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Abstract

The parallel artificial membrane permeability assay (PAMPA), a non-cellular lab-based assay, is extensively used
to measure the permeability of pharmaceutical compounds. PAMPA experiments provide a working mimic of a
molecule passing through cells and PAMPA values are widely used to estimate drug absorption parameters. There
is an increased interest in developing computational methods to predict PAMPA permeability values. We
developed an in silico model to predict the permeability of compounds based on the PAMPA assay. We used the




three-dimensional reference interaction site model (3D-RISM) theory with the Kovalenko—Hirata (KH) closure to
calculate the excess chemical potentials of a large set of compounds and predicted their apparent permeability with
good accuracy (mean absolute error or MAE = 0.69 units) when compared to a published experimental data set.
Furthermore, our in silico PAMPA protocol performed very well in the binary prediction of 288 compounds as
being permeable or impermeable (precision = 94%, accuracy = 93%). This suggests that our in silico protocol can
mimic the PAMPA assay and could aid in the rapid discovery or screening of potentially therapeutic drug leads
that can be delivered to a desired tissue.
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Introduction

Drug development is often hindered by the failure to obtain correct absorption, distribution, metabolism, excretion,
and toxicity (ADMET) profiles of candidate drug compounds. For a compound to be effective as a drug, it must
travel to the target organ/tissue, via a series of solvation—desolvation processes, while avoiding breakdown or
decomposition via metabolism on the way. As most of the drugs are carried to the target site via the blood stream,
poor solubility and/or a poor distribution profile between plasma and target tissues will render a drug ineffective. An
ideal way to select or screen for candidate molecules with good distribution profiles would be to quantify the




permeability of the compound from plasma to the tissues of interest through an in vitro or model-organism-based
assay. However, such in vitro cell- or tissue-based permeability experiments are complicated, time consuming, and
difficult to reproduce. As an alternative, the parallel artificial membrane permeability assay (PAMPA) was developed
by Kansy et al. as a non-cellular permeability assay to mimic passive trans-cellular permeability of small molecules
through cells or tissues [1, 2]. The PAMPA assay consists of a hydrophobic membrane coated with lecithin in an
organic solvent. Over the years, the type of membrane used in PAMPA assays changed based on the nature of
experiments, therefore the permeability values are relative rather than absolute [3]. The PAMPA assay has been
widely used to study intestinal absorption and the permeability of drugs or drug candidates across the blood—brain
barrier [4, 5]. The underlying principle of PAMPA assay is based on the assumption of passive diffusion of the
solutes. While this may be true for the majority of solutes, the presence of transporters and modulators in real
biological membranes is well known. The Caco-2 assay is another permeability assay that is extensively used to
study oral drug absorption. A strong correlation has been shown between the Caco-2 and PAMPA permeability
profile by several research groups [6, 7, 8]. A common term for both Caco-2 and PAMPA assays for recording the
permeability of a compound is P, (effective permeability), defined as the number of molecules diffusing across a unit
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cross-section of the membrane in a unit of time under a unit concentration gradient. P, is expressed as cm s~
varies largely with the lipid content of the membrane. The log of the effective permeability (logP,), calculated based
on the formulations by Faller et al. and Sugano et al. [9, 10], is commonly used as the measure of compound
permeability. As the PAMPA permeability assay has had broad success and applicability across many diverse tissue
types, it is an interesting benchmark for developing in silico permeability models. Furthermore, as PAMPA assays
can be expensive and time consuming to perform for high throughput screening, these in silico models could be used

as a first step in screening early stage drug candidates.

Over the years several quantitative structure activity relationship (QSAR) models for predicting PAMPA parameters
have been developed and validated on different types of molecules. For instance, Kansy et al. proposed a QSAR
model for PAMPA flux for a large set of drug-like compounds and reported that their test set of ~ 100 compounds
depended on the maximum flux on lipophilicity. However, these authors noted that logD is not an ideal descriptor in
expressing PAMPA flux under steady state approximations [2]. QSAR models for PAMPA permeability developed by
Akamatsu and coworkers for predicting Caco-2 permeability used octanol-water partition coefficients (logP,;,), pH,

pK,, and surface area for hydrogen bond donors and acceptors as descriptors for modeling [11, 12]. They reported a




