Fig. 2B (
Teeguarden
and Barton,
2004)
Fig. 2C (Austin
et al., 2005)

Culture media
with serum

Specific
estradiol and
octylphenol
Specific
estradiol, genistein,
bisphenol A and
octylphenol
Generic
Neutral and Ionised
Non-volatile

experimental

Fig. 2D (Kwon
et al., 2020)

Fig. 2E (Gülden
and Seibert,
2003)
Fig. 2F (
Kramer,
2010)

Fig. 2G (
Armitage
et al., 2014)
Fig. 2H (
Fischer et al.,
2017)
Fig. 2I
VIVD
(Fisher et al.,
2019)
Fig. 2J (
StadnickaMichalak
et al., 2014)
Fig. 2K
Predict-IVa

Fig. 2L (Treijtel
et al., 2004,
Treijtel et al.,
2005)
Fig. 2M (
Madureira
et al., 2014)

Fig. 2N
VCBA (
Zaldivar
Comenges
et al., 2016)

Culture media
with serum and
monolayer of ER
expressing cells
Static culture
media with and
without BSA, with
rat primary
hepatocytes in
suspension in
glass vials
Agitating culture
media with and
without BSA, with
S9 fractions in
suspension in
glass vials
Culture media
with and without
serum and general
cell suspension in
glass Erlenmeyers
Culture media
with and without
BSA, with cell
monolayer in
plastic
microplates
Culture media
with serum and
cells monolayer
Generic
Generic

Static culture
media without
serum, with cells
monolayer in a
24-well plastic
microplate
The specific in
vitro system of
each paper
Static culture
media without
serum and rat
primary
hepatocytes in a
sandwich culture
Static culture
media with 7%
serum and
Hepa1c1c7
monolayer in a 75
cm2 flasks
Generic

Partition to
Plastic

Partition to
Headspace

Partition to cells or
cell components

Other Partitions

No

experimental

experimental

No

LogDow(pH

Intrinsic
Clearance

7.4)

Specific
Phenanthrene
Anthracene
Pyrene
Benzo(a)pyrene

Intrinsic
Clearance,
Desorption from
cell components
and albumin

Specific
33 chemicals,
inorganic and
ionised organic and
organic
Generic (PAHs)
Neutral and Apolar
Non-volatile and
volatile

experimental

Generic
Neutral
Non-volatile and
volatile
Generic
Neutral and Ionised
Non-volatile
Generic
Neutral and Ionised
Non-volatile and
volatile

LogKow
extrapolation
equation

Log Kow QSPR

LogKow

Experimental

Specific
benzo(a)pyrene

Generic
Neutral
Non-volatile and
volatile

Log Kow QSPR

LogKow

No

KH

LogKow QSPR

No

KH

LogKow

PP-LFER and a
3D-QSPR

Generic
Neutral and Ionised
Non volatile

Specific
cyclosporin A,
chlorpromazine,
ibuprofen,
amiodarone
Specific
tolbutamide,
warfarin and 7ethoxycoumarin

Kinetic and
Dynamic
processes

LogKow
extrapolation
equation

PP-LFER or
COSMOtherm
software
LogKvow olive oil/
water partition for
neutral lipids,
LogKow partition
for neutral
phospholipids
LogKow
extrapolation
equation

Experimental

experimental

LogKow
extrapolation
equation

KH

experimental

LogKow
extrapolation
equation

LogKow
extrapolation
equation
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KH

Solubility and
chemical
activity

No

No
Lysosome and
mitochondria
partitioning

No

Sorption to
plastic and
cellular uptake

Extracellular
matrix

Intrinsic
clearance and
plastic binding

LogKow based
extrapolation and
fitted parameters

Clearance and
diffusion in
collagen

experimental

Uptake,
metabolism, and
formation of DNA
adducts

LogKow
extrapolation
equation

Mitochondria
partition

Evaporation,
abiotic
degradation, cell
permeability and
cell growth/
death
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a
Refers to the general presentation of model used in EU FP7 Predict-IV project. The project included several in vitro systems and the model was fit and adapted to
each type of system.

