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INTRODUCTION 

Absorption, distribution, metabolism, and excretion (ADME) determine the 
pharmacokinetic behaviour of drug substances in the human body, in other 
words, what the human body does with the drug substance. Therefore, 
unsuitable pharmacokinetic properties are one of the most frequent reasons for 
drug attrition in the preclinical phase and in the clinical phase I trials [1,2,3,4], 
and to a lesser extent in the clinical phase II trials [3,4,5]. This suggests that the 
pharmacokinetic properties must be considered as early as possible and as 
effectively as possible in the drug discovery process in order to reduce the 
attrition of drug substance candidates.  

Oral administration is a preferable and common way to deliver drugs as 
tablets, capsules, and solutions to the organism. In the case of orally ad-
ministrated drugs, absorption in the gastrointestinal tract (GIT) is a significant 
feature of the ADME profile. Absorption depends on the properties of the GIT 
and drug substances. One of the significant absorption-related properties for 
drug substances is permeability through the intestinal epithelium. It is 
influenced by the various properties in the GIT, and one of such is pH, that is 
controlled by fasted and fed state [6]. The pH in the GIT fluctuates from very 
acidic (pH ~2) to basic (pH ~8) [6,7,8,9]. Despite of this the influence of pH to 
the permeability of drug substance candidates in the early stages of drug 
discovery is rarely considered.  

The permeability can be experimentally studied using in vivo, in situ, and in 
vitro methods [10]. Since in vivo and in situ methods are expensive and time-
consuming, in vitro methods have been widely used to describe permeability in 
the GIT. In vitro methods for detecting permeability are cell-based [11] or cell-
free methods [12], such as an artificial membrane [13]. The advantages of the 
artificial membrane in comparison with the cell-based methods are simplicity, 
cheapness, and the ability to change easily experimental parameters, like pH. 

Transferring the knowledge from the influence of pH in the GIT to the 
cheminformatics models allows to improve the early phase of drug discovery 
and development and reduces the attrition of new drug substance candidates. In 
particular, cheminformatics prediction models can be applied in the early stages 
of drug discovery to select out the most potential drug substance candidates for 
oral administration. So far, prediction models for permeability have been 
usually developed only at neutral or near to neutral pH-s and the wider pH range 
is not considered [14]. This is partially caused by the fact that the systematic 
permeability data for the wide pH range are missing in the literature.  

Therefore, the aim of the study in this thesis is to involve the GIT pH range 
in the prediction models of the permeability and thus to improve the application 
of the models for assessing the permeability in the gastrointestinal tract. This 
goal is achieved through the systematic experimental permeability measure-
ments and cheminformatics modelling of measured data. 
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1. LITERATURE OVERVIEW 

1.1. Human intestinal absorption 

Oral administration is the preferable, cost effective and convenient way to 

deliver drugs. This makes absorption a key feature in analysing the properties of 

drug substances (active pharmaceutical ingredient, API) and their candidates in 

the GIT. Absorption depends on two sets of properties, properties of the GIT 

and properties of the drug substance.  

1.1.1. Properties of the gastrointestinal tract 

The GIT (Figure 1) consists of the stomach, the small intestine, which is divided 

into the duodenum, jejunum, and ileum, and the colon (large intestine). The 

environment of GIT sections is variable and diverse. Variable parameters in the 

GIT are mainly pH, surface area, and various compounds and their con-

centration [6,7,8,9,15,16,17,18,19]. For example the pH range in the GIT 

(Figure 1) is remarkably wide, changing from acidic (pH ~2–3) to basic 

(pH ~8–9) [6,7,8,9,15,17,18,19], and is influenced by the fasted and fed state 

[6,15,17,18,19]. Usually in the upper sections of the GIT (stomach and 

duodenum) the pH is more acidic in the fasted state than in the fed state (Figure 

1). In the bottom sections of the GIT (jejunum and ileum) the pH ranges in the 

fed and fasted states are similar (Figure 1). The pH is fluctuating in the sections 

of the GIT and it is highly variable over the test subjects (volunteers) [15,17,19] 

and thus it is difficult to determine the pH value in each section.  

Figure 1. Properties of the GIT: surface area, length, residence time, and pH for fasted 

and fed state in the different sections of the GIT [6,7,8,9]. 