correlation coefficient of 0.78 for 57 compounds with a standard deviation of 0.37 [11]. Introducing apparent
hydrophobicity to their QSAR model did not lead to significant improvements in its prediction quality (correlation
coefficient 0.72 and standard deviation 0.36 for 97 compounds) [12]. Verma et al. have also developed QSAR models
of PAMPA permeability of drugs with reference to the Caco-2 oral permeability and human intestinal permeability
and reported correlation coefficients in the range of 0.76—0.89 for data sets of ~20 compounds at different pH values
[13]. While these reports are encouraging, the modest size of the testing and training datasets and the limited
diversity in the compound types, constrains the extension of these models to other scenarios. Recently, Sun and
coworkers reported an excellent area under the receiver operating characteristic curve (AUC-ROC) of 0.88 using an
in silico model of PAMPA permeability for a large number of compounds. For the training set, a correlation
coefficient of 0.90 was reported. The prediction accuracy of this model had a significant decrease in the effective
permeability range of 2.0-2.5 units (AUC 0.61). However, their dataset is not publicly available [14]. A brief
collection of published in silico modeling or prediction of PAMPA permeability is provided in Table 1. The list is not
comprehensive but provides an overview of the methods used to predict PAMPA permeability and the different
databases or datasets used in training and testing these methods.

Table 1
QSAR modeling of PAMPA reported in literature

Dependent

Database . Statistical method Performance
variable
. Apparent Multiple linear regression
f171]C0mpounds (35 drugs, 22 peptides) permeability (MLR) and partial least square 1> =0.65, SE req = 0.43
(logPapp) (PLS)
Database of 97 compounds [12] logP,, MLR, NLR 1*=0.54-0.76 (pH 7.3)
A maximum of 94 compounds depending  logP, . and Flux ~ MLR and non-linear regression 12 =0.76-0.89; depending
on dataset [13] (F) (NLR) on dataset for different pH
Support vector regression 2 -
Databases of 4079 and 2346 compounds r- = 0.9 (training set),
[14] logP, (SVR) models and support AUC-ROC = 0.88-0.90

vector classifier (SVC)

r? > 0.8 (acidic

Databases of 74 compounds (28 acidic, 46
compounds), r>> 0.7

basic) and 58 compounds (12 neutral, 46 logP, MLR




Dependent

Database . Statistical method Performance
variable
(lzoasic compounds)
. r“=0.95 (neutral
amphoteric) [15, 16, 17] compounds); at different
pH values
, . . Intrinsic
El?,gc]:ommermal drugs and organic acids permeability MLR 2=072-0.89
(logPy)
248 drugs and drug like compounds in the 2
training set [19] logPy MLR r=074
MLR, Artificial neural 2=0.74 at pH 5.5
Databases of 47-61 compounds [20] logP, network 2=0.791 at pH 7.4

Central to the accurate prediction of molecular partitioning via (bio)-chemical processes is the calculation of
solvation free energy (SFE). Significant developments have been made in calculating SFEs with accuracy using
different solvation models [21, 22]. The physics-based reference interaction site model (RISM) molecular solvation
theory is built on the first principle statistical mechanics and provides direct correlation functions (DCFs) for all
species in a solution [23, 24, 25]. The principle components of the RISM formalism are in representing a molecule of
arbitrary shape by a six-dimensional vector consisting of three positional {r} and orientational degrees of freedom
{@}, each in the molecular Ornstein—Zernike equation (MOZ) via the pair correlation functions (PCF) of r and ® of
liquids, in three dimensions (3D). Briefly, a solvent is represented with a finite number of sites (y) around a solute
with the 3D correlation function (hy(r)):

hy(r) = Za /drlca (r — rl) Xory (7',> I

The 3D-site distribution function (gy) is calculated as gy(r) = hy(r) + 1 and consists of all sorts of interactions for all
solvent sites, irrespective of the number of chemically distinct species [26, 27, 28]. The construct is dependent on the
physical characteristics of a given solvent/solution, e.g. density, dielectric constant. This information is used as input




along with atomic charges, molecular size, and interatomic interaction potentials. The computational speed and
accuracy of a RISM calculation depends on the choice of a closure relation for solving Eq. 1. A closure relation is a
mathematical handle to integrate the infinite chain of diagrams produced through Eq. 1. A handful of closure
relations have been developed for applications with the RISM formalism. The Kovalenko—Hirata closure (KH) has
proven to be numerically stable and provides a solvation structure with reasonable accuracy at a modest
computational cost [29]. The KH closure approximation accounts for both electrostatic and non-polar features of the
liquid. The KH closure has the functional form