2015; Treijtel et al., 2004). These models have the potential to
accurately predict chemical distributions in specific experiments but
cannot be applied to other experimental setups or chemicals.
3. Using QSPRs (Fig. 3F, G- J and N). This strategy is based on the
knowledge of how physicochemical properties drive the accumula
tion of chemical in a certain compartment. Here, authors of the
model measure partition coefficients or rate constants for a group of
chemicals and derive QSPRs to estimate partition coefficients and
rate constants of similar chemicals (Kramer, 2010). Other authors
use existing QSPRs from literature (Armitage et al., 2014; Fischer
et al., 2017; Fisher et al., 2019; Zaldivar Comenges et al., 2016).
Therefore, these types of models can be used to predict distribution
of new chemicals from which there is not a lot of information.

model’s predictions. Fig. 4B also shows how in the presence of serum,
the Ccell decreases substantially for the more lipophilic chemicals
(diphenhydramine, naphthalene, ibuprofen and triclosan). It also clearly
illustrates the variation in predicted cell-associated concentrations be
tween models, explained by both their variation in model compartments
and QSARs used to predict partitioning. For all the simulated chemicals
in conditions without serum, the model by Fischer et al. (2017) simu
lates the highest Ccell. The models from Fischer et al. (2017) and
Armitage et al. (2014) do not consider plastic sorption, and therefore in
the absence of serum there is not a compartment, besides cells, to which
the chemical can distribute into. This would explain a higher Ccell of
chemicals in these two models, in the absence of serum. However, Ccell
for the several chemicals resulting from the Armitage et al model are
substantially lower than Fischer’s et al model which is probably related
to both the cellular compartments added (i.e. just lipid or protein and
lipid) and QSPRs used (logKOW-based QSPRs or PP-LFERs based on other
descriptors).
It should be noted that Fig. 4A and 4B are merely meant to illustrate
the output and variations therein from in vitro distribution kinetics
models. A comparison of modelpredictive performance is only possible
with adequate experimental data, and is beyond the scope of this review.

To exemplify these in silico models, simulations were run with five
generic models to predict the distribution of six test chemicals in in vitro
assays with HepaRG cells at a nominal concentration of 1μM. Two in
vitro assay setups were tested: 96-well plastic microplates with 0 or 10%
(v/v) FBS in exposure medium (Fig. 3). Steady-state is assumed for all
models with the exception of the dynamic VCBA model. The VCBA
model was run for 24 hours of simulated time and the distribution of
compound predicted at 24 hours assumed comparable to steady-state.
The input chemical parameters needed for each model are given in in
Fig. 4 except for themodel described by Fischer et al. This model requires
specific descriptors which can be obtained in UFZ-LSER database and,
specifically for ionized molecules, requires parameters from Cosmo
therm and from 3D-QSAR (Table 1). For the purpose of these simula
tions, we only found the ionic molecule descriptors for triclosan. For all
other ionic chemicals (diphenhydramine and ibuprofen), neutrality was
assumed 6.
Fig. 4 illustrates how predictions of chemical partitioning are
dependent on the physicochemical properties of the chemical: lipophilic
chemicals (i.e. diphenhydramine, naphthalene, triclosan and ibuprofen)
are predicted by some of the models to sorb to plastic (approximately
10%, 10%, 25% and 70%, respectively) when no serum is present in the
exposure medium. However from these four chemicals, only naphtha
lene is entirely neutral. While triclosan is partially anionic and therefore
there are still neutral molecules that might still sorb to plastic, ibuprofen
and diphenhydramine are fully ionized and therefore, significant sorp
tion to plastic is unlikely. Naphthalene, an example of a volatile chem
ical, only shows ≤ 5 % of loss into the headspace in the models where
evaporation is considered (i.e. Kramer, 2010, VIVD, Armitage and
VCBA). In reality evaporation of naphthalene in an in vitro system is
likely to be more extensive as standard in vitro test systems are not closed
systems with a fixed headspace, which the models assume.
For Fig. 4B, the Ccell for the selected chemicals was calculated taking
in account the number of cells (2500) and the volume of an HepaRG cell
(1.67×10-15 m3 (Paini et al., 2017)). It should be noted that Kramer’s
model and Armitage’s model only take in account partitioning to cell
lipids, ignoring the distribution into the cytosol and binding to cell
protein. Ignoring the cytosol and cell protein compartment may lead to
lower simulated cell associated concentrations, especially for less lipo
philic chemicals. However, as observed in Fig. 4B Ccell simulations of
Kramer and Armitage’s models do not clearly stand apart from other

