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Abstract: The ability to predict the rate of permeation of new compounds across biological membranes
is of high importance for their success as drugs, as it determines their efficacy, pharmacokinetics,
and safety profile. In vitro permeability assays using Caco-2 monolayers are commonly employed
to assess permeability across the intestinal epithelium, with an extensive number of apparent per-
meability coefficient (Papp) values available in the literature and a significant fraction collected in
databases. The compilation of these Papp values for large datasets allows for the application of
artificial intelligence tools for establishing quantitative structure-permeability relationships (QSPRs)
to predict the permeability of new compounds from their structural properties. One of the main
challenges that hinders the development of accurate predictions is the existence of multiple Papp
values for the same compound, mostly caused by differences in the experimental protocols employed.
This review addresses the magnitude of the variability within and between laboratories to interpret
its impact on QSPR modelling, systematically and quantitatively assessing the most common sources
of variability. This review emphasizes the importance of compiling consistent Ppp, data and suggests
strategies that may be used to obtain such data, contributing to the establishment of robust QSPRs
with enhanced predictive power.

Keywords: permeability assays; drug bioavailability; Caco-2 monolayers; experimental variability;
QSPRs; large datasets

1. Introduction

The assessment of pharmacokinetic (ADME—absorption, distribution, metabolism,
and excretion) and toxicity profiles of new molecules is a necessary part of the optimization
processes in order to arrive at a safe and efficacious drug [1]. When determining the ADME
profile, the permeability across membranes is a fundamental property to be evaluated.
Along with being a pre-requisite for good oral absorption, the permeability is crucial
for the distribution of the drug to target organs and cells, as well as for its excretion,
which involves crossing tissues and cell layers at the liver and kidney [2]. The most
significant biological membranes in drug ADME are the epithelial and endothelial cell
monolayers lining the intestinal tract and blood capillaries, respectively. Drugs permeate
across a cell monolayer by several mechanisms, as shown in Figure 1. These pathways
are distinct, and the molecular properties of the drug that influence its transport by these
routes are also different [2-4]. Passive diffusion (1) defines the movement of molecules
in response to their concentration gradient between the water medium on both sides of
the membrane. This transport may occur by two pathways—though the cell (transcellular
transport) or though the spaces between adjacent cells (paracellular transport). Small
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and very hydrophilic molecules may permeate paracellularly, diffusing through the tight
junctions or gaps between the cells. This pathway shows some charge selectivity due
to the electrostatic properties of the claudins present in the tight junctions [5-10]. In the
transcellular transport, the molecule partitions into the outer lipid leaflet of the bilayer,
and depending on the molecule structural features, it diffuses or translocates (flip-flops)
from the outer to the inner lipid leaflet [11-16]. From there, the molecule equilibrates with
the aqueous medium inside the cell, thus permeating the cell cytoplasmic membrane [17].
The molecular features that have traditionally been associated with the rate of passive
transcellular permeation are lipophilicity and size, in tandem with the partition-diffusion
model enunciated more than 100 years ago by Meyer and Overton [16] and incorporated in
Lipinski’s rule of five [18]. Several exceptions, however, have been identified over time, and
it is now fairly well established that permeation through this pathway is also influenced
by solute conformation, the orientation and location in the membrane, as well as by its
membrane-perturbing effects [12,13,19-28]. Carrier-mediated transport (2) defines the
translocation of molecules across membranes using specialized transporters embedded in
the lipid bilayer for which the molecules are ligands. The carrier proteins can be localized
in the apical and basolateral sides of the cell monolayer, leading to transport through the
cell monolayer, or be located only in one of the sides, leading to transport into the cell
(influx) or out of the cell (efflux). A high solute specificity is observed for this permeation
pathway. For very hydrophilic solutes, specificity is mostly dependent on the interactions
established with the transporter protein, while interactions with the lipid membrane are
also important for ligands with moderate-to-low hydrophilicity [29-33]. Transcytosis (3)
defines the cellular internalization and trafficking process of a molecule associated with
membrane vesicles. The overall process involves the formation of endocytic vesicles on
one side of the cell monolayer, vesicle transport through the cell, and their exocytosis
on the opposite side. This pathway is most relevant for the permeation of large entities
(macromolecules, nanoparticles, and viruses) and usually involves the recognition of the
transported entities by receptors that may be protein- or lipid-dependent [34—40].
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Figure 1. Mechanisms of drug permeation through a cell monolayer, exemplified for the case of the
intestinal epithelium. (1) Passive diffusion occurs through the cell’s membrane (inset) or via the
paracellular pathway between adjacent cells; (2) Carrier-mediated transport occurs for molecules that
are recognized by transport proteins at the membrane. Depending on the direction of the transport, it
may enhance (identified as Influx) or reduce (identified as Efflux) the cellular uptake of molecules;
(3) Transcytosis occurs when large volumes of the aqueous medium outside the cell monolayer are
moved through the cell inside of vesicles. This figure was produced in Microsoft PowerPoint using
Servier Medical Art templates licensed under a Creative Commons Attribution 3.0 Unported License
(https:/ /smart.servier.com, accessed on 25 March 2024).
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2. The Need to Quantitatively Predict the Permeability from a Compound’s
Chemical Structure

In vitro tests of medium-to-high-throughput are often used for screening permeability
properties at early stages in drug discovery processes [41,42]. However, the market’s
constant demand for more effective drugs has led to an exponential increase in the number
of new chemical entities (NCEs) that need to be evaluated at this stage. This scaling up has
increased the number of experimental permeability in vitro tests that need to be performed,
raising costs and slowing down the discovery process [43,44]. This has raised the need for
tools capable of virtual screening for a compound’s permeability before its synthesis. At
this stage, computational tools (in silico) are the only option. To be able to generate such
predictive models, it is necessary to understand the rules that relate permeation through the
biological barriers and the compounds’ physicochemical properties, which in turn depend
on their chemical structure.

Lipinski and coworkers were pioneers in the effort of identifying the relevant molec-
ular structural features, also known as molecular descriptors, that correlate with oral
bioavailability [45]. In doing so, the authors created a model using simple rules based
on molecular descriptors that may easily be calculated, the well-known Lipinski’s rule
of 5. According to those rules, poor absorption and membrane permeability are more
likely to occur when molecules fulfil two or more of the following criteria: My > 500 Da;
water—octanol partition coefficient (LogP) > 5; number of hydrogen bond donors (sum of
O-Hs and N-Hs) > 5; and number of hydrogen bond acceptors (sum of N and O atoms) > 10.
Those simple rules have been very useful in the screening of libraries of compounds. It
should, however, be noted that they are a qualitative predictor of whether oral absorption
is good or bad, incorporating the need for a moderate solubility in aqueous media and
a moderate affinity for the membranes. Furthermore, these rules have been proposed
as guidelines only, with many exceptions being identified where good absorption after
oral administration is observed in spite of the unfavorable compound structural features
(notably, the case of several antibiotics) [21,46-53].

Alongside the continuous increase in computing power and the growth of experimen-
tal data for many compounds, in silico modeling has evolved into more robust approaches
aimed at quantitatively predicting drug bioavailability [54]. This would allow for going
from a qualitative evaluation of whether the compound is likely to be efficiently absorbed
towards a quantitative prediction of its availability, thus providing a better understand-
ing and allowing for the fine tuning of this important property. These efforts have been
focused on the prediction of solubility in the aqueous media, as well as on permeabil-
ity through the intestinal epithelium membranes, which represents the major barrier for
drug absorption. Mathematical rules denominated quantitative structure—property rela-
tionships (QSPRs) that attempted to relate membrane permeability to the compound’s
molecular features have been proposed [55-61]. Kinetic modelling has also been used
to accommodate distinct steps in the overall process of membrane permeation and drug
bioavailability [11,12,17,59,62-70]. The attractiveness of this strategy is undisputable, as
the property’s values of new compounds could be predicted even before their synthesis. A
major additional advantage of establishing quantitative relationships is that it allows for
extrapolations towards unexplored regions in drugs’ chemical space, providing insights for
the design of new generations of bioactive molecules.

The expectations of in silico modelling applied to early discovery are far-reaching,
facilitating the drug discovery process in many ways. First, in the design stage of NCEs
and compound libraries. Having the ability to predict the effect of a given structural
modification on permeability, these in silico models can be used to guide the rational design
of molecules with improved properties from the beginning of the process. Also, smaller
and more focused combinatorial libraries can be created to contain subsets of molecules
with desirable properties and structural diversity. Second, in silico modeling is also useful
in the optimization of the screening and testing of NCEs. By filtering the molecules, the
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models can lead to the rational selection of the most promising compounds for synthesis
and enable the prioritization of the molecules that are tested both in vitro and in vivo [44].

3. Importance of the Consistency and Accuracy of Permeability Data to the Performance
of QSPRs Models

The collection of accurate and consistent permeability data is essential to obtaining
reliable permeability datasets for use in QSPRs and in silico modelling in general. Such
data should have few experimental errors and, ideally, should be measured under identical
experimental conditions, especially when compiled from a variety of sources including
in vivo and in vitro assays [71].

3.1. QSPRs Derived from In Vivo Datasets

In vivo methods provide the most reliable measurements for assessing a compound’s
bioavailability. However, in vivo data-based relationships are difficult to establish owing
to the many steps and processes involved and the complexity of the biological systems. As
discussed in Section 1, permeability through the intestinal barrier may occur via several
pathways, including passive, facilitated, and active mechanisms, each depending differ-
ently on compounds’ molecular features. Additionally, on the way from the intestinal
lumen to the blood stream, the compound may be chemically modified by enzymes present
in the intestinal tract and gut wall and suffers the effects from the first passage through the
liver [72,73]. Bioavailability is therefore not simply and directly related with permeability.
Although bioavailability may be the end property to optimize, its complex relation with
the compound properties will increase the difficulty in the establishment of QSPRs. Higher
levels of success are anticipated if permeability and metabolism are considered and op-
timized independently. The collection of in vivo data is also experimentally demanding
and expensive, limiting their use for only a small number of pre-selected, more promising
compounds. The dataset is therefore usually biased towards compounds that are expected
to show a good bioavailability [74-76]. This limits the chemical space analyzed and gener-
ates difficulties in the training and validation of reliable models [77]. Nevertheless, a few
QSPRs models for oral bioavailability can be found in the literature.

Turner et al. [78] used oral bioavailability data for 159 structurally diverse drugs to
develop a QSPR. The model obtained was applied to predict the bioavailability of a test
set (n = 10), leading to a correlation value of 0.72. The relevant molecular descriptors
identified include LogP and the polar surface area, both with a negative contribution, and
Hansen’s hydrogen-bonding solubility parameter—in this case, with a positive contribution
to bioavailability. A very strong negative correlation was also observed with the electron
delocalization (HOMO energy), reflecting the compound reactivity and susceptibility to
enzymatic metabolism.

In another work, Tian et al. [79] used a larger dataset including 1014 drugs to build
a model for bioavailability that was evaluated on a separate test set of 80 compounds,
leading to a correlation value of 0.71 when considering 110 descriptors. Poor correlations
were observed between the intestinal absorption and oral bioavailability of the compounds
in the dataset. Not surprising, the inability of simple rules to characterize the effect of
intestinal absorption and metabolic processes on bioavailability leads to models with very
poor performance when considering a small number of molecular descriptors (x| <0.337,
0.351, and 0.38, for 1, 2, and 7 descriptors, respectively). The single best descriptor was the
number of flexible rotatable bonds, followed by the molecular weight (r = —0.324), both
contributing negatively to bioavailability. Descriptors related with hydrophobicity showed
a positive contribution but with very low correlations (r = 0.025 for LogP and r = 0.117
for LogDs 5), while a moderately better correlation was observed for descriptors directly
related with hydrophilicity (r = —0.287 for the polar surface area and —0.261 for the number
of H bonds as donors).