 

The surface area of the GIT and the length of the section are the largest in the 

jejunum and ileum (Figure 1). The large surface area of the small intestine (duo-
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denum, jejunum, ileum) is caused by the relatively long section length and surface 
projections (circular folds, villi and microvilli) [8,9,16]. Such intestinal elements 
like in the small intestine are absent in the colon [8]. According to the literature 
around 99% of absorption occurs in the jejunum and ileum [7]. Recently, it has 
also been shown that absorption occurs even in the colon [20], which may be 
caused by the longest residence time over the intestinal sections (Figure 1).  

Other parameters affecting the absorption in the GIT are buffer capacity, 
osmolarity, surface tension, and the concentrations of bile salts and phospho-
lipids [6,17,18,19]. All these parameters significantly depend on the section of 
GIT [17,19] and therefore also influence the absorption in the GIT [21,22,23]. 

It has been concluded that the maximum absorption of drug substance should 
take place during 3–5 hours in the jejunum and ileum and in the range of pH 
from 4.5 to 8 [7]. From the literature, it is also known that the changes of pH, 
area, and other parameters make the absorption of drug substances in the GIT 
regional and time dependent [20,24].  

1.1.2. Properties of the drug substance 

The absorption of drug substances is not influenced only by the GIT 
characteristics, but also by the properties of the drug substance. Therefore, the 
absorption is highly influenced by the solubility and permeability of drug 
substances [25,26,27], which in turn is determined by the ionisation of drug 
substances [28]. 

Solubility and permeability form the basis of the biopharmaceutical classifi-
cation system (BCS) [25,27] and are used to classify drug substances into four 
classes (Table 1). The United States Food and Drug Administration (U.S. FDA) 
recommends the BCS for selecting suitable biowaivers for in vivo bio-
availability and/or bioequivalence studies [10]. The U.S. FDA guideline [10] 
indicates that drug substance is a high soluble, when the maximum dose of drug 
substance is soluble in 250 ml or less of aqueous media within the range of pH 
1–6.8 at 37 °C. The permeability is classified based on bioavailability or 
absorption in the human GIT (i.e., human intestinal absorption, %HIA), where 
the cutoff for high permeability is 85% of the administrated dose according to 
the mass balance determination [10,27].  
 
Table 1. The biopharmaceutical classification system classifies drug substances and 
their candidates into four groups. 

Solubility 
Permeability High solubility Low solubility 

High permeability Class I Class II 
Low permeability Class III Class IV 
 
According to the U.S. FDA guideline [10] the pH is considered in the 
estimation of solubility up to a certain extent, but not at all for the estimation of 
permeability. This is despite the high degree of dependence of solubility and 
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permeability on the fraction of unionised species, i.e. pH-partition hypothesis 
[29] and solubility-pH equations [7,30]. Unionised compounds have usually 
higher solubility in the water, and for higher permeability the compound must 
be unionised. Therefore, it is important to analyse the interplay of permeability 
and solubility in a wider pH range [31,32]. Solubility-permeability interplay 
over the pH range in the GIT can be used to determine the suitable pH range for 
the absorption [31], which in turn can be connected to the sections of the GIT. 
Solubility is analysed for different pH-s [28,33] and even with simulated 
intestinal fluids for fasted and fed state [34,35,36]. Considering the solubility 
dependence of the pH for different chemical classes, it has been proposed that 
the BCS should include sub-classes of compounds with low solubility [33]. As 
shown, the effect of pH on solubility has been extensively investigated, while 
the effect of pH on permeability has been significantly less studied [7,37]. 
 

1.2. Permeability in the gastrointestinal tract 
Drug substances must cross the intestinal epithelium. The intestinal epithelium 
consists of cells [9,38], which are tightly attached and form a thin hydrophobic 
barrier for chemicals with a thickness of about 5 nm, known as a cellular 
membrane. The cellular membrane is comprised of various amphiphilic 
phospholipids, cholesterol, and membrane anchored proteins, such as 
transporters [38]. The intestinal epithelium is additionally coated with a mucous 
[8], which contains mucin glycoproteins, enzymes, and electrolytes, and they 
form an additional barrier for the permeability in the GIT. Drug substances can 
cross the intestinal epithelium using different transport routes. 

1.2.1. Transport routes 

Drug substances can cross the cellular membrane using passive and/or carrier-
mediated transport (Figure 2) [38,39,40]. It has been estimated that around 90% 
of drug substances are transported passively [41].  