3.4. Applicability domain (AD) of the models
Each one of the in vitro mass balance models was developed for a
specific aim, usually for a specific group of chemical and/or a certain
experimental setup, and is based on certain assumptions, which result in
the model having an applicability domain (AD). While the accuracy of a
model in predicting scenarios within its AD (interpolation) depends on
the quality of the model, the accuracy in predicting outside its domain of
applicability depends how much of the assumptions and chemicalproperty relations are still valid. Therefore, to clarify where certain
models can be more accurate and identify possible gaps and improve
ments, here (Table 1) we briefly evaluate the chemical and experimental
set up AD of each of the models in Fig. 3.
3.4.1. Chemical AD
The most discussed AD in literature is the chemical space. For these
in vitro mass balance in silico models, the chemical AD, summarized in
Table 1, results from either the specific test chemicals used (in case of
models parameterized with values from literature or fitted to experi
mental data) or the training sets used in the QSPRs, but also on the
structure of the model. Since the distribution processes depend on the
physicochemical properties of chemicals, by structuring a model with
certain compartments and processes as partitioning or kinetic, the au
thors of the models have some assumptions about the chemical distri
bution. For example, most of the models in Fig. 3 do not include
headspace as a compartment because it is assumed the chemicals to be
predicted are not volatile. The same is true for both abiotic and biotic
degradation. Some of the generic models assume that chemical binding
to serum protein can be explained solely by the partition coefficient to
BSA, which is not necessarily true for chemicals with high binding to α1acid glycoprotein (Qin et al., 1994).
In the cases where QSPRs were used, there is an intention of pre
dicting the parameters for different chemicals within the AD. There are
several methods to measure QSAR/QSPRs applicability domain and
similarity of chemicals. The small size of the training sets of the QSPRs
and the fact that one model uses several QSPRs makes it difficult to
present the chemical space in a more detailed way. Therefore, for ease of
interpretation, each model’s chemical space is summarized merely as
neutral apolar, neutral (including both polar and apolar) and ionised
chemicals, and volatile/non-volatile chemicals. A few of the models use

6
Experimental values for ibuprofen and diphenhydramine exist (Henne
berger et al., 2020) and there are some differences between these experimental
values that account ionization and the PP-LFER predictions, which do not: for
ibuprofen experimental log Kalbumin/w was 4.02 and log Kliposomes/w was 1.81
while PP/LFERs predictions were 3.55 and 3.41, respectively. For diphenhy
dramine experimental Kalbumin/w was 1.99 and log Kliposomes/w was 2.17 while PLFERs predictions were 3.61 and 3.27, respectively.
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Fig. 4. Simulations of several chemicals distribution in an in vitro experiment set up with HepaRG monolayer in a 96-well plate, exposed for 24 hours to 1 μM of
nominal concentration, with and without FBS supplementation. Simulations were made with several generic in silico models reviewed here.A-Distribution of the
chemical mass into the different in vitro system compartments depending on model, chemical and presence or absence of serum. B-Different chemical intracellular
accumulation depending on model, chemical and presence or absence of serum. NOTE: the VCBA model accounts for possible abiotic degradation over time, but the
mass of degraded compound is not included in the plots above, so apparent mass-balance can be less than 100%.

log Kow as a proxy for partition to cell components (Armitage et al.,
2014; Gülden and Seibert, 2003), which is not a full QSPR since is based
on general knowledge, thus making it difficult to define the AD. Several
generic models use the QSPR derived from PAHs for plastic partitioning
which can limit the overall mass balance model chemical space to
neutral apolar chemicals. Ionogenic chemicals are not expected to have
extensive sorption to plastic, but this is only correctly modelled if the
fraction of neutral/ionized molecules for a given chemical is calculated.
The VCBA model does not make this distinction but some of the QSPRs
are based also on polar and even ionised chemicals and thus, while here
its chemical space is defined as neutral chemicals, we acknowledge it is
not completely clear. Currently there is a QSPR for plastic sorption and
absorption, which covers a larger range of neutral chemicals (Fischer
et al., 2018b).
Ionised molecules will often behave differently from corresponding
neutral molecules. For example, partitioning to plastic is generally
negligible for ionised chemicals (Seidensticker et al., 2018). Local
QSPRs for neutral and charged AD are most often more accurate (e.g. for
albumin binding) (Henneberger et al., 2020), where binding mecha
nisms differ for neutral and charged species. In contrast, membrane
partitioning (Escher and Sigg, 2004) is more similar between neutral and
charged species than Kow based predictions will show. A bulk solvent
such as octanol is not a good surrogate for anisotropic lipid bilayer
membranes, especially for partitioning of ionised chemicals. Of the
generic models in Table 1 only Fischer et al. (2017) and Fisher et al.
(2019) make distinction of neutral and ionised molecules.