As discussed by Cabrera-Pérez et al. [74], due to the enormous complexity of the
in vivo systems, the establishment of simple QSPRs from in vivo data is still a challenge.



Membranes 2024, 14, 157

5o0f 38

Also, the large diversity of molecular descriptors considered and their inter-dependence
complicate the interpretation of the QSPR models in terms of specific molecular properties.
This may be clearly seen with respect to the descriptor LogP, usually considered as a
good predictor of lipophilicity and thus expected to contribute positively to intestinal
absorption [45], while it was found to be not statistically relevant for bioavailability in the
QSPR model developed by Tian et al. [79], and a negative correlation was observed by
Turner et al. [78].

To achieve better prediction ability and insights into the most relevant molecular
features, it is important to use very large datasets and simpler systems.

3.2. QSPRs Derived from Ex Vivo and In Vitro Permeability Datasets

There are a high variety of experimental ex vivo and in vitro assays for the evaluation
of permeability through the intestinal epithelium (see references [80-82] for recent reviews).
The models go from the use of intestinal preparations that capture the in vivo complexity
(e.g., Ussing chamber systems [83,84]) towards simple model systems focused on the
non-polar center of membranes’ lipid bilayers (e.g., the PAMPA assay [85,86] or partition
between water and organic solvents [87]).

The use of ex vivo assays has the advantage of being closer to the relevant biological
system, with the observed permeability being affected by many factors including mem-
brane permeation itself (by passive and/or active pathways) but also metabolism. While the
effective permeability may be the relevant property that determines in vivo bioavailability,
the complex interplay of the distinct steps will hinder the establishment of simple quantita-
tive relationships, thus making it difficult to predict the bioavailability of compounds with
properties outside the explored regions of chemical space. Other disadvantages include the
high costs and ethical issues.

Klopman et al. [88] developed a model using experimental human intestinal absorption
values obtained for a training set of 417 drugs, leading to a correlation R? of 0.79 and a
standard deviation o of 12.32%, for both the training set and an external test dataset (n = 50).
Up to 37 molecular descriptors were considered, with the number of H-bond donors being
identified as the most relevant one, with a negative correlation with human intestinal
absorption. Surprisingly, LogP was not statistically relevant as a descriptor and was not
included in the final model. A slightly larger dataset (n = 648) was used by Hou et al. [89],
with most entries corresponding to compounds that permeate by passive diffusion (n = 579).
The best prediction model was able to predict the intestinal absorption of the compounds
in the training set, with R? =0.71, and that of the test set (n = 98), with R? = 0.81. The most
relevant descriptors identified by the model were the polar surface area (r = —0.7), the
number of H-bonds as donors (r = —0.68), LogDg 5 (r = 0.63), and the number of H-bonds
as acceptors (r = —0.63). The authors have also considered the number of violations of
Lipinski’s rule-of-five as an additional descriptor, which showed a correlation of —0.61. As
observed by Klopman in the model discussed above, a poor correlation was observed for
LogP (r = 0.48).

Although leading to the achievement of better correlations than observed for in vivo
bioavailability, the small size of the datasets considered reduces the strength of the models
obtained. This is mostly due to the limited availability of intestinal tissues from healthy
donors. Furthermore, the complexity of the system is also very large, with contributions
from permeation itself but also from metabolism.

On the other extreme of model systems’ complexity, partition between water and non-
polar organic solvents (such as octanol) is a measure of compound hydrophobicity. This
property influences several of the steps involved in compounds’ bioavailability, including
its aqueous solubility, passive permeation through the lipid bilayer, and association with
proteins, the latter influencing permeation through active and facilitated pathways as
well as metabolism. Simple quantitative relationships between partition to non-polar
solvents and drug bioavailability are therefore not anticipated and are not observed. Thus,
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irrespective of the practical convenience of these model systems, they do not allow for
further advancements in the ability to predict drug bioavailability.

The parallel artificial membrane permeability assay (PAMPA) is an approach that has
become very popular for the prediction of passive permeation. This assay is based on
permeation through a porous hydrophobic filter material impregnated with a non-polar
solvent and stabilized by a layer of phospholipids at the filter/water interface. The artificial
membranes are implemented in 96-well plates, providing an easy and high-throughput
method for measuring permeability. The presence of a thick, non-polar permeation barrier
is a major disadvantage in PAMPA. While good correlations are observed between PAMPA
permeability and the passive transcellular permeation of small reference compounds, this
assay cannot capture the interplay of drug—-membrane interactions in passive permeability
through thin biomembranes. The results from this assay therefore do not go significantly
beyond Lipinski’s rules and are not expected to provide insights for the design of new
generations of drugs with improved bioavailability. To understand the rules of passive
permeation, it is necessary to use barriers that capture the properties of biomembranes.
This is being pursued by several authors with the improvement of existing liposome-based
permeability assays and the development of new ones [52,90-94], although general-use
and high-throughput approaches are still not available.

Cell monolayers are an easy-to-use in vitro model systems with properties half-way
between the very complex in vivo (and ex vivo) systems and the simpler solvent-based
models. They have the advantage of capturing much of the complexity of the in vivo
membrane permeation processes, rather than accounting only for the interaction of the
molecule with the non-polar center of the lipid bilayer [95]. The most well-characterized
cell-based model for evaluating intestinal permeability is Caco-2 monolayers. These cells
have been shown to spontaneously differentiate when cultured in permeable inserts for
21-30 days, which leads to the formation of cell monolayers with morphological and
functional properties similar to those of small-intestine enterocytes [96,97]. The popularity
of this model comes from its good compromise between relevance and simplicity [98,99].
It has been, by far, the most used cell model in pharmaceutical and academic contexts to
predict the permeability of compounds across biological barriers. For this reason, a large
number of Papp values for different molecules have been obtained using this model, which,
in principle, could be used to derive QSPRs.

Several alternative cell-monolayer-based assays have been developed and used by
the scientific community to evaluate permeability through physiological barriers. Among
these, Madin-Darby Canine Kidney (MDCK) cell monolayers are of particular relevance,
with the advantage of requiring only 7 days to generate a tight cell monolayer that may be
used in permeability assays [95,100-102]. An additional advantage of this cell line is the
availability of the MDCK-MDRI1 variant providing an easy way to access back-transport by
the efflux transporter P-glycoprotein (P-gp) [103-107]. Important disadvantages of this cell
line lie in their origin from kidney canine cells, thus differentiating into a phenotype that is
more similar to the kidney than to the intestinal epithelium [108-111]. This is manifested
in a high permeability to small ions, leading to transepithelial resistance values for ionic
conductance that are much lower than those observed in Caco-2 cell monolayers [112,113].
Many additional cell models are being explored to evaluate drug permeability through
physiological barriers, mostly focused on the blood-brain barrier [114-117] but also on in-
testinal absorption [82,118]. Caco-2 cell monolayers are nevertheless the best-characterized
cell model and are used most often in permeability studies [82]. In addition, the challenges
regarding the consistency and accuracy of permeability data are mostly shared by all cell
models. For these reasons, the results presented in this review are mostly from studies
using Caco-2 monolayers.

3.2.1. How Is the Performance of QSPRs in Predicting Caco-2 Papp Values

Although also presenting some complexity, in vitro cell-based systems are more fo-
cused on a single physicochemical process compared to in vivo models, which is membrane
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permeability. It is expected, therefore, that there will be a higher predictive ability for QSPRs
developed using in vitro P,pp, datasets.

The first attempt to find a correlation function between P, values measured across
Caco-2 monolayers and simple molecular properties appeared in 1996. Waterbeemd et al. [119]
used a dataset of 17 drugs that varied in their MW and lipophilicity, including molecules
with non-ionizable groups only as well as weak acid and bases. For this dataset, a good
correlation was achieved (R?> = 0.89) considering two molecular descriptors, where a
positive correlation was obtained with MW and a negative correlation was obtained with the
H-bonding potential. Of particular relevance is the unexpected positive contribution of MW
to the QSPR equation, which may reflect correlations between the MW and lipophilicity for
the considered dataset, which includes several structurally related compounds. However,
the permeability coefficient for the drugs in the dataset did not correlate with the MW
descriptor alone (R? = 0.16), not even for the small homologous series of five beta-blocker
drugs. One explanation for the lack of a correlation may be the narrow MW range of
analyzed drugs (138-398 Da for all drugs and 249-267 Da for beta-blocker drugs).

Over the last decades, several QSPRs models for Caco-2 permeability predictions have
been published, applying more sophisticated and computationally demanding modelling
techniques, a wider range of descriptor types, and, most importantly, larger datasets.
Table 1 presents some examples of QSPRs approaches developed during the last 10 years.

Table 1. Overview of some examples of in silico contributions to the quantitative prediction of
Papp values across Caco-2 monolayers. The analyzed research studies were published between 2012
and 2022. The information regarding the dataset sizes, the range of P,pp values of the compounds
included in datasets, and the relevant procedures related to their collection is indicated for each study.
The predictive performance of the best model obtained in each study is reported for the test set and
when applied for an external test set. The most relevant molecular descriptors and their contributions

are also summarized.

Prediction

Model Data Collection Performance ?
Size of Available Most Important
A;;::‘)r, Tra%g;?gestitt)(tr) LI({)EE al;P Online Data Sources Best Model Molecular Descriptors
External Test Set (ext-t) s and Free (Correlation)
) R%: 0.52 LogP (—)
Sherer et al. tr.. 15791 . In-house ® RMSE;: 0.20 Polar surface area (—)
[120] t: 1536 [-7.5; —4.3] no . _ 5 )
2012 ext-t: 313 literature publications Rfext-t: 0.41 H-bond potential (—)
’ RMSEext-t: 0.91 Aqueous solubility (+)
Singh et al. Tr: 508 2250 literature RMSE eqy: 027 Polar surface area (—)
[121] t: 70 [-7.8; —3.4] yes ublications RMSE.... 0.24 LogP (+)
2015 ext-t: 100 P ext-t- T Aqueous solubility (—)
. RZest: 0.81
C est
Wang etal tr: 1017 , 2 public databases RMSE;q: 031  H-bond donors (— )
[122] [-7.8; —3.5] yes 23 literature 2
2016 t: 255 ublications Reext-t: 0.75 Polar volume (— —)
P RMSEcyc1: 0.36
1 public database d
Wang and - 2
tr: 1458 0. Literature R est: 0.76 . s
Chezr(;zl(l)B ] t: 369 [=79; =3.7] yes publications of RMSE: 039 11Pond potential (= —)

Wang et al. 2016

2 The R? and RMSE (root-mean-squared error) were the metrics used to evaluate the performance of each model.
The symbols + and — represent a positive or negative contribution of a specific molecular descriptor, respectively.
The symbol — — indicates that the negative contribution was superior to 50%. ? Proprietary Papp data were
obtained across different cell lines in the pharmaceutical Merck databases. The majority of P,p, data were from
the LLC-PK1 cell line, which is a renal epithelial cell line derived from porcine kidney cells. The external test set
includes only Caco-2 Pupp, values gathered from the literature. * ChEMBL and OCHEM. d ChEMBL

The analysis of their performances reveals large uncertainties in the predictions of
Papp values of sets of molecules independent from the training set. Thus, some caution
should be exercised when applying any of the models for quantitative predictions, as
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they can produce misleading information regarding the molecule’s ability to permeate
biological membrane barriers. Although the more recently constructed QSPRs models have
become more and more sophisticated and use larger and more heterogeneous databases,
their predictive ability capacity has not been significantly improved relative to the models
previously published. A striking observation from the QSPRs shown in Table 1 is that
opposite trends are captured by different models for the same molecular descriptors. This
may reflect correlations between the distinct molecular descriptors considered in the models.
Also, depending on its value, a given descriptor may influence Pqp,, differently [121]. As
an example, when the compound has a low LogP, the polar surface area (PSA) has a very
negative impact on P,pp, while very lipophilic compounds may tolerate a moderate PSA
without significantly decreasing Papp. That is, a small molecule may permeate fast only if its
PSA is low, while molecules with an intermediate size may simultaneously have a moderate
lipophilicity and PSA. The trend and the importance of the distinct molecular descriptors
thus depend strongly on the region of the drug chemical space being considered.