Passive transport [38] is the diffusion of drug substances in the cellular 
membrane from a high concentration region to a low concentration region. 
Passive transport is not usually saturable, it is not subject to inhibition, and is 
less sensitive to the stereospecific structure of drug substance [38]. The passive 
transport is divided into two groups: paracellular and transcellular transport 
(Figure 2).  

Passive paracellular transport refers to the passage of molecules between 
adjacent cells (Figure 2) [38]. It is most significant in the upper small intestine, 
which is leakier in comparison with the tighter barriers, like the colon [38]. The 
paracellular transport route is usually used by the small molecules [7,38,42], 
hydrophilic compounds [38,43], and small cations [42,44,45]. 
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Figure 2. Transport routes in the GIT [39]. 

 

Passive transcellular transport [38] is defined as the movement of compounds 

due to the concentration gradient between two sides of the cellular membranes 

(Figure 2). Most preferred compounds for the passive transcellular transport are 

hydrophobic, unionised, and largely desolvated [38]. In addition, this transport 

route depends on the size of the molecule and on the lipophilicity of the lipid 

bilayer centre [38]. Passive transcellular transport is highly influenced by the 

fraction of unionised species based on the pH-partition hypothesis [29], i.e. only 

unionised species can be moved across the cellular membrane. However, there 

are also deviations from this hypothesis; recent analyses show that some 

negatively [46] and positively charged compounds [47], like ion-pairs and 

naked ions, and permanently charged compounds [48], absorb through the 

cellular membrane.  

Carrier-mediated transport (Figure 2) is a transcellular permeation in-

volving a protein (transporter) that is stereospecific and enantioselective, has a 

limited capacity, is saturable, and subject to the inhibition [38]. It is usually 

active transport, which is energy dependent, but it can be also facilitated 

transport, which is not energy dependent and relies on the concentration 

gradient of a substrate and transporter protein (Figure 2) [38]. Carrier-mediated 

transport includes uptake, which moves molecules to the cell, or efflux (like  

P-gp mediated efflux, Figure 2), which moves molecules out of the cells [38]. In 

the human body, around 400 different transport proteins have been found 

including around 10 transporters, which have practical consideration or clinical 

evidence in the intestinal epithelium [49]. Carrier-mediated transport is 

important for compounds with low passive permeation, especially for the 

distribution in the liver and in the brain [38].  
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1.2.2. Measurement methods 

Various in vivo (human and animal models), in situ (animal models), and in 
vitro (tissue and cell) experimental methods have been developed to describe 
permeability in the GIT [10].  

Human- and animal-based methods are divided between in vivo and in situ 
methods. In vivo methods include human pharmacokinetic studies, such as mass 
balance and absolute bioavailability [10,50], and intestinal perfusion in the 
human or animal subjects [51]. In situ methods such as intestinal perfusion 
study using animal model(s) have also been used to simulate the in vivo 
situation in the GIT [52,53,54]. In situ methods are similar to the in vivo 
methods, although in this case animals are anaesthetised, which is also the 
disadvantage of the method, because it is not well known how anaesthesia will 
affect absorption process in the GIT [12]. The major concern of in vivo and in 
situ methods is ethics, but these methods are also time consuming and costly 
[55].  

In vitro methods have been proposed as alternatives to in vivo and in situ 
methods. In vitro permeability methods [10] include excised intestinal tissues or 
monolayer of suitable epithelial cells. Tissue based methods [56,57] mimic 
closely the in vivo situation from an anatomical, biological, and structural point 
of view, but can be highly influenced by the quality of the tissue (such as an 
irremovable circular muscle layer) [12]. In vitro methods with a monolayer of 
epithelial cells are considered as valuable alternatives to the human, animal, and 
tissue-based methods to assess intestinal drug substance permeation. Most used 
cell lines are the human colorectal carcinoma (Caco-2) [58,59,60] and the 
Madin-Darby canine kidney (MDCK) [61] cells, which both show good 
correlation with the permeability in the GIT [62,63]. The cell-based methods 
have also several drawbacks [12,64,65], such as incompatibility with food 
components and certain pharmaceutical excipients, the absence of transporters, 
the lack of mucus layer, time-consuming, expensive, and the final result 
depends on the cell line. 