subjective and novel, some of the rationale behind the model structure
are described below:
• The polystyrene walls are included as a compartment to simulate
experiments in plastic microplates. However, since sorption to
plastic is most significant in the absence of serum (Fischer et al.,
2017; Proença et al., 2019), some models for simulating experiments
in microplates do not include the compartment, therefore making
their AD limited to experiments with serum (Armitage et al., 2014).
• The distinction between static and agitating medium only makes
sense for models that include distribution processes as a rate. This is
relevant for the slow diffusion of some very lipophilic chemicals. It
should be noted that used agitating medium is only possible in well
plates with lower well numbers (e.g. 24-well and lower wells).
• Defining the in vitro system AD with the type of cells depends on
whether the model considers the cell culture characteristics (number
cells, lipid and protein content), but also whether any of the distri
bution processes depends on the type of cells, such as intrinsic
clearance (Fig. 3C, D, K, L and M). The same is true for the type of
microtitre plate, since some models do not normalise the chemical
sorbed to plastic per surface area of exposed polystyrene.
• It is more challenging to define the in vitro experiment AD for models
based on QSPRs derived from different studies, since they aim to
simulate diverse in vitro systems by taking in account volumes of
medium, surface, etc. However, these models generally focus on in
vitro systems used on high-throughput platforms (e.g. Fischer et al.
(2017) with ToxCast7 and Tox218 assays, Armitage et al. (2014)

3.4.2. Experimental set up AD
The in silico model’s structure depends on the in vitro system it de
scribes. Therefore, we aimed to extend the model’s ADs according to the
corresponding in vitro system. Since defining these ADs is currently

7

https://www.epa.gov/chemical-research/toxicity-forecasting
https://www.epa.gov/chemical-research/toxicology-testing-21st-cent
ury-tox21
8
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focused on ToxCast data, the VCBA model (Proença et al., 2019) has
been applied with the ACuteTox project (Clemedson et al., 2007) and
finally the VIVD model is currently being applied in the context of
EU-TOXRISK project9).

Ccell perhaps be considered acceptable (Escher et al., 2011). Therefore,
the dose metric most suitable as a Point of Departure for extrapolation to
in vivo or to other in vitro assays, depends on the toxic mode of action and
functional differences (transporters and metabolic activity but also re
covery mechanism) between the system to be compared (in vitro-in vivo
or in vitro-in vitro).
As discussed in this review, several in silico models of chemical dis
tribution in in vitro assays are already available. Despite these models
having slightly different applicability domains they mostly have similar
structure (compartments and processes). Specially for the generic
models more extensive experimental validation is long overdue. The
experimental validation allows assessment of in which experiments the
assumptions of the models are correct or not and therefore evaluate the
mode’s structure. Recently, Henneberger et al. (2020) observed that for
anionic chemicals sorption to albumin cannot be predicted with a simple
partition since saturation of albumin binding sites for these chemicals
occurs at concentrations relevant for toxicity testing. Hopefully, this
review highlighted in vitro exposure scenarios that might be more
challenging to simulate under the common assumptions of the models,
such as short acute exposure and exposure of rapidly metabolized
chemicals or slowly permeable chemicals. In addition, also some
repeated exposure scenarios might require more complex models (e.g.
simulating kinetic processes which requires more experimental data).
The chemical AD of models has been expanded in more recent studies
(Fischer et al., 2017; Fisher et al., 2019) that focused on the differences
between neutral and ionised chemicals. The main limitation remains
accurate QSPRs to predict partitioning of heavily charged chemicals.
Moreover, there is still a gap for inorganic and nanoparticles distribution
in in vitro systems. Although the distribution of these chemicals in in vitro
systems has been broadly discussed in literature (e.g. protein corona
effect of cellular uptake) (Drasler et al., 2017), there are currently no
models to predict the distribution of these chemicals. Models for inor
ganic and nanoparticles need to include different physicochemical
properties but also may also be required to include different processes
(McCarty et al., 2011; Teeguarden et al., 2007).
As seen in Table 1, the models have an AD mostly focused on highthroughput screening platforms: monolayers of cells in plastic micro
plates and static medium. Conversely, the development of new models
such as spheroids, organs-on-a-chip (OOC) and microfluidics systems is
among the strategies to improve in vitro cells phenotype and better
reflect the in vivo microenvironment. These in vitro systems have very
particular distribution processes that should be addressed for better
translatability of the models to in vivo but also to compare functionality
with other in vitro systems:

4. Discussion
The ultimate goal of QIVIVE and extrapolation between in vitro as
says is to predict the exposure (dose) for which no (adverse) effect is
expected in a system different from the one in which the data has been
generated in. The accuracy of these extrapolations is dependent on how
the point-of-departure (POD) or no-observed adverse effect levels
(NOAEL) are determined. The concentration available in the target site
and thus the level of bioactivity observed in in vitro assays depend on the
distribution of the chemical. In silico mass balance models that simulate
these distribution processes can derive the in vitro Cfree and Ccell which
are considered equivalent to the Cfree plasma and Ctissue, respectively.
Some of the models discussed in this review propose to use the predicted
ECfree or ECcell to make QIVIVE extrapolations (Gülden and Seibert,
2003; Riedl and Altenburger, 2007; Stadnicka-Michalak et al., 2014).
However, since the EC50 values after a certain exposure duration (e.g. 24
hours) only represent a snapshot of the exposure these extrapolations
may only be accurate for exposures with the same duration. Some au
thors have suggested alternatives to the use of just one concentration for
QIVIVE, such as the geometric mean of the free concentration in the
beginning and end of exposure, the area under the curve or the timeweighted average of concentrations (Groothuis et al., 2015). Extrapo
lating different exposures requires acknowledging the time dimension of
toxicodynamics (Ashauer and Escher, 2010; Zhang et al., 2015): usually
once the chemical molecule (BED) interacts with its molecular target it
takes time to initiate each of the following key events, with cell death
usually being a later event. In most key events there are recovery
mechanism, which prevent further progression of the AOP. Therefore,
the observed toxicity depends not only on BED in time but also on these
“rates of damage” and “recovery rates”. Some of the models in Fig. 3
incorporated these toxicodynamics rates; Stadnicka et al integrated the
in vitro kinetics with toxicodynamic rates of toxicity by using the General
Unified Threshold Model of Survival (Stadnicka-Michalak et al., 2015).
The VCBA model (Zaldivar Comenges et al., 2016) has a similar strategy
by including a general non-effect concentration and killing rate.
Madureira et al. (2014) calculated the rate of DNA adduct formation by
benzo[a]pyrene, but unfortunately did not integrate with distribution of
the chemical in the in vitro system.
Modelling efforts also must put careful consideration on the dose
metrics used (Groothuis et al., 2015). While most of the in silico models
reviewed here derive Cfree, Ccell and Ccell_free, these dose metrics are not
necessarily always proportional to each other or to BED. Ccell depends
not only on Cfree, but also the intracellular bioaccumulation of the
chemical. Although theoretically Cfree and Ccell_free should be the same,
slow permeability, cellular metabolism, or other processes that disrupt
steady state, can result in relatively lower Ccell_free. The proportionality
to BED is dependent on the toxic mode of action (Escher et al., 2011). If
it is an intracellular receptor (e.g. Ahr) Ccell_free is closest proxy since the
potency of the effect will depend on the ratio between the affinity to the
target molecule but also affinity to other non-target cellular matrices. If
toxicity occurs in a subcellular compartment into which chemicals
highly partition due to their physicochemical properties, the concen
tration of chemical in that compartment can be a better representative of
BED (e.g. concentration in membranes (Escher et al., 2020; Escher and
Schwarzenbach, 1996), concentration in lysosomes (Fisher et al., 2019)
and concentration mitochondria (Fisher et al., 2019; Worth et al.,
2017)). It is more challenging to define a BED proxy for reactive
chemicals since they do not have a specific target, but for the time being
9