3.2.2. How Caco-2 P,pp Data Is Selected and Compiled to Construct the QSPRs Models

The procedures related to the collection of P,pp experimental data are crucial to
ensuring data consistency for the development of more robust QSPRs models. Regarding
the reported models in Table 1, with the exception of the dataset used by Sherer et al. [120]
that comprises a huge amount of in-house/proprietary data and some public data, in all
the other studies, the dataset was collected from public sources and is available online. The
utilization of large public datasets implies that its collection had been made from more
than one source. This way of compiling Papp data is particularly problematic because it
introduces interlaboratory variability into the correlations derived from these datasets. This
is due to the existence of variability in Caco-2 P,pp values for the same compound when
they are measured in different laboratories and sometimes even in the same laboratory. The
variability factor is a recognized limitation of the Caco-2 permeability assays, and issues
related with that have been addressed since 1990s [124-126].

In the process of selecting the Pqp;, dataset to construct the model, some authors have
explained their criteria when they were confronted with different reported P,pp values
for the same molecule. Wang and Chen [123] described that when the P,pp values were
not significantly different, their arithmetic mean was considered as the final value to be
included in the dataset. When they found large differences in the P, values, the data for
these molecules were eliminated from the final dataset.

The selection of particular P,p, measurements from multiple studies will tend to
minimize the variability and increase the accuracy of the QSPR approach. But it also has a
drawback, which is the potential bias that can be introduced into the correlations obtained.
If applied to compound datasets obtained using the same procedures, the correlations
tend to work well. Limitations for these models are, however, likely to arise if the bi-
ased correlations are extended to compound datasets obtained with different procedures.
This precludes the use of these data to develop QSPRs that may be reliably applied [127].
The alternative is using experimental Pqp,, values that are consistent across different re-
search groups and available to the public in a database that represents a physicochemical
permeability space as large as possible.

Sherer et al. [120] developed a QSPR model using the most extensive dataset ever
reported, including over 15,700 P,pp values of compounds. Unfortunately, the permeability
data belong to a big pharmaceutical company and are not available to the scientific commu-
nity, limiting its use for additional QSPRs studies. The literature is considered the primary
source for the collection of Caco-2 P,pp values. Yet, building a large-enough dataset to be
used for in silico applications from literature sources requires a significant investment of
time and effort. The available data are published in a large number of journal articles, and it
is usually demanding to manually search and extract information, since each article needs
to be considered on its own. For that reason, compilations and reviews of literature data
already published are a much more convenient source of Caco-2 assay data, particularly
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those that were compiled by experts in the field and include primary references for all
data [128].

In an attempt to assist in the construction of QSPRs by providing easy, free, and open
access to the literature information, publicly available databases have been developed on
the Web. The databases PerMM [129] (Permeability of Molecules across Membranes, 2019)
and MolMeDB [130] (Molecules on Membranes Database, 2019) are the most recent efforts
that have been devoted to the compilation of experimental Caco-2 P,pp, data extracted from
literature studies. A comparison between the two databases is present in Table 2.

Table 2. Comparison of two online databases containing experimental data of drug permeability
across Caco-2 monolayers: PerMM and MolMeDB. The databases are compared relative to the amount
of data, the parameter chosen to report permeability, the sources from which the data were collected,
and the values reported for the two reference drugs. The levels of organization and facility in the
interpretation of the databases are also evaluated.

Number of Parameter Include Organization Interpretation
Database C Data Collection Primary Level after
ompounds Reported Level
Reference Download
Experimental In Silico Salicylic Acid Propranolol
PerMM
[129] 186 LogP. ? v —4.57 —4.20 medium hard
2019
v —5.47
v —4.89
MolMeDB f :i'?g
[130] 637 LogPapp ° v 473 v good easy
2019 v —4.66
v —4.23 —4.60
v -3.39 —4.45

@ LogP. is the transcellular permeability at pH 6.5. It is extracted from LogPapp values obtained in the assays by
removing the contributions of the aqueous boundary layer, support filter, and paracellular permeability from the
Papp term. b parameter reported in the specific reference at the condition followed.

The PerMM (https://permm.phar.umich.edu/membrane_systems/9, accessed on
12 January 2024) database contains a set of 186 molecules with experimentally determined
permeability coefficients for assays performed in Caco-2 monolayers. The molecules are
divided into different chemical classes (organic acids, alkaloids, etc.) and groups with
different ionization properties (neutral, bases, etc.). The permeability values were collected
from a compilation of measurements published in a book chapter written by Alex Avdeef
(2012) [131]. Published studies by this author investigating the membrane permeability of
compounds are highly cited according to the platform Web of Science, and he is considered
an expert in the field. The data were first collected from 55 studies reported in the literature,
performed in different laboratories. Then, the collected Papp permeability values were
pre-treated to correct for all non-transcellular effects by removing the contributions of the
aqueous boundary layer, filter, and paracellular permeability. When the values of each
permeability component could not be determined based on the original works, estimates for
their values were calculated. Finally, the parameter reported for molecules in the database
is the transcellular permeability coefficient (logP.) at pH 6.5 [129]. Notably, the use of
this parameter and pH makes the comparison with other experimental data much more
difficult. Another disadvantage is that the values reported in the book chapter and in the
database are not linked to the primary literature reference. Instead, as exemplified for the
drug propranolol, nine literature references are indicated. Analyzing all the references
cited, it is observed that only six include permeability assays across Caco-2 monolayers,
with the reported P,pp values varying by almost two orders of magnitude, with a LogPapp
from —5.4 to —3.7. The value considered in the database is —4.2, which is within the range
of the reported values but does not correspond to any specific result nor to the average
of all. In addition to the lack of information regarding the source of the data selected for
inclusion in the database, the corresponding experimental conditions of the assay(s) and
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the corrections introduced are also not available. This significantly lowers the confidence
in the dataset and limits its use to the specific conditions considered.

The MolMeDB (https:/ /docs.molmedb.upol.cz, accessed on 12 January 2024) database
contains 637 compounds with Caco-2 permeability values. The LogP,pp data were obtained
from in silico methodologies or experimental assays. For some compounds, such as
propranolol, only data from in silico studies are reported. For some others, the reported
LogPapp values include experimental and in silico data and vary by several orders of
magnitude (e.g., salicylic acid with values from —3.4 to —5.5, Table 2). One positive point
of this database is that all entries include the reference to the primary source of data. Also,
the database can be easily downloaded to give access to the parameters in an organized
manner. Although this simplifies the initial curation of data, a secondary curation is still
necessary since the detailed description of the experimental conditions of the assays is
not documented.

Another major problem of the two databases discussed is their relatively small size.

For the mentioned reasons, the information available in these databases cannot be
straightforwardly used for the development of better QSPRs models for Caco-2 mono-
layer permeation.

4. Experimental Variability of Caco-2 P,p, Values within Laboratories and
between Laboratories

When aiming at a quantitative prediction of Caco-2 permeability using QSPRs ap-
proaches, the variability associated with the P,pp data is one of the most important issues
to be addressed. The experimental variability occurring between laboratories, and even
within the same laboratory, conditions the creation of large and consistent databases of
Papp values to be used for in silico works. To help understand the impact of this variability
on QSPRs modelling tasks, it is important to first address its sources and magnitude.

4.1. Assessing the Magnitude of Variability within Laboratories

To assess the extent of variability within laboratories, Egan et al. [57] collected the
mean and standard deviation (SD) of P,pp values from a set of compounds assayed in five
randomly selected permeability studies published in the literature [132-136]. The datasets
included compounds with diverse physicochemical properties that permeate through
distinct pathways. The coefficient of variation (%SD) was calculated for the replicate
measurements of each compound in each publication. The mean of the coefficients of
variation in each study varied from 5.6% to 28.3% (left side, Table 3). Although there are
some differences in the internal variability in each laboratory, the coefficients of variation
were small or moderate. A direct correlation between the number of replicates and the
coefficients of variation may be observed, suggesting that in some of the studies, the
number of replicates may be insufficient, leading to an artificially low variability.

Table 3. Magnitude of the variability in Caco-2 Papp values obtained in experiments carried out in
the same laboratory. The five studies analyzed were selected from Egan et al. [57]. Coefficient of
variation relative to the mean (%SD) for replicates of Papp values obtained within a given laboratory.
The variability is shown for the entire dataset and for some selected reference compounds.

Study All Compounds Mannitol Propranolol Amoxicillin
Number Replicates per %SD b n %SD n  %SD n  %SD
Compound
Irvine et al. [132] 55 6 28.3 6 33.3 6 11.8 6 47.6
Yazdanian et al. [133] 51 392 12.7 102 31.6 6 14.2
Chong et al. [135] 10 3 10.3 3 20.0 3 6.8 3 25.0
Pade et al. [136] 9 3 5.6 12 20.0 3 4.0

2 with the exception of mannitol, which included 102 assays performed over 22 months. ® %SD = 100 x standard
deviation/mean.
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The extent of the variability is evaluated individually for some reference compounds
included in the datasets (right side, Table 3). The Papp, values of the hydrophilic marker
mannitol showed variations of 20 to 30% among assays performed in the same laboratory.
A smaller internal variability is observed in all laboratories for propranolol (4 to 14%),
while for amoxicillin, a larger variability was observed (25 to 47%). These compounds were
selected due to the distinct permeation pathways, with mannitol permeating paracellularly
and propranolol permeating transcellularly by passive diffusion, while amoxicillin is a
substrate of the PepT1 transporter. The distinct internal variability obtained for the three
compounds suggests that the paracellular pathway and transporter expression is more
sensitive to small variations within a given laboratory. Yazdanian et al. [133] carried out
102 permeability assays with mannitol over 22 months in its laboratory. The observation
that the variability for P,pp values of mannitol is among the highest reinforces the concern
that, in some cases, the small variability observed is due to an insufficient number of
independent replicates.

4.2. Assessing the Magnitude of Variability between Laboratories

The variability in Papp, values measured in different laboratories has been highlighted
and discussed in several publications. Early in 1996, Artursson et al. [124] showed that
the results obtained for a set of reference compounds in four different laboratories led to
four different sigmodal relationships between Caco-2 P,pp and the fraction absorbed in
humans. The deviation obtained between the distinct laboratories reached 1.75 logPapy
units, an interval larger than the width of the transition between poorly to fully absorbed
drugs. This inter-laboratory variability has severe consequences in the classification of
compounds according to their Papp values. More recently, Lee et al. [137] reported the
quantitative differences found in the Ppp, values of 10 compounds determined in seven
distinct laboratories, including that of the authors. The majority of compounds analyzed
showed variations lower than 10-fold in the P,pp values obtained across the independent
laboratories. However, variations as high as 30-fold and 60-fold were found for two of the
compounds in the set (propranolol and metoprolol, respectively).

The inter-laboratories variability is not limited to compounds that permeate through a
specific transport route, in contrast to what was identified in the analysis within a given
laboratory (Table 3). This is highlighted in the scatter plot constructed from Pap;, values
obtained in seven distinct laboratories for three reference compounds permeating through
distinct routes (Figure 2).

100 Irvine et al.

e Yazdanian et al.

¢ Chong et al.

-
o
|

Pade et al.

* QGres et al.

-
|
™

1 . Jung et al.