(r) = exp (—uy (r) / (kgT) + hy (r) — ¢y (1)) for g (r) <1 2
" L=y (1) / (b6T) + iy (1) — e, (1) for g, (r) > 1

The KH closure combines the so-called mean spherical approximation (applied to the spatial part with solvent
density enrichment, g,(r)>1) with the hypernetted chain (HNC), applied to the spatial part with solvent density
depletion, gy(r) < 1) in a non-trivial way, thus providing numerical stability and accuracy. The 3D-RISM integral
equation has an exact differential of the solvation free energy for the KH closure. This enables the generation of an
analytical expression of Kirkwood’s thermodynamic integration by gradually switching on the solute—solvent
interaction. While the KH closure is known to underestimate the height of strong associative peaks, these errors are
mitigated by broadening of the peak and this often corrects the solvation thermodynamics and structure. Details of
the 3D-RISM-KH theory are provided in references [30, 31, 32]. The 3D-RISM-KH theory is applicable to polar
liquids, largely and also to a lesser extent to non-polar liquids, and has been carefully validated with experimental
solvation energy datasets [33, 34, 35, 36, 37, 38, 39, 40]. While the 3D-RISM-KH theory has been widely applied to
the fields of chemistry and biology, the predicted solvation free energy measurements are not absolute. The excess
chemical potentials obtained from the 3D-RISM theory have a qualitative relation with the experimental solvation
free energies and can be calibrated using a so called “universal correction” scheme to generate more quantitative
results [40].

Our goal in this study was to calculate excess chemical potentials of drugs/solute molecules in specific solvents
using the 3D-RISM-KH molecular solvation theory and to use these calculated chemical potentials to develop QSAR




models that accurately predict PAMPA permeability. Our database of chemicals (for training and testing) consists of
datasets from published sources: one dataset consists of experimental logP, acquired from 190 compounds and a
second dataset consists of 288 compounds subdivided into permeable or impermeable by binary classification [15,
16, 17, 41]. We developed the PAMPA permeability prediction model using the combined 3D-RISM-KH calculated

excess chemical potentials, 2D-molecular descriptors, and machine learning methods.
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Computational methods

Database preparation

The experimental logP, data was collected from Oja et al. [15, 16, 17]. The data for the binary classification of
PAMPA permeability was extracted from Avdeef et al. [41]. This data set had 50% of its molecules (144 data points)
listed as permeable and 50% of its molecules (144 data points) listed as nonpermeable molecules (found in the
Electronic Supplementary Material (ESM)). We chose these data sets to fulfill our requirement for a balanced
compound collection containing different classes of chemicals. This chemical diversity was intended to help us to
achieve more broadly applicable QSAR models which could possibly include ionic forms in the permeability
estimation process.

RISM-KH calculations

The lowest energy conformation of all the solutes was generated using the OpenBabel toolkit with MMFF94 force
field [42]. The lowest energy conformations of all the solute molecules were further optimized using the M06-2X
dispersion corrected density functional in combination with the MIDI! basis set as implemented in the Gaussianl6
software package [43, 44, 45]. All stationary points were confirmed as true minima at the respective potential energy
surfaces by vibrational mode analysis. All the molecules were used in their neutral form. These optimized geometries
were used for all further calculations. The 3D-RISM-KH based excess chemical potential and partial molar volume
(used as descriptors in the prediction) were calculated for all the solutes using our in-house 3D-RISM-KH code. A
public version of this code is implemented in the AMBERTOOLS suite of programs [46]. We used five solvents,
chloroform, cyclohexane, n-hexadecane, dimethyl sulfoxide (DMSO), n-octanol, and water, for the 1D-RISM