• OOC and microfluidics often use materials other than polystyrene
and glass as a surface for cells to attach and a capillary system for the
flow of culture medium (Shen et al., 2010; Sung et al., 2019; Wu
et al., 2006). Chemicals can have even higher partition to these
materials than to polystyrene (Auner et al., 2019; Schreiber et al.,
2008).
• OOC and microfluidics tend to use a smaller volume of medium
relative to the number of cells compared to traditional static mono
layer incubations. In cases where the chemical is dosed in this static
medium in a closed system, the ratio of medium volume: number of
cells, and consequently amount of chemical/number of cells, is
decreased. This means that the resulting Cfree in these systems is
possibly less than for the same Cnominal in a standard microplate.
• OOC and microfluidics often do not have headspace into which the
chemical can evaporate.
• While chemical distribution into cell suspension or monolayers can
be described as a partition for most exposure scenarios, spheroids are
characterized by several layers of cells that can delay the chemical
uptake (Minchinton and Tannock, 2006). There are some models
which focus only on the step-wise permeability and diffusion across
the spheroids; however, they still ignore the intracellular
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accumulation explained by sorption into intracellular lipids and
proteins (Leedale et al., 2020; Leite et al., 2012).
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Nicol, B., Pawliszyn, J., 2018. High-throughput analysis using non-depletive SPME:
Challenges and applications to the determination of free and total concentrations in
small sample volumes. Sci. Rep. 8, 1–10. https://doi.org/10.1038/s41598-01819313-1.
Broeders, J.J.W., Parmentier, C., Truisi, G.L., Jossé, R., Alexandre, E., Savary, C.C.,
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Of note, OOC and microfluidic systems tend to employ perfused
media, although there is lack of standardisation on this perfusion (e.g.
whether the media is an open or closed system). Integration of the in
vitro distribution models described here with models simulating medium
flow (Maass et al., 2018) can greatly improve the assessment of cell
exposure to chemicals in these new in vitro systems.
In conclusion, simulations of the chemical distribution should always
be performed in in vitro chemical hazard characterisation. These simu
lations are also important for the validation of new in vitro models since
it often requires testing the toxicity of specific chemicals (e.g. testing
acetaminophen and valproic acid in hepatic models) (Vinken and
Hengstler, 2018). But to be feasible for a more general scientific public
to use these models, the in silico models have to accommodate the set ups
of new in vitro models, but also of more diverse group of chemicals.
Often the mass balance simulations to derive the actual available con
centrations after performing the assay will be enough, but for certain
chemicals, simulations should be performed a priori of experiments so
that a better dosing system can be applied (Fischer et al., 2019).
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Lauer, B., Jossé, R., Hewitt, P.G., Mueller, S.O., Richert, L., Guillouzo, A., Testai, E.,
2015. Understanding the biokinetics of ibuprofen after single and repeated
treatments in rat and human in vitro liver cell systems. Toxicol. Lett. 233, 172–186.
https://doi.org/10.1016/j.toxlet.2015.01.006.
Vaal, M.A., Forkerts, A.J., 1998. Sensitivity of Microscale Ecotoxicity Tests and Their
Suitability to Measure Toxicity of Environmental Samples.
Vaes, W.H.J., Ramos, E.U., Verhaar, H.J.M., Cramer, C.J., Hermens, J.L.M., 1998.
Understanding and estimating membrane/water partition coefficients: approaches to
derive quantitative structure property relationships. Chem. Res. Toxicol. 11,
847–854. https://doi.org/10.1021/tx970210y.
Van Der Heijden, S.A., Jonker, M.T.O., 2011. Intra- and interspecies variation in
bioconcentration potential of polychlorinated biphenyls: are all lipids equal?
Environ. Sci. Technol. 45, 10408–10414. https://doi.org/10.1021/es2022158.
Vandenbelt, J.M., Hansen, C., Church, C., 1972. Binding of apolar molecules by serum
albumin. J. Med. Chem. 15, 787–789. https://doi.org/10.1021/jm00278a001.
Varma, M.V., Steyn, S.J., Allerton, C., El-Kattan, A.F., 2015. Predicting clearance
mechanism in drug discovery: extended clearance classification system (ECCS).
Pharm. Res. 32, 3785–3802. https://doi.org/10.1007/s11095-015-1749-4.
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