Caco-2 Py, (‘10‘6 cm/s)

Kerns et al.
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0.01 : : :

Mannitol Propranolol Amoxicillin

Figure 2. Variability in Caco-2 P,pp values obtained in experiments carried out in seven different
laboratories. The plot includes values for mannitol (a marker for paracellular passive permeation),
propranolol (a reference drug for transcellular passive permeation), and amoxicillin (mainly trans-
ported by PepT1). The mean and SD of Pap, values were taken from the studies presented in
Table 3 [132,133,135,136] and other studies [138-140] selected from references cited in [137,141]. The
values were plotted using GraphPad version 8.4.2.
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Interestingly, a smaller variability was observed for the paracellular marker mannitol,
in contrast with the larger variability observed within each laboratory. This may reflect
the use of mannitol as an internal control for the selection of properly formed Caco-2
monolayers, with those monolayers showing Papp, values outside the expected range being
discarded. The LogP,pp values for mannitol ranged from —0.70 to 0.07, corresponding
to a 6-fold variation in P,pp, while that of propranolol varied between 0.52 and 2.04,
corresponding to a 30-fold variation. The largest inter-laboratory variability was observed
for amoxicillin, with experimental values ranging from —1.68 to 0.26 (85-fold variation
in Papp). These results show that a direct quantitative comparison of inter-laboratory Papy,
values is very difficult or even impossible. To narrow the inter-laboratory variability and
allow for the quantitative analysis required for the establishment of QSPRs, the sources of
variability must be identified and taken into account.

5. Analysis of the Sources of Variability and Their Impact on Py, Values

The Caco-2 model has been the focus of several studies addressing the probable causes
of variability for permeability data obtained within and between laboratories [126,142-145].
The factors encountered to explain the variability were mainly of two types: (i) hetero-
geneity of the Caco-2 cell line and (ii) variations in the protocols followed for cell culture
and permeability assays. The most common sources of variability and their impact on
permeability values are analyzed in greater depth in the following sections. To facilitate
the analysis, the sources of variability for the two main phases of the Caco-2 assays, the
cell culture and the permeability experiments, are analyzed separately. For each aspect, the
analysis is conducted in two steps. In the first stage, a global analysis of several protocols
from the literature is carried out to identify the most relevant experimental factors that may
contribute to variability. In the second stage, a detailed analysis is carried out for each of
the experimental variables identified in the previous step regarding their variation in the
protocols and their impact on P,pp values.

5.1. Sources of Variability Related to the Cell Culture

To better identify the differences in the methodologies followed to grow Caco-2
monolayers, a literature survey of Caco-2 permeability studies published between 2015 and
2020 was carried out, yielding a total of 221 works. These works were thoroughly reviewed
to extract the information on the experimental procedures followed during the culture of
Caco-2 cells pre- and post-seeding on Transwells™. The outcome of this global analysis is
shown in Figure 3. Based on variations in experimental conditions between protocols, it is
possible to identify the most relevant factors that could be potential causes of variability
(named above the graphs).

To evaluate the impact of each variable on the measured permeability, the Papp, values
obtained under the distinct experimental conditions are compared. A quantitative analysis
can only be conducted when systematic studies were performed where the variable under
evaluation is the only change in the protocol. Whenever this information existed, this
analysis was performed for compounds permeating through distinct pathways. The results
obtained from this systematic analysis are collected in Table 4. The effect of the variables
identified in Figure 3 and Table 4 is discussed in detail in the following sub-sections and
summarized in the Supplementary Material (Table S1).
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Table 4. Analysis of the impact of several sources of variability related with cell culture protocols
(pre- and post-seeding in the Transwell™ inserts) on the Papp values across Caco-2 monolayers. For
each variable evaluated, the permeability assays were carried out by the same research group, and
that experimental condition was the only change in the protocol.

Compound ? Papp (10-6 cm/s) A — B Reference
Cell Supplier
ATCC DKFZP
Mannitol 5.23 £+ 0.24 0.187 + 0.007 Walter and Kissel [146]
Acetylsalicylic acid 20.6 £0.7 227+£13 Walter and Kissel [146]
Cephradine 1.36 1.45 Behrens et al. [147]
Culture media composition
5.5 mM Glucose 25 mM Glucose —glutamine +0.6 mM
0.43 £ 0.05 0.71 £ 0.01 D’Souza et al. [148]
itol 3.9 1.0 DeMarco et al. [149]
Mannito —serum +10% (v/v)
3.0 0.87 £ 0.16 Ranaldi et al. [150]
Hydrocortisone 20.4 £+ 0.64 25.2 + 0.25 D’Souza et al. [148]
Digoxin 0.99 £ 0.05 1.27 4 0.05 D’Souza et al. [148]
Passage number
Low (28-47) High (93-112)
M itol 34 2.2 Yu et al. [151]
annito 5 5 Luetal. [152]
Hydrocortisone 40 50 Lu etal. [152]
Progesterone 650 900 Yu et al. [151]
Cephradine 9.49 + 0.47 2.05 % 0.01 Yu et al. [151]
Glycylsarcosine 8 9 Luetal. [152]

Seeding density (cells/cm?)

Low (1 x 10%)

Intermediate (6 x 10%) High (1 x 10°)

FITC-dextran (Mw 4000) 0.07 0.05 0.05
Cephradine 1.6 2.1 2.5 Behrens et al. [153]
Day post-seeding
7 14 21 28
FITC-dextran (Mw 4000) 0.05 0.25 0.04 0.02 Behrens et al. [153]
Cephradine 1.1 1.3 2.03+ 0.6 1.8 Behrens et al. [153]
Cyclosporin® 8 9 11 18 Hosoya et al. [154]
Membrane material and coating
PC PE PET PC + Collagen
FITC-dextran (Mw 4000) 0.03 0.022 £ 0.0066 0.012 + 0.0038 0.05 Behrens et al. [153]
Mannitol 22.1 +0.09 7.44 +0.33 Walter and Kissel [146]
Cephradine 2.0 0.75 0.25 3.79 £+ 1.48 Behrens et al. [153]
Membrane diameter in mm (plate type)
6.5 (24-well) 12 (12-well) 24 (6-well)
Mannitol 1.4 £ 0.2 1.3+0.1 0.90 £ 0.1
Propranolol 38.9 4+ 1.9 36.6 & 0.9 2424 0.3 Markowska etal. [155]

The experimental variable being evaluated is highlighted in gray * Compounds shown in non-bold and non-italic
permeate by passive diffusion, mostly transcellular. Compounds in Bold permeate through the paracellular
pathway. Compounds in Bold italic are substrates of transporters (peptide transporter PepT1 or P-gp). The
numbers in bold indicate statistically significant differences with at least one of the conditions in the variable
analyzed, from the statistical analysis performed in the respective reference. ® DKFZ: German Cancer Research
Center. ¢ Papp in B — A direction.
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Figure 3. Experimental factors related to the cell culture that are potential causes of variability in
Caco-2 permeability data, obtained from a survey of the literature published between 2015 and
2020 (221 papers). The distinct experimental variables and their frequency of use in the studies are
shown. ATCC: American Type Culture Collection; ECACC: European Collection of Authenticated
Cell Cultures—UK; NCSS: National Centre for Cell Science—India; DSMZ: German Collection of Mi-
croorganisms and Cell Cultures GmbH—Germany; China: includes several cell banks and institutes.

5.1.1. Heterogeneity of the Caco-2 Cells

The Caco-2 cell line is itself a source of variability due to its heterogeneous and
unstable nature. Its cultures are characterized by the presence of different subpopulations
of cells where changes may occur in the differentiation phase of the cell monolayer [156]
and even in the stationary phase of growth [142]. The inherent heterogeneity of the
Caco-2 populations was identified as the source of variations in cultures regarding cell
morphology [146,147,157], paracellular transport across cell monolayers [146,147], enzyme
expression [146], and transporters’ expression and function [147,158,159].

5.1.2. Cell Source

The variability in the Caco-2 cell characteristics could be related to the cell line origin.
Cell vials can be purchased from commercial suppliers (cells banks) or obtained from
cultures developed in other laboratories. Cells from the ATCC supplier are the most
commonly used (Figure 3).

For a comparative study, Walter and Kissel [146] grew, under identical culture condi-
tions, Caco-2 cells obtained from two different sources, the American Type Cell Culture
(ATCC) and the German Cancer Research Center (DKFZ). Dissimilarities between the cells
from the two sources were found regarding several parameters, namely, their morphology,
density, enzymatic activity, and paracellular permeability. Heterogeneity was also observed
within the cells from each supplier. The Caco-2 monolayers obtained from cells acquired
from ATCC displayed a more heterogenous morphology, exhibiting patches of cells with
larger and smaller diameters. The P,pp values of the paracellular marker mannitol varied
by 28-fold between the two sources, whereas the P,pp values of the highly permeable
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acetylsalicylic acid were similar. Additionally, a follow-up study by Behrens et al. [147]
revealed that ATCC cell monolayers were composed of subpopulations with high expres-
sions of the peptide transporter PepT1 and subpopulations with no expression. Contrarily,
the transporter PepT1 was homogeneously distributed in monolayers prepared from cells
acquired from DKFZ. In these cells, the PepT1 expression levels were about two times
higher than those in monolayers prepared from ATCC cells.

5.1.3. Variations in Cell Culture Protocols

The heterogeneity of Caco-2 cells and the exposure to selection pressure promoted by
the respective culture conditions can give rise to the enrichment of different cell subpopu-
lations, in a phenomenon referred to as phenotypic drift. Therefore, the maintenance of
defined and consistent culture conditions has an important role in establishing reproducible
experiments with Caco-2 monolayers [144]. Unfortunately, many discrepancies in culturing
protocols can be identified in the literature (Figure 3). The experimental factors that vary
often among the protocols from distinct laboratories include the culture media composition,
the cell passage number, the density at which the cells are seeded on the inserts, the time
for differentiation of the cell monolayer, and the characteristics of the membrane supports.
The effects of these experimental factors are analyzed individually in the next sections.

5.1.4. Culture Media Composition

The components included in the culture media can influence the phenotype and
growth of Caco-2 cells, thus modulating their morphological and functional properties,
such as differentiation, transporters activity, and permeability in general.

In the study of D’Souza et al. [148], Caco-2 monolayers were cultured in media contain-
ing physiological (5.5 mM) or high (25 mM) glucose concentrations. The authors reported
that higher glucose concentrations significantly affected the cell’s monolayers’ integrity
and permeability. The cell monolayers obtained from cells cultured at 25 mM glucose
showed higher P,pp values for both mannitol (an increase of 65%) and hydrocortisone
(an increase of 24%), which permeate by passive paracellular and transcellular diffusion,
respectively. The results for mannitol reflect a decrease in the cell monolayer tightness,
further supported by a decrease in the transepithelial electrical resistance (TEER) values.
This property depends on the ionic conductance of the paracellular route, and changes
reflect variations in the cell monolayer integrity [160,161]. The results for hydrocortisone
reflect a decrease in the barrier properties of the cells” membrane, also supported by an
increase in the membrane fluidity, as evaluated by fluorescence anisotropy. In the case of
digoxin (a P-gp substrate), the Papp values increased by about 20% in both A-B and B-A
directions, while the efflux ratio was not significantly affected, in agreement with a higher
passive permeability and no effect on the activity of the efflux transporter. The activity
of PepT1 on the transport of the peptide Gly-Sar was also shown to be influenced by the
high concentration of glucose, with a decrease in the maximum transport capacity without
alterations in the substrate affinity (Table 4). Collectively, the results were interpreted in
light of an increased oxidative stress at higher glucose concentrations, which has been
shown to influence the barrier properties of the cell membranes [162,163], the development
of tight junctions [164,165], and the properties of some transporters [166].

DeMarco et al. [149] removed glutamine from the cells” monolayer culture media,
which is known to be an essential nutrient for the maintenance of intestinal mucosal
integrity, and the result was an increase in the P,pp, values of mannitol.