susceptibility calculations of the pure liquids. The parameters for these solvents were validated against experimental
solvation free energy datasets, as reported by us previously [33, 34, 35, 36, 37, 38]. We have employed the UFF
parameters with AM1 charges for all the solutes [47, 48]. The atomic charge calculations and van der Waals
parameter assignments were automated by integrating the MOPAC and Openbabel software in our workflow [42, 49].
The 3D-RISM-KH calculations for solute molecules were performed using a uniform cubic 3D-grid of 128 x 128 x
128 points in the box of size 64 x 64 x 64 A3 to represent a solute with a few solvation layers. The convergence
accuracy was set to 107> in the modified direct inversion in the iterative subspace (MDIIS) solver. The excess
chemical potential (exchem) and the partial molar volumes (PMV) of the solutes in each solvent were used as
additional descriptors for the QSAR models.
AQ3

2D-Molecular descriptor generation

Molecular descriptors were generated from the corresponding SMILES strings of the solute molecules using the
publicly available PaDEL-Descriptor software [50]. The 2D-descriptors used for the initial feature selection in the
machine learning process are provided in the ESM. The logD values at pHs 5.0 and 9.0 are calculated using the
Calculator plugins in Marvin [51].

Machine learning and statistical modeling

The machine learning predictive models for PAMPA permeability was developed with the above-generated molecular
descriptors. The statistical importance analysis of the descriptors, the machine learning calculations and the
performance indices of models were calculated using the RStudio version 3.4.4 [52, 53, 54, 55, 56, 57, 58, 59, 60,

61, 62, 63]. For predicting the logP, values for the test drugs, a gradient boosting machine (GBM) was used with
fivefold cross validation. The GBM technique minimizes the error in the model by building an ensemble of shallow
and weak decision trees wherein each member tree learns and improves upon the previous tree. Additionally, the
“Extreme Gradient Boosting” (XGBoost) technique was also used. Each method was used successively by optimizing
the parameters reducing the relative mean square error (RMSE). The models containing 75% of the randomly chosen
data from the apparent permeability dataset were trained using a fivefold cross validation with 2000 trees. Increasing
the number of trees did not provide significant improvement in RMSE (Fig. 1).




Fig. 1

Statistical importance of each descriptor (in percentage) given on X-axis calculated for data at biological pH
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To predict the permeability/non-permeability status, the binary database of the PAMPA permeable compounds was
divided into a training set (75% of compounds) and a test set (25% of compounds) by randomly assigning molecules
to each set. Several machine learning methods were assessed including GBM, GLM (Generalized linear models),
SVM (support vector machines), and weighted-kNN (weighted K-nearest neighbor) to classify the compounds (i.e.
PAMPA permeable = 1, PAMPA impermeable = 0). The performance indices (accuracy, precision, sensitivity,
specificity, and F1-score) were calculated using R by generating a confusion matrix for each classification run. The
confusion matrix consisted of true positive (TP), true negative (TN), false positive (FP), and false negative (FN)
counts for each of the machine learning protocols used for the test set. The performance indices were calculated as
follows: Accuracy = (TP + TN)/(TP + TN + FP + FN); Precision = TP/(TP + FP); Sensitivity = TP/(TP + FN);
Specificity = TN/(TN + FP); F1-Score =2 X (Precision x Sensitivity)/(Precision + Sensitivity). The RMSE values

Yi(zi—e)”

were calculated as , where x; is the predicted data point for i-solute and 7 is the total number of data

: - 1
points. The mean absolute error (MAE) is calculated as ~ Sl lz — -

Results and discussion

In the following sections we have detailed our findings on the applicability of 3D-RISM-KH computed descriptors in
predicting PAMPA permeability both quantitatively and qualitatively. The quantitative findings were based on a
database collected from published literatures [15, 16, 17]. This is one of the largest publicly available databases for
applications in QSAR modeling of PAMPA permeability. The dataset has a maximum molecular weight range of
230-390 Daltons and contains both polar (protic and aprotic) and non-polar systems. Our findings are divided into
two sections: (1) QSAR based predictions of logP,, and (2) binary predictions of PAMPA permeability.