Ranaldi et al. [150] observed that the Ppp values of mannitol were higher in Caco-2
cells cultured with a serum-free medium as compared to a serum-supplemented medium.
The deprivation of serum components in the culture medium was found to affect the
maturation of tight junctions during the differentiation period, leading to an increase in the
paracellular permeability of cell monolayers growing under these conditions.

Behrens at al. [153] showed that the supplementation of culture media with peptone
increased the expression of PepT1 by 1.5- to 2-fold, leading to an increase in the transport
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of its substrate cephradine. Although this could be an expected result due to the induction
of transporter expression when cells are cultured in the presence of a transporter substrate,
it is relevant to note that it was not observed with the supplementation with other PepT1
substrates such as penicillin or streptomycin.

5.1.5. Number of Passages

It is now well established that Caco-2 cell properties vary as the number of passages
increases. The explanation for such effect has been ascribed to the heterogeneity of Caco-2
populations, with different rates of proliferation for each sub-population. As the passage
number increases, an enrichment in the subpopulations with faster growth will be observed,
which may lead to changes in the overall characteristics [151].

Due to the propagation of the Caco-2 cell line across laboratories worldwide, the
stocks of Caco-2 cells may differ by dozens and even hundreds in terms of the number
of passages. In the publications where this variable is reported, the cells have been used
in permeability studies at passage numbers from 5 to 120 (Figure 3). Yu et al. [151] and
Lu et al. [152] compared the properties of Caco-2 cells from early (28-36 and 35-47) and
late passages (93-108 and 87-112). Briske-Anderson et al. [167] examined cells that were
serially passaged 90 times from the 19 to 109 passage numbers. The three studies reported
changes in morphology, proliferation, differentiation, and permeability.

The most prominent difference regarding the cell’s morphology was the detection of
regions composed of multiple layers of cells for passage numbers above 87, while those
where not observed for passages between 35 and 47 [152]. However, the growth of multiple
cell layers may also be due to other factors since the formation of cell monolayers at passages
higher than 87 has been shown by several authors [168-170]. Furthermore, the cells” prolifer-
ation rates before reaching confluency were found to be higher in cells with higher passage
numbers [151,152,167]. An increase in the TEER values of cells at these higher passages was
also observed by all the authors. At the early stages of the monolayers culture, the increment
in TEER values was explained by the faster rate of growth leading to a higher cell density for
cells at later passages. Nevertheless, after the confluence was reached, cells at higher passages
still displayed higher values of TEER [151,152]. At this later stage of the culture, the TEER is a
reflection not only of the cell density but also of the integrity of the developed tight junctions.
In agreement with this, in the study by Yu et al. [151], the increment of TEER values was
accompanied by a decrease in the paracellular diffusion of mannitol. However, this was not
the case in the study by Lu et al. [152] where the cell passage number increased TEER values
but had no effect on mannitol permeability. [152] Conflicting evidence among studies has
also been presented for the influence of the cell passage number in carrier-mediated transport.
The PepT1 activity was tested with the substrate glycylsarcosine, whose Papp value remained
unaltered in late and early passages [152]. Contrarily, the Papp, value of the PepT1 substrate
cephradine was found to diminish by fivefold in late passages in a study by Yu et al. [151]
(Table 4). These studies exemplify the high variability observed in the results from this assay
and point towards contributions from other factors.

Given the variation in the cell’s characteristics with the passage number, the use of
the same batches of cells is recommended to avoid the selection of sub-populations and
thus reduce cell-to-cell variations. This means that cells with close passage numbers should
be used for related experiments. Artursson et al. [168] recommend using a window of
10 passages, between 95 and 105, to perform the permeability assays. The variability in
the interval of passage numbers used in several literature studies can be seen in Figure 3.
Mostly, an interval of 10 passages is followed in more than 50% of the studies.

5.1.6. Seeding Density

The initial density of cells seeded on the membrane support influences the time
needed to reach cell confluence, which must be attained before cell differentiation can
occur. Therefore, different seeding densities may result in variations in the differentiation
stage, even though the monolayers have the same age in terms of the number of days in
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the culture [142]. The seeding densities reported in literature studies may differ by almost
three orders of magnitude, ranging from 103 up to 10° cells/cm? (Figure 3).

Behrens et al. [153] compared the properties of cell monolayers 21 days after be-
ing seeded at low, intermediate, and high cell densities. The lowest seeding density
(1 x 10* cells/cm?) led to thinner cell monolayers, which also presented alterations in the
organization of tight junctions. Multiple cell layers were observed only for the highest
seeding density (1 x 10° cells/cm?). Nevertheless, the paracellular permeability remained
unaltered between the distinct seeding densities, as confirmed by the Papp values of FITC-
Dextran. An identical result was obtained for the carrier-mediated transport of cephradine
by PepT1, which was not affected by the seeding density, nor was the level of PepT1 expres-
sion. However, the expression levels of P-gp were significantly higher in the intermediate
cell density (6 x 10* cells/cm?). This was interpreted as a sign of decreased cell monolayer
differentiation when using too high and too low cell densities.

5.1.7. Days Post-Seeding on Inserts

The number of days during which Caco-2 cells are allowed to stay in the porous
membrane support is a crucial parameter in cell differentiation. Already from the early
studies, it has become clear that at least 21 days after seeding are required to obtain a
confluent and differentiated cell monolayer for use in transport assays [96,156,171]. In fact,
this is the most common procedure, which is followed in 74% of studies reported in the
literature. Nevertheless, in a significant number of publications (21%), the permeability
assays were performed with cell monolayers less than 21 days after seeding (Figure 3).

The time of the cell culture in the inserts was shown to influence their morphology,
differentiation, tightness, and expression of transporters [153,154].

Behrens et al. [153] analyzed the cell monolayers’ properties after 7, 14, 21, and 28 days
post-seeding at a density of 6 x 10* cells/cm?. Through the visualization of the actin
filaments and nucleus by confocal microscopy, the authors found significant changes in the
cell morphology and cytoskeleton maturation (actin staining). During the first two weeks
(days 7 and 14), the monolayers were not fully differentiated, as demonstrated by a thin and
flat monolayer with weak actin staining and many small nuclei, indicating that a large number
of cells are in the process of division. On the third week (day 21), they found columnar-shaped
cells with a well-established brush border. The paracellular permeability was evaluated with
FITC-dextran MW 4000, being low at day 7, increased at day 14, and continuously decreased
for longer periods, reaching the lowest value at day 28. The expression levels of the PepT1
transporter continuously increased from day 7, reaching a maximum between days 21 and 28.
Accordingly, the transport of its substrate, cephradine, also increased with the cell monolayer
age. In this work, it was also shown that the P-gp expression levels reached a peak at day 21
and then declined at day 28. The effect of the day of post-seeding on P-gp expression was
also evaluated by Hosoya et al. [154]. In contrast with the previous study;, it is shown that
P-gp expression is significant along the entire culture period of 27 days, with a maximum
at day 27. However, the Papp, values of the P-gp substrate cyclosporin A were enhanced in
the B — A direction only after day 17, reaching a maximum at day 27. This suggests that,
although present, P-gp may not be fully functional until day 17 (Table 4).

5.1.8. Characteristics of the Membrane Support: Material, Coating, Diameter, and Pore Size

Different types of permeable membranes are commercially available for growing cell
monolayers, presenting specific physical properties regarding the type of material, the
diameter, and the size of the pores. Aimed at improving cell growth and differentiation,
some authors have also proposed coating the filters with hydrogels prepared from the
proteins usually found on the extracellular matrix in vivo, such as collagen, before cell
seeding. The cultivation of the cells on membranes with distinct characteristics was found
to influence the cells” morphology [153], the selection of subclones [146], the proliferation
rate [172], and the differentiation [146,153,155].
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Polycarbonate (PC) membranes are the most frequently used, but other materials
such as polyethylene terephthalate (PET) and polystyrene (PE) are also used due to some
specific advantageous properties. For example, PET membranes are translucent, enabling
microscopic visualizations of the cell monolayers during the culture time [144].

Behrens et al. [153] cultivated Caco-2 cells on PC, PET, and PE membranes and found
that the cell morphology was significantly altered between the distinct materials. Caco-2 cells
grown on PET and PE membranes formed flat monolayers, indicative of poor differentiation.
Moreover, PET membranes caused differences in the microvillus structure. In contrast, cell
monolayers grown on PC membranes consisted of tall columnar-shaped cells with a thick
microvillus structure. No significant variations were observed between the membrane type
and the expression of PepT1 and P-gp transporters. However, PET membranes showed
a small stimulating effect on the P-gp expression, whereas PepT1 expression was slightly
decreased [153]. Cells grown on PET membranes also displayed lower P, values for
the paracellular marker FITC-Dextran (MW 4000) than cells grown on the other membrane
materials. Among them, the highest FITC-Dextran P,pp value was obtained for PC membranes.
Accordingly, Walter and Kissel [146] also reported a higher P,pp value of mannitol when cells
were cultured on PC rather than PET filters (Table 4). The decrease in paracellular permeability
was explained based on an increase in the tight junction’s organization, indirectly supported
by a stronger actin staining observed for cells grown on PET and PE relative to PC membranes.
However, this is not direct evidence, since changes in the actin organization could be caused
by the different adherence of cells to the porous support membranes [173]. Tighter interactions
between the cells’” basolateral surface and the material of the porous membrane could also
lead to a decrease in the access to the membrane pores and therefore to a decrease in the
observed paracellular permeability. In agreement with this interpretation, increasing the
space between the cell monolayer and the support membrane through the introduction of
a gel matrix (e.g., collagen) was shown to lead to an increase in the observed paracellular
permeability [153]. Coating has also been shown to influence the properties of the cell
monolayers. Behrens et al. [153] showed that coating PC filters with rat collagen resulted in
an increased expression of PepT1 and P-gp transporters and produced a significant increase
in the transport of cephradine, a substrate of PepT1 (Table 4).

There are commercially available TranswellTM inserts for use with culture plates
of 6, 12, and 24 wells. The majority of studies in the literature have used the 12-well
format, probably to achieve a balance between the number of assays per plate and a low
surface/volume ratio (Figure 3).

Markowska et al. [155] determined the P,pp values of mannitol and propranolol using
PC membranes with the same pore size (0.4 pm) but different membrane diameters (6.5,
12, and 24 mm, corresponding to plates with 24, 12, and 6 wells). The P, values for
both compounds had a tendency to decrease as the diameter of the membrane increased.
The most significant variation was found for propranolol and larger-diameter membranes
(Table 4). The authors attributed this decrease in Papp to the heterogeneous nature of Caco-2
cells, with monolayers having differences in passive transport caused by the variable
development of actin rings and tight junctions. Nonetheless, it would also be interesting to
evaluate the possibility of the cell monolayer being less cohesive at the membrane periphery,
whose contribution is lower when larger-diameter membranes are used.

Regarding the pore size, Lechanteur et al. [172] analyzed the impact on monolayer
integrity when Caco-2 cells were seeded on membranes with a pore size of 1 um or 3 pm.
The monolayers exhibited differences in their TEER values, with monolayers seeded on
3 um membranes showing the lowest values. The visualization of the monolayers using
microscopic techniques allowed for the identification of two distinct characteristics in the
monolayers seeded on 3 pm membranes. These monolayers showed gaps on the apical
side and also the additional presence of cells on the basolateral side of the TranswellTM,
resulting in a loosely packed double cell layer. The authors conclude that Caco-2 cells were
able to migrate across membranes with a pore size of 3 um but not through the 1 um pores.
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Therefore, membranes with a pore size inferior to 1 pm are recommended for permeability
assays, and the most commonly used is 0.4 um [168].

5.2. Sources of Variability Related to the Permeability Experiments

Large differences in the experimental settings of the permeability assay protocols are
commonly observed among research groups. An experimental variable that often varies
between labs is the transport media used to perform the assay, which present variations in
its pH and composition, including the presence of additives and/or cosolvents. Also, the
stirring rate, sampling method (replacement or transfer), number of sampling time points,
and total duration of the assay can differ.

The use of different protocols may have distinct effects on the properties of the cell
monolayers and on the molecules being tested (e.g., distinct ionization at the pH of the
assay), which ultimately can lead to changes in Papp, values for the same compound. To
allow for the comparison between the results obtained by distinct laboratories, it is crucial
to quantitatively evaluate the impact that each experimental variable has on the Pypp results.
This is performed by assessing the Pqp;, values of compounds obtained under the distinct
variables, using systematic studies where only that experimental condition is changed. The
analysis of P,pp values of compounds originating from the use of distinct experimental
variables in permeability assay protocols is shown in Table 5. The impact of each of the
sources of variability included in Table 5 is discussed in detail in the next sub-sections and
summarized in the Supplementary Material (Table S2).

Table 5. Analysis of the impact of different protocols for the permeability assays on the Papp values of
reference compounds across Caco-2 monolayers. For each source of variability evaluated, the permeability
assays were carried out by the same research group, where only that experimental condition is varied.

Compound ? Papp (10-6 cm/s) A — B Reference
Addition of bile salts, surfactants, and co-solvents on the donor side
10 mM 10 mM 10 mM 2% (v/v) 2% (v/v)
taurocholate cholate SLSP DMSO ethanol
— + — + — + — + — +
Dexamethasone 1.7 2.1 14 14 1.6 1.0 14 1.0 14 1.4  Yamashita et al. [174]
1% (0/) 1% (0/) 1% (v/0)
. . gelucir
povidone pluronic F68 14/14
- + + +
Sch 56592 ¢ 100 140 115 30
Sch-X © 100 135 150 165 Saha etal. [175]
Sch-Y ¢ 100 105 135 20
Addition of BSA % (w/v) on the acceptor side
0 0.5 1 2 4
Atenolol 0.68 + 0.04 0.53 £ 0.04
Warfarin 282+15 33.1+£05
Chlorpromazine 9.1+ 1.7 46.5 £ 2.0 Aungst et al. [176]
Phenytoin 154 + 0.3 215+ 1.2
itol 0.3 0.3 Neubhoff et al. [177]
Mannito 1 5 5 2 1
SCH-A 4 4 1 15 18 19 Krishna et al. [178]
8 9
Propranolol
110 150
Metoprolol 100 110 Neuhoff et al. [177]
Progesterone 8.2 22.6
SCH-Bd 2.2 9.4 Krishna et al. [178]
SCH-E 4 11 10

Digoxin 3 4 Neuhoff et al. [177]
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Table 5. Cont.

Compound ?

Papp (10-6 cm/s) A — B Reference

Addition of BSA % (w/v) on the donor side

0 0.1 0.5 1 4
Mannitol 0.3 0.3
Metoprolol 100 € 904d Neubhoff et al. [177]
Propranolol 100 60
36 35 32 28 Katneni et al. [179]
Diazepam 53 46 29 21 )
Addition of BSA % (w/v) on the donor and acceptor sides
1% (v/v) DMSO/4 4/4
Curcumin 7.1 4 0.6 3.540.3 Yu at al. [180]
pH (apical/basolateral)
5.0/7.4 6.0/7.4 74/7.4 8.0/7.4
FITC-dextran 0.006 + 0.001 0.003 4 0.000 .
Atenolol 0.19 =+ 0.02 0.40 = 0.01 Yamashita etal. [174]
tenolo 0.30 -+ 0.08 1.26 + 0.08 2314+ 0.09  Neuhoff et al. [181]
Dexamethasone 1234+0.2 1214+ 05
Salicylic acid 87.5 + 4.8 3.35+0.12 Yamashita et al. [174]
Ampicillin 0.17 4 0.01 0.081 + 0.001
Concentration (uM)
10 50 100 150
Dehydroergosterol <0.001 0.0017 0.026 Pires et al. [182]
Chlorpromazine 102+£1.6 13.3+1.5 155+1.8 Broeders et al. [183]
Propranolol (R/S) 25 ? 10 Wang et al. [184]
4¢ 7¢ 8.6°¢
0.1 1 10 100
Quinidine 0.1 0.4 1.6 Riede et al. [185]
1 2.4 4.6
Digoxin+clarithromycin f e e e
18 15 6.3 .
0.7 17 24 Kishimoto et al. [186]
Digoxin+cyclosporine A f 11¢ 6e 3.6¢
Stirring rate
0 Low (135 rpm) High (1090 rpm)
Mannitol 0.22 £ 0.08 0.26 £ 0.11
Testosterone 35.7 + 3.3 51.8 4 7.9 100.8 =+ 7.9 Artursson et al. [187]
Low (250 rpm) High (420 rpm)
Propranolol 75+ 10 221 + 13
Verapamil 57+ 6 174 £+ 15 Korjamo et al. [188]
P 64 +14°¢ 140 +11°¢

Each of the evaluated variables is highlighted in gray * Compounds shown in non-bold and non-italic permeate
by passive diffusion, mostly transcellular. Compounds in Bold permeate through the paracellular pathway.
Compounds in Bold italic are substrates of transporters (peptide transporter PepT1 or P-gp). The numbers in bold
indicate statistically significant differences with at least one of the conditions in the variable analyzed from the
statistical analysis performed in the respective reference.  SLS: sodium lauryl sulfate; © Sch 56592 LogP = 2.4,
Sch-X LogP not determined, Sch-Y LogP = 4.0. The values reported correspond to the amount of the compound
transported per time and are expressed as a percentage in relation to transport in the absence of surfactants (100%).
d SCH-A LogP = 6.32, SCH-B LogP = 5.89, SCH-E LogP = 2.18. ¢ Papp in the B — A direction. f Digoxin Pypp in the
presence of different concentrations of clarithromycin or cyclosporin A.

5.2.1. Composition of the Transport Media

The aqueous medium selected for performing permeability assays serves the multiple
purposes of washing the cell monolayer, preparing the test compound solution, and finally,
acting as transport media in the assay [189]. Simple buffered salt solutions are usually
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used, such as Hanks’ Balanced Salt Solution (HBSS) [190-192] and phosphate-buffered
saline (PBS) [193,194], although a complex cell culture medium is also used in some as-
says [195-197]. The composition of salts and glucose in buffers guarantees cell viability and
the maintenance of the ionic balance at the cell membrane during the experiments [198].
However, limitations can often arise in permeability assessments due to the high polarity
of aqueous buffers that prevents the solubilization of non-polar compounds. This can give
rise to their immediate precipitation and the consequent turbidity of the buffer solution
before being added to the donor compartment [199]. Using a cell culture medium could
address this issue. However, this medium contains a large variety of components that
may influence the transport of the test compounds in a way that is difficult to predict. A
better approach is to supplement the ionic buffer solution with simpler and well-defined
solubilizing agents. Before analyzing in detail the impact of specific solubilizing agents, it
is important to systematize the distinct effects expected.

The first distinction is whether the solubilizing agent interacts with the cell monolayer
(A) or not (B). Case A may lead to very distinct effects depending on the solubilizing agent
and how it interacts with the cell monolayer. It may disrupt the tight junctions (A1), leading
to an increase in the paracellular permeability. The solubilizing agents may partition to
the cell membrane, changing its fluidity and therefore passive transcellular permeability
(A2). Or, it may interact with transporters (A3)—in this case, with many possible outcomes.
Competition for transport by efflux proteins is one of the most common situations, leading
to an increase in Papp in the A — B direction and a decrease in P,pp in the B — A direction.
When the solubilizing agent does not interact directly with the cell membrane, the effects
mostly depend on how the test compound was present in the solution. If large aggregates
were present, the solubilizing agent will dissolve the aggregates or decrease their size,
leading to an increase in the amount of the compound available to interact with the cell
monolayer and, therefore, to an increase in P,pp (B1). However, if the test compound was
not aggregated or if the aggregates were small and dynamic, the solubilizing agent will not
necessarily increase the compound availability (B2). In this case, the outcome will depend
strongly on the properties of the solubilizing agent. The association of the compound with
large solubilizing agents such as liposomes, large micelles, proteins, or other polymers
will decrease the amount of the compound in the aqueous media and will likely decrease
its permeability (B2a). However, if the solubilizing agent is a co-solvent, the effect will
mostly be a decrease in the adsorption of the test compound to the apparatus, leading to an
increase in P,pp (B2b). The organic solvents may also lead to changes in the properties of
the aqueous media, such as the viscosity or osmolarity, with the outcome in the observed
Papp being case specific and difficult to rationalize.

Solubilizing agents are occasionally also added to the acceptor compartment. In this
case, the most important objectives are to decrease the adsorption of the test compound
to the apparatus, to decrease its retention in the cell monolayer, and to guarantee sink
conditions [182]. Due to the many possible effects, changes in the Py, values cannot be
easily systematized.

The impact of some typical solubilizing agents on the Papp, values of compounds is
presented and discussed in the sections bellow.

5.2.2. Addition of Surfactants, Amphiphilic Polymers, and Co-Solvents

Bile salts, synthetic surfactants, amphiphilic polymers, and small percentages of co-
solvents are usually incorporated into the transport solution of the donor compartment
and occasionally also in the acceptor compartment.

The use of bile salts as solubilizers in permeability assays is a natural choice consider-
ing their presence in the small intestine, particularly during lipid digestion. Bile salts form
small micelles above their critical micelle concentration, which can solubilize poorly soluble
molecules (e.g., cholesterol and liposoluble vitamins), enhancing their absorption at the
intestine [200]. Yamashita et al. [174] showed that the presence of 10 mM of taurocholate or
cholate bile salts on the donor side had no effect on the Py, values of the lipophilic drug
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dexamethasone (logD7 4 = 2.01). In contrast, the Papp, value decreased to half with the use
of 10 mM of the synthetic surfactant sodium lauryl sulfate (SLS) (Table 5). This result was
interpreted on the basis of a decrease in the fraction of dexamethasone available for perme-
ation due to its association with the large SLS micelles. Nevertheless, the presence of SLS
also caused a decline in TEER values, indicating that the integrity of the cell monolayer was
compromised. In addition, SLS interacts efficiently with cell membranes [201], increases
their fluidity [202], and has been shown to modulate P-gp activity [203]. This solubilizing
agent may therefore be included as cases Al, A2, and A3, each one with different effects on
Papp. The overall result was a balance between all effects. The bile salts used in that study
also interact with the cell membranes [28,204], influence their fluidity [204], and modulate
P-gp activity [205]. However, their lower lipophilicity (LogKp for POPC liposomes equal to
2.6 for cholic acid [28] and close to 5 for SLS [201,206]) leads to lower local concentrations
in the membrane and lower membrane perturbation, resulting in no effects on the observed
permeability of dexamethasone.

Saha et al. [175] measured the permeability of three poorly soluble molecules, Sch 56592,
Sch-X, and Sch-Y, in the presence of 1% (v/v) of various solubilizing agents, including the
amphiphilic polymers povidone and pluronic F68 and the surfactant gelucir 44/14. As
observed by Yamashita et al. [174], the presence of the surfactant has an impact on many
aspects. A key distinction in this study is the aggregation of test compounds in the absence
of the surfactant, while in the previous study, the test compound was at a concentration
below its solubility in the aqueous medium. Therefore, in addition to the effects on the
cell membrane, there is also an increase in the amount of the test compound solubilized
(Case B2). The solubility of Sch-X is increased by 133-fold in the presence of the surfactant
and the value of Papy, is increased to 165%, indicating that factor B2b dominated the overall
result. A lower increase in solubility was observed in the case of Sch 56592 (12-fold) and
Sch-Y (2-fold), and their P,pp values decreased to 30% and 20%, respectively. This indicates
that the decrease in the availability due to binding to the surfactant micelles was dominant
for these test compounds (case B2a). The effect of the amphiphilic polymers was always an
increase in P,pp, more significant for Sch-X. The overall impact of the polymers is intricate,
involving various aspects, and is difficult to rationalize.