QSAR based predictions of logP,

The feature selection for QSAR modeling of the apparent permeability identified topological polar surface area
(TPSA), AlogP, number of H-bond acceptors and donors as important 2D-molecular descriptors. Among the excess
chemical potentials and PMVs in six different solvents, those calculated in DMSO and water were found to be of
significance. The other three solvents, i.e. chloroform, n-hexadecane, and cyclohexane were excluded from the
important feature list. Both the GBM and XGBoost (XGB) methods yielded similar results (please see the ESM). The




GBM and XGB methods yielded a perfect prediction for the training set of 133 compounds (1> = 0.99) with a MAE of
0.03 units for apparent permeability calculations at pH 7.4. This indicates that the machine learning methods reported
here are adequate for predicting PAMPA permeability. The final model (Model2a) yielded a good correlation (RMSE
=0.90, MAE = 0.69 units) with the experimental data and contained select 2D-descriptors as well as 3D-RISM-KH
calculated solvent excess chemical potentials (r*> = 0.38). Interestingly, the feature selection process did not choose
the solvation energy in octanol as an informative feature. However, as the modelling strongly depends on the
predicted logP values, (which is the octanol-water partition coefficient), the absence of the solvation energy in
octanol in the final feature set can be easily rationalized. As a result, we removed the AlogP descriptor from the third
model (model3a), which resulted in a slight increase in the MAE and RMSE. The model built with only 2D-
descriptors, model4a, based on feature selection, was best at predicting the apparent PAMPA permeability (logP,
pHT7. 4)- The reliability of these models is summarized in Table 2. The comparative prediction of logPe_p 177 4 for the test
dataset by model2a and model4a are shown in Fig. 2. Our findings justify the use of the 3D-RISM-KH based
solvation energy descriptors as apparent PAMPA permeability predictors, as a proof of concept. The larger deviation
in logP, 7 4 prediction compared to experimental results that were calculated with 3D-RISM-KH can be a direct
result of the use of Gaussian-fluctuation (GF) excess chemical potentials for our prediction. Alternatively, one could
apply a “universal-correction” scheme to all GF-excess chemical potentials to be calibrated against experimental
solvation energy dataset and then apply correction factors to predict logP e-pH7.4- Here we did not employ such
correction factors as we wanted to ensure that the method was more applicable and independent of additional
regression analysis, depending on the choice of solvent. Additionally, the slightly poorer performance of the QSAR
modeling can be attributed to the small size of the training and test dataset. While the diverse sets of molecules
presented in the chosen dataset helped cover a large chemical space, the small number of datapoints was a handicap
in better quantitative prediction. The machine learning methods performed consistently well for all the models.
Incorporation of ionic species (i.e. replacing logP with logD) in the QSAR equation may improve quantitative
predictions. To compare our machine learning based quantitative predictive models with those reported by Oja et al.,
we have calculated apparent permeability at pHs 5.0 and 9.0. The excess chemical potentials are calculated for
different ionic forms of compounds, based on pH whenever applicable. The modeling was done using the model2a to
compare with the reported values. The results are summarized in Table 3. The incorporation of logD of compounds in
acidic and basis pHs improved the calculations of apparent permeabilities at these two different pH values. The
performance of model2a is more or less similar to the previously reported correlations [15, 16, 17].




Table 2
Mean absolute error (MAE) and RMSE of different QSAR models (in log unit) in predicting logPe_pm_ 4

modella model2a model3a modelda
Performance
GBM XGBoost GBM XGBoost GBM XGBoost GBM XGBoost
MAE 0.67 0.54 0.69 0.70 0.75 0.72 0.56 0.50
RMSE 0.90 0.68 0.90 0.91 0.94 0.96 0.72 0.65
12 0.37 0.61 0.37 0.38 0.37 0.33 0.55 0.64
Fig. 2

Apparent PAMPA permeability prediction performances for the test dataset using model2a (o) and model4a (¢). The
correlation (r?) between the calculated and predicted 10gPe_pH7l , for model2a was 0.38, while the correlation between

the calculated and predicted logPe_p 177 4 for modelda was 0.62




logPe (experiment)

Table 3

logPe (calculated)