Dimethyl sulfoxide (DMSO) and ethanol are some examples of organic solvents usually
incorporated as solubilizers. At concentrations below 2%, these solvents show little toxicity
and lead to non-significant variations in Papp [207,208] in the case of test compounds
that were already solubilized in the aqueous medium. For poorly soluble compounds,
the addition of the organic solvent is expected to lead to an increase in P,pp (Case B2b),
although no direct support for this effect could be found in the literature. In contrast,
Yamashita et al. [174] and Aungst et al. [176] observed a small decrease in Papp, in the
presence of 2% DMSO or dimethylacetamide, respectively. This effect points towards
changes in the physical properties of transport media, such as an increase in viscosity.

5.2.3. Addition of Bovine Serum Albumin (BSA)

Reaching the blood circulation, the molecules are to some extent bound to proteins
and lipoproteins in the plasma or are dissolved in plasma aqueous medium (unbound).
The main protein responsible for the binding in plasma is human serum albumin, which
binds most hydrophobic compounds. Only the unbound fraction of the molecule is free
to diffuse across the endothelial membranes into the tissues, which is a limiting factor for
their permeation through blood endothelia and distribution to the tissues [209]. In general,
bovine serum albumin (BSA) is used for in vitro assays due to its similarity with human
serum protein [210,211] and much lower price.

The addition of BSA to the transport medium of Caco-2 assays has been suggested
with the purpose of overcoming four main difficulties usually found in the permeability
assessment of poorly water-soluble and strongly lipophilic compounds. Depending on the
problem, BSA can be added to the donort, acceptor, or both compartments. BSA is usually
added to both sides to solve (i) the low solubility of the compound in the aqueous medium
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and/or (ii) the unspecific adsorption of the compound to the apparatus. On the other
hand, BSA is added only to the acceptor side to reduce (iii) the accumulation of compounds
in the cells and (iv) to guarantee sink conditions [199]. The inclusion of serum albumin
in the acceptor compartment of Caco-2 permeability assays is also a natural choice that
approaches the in vivo conditions. A BSA concentration of 4% (w/v) is typically used since
it is the concentration of albumin when the lumen side is perfused with the blood. Some
specific examples are included in Table 5 and will be discussed below.

Regarding the addition of BSA to the acceptor compartment only, Aungst et al. [176]
reported that 4% (w/v) BSA leads to a marked increase in the P,pp, values of chlorpromazine
(5.4-fold), a moderate increase for phenytoin (1.4-fold), but no effect for atenolol or warfarin.
The results are correlated with the compounds’ lipophilicity, with their cLogDy 4 (calculated
using the MarvinSketch software (version 22.9.0, http:/ /www.chemaxon.com, accessed on
16 April 2024)) varying from 2.74 for chlorpromazine to —1.80 for atenolol, with interme-
diate values for phenytoin and warfarin. In another study, Krishna et al. [178] evaluated
the effect of 1% DMSO or 0.5 to 4% BSA on the recovery of the very lipophilic SCH-A
(LogP = 6.32). The recovery was only 40% in the presence of 1% DMSO and increased to
75% with 4% (w/v) BSA. This increase in recovery was mainly due to a decrease in the
amount of SCH-A retained by the Caco-2 monolayer, which dropped from 54 to 26% when
4% BSA was added. Also, the amount adsorbed to the apparatus on the donor side de-
creased from 8.5 to 0.2% in the presence of 1% DMSO or 4% BSA, respectively. As expected,
the increase in the amount of SCH-A quantified in the acceptor compartment leads to an
increase in the calculated Papp, values, fivefold higher at 4% BSA relative to 1% DMSO. A
similar trend was also observed for the other lipophilic molecules SCH-B (LogP = 5.89) and
progesterone (LogP = 3.87), with an increase in their Papp, values of fourfold and threefold.
In contrast with the strong effect in the case of very lipophilic compounds, no signifi-
cant effects were observed in the case of compounds with low or moderate lipophilicity,
mannitol (LogP = —2.5), SCH-E (LogP = 2.14), metoprolol (LogP = 2.15), and propranolol
(LogP =2.5) [177,178].

The inclusion of serum albumin in both the donor and acceptor compartments is
also a common approach followed in Caco-2 assay protocols. Yu et al. [180] studied the
effect on the permeability of curcumin, which has a very low solubility in water, when
using DMSO or 4% (w/v) BSA on the donor side as solubilizing agents, while the acceptor
compartment always included 4% BSA. The results showed a twofold decrease in the Pqpy,
value of curcumin when BSA was added to the donor compared to the addition of DMSO.

It is not common to find studies where BSA is added only to the donor compartment
because the assays are mainly to model absorption across the intestinal epithelium (A — B
direction), where serum albumin is only present on the acceptor side. However, when
studying the permeability in the secretory direction (B — A), the addition of BSA to the
donor compartment is a natural choice. Neuhoff et al. [177] showed that the addition
of 4% BSA to the basolateral compartment decreases the P,pp in the B — A direction
for metaprolol and propranolol, with no effects for mannitol. Katneni et al. [179] has
systematically and quantitatively studied this effect using several compounds, observing a
small decrease in Pqpy, for propranolol and a larger decrease for diazepam. In both studies,
the reduction in P,pp was explained by a smaller amount of the compound being available
to permeate—specifically, the unbound fraction.

The studies discussed above show that the presence of BSA in the transport medium
does not alter the P,pp values for hydrophilic compounds [176-179]—that is, for compounds
that do not significantly bind to BSA, that do not adsorb to the assay apparatus, and that are
not sequestered in the cell monolayer. This result also shows that the presence of BSA does
not influence the properties of the cell monolayer, which is in agreement with the absence
of strong interactions between the protein and the cell membranes [212]. This stands
in contrast with the effect of other commonly used solubilizing agents like surfactants,
amphiphilic polymers, or organic solvents, which may interact with the cell monolayer and
alter their properties.
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The P,pp measured for compounds that bind moderately or strongly to BSA decreases
when the protein is added to the donor compartment [177,179,180], primarily because of
a reduction in the fraction of the unbound compound available for permeation. When
this is the sole factor at play, it is possible to estimate the Papp value in the absence of
BSA by reverse calculation, considering the binding affinity for BSA [177,179]. In some
studies, the decrease observed in Py,pp is lower than that predicted by the fraction of the
unbound compound. This may reflect massive aggregation and/or significant adsorption
to the apparatus in the absence of BSA in the transport medium. This is the case observed
for curcumin, where the reported binding affinity is 2 x 10° M~! [213], leading to less
than 10% of the unbound curcumin at 4% BSA. A decrease of at least 10-fold in Papp was
expected, while only a 2-fold decrease in Papp, was observed [180].

The use of BSA as a solubilizing agent in the donor compartment is not, therefore,
necessarily a factor of variability in the P,pp reported in permeability assays. Even when the
Papp corrected for the unbound fraction is not reported, it may be calculated based on the
observed P,pp, provided that the concentration of BSA and the binding affinity are known.
This is another advantage of using BSA in comparison with other solubilizing agents.

When BSA is added to the donor compartment, an equally efficient binding agent
should also be added to the acceptor side. Otherwise, the equilibrium with the acceptor
compartment would be achieved at a very small amount of the compound transported, and
sink conditions could not be guaranteed. In the studies discussed above, it was shown that
adding BSA to the acceptor compartment leads to an increase in the observed Papy, [176-178].
In this case, the Papp value to be considered is that in the presence of BSA, because in the
absence of the solubilizing agent, the conditions required for the assay were not verified.
Namely, that there must be (i) no significant sequestration in the cell monolayer, (ii) no
significant adsorption to the apparatus, and (iii) less than 10% of the compound being
transported to the acceptor compartment relative to its equilibrium concentration in this
compartment [168].

5.2.4. Selection of the Transport Media pH Value

The pH at the apical side of the cell monolayer constitutes a very important factor
for ionizable compounds. Depending on the pKa, minimal variations in the pH value can
lead to significantly different fractions of ionized and unionized species and, because the
passive transcellular permeability of neutral species is usually significantly larger [214],
lead to large variabilities in the Papp values observed.

The permeability assays are often performed at a fixed pH of 7.4 in both the apical
and basolateral compartments. To obtain this pH, the buffer medium is supplemented with
4-2-hydroxyethyl-1-piperazineethanesulfonic acid (HEPES at 10 or 25 mM). However, to
mimic the conditions found in vivo across the intestinal epithelium, a pH gradient can be
established across the cell monolayer by using a pH of 5.5-6.5 in the apical compartment
and a pH of 7.4 in the basolateral compartment. This is particularly relevant in the case
of active transport because the functionality of pH-dependent active carriers depends
on the presence of a pH gradient acting as a driving force. To obtain the acidic pH, the
buffer medium is usually supplemented with 2-Morpholinoethanesulfonic acid (MES-10
or 25 mM).

Yamashita et al. [174] compared the Papp, values measured in the absence and presence
of a pH gradient, (7.4/7.4) versus (6.0/7.4). The results revealed that dexamethasone
and FITC-dextran were not affected by the pH. However, changing the apical pH from
7.4 to 6.0 increased the P,pp values of weak acids (salicylic acid) and PepT1 substrates
(ampicillin), while the opposite occurred in the case of weak bases (atenolol) (Table 5). The
permeability results for salicylic acid and atenolol are explained based on the variation in
the fraction of the neutral form of the compounds. For ampicillin, at pH 7.4, the anionic
form represents 60% and the zwitterionic form represents 40%, while at pH 6, it is mainly
in the zwitterionic form (94%) (calculated using the MarvinSketch software (version 22.9.0,
http:/ /www.chemaxon.com, accessed on 16 April 2024)). The higher permeability observed
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at pH 6 is difficult to understand in terms of variations in the fractions of the different
forms, since both the anionic and the zwitterionic forms have low passive permeability.
Therefore, the effect of pH points towards another mechanism of transport across Caco-2
monolayers. Ampicillin is known to be a substrate of the PepT1 transporter. The higher
Papp values observed for ampicillin under the pH gradient can be explained due to its
transport by the PepT1 transporter, which is driven by a transmembrane H* gradient [215].

An important drawback of the use of a pH gradient in permeability assays is that it
may lead to misleading results regarding the existence of active transport for compounds
with weak basic or acidic groups. Neuhoff et al. [181] measured the bi-directional transport
of atenolol when the apical pH was reduced from 8 to 5 and reported a decrease in Pqpy,
values in the A-B direction by a factor of eight compared to no changes in the Pqp;, values
in the B-A direction (Table 5). At the lower pH, the concentration of uncharged species
decreased, resulting in a “false” efflux, even though atenolol permeates mainly by passive
pathways. As expected, no difference in the transport of atenolol in both directions was
found in the absence of a pH gradient.

5.2.5. Concentration-Dependent Effects

There are many reasons that may lead to a concentration-dependent permeation rate.
If the compound permeation is mediated by a transporter in the membrane, an increase
in concentration is expected to lead to a decrease in P,pp due to the saturation of the
transporter [185,216-220], the magnitude of the effect depending on the density of the
transporter in the membrane and the compound affinity (concentration at half saturation).
However, the concentration effects observed for the permeation of drugs are usually in
the opposite direction, with Papp increasing with the concentration of the permeating
compound (entries for chlorpromazine and quinidine in Table 5) [183,185]. This is because
the active transport occurs in the direction opposite to the permeation being measured,
corresponding to back transport by efflux proteins. As the drug concentration increases, the
influx rate by passive permeation increases linearly but the efflux rate increases sub-linearly
if protein saturation is approached, leading to an increase in net-transport. An increase
in net-transport is also observed in the presence of other substrates or inhibitors of the
efflux proteins. This situation is exemplified by the two digoxin entries in Table 5, with the
transport of digoxin in the A — B direction increasing in the presence of clarithromycin
and cyclosporin A [186]. An opposite effect is observed for transport in the B — A direction
due to a decrease in the rate of active efflux. Drug—drug interference may be particularly
problematic in permeability assays where cocktails of different compounds are used to
increase the assay throughput (e.g., [219]). Depending on the transport pathway, different
stereoisomers may also permeate at different rates and with distinct concentration effects,
as exemplified in Table 5 for Propranolol. Although not shown in the table, the value of
Papp in the B — A direction was also different for both stereoisomers. The complex behavior
observed was interpreted as the stereospecific activity of both influx and efflux transport
proteins [184].

Although the effects of the concentration are usually attributed to the saturation of
protein transporters, there is extensive evidence that concentration effects are observed
for passive permeation as well. These may result from changes in the membrane physico-
chemical properties due to the presence of the test compound or other components in the
transport medium, namely, the membrane charge and fluidity [28,221-223]. Sterols are
an example of compounds with complex effects on the membrane properties. At low-to-
intermediate concentrations, they decrease the membrane fluidity, leading to a decrease
in permeability [12,224-227]. However, at very high concentrations, sterols established
weaker interactions with the membrane and were able to permeate faster (e.g., DHE in
Table 5) [182,228]. In cell-monolayer assays, the solute concentration required to generate
significant effects on the property of the membrane is unexpectedly low. This is due to
the very small amount of the cell membrane present in the assay, a few nmol in a 1.12 cm?
insert [182]. A total concentration of the test compound equal to 10 uM corresponds to
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4 nmol, similar to the amount of lipids from the cell plasma membrane. Thus, depending
on the compound membrane affinity, high local concentrations may be achieved even for
compound concentrations in the micro molar range.

Finally, a common situation of concentration-dependent permeability is related with
cell toxicity or effects on monolayer integrity, usually leading to an increase in permeability.
These effects may be due to the compound itself or to other compounds present in the
transport media (see, e.g., references [229]). These effects should be avoided through the
prior evaluation of cell viability tests to guide the selection of the concentrations of the
test compound and the additives used in the transport medium, as recommended in all
technical protocols proposed (e.g., [168]).

5.2.6. Unstirred Water Layer (UWL) and Stirring Conditions

Adjacent to the cell monolayer, there is an unstirred layer of water (UWL) that acts
as an additional barrier to the permeation of compounds through the cell monolayer. For
fast-permeating compounds (low resistance to transport through the cell monolayer), this
additional barrier leads to a strong decrease in the overall P,pp (a strong increase in the
overall resistance), while for compounds that permeate very slowly, the increase in the
overall resistance may be negligible. The lipophilicity of the test compound is another
factor that is a determinant for the effect of the UWL on the observed P,pp. This is due to
the depletion of the compound in the aqueous media close to the membrane caused by the
extensive membrane partition of very lipophilic compounds and the inefficient diffusion of
the compound from the bulk aqueous medium in the absence of agitation.

A small UWL is present in the intestinal epithelium in vivo [230], but in in vitro
Transwell™ inserts, the UWL can be remarkably thick. The apparent UWL thickness
was estimated to be 1544 pm [187], whereas the cell monolayer is generally 17 to 30 pm
thick [96]. Keeping the Transwell™ plates under stirring during the transport experiments
reduces the UWL thickness. Appling an orbital agitation at 1090 rpm lowered the apparent
thickness of the UWL to 128 um [187]. However, stirring can also cause cell detachment
from the porous membrane, compromising the cell monolayer integrity. The speed should
therefore be kept as high as possible, but without affecting the cell monolayer integrity.

Conducting permeability assays at various stirring rates allows for the determination
of the impact of the distinct UWL thickness on the P,pp values for the test compounds.
Artursson et al. [187] reported a variation in the Papp, values of testosterone between 36 and
101 (10~® cm/s) when the applied stirring rate changed from 0 to 1090 rpm, respectively.
However, there was no significant effect of agitation on the P,pp value for mannitol, indi-
cating that the monolayer integrity was not compromised. The effect on testosterone Papp
but not on mannitol reflects the higher effect of the UWL in the case of fast-permeating
compounds. Similar results were obtained by Korjamo et al. [188], where the P,pp values
of propranolol and of verapamil increased threefold when the stirring rate changed from
250 to 420 rpm. In this study, the effect of stirring was evaluated for both the A — B and
B — A transport directions. It should be noted that the increase in Pap, was greater for
transport in the A — B direction due to the more effective mixing in this compartment. The
use of very high stirring rates could therefore lead to incorrect interpretations regarding
the contribution of active transport.

5.2.7. Some Additional Considerations

Although not yet properly addressed in the literature, the sampling method used in the
permeability assay may also lead to variability in the P,pp, values obtained. Variations in the
procedure include different time intervals and sampling using the transfer or replacement
approach. We have recently shown that for Lucifer Yellow (LY), which permeates slowly
through the paracellular pathway, a significant decrease in P,pp, is obtained as the sampling
interval is increased from 10 min to two hours using the transfer approach [182,231].
This was interpreted on the basis that a significant amount of LY reaches the acceptor
compartment during the transfer procedure, which contributes more significantly for
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smaller sampling intervals [231]. The transport of LY across the cell monolayer during the
transfer of the insert is likely due to the imposition of an unbalanced hydrostatic pressure
on the cell monolayer. This effect is not overcome by using the replacement approach
because the cell monolayer is also subject to an unbalanced hydrostatic pressure during the
time needed to remove the sample volume from the acceptor compartment and replace it
with fresh transport media.

Another important factor that may lead to inconsistences between P,pp values across
datasets is related with data analysis. The values reported are usually the average Papp,
calculated from the individual results obtained assuming a Normal distribution for this
variable. However, P,pp is expected to follow a LogNormal distribution [232], and this has
in fact been shown by us when analyzing large datasets for LY Papp, [231]. The average value
of Papp should therefore be calculated from the average LogPapp, and the uncertainty should
be expressed as confidence intervals. Not doing so will lead to an incorrect calculation of
the average value. It may lead to an incorrect identification of outliers, which will introduce
additional bias in the reported Papp.

6. Strategies for Reducing the Variability of Caco-2 Permeability Data

Any expectation of obtaining a large dataset of Caco-2 Papp, values that have been
measured using the same cell population and experimental conditions is presently unreal-
istic. This will involve the production of enormous new amounts of Papp, data by the same
researcher and laboratory. But can something be done to allow different researchers to
obtain consistent data and to use the abundant P, data already existing in the literature?
Motivated by the objective to improve the consistency of available Pap, values, a few
studies have evaluated possible solutions for overcoming the variability problem.

The standardization of Caco-2 assay procedures is imperative to achieving a reduction
in the number of experimental conditions that are different among the studies. With the
objective of developing a uniform/common methodology, attempts were made to create
technical protocols that can be easily followed by the scientific community [161,168,233,234].
Of all of them, the protocol defined by Hubatsch et al. in 2007 [168] is the most cited,
accounting for more than 900 citations. It was published in the journal Nature Protocols
and contains, in detail, all the procedures necessary for evaluating the permeability of
compounds through Caco-2 monolayers, including some suggestions and troubleshooting.

The normalization of the P,pp values of a test compound relative to a reference com-
pound was followed by some authors before assembling the various datasets that were
compiled from different laboratories into a single larger dataset [141,235]. A reduction
in the overall inter-laboratory variability was achieved, but the variability was still high
regardless of the normalization.

When the experimental conditions of the assays generating a given Pqp;, value are well
described, it becomes valuable to attempt to convert these Papp values to those that would
be obtained under standard conditions. To determine the feasibility of this standardization
approach, a P,pp dataset should be closely examined to search for common compounds
that have been analyzed under various conditions. This will allow for a group analysis
and the aggregation of compounds in datasets to distinguish the effects on Papp values
based on their distinct properties (passive permeation, active transport). After compiling a
larger dataset with many experimental parameters, one should search for QSPRs models to
convert the results to a standard condition. Further studies aimed at understanding the
possibility of the conversion of Papp, values between different experimental conditions need
to be conducted to validate this approach.

Although there are many sources of variability, the cell batch and the culture proce-
dures pre- and post-seeding the cells in the Transwell™ inserts are the major contributors
to intrinsic variability. To reduce this variability, one possible approach is to use the same
batch of Caco-2 cells for assaying a set of compounds. This can be achieved by re-using
the Caco-2 monolayers in multiple permeability assays. We have recently developed a
methodology for allowing the re-use while following the procedure proposed in the refer-
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ence protocol. Permeability assays were performed sequentially on days 22, 25, and 28 after
cell seeding, with an incubation period of two full days with culture media between each
permeability assay. Consistent P,pp values were obtained for several reference compounds
that permeate by passive pathways (paracellular and transcellular), supporting the mainte-
nance of cell monolayer integrity and membrane properties [231,236]. The results obtained
showed that the variability associated with the re-use was lower than that obtained when
performing the assay with a new batch of cells. In addition to triplicating the throughput of
the assay, the re-use of Caco-2 monolayers is also fully aligned with the 3 Rs principles, as it
reduces the resources needed for assays by using an already implemented cell monolayer.

These possible approaches to reducing the P,y variability and enabling the generation
of large and consistent datasets are schematically presented in Figure 4.

Improve Existing Data

Identify Sources of Variability

Standardize Procedures & Conditions Adequate for Al tools

Convert Data to Standard Condition
Identification of QSPRs

Reliable & Kinetic Modeling

Normalize to Reference Compound

Consistent
New Data ||- Dataset Improved

Predictive Power

Following Standard Procedures

Re-use cell monolayers for lower variability

Figure 4. Schematic representation of strategies for reducing Papp, variability and creating consistent
datasets to be used in QSPR development.

7. Conclusions

The development of highly predictive and widely applicable models for predicting
permeation through biological barriers is a difficult task, or even impossible, before serious
efforts are made to generate consistent data. Instead of attempting the impossible task of
obtaining large amounts of new data, all under the same conditions, it is more feasible
to improve the data collected from the literature and/or databases. For this, it is crucial
that the experimental parameters used to perform the permeability studies are thoroughly
documented when compiling the P,pp values from the literature and databases. Studies
lacking detailed experimental conditions, such as the passage number and seeding density,
should not be included in the dataset construction. Models built on these data are able to
provide only qualitative insights regarding the molecules used in the study, rather than
contributing to a robust, quantitative model.

In addition, the expected accuracy of QSPRs models also depends on the property
being modelled. Specifically, it is important whether it is a simple process or whether
it results from multiple processes. While precise QSPRs are anticipated for relatively
simple processes such as the partitioning of small molecules into membranes, this is less
straightforward in the case of membrane permeability. This arises because permeability
can occur according to several mechanisms, each one with several steps, and depending
differently on the distinct molecular descriptors. For instance, in the case of passive
permeation, an increase in LogP is expected to increase the membrane affinity, but the
effect on permeability depends on the rate limiting step in the permeation process. If
translocation through the membrane non-polar center is the rate-limiting step, an increase
in permeability is expected, but a decrease in permeability will occur if the rate-limiting
step is desorption from the membrane into the aqueous medium [62,237]. In this respect,
simple QSPRs are not expected for drug bioavailability in vivo, or even for permeability
through complex ex vivo or in vitro systems. The approach must be to identify QSPRs from
simpler model systems and use kinetic modelling to optimize the behavior in systems with
increased complexity.
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At all stages of system complexity, large datasets with accurate and reliable values for
the evaluated property are needed. This is the first and most important step for achieving
the much needed predictive power.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/membranes14070157/s1, Table S1. Summary of the usual effect on
the observed Papp for several sources of variability related to the cell culture protocols (pre- and
post-seeding in the TranswellTM inserts); Table S2. Summary of the usual effect on the observed
Papp for several sources of variability related to the permeability assays protocols.
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