Mean absolute error (MAE) and RMSE in predicting logP, (in log unit) for the test sets of neutral/amphoteric and ionic compounds

at pH 5.0 and pH 9.0 using model2a

Neutral molecules (number of data points = 19)
Performance

pHS.0 pH9.0

Ionic molecules (number of data points = 26)

pH 9.0




GBM XGBoost GBM XGBoost GBM XGBoost GBM XGBoost

MAE 0.47 0.37 0.98 0.58 0.52 0.21 0.47 0.46
RMSE 0.56 0.48 1.43 0.74 0.49 0.27 0.60 0.62
r? 0.66 0.74 0.50 0.52 0.55 0.72 0.71 0.65

Binary predictions of PAMPA permeability

The binary classification of PAMPA permeability was initiated in the same way as the logP_ permeability modeling.
The initial feature selection for binary permeability resulted in the selection of XlogP, apol, bpol, and TPSA from the
2D-descriptor pool. While for flexible polar molecules the 3D-PSA is arguably a better descriptor for a molecular
shape, the 2D-descriptor TPSA was shown to produce identical results [64] and hence used in this study. The
selected 3D-RISM-KH descriptors were excess chemical potentials in octanol, DMSO, and water as solvents (Fig. 3).
The initial model (modellb) contained all the descriptors, both 2D- and 3D-RISM-KH descriptors and is detailed in
the ESM. The best model with the 3D-RISM-KH descriptors (model2b) performed impressively with 93% maximum
accuracy and up to 94% precision. This model contained AlogP, TPSA, nHBAcc Lipinski from the 2D-descriptors
and excess chemical potentials in DMSO, octanol, and water from the 3D-RISM-KH calculations. Removing AlogP
from the equation resulted in model3b with slight deterioration in the classification. The all 2D-descriptor based
QSAR model (model4b) performed similarly to models3b. In fact, combining the 3D-RISM-KH computed
parameters with the select 2D-descriptors provided the best results for both the prediction methods. The best
performing machine learning model was based on the SVM. The other three methods, viz. GBM, GLM, and kNN,
were less accurate and specific in their classification performance. The normalized performance indices for the three
models obtained using different machine learning methods are provided in Table 4.

Fig. 3
Performance indices of different machine learning schemes used to classify PAMPA permeable and impermeable
compounds
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Table 4
Normalized performance of different models in predicting the binary PAMPA permeability

Model2b Model3b Model4b (only 2D-descriptors)
Performance indices

GBM GLM SVM kNN GBM GLM SVM kNN GBM GLM SVM kNN

Accuracy 0.72 0.79 0.93 0.78 0.72 0.79 0.88 0.78 0.79 0.76 0.90 0.72
Precision 0.74 0.80 0.94 083 0.71 0.80 091 083 0.78 0.77 0.87 0.72
Sensitivity 0.69 0.78 0.92 069 0.75 0.78 0.83 0.69 0.81 0.75 0.94 0.73
Specificity 0.75 0.81 0.94 086 0.69 0.80 092 086 0.78 0.78 0.86 0.72
F1-Score 0.71 0.79 0.93 076 0.73 0.79 0.87 0.76  0.79 0.76 0.91 0.72

The %-performance can be obtained by multiplying the indices by 100

Conclusion

In this work, we have demonstrated the applicability of the 3D-RISM-KH theory for calculating the excess chemical
potentials and PMVs of solutes as descriptors in developing the QSAR models of PAMPA prediction. These
descriptors work efficiently in predicting apparent permeability as well as classifying PAMPA permeable and
impermeable compounds. In addition, the presence of DMSO, octanol, and water in the classification models can be
rationalized. The three solvents together cover the majority of the solvent polarity spectrum, with dielectric constants
(25 °C). The use of these diverse solvent
models thus effectively mimics the transport of drugs through PAMPA. The choice of machine learning method(s)

(¢) ranging from 10.3 for &, ; to 47.2 for epy g0 and 80.1 for e,
also plays an important role in achieving reasonable accuracy, sensitivity and specificity. Our models are easier to
develop and deploy for a large class/set of molecules and could be potentially used in early drug development
research. Furthermore, our findings provide an alternative to computational PAMPA permeability without the
extensive use of molecular dynamics simulations. We would like to point that the models presented here for
predicting PAMPA permeability work only for passive diffusion of molecules. For molecules (or drugs) which have a




transporter or a permeability modulator, these models should be modified to take these factors into consideration,
too.
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