In the frame of the U.S. FDA guideline [10], in vivo methods in the human 
subjects are the only recommended methods, which can be used to determine 
both carrier-mediated and passive transport. Animal-based and in vitro methods 
are only recommended for the drug substances that are transported by passive 
mechanisms.  

Considering the drawbacks of the previously mentioned methods, alterna-
tives have been sought to describe passive transport and therefore different cell-
free methods have been developed [12]. Cell-free methods include a parallel 
artificial membrane permeability assay (PAMPA) [13,66,67,68], a phospholipid 
vesicle-based permeation assay (PVPA) [69], a Permeapad® [70,71], and an 
artificial membrane insert system (AMI-system) [72]. The oldest and most 
utilized cell-free based method is the PAMPA, because it is robust and fairly 
easy to modify and offers the capability of analysing various aspects of absorp-
tion, like a wide range of pH. 
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1.3. Artificial membrane permeability 

The artificial membrane builds on the concept that the lipid bilayer is the 

fundamental structure of the cellular membranes. This concept was used first to 

form a black lipid membrane (BLM) [73], which was very fragile. To improve 

the membrane stability, different filter materials [74,75,76] have been 

introduced to stabilize the lipid membranes.  

In 1998, Kansy et al [13] published the first high-throughput and resource-

effective artificial membrane method to determine passive transport in the GIT 

using phospholipid-coated filters, which is called as the PAMPA. Since then the 

PAMPA has been gaining popularity in estimating the absorption properties of 

molecules, particularly drug substance candidates. The main advantages of the 

artificial membrane methods compared to the cell-based methods are readiness 

for high-throughput, fast membrane preparation, quick concentration detection 

methods, and tolerance to a wider pH range and higher co-solvent content [66]. 

The PAMPA system consists of three parts (Figure 3): a donor section (filter 

plate) that describes the GIT, a membrane solution on a filter that mimic the 

intestinal epithelium, and an acceptor section (acceptor plate) that describes the 

blood circulation [13]. Depending on the protocol, the donor and acceptor 

sections may be interchangeable.  

Figure 3. Schematic representation of the PAMPA experimental system: one well in 

96-well plate.  

 

1.3.1. Membrane types 

The most important part of the PAMPA experimental system is the membrane 

used to cover the filter. The filter is usually hydrophobic PVDF (polyvinylidene 

fluoride) [13], although hydrophilic PVDF [66] and polycarbonate filters [77] 

have been also used (Table 2).  
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Table 2. The PAMPA experimental systems for describing different permeability barriers 
in the human body and respective composition of membranes with filter material. 

Method Barrier Membrane composition Filter Ref. 
PAMPA-EGG GIT 1–20% egg lecithin in dodecane Hydrophobic 

PVDF 
[13] 

PAMPA-EGG GIT 1% egg lecithin in dodecane Hydrophilic 
PVDF 

[66] 

PAMPA-DOPC GIT 2% dioleoylphosphatidylcholine in 
dodecane  

PVDF [78] 

PAMPA-HDM GIT Hexadecane in hexane Polycarbonate  [77] 
PAMPA-BM 
(bio-mimetic) 

GIT 0.8% L-α-phosphatidylcholine, 
0.8% L-α-phosphatidylethanolamine, 
0.2% L-α-phosphatidylserine, 
0.2% L-α-phosphatidylinositol, and 
1% cholesterol in 1,7-octadien 

Hydrophobic 
PVDF 

[79] 

PAMPA-DS 
(double-sink) 

GIT 20% lecithin mixture in dodecane Hydrophobic 
PVDF 

[80] 

Tri-layer PAMPA GIT Lipid/oil/lipid tri-layer in hexane PVDF [81] 
PAMPA-BBB Blood-

brain  
20 mg/ml porcine polar brain lipid in 
dodecane 

Hydrophobic 
PVDF 

[82] 

PAMPA-Skin Skin 30% isopropyl myristate and 70% 
silicone oil 

Hydrophobic 
PVDF 

[83] 

Skin-PAMPA Skin Certramide, free fatty acid, and 
cholesterol 

 [84] 

Corneal-PAMPA Cornea 10.7% phosphatidylcholine in a mixture 
of hexane:dodecane:chloroform  

 [85] 

 
The membrane composition is one of the most frequently modified parts of the 
PAMPA system (Table 2). The membrane typically contains two components: 
phospholipid(s) and organic solvent. The first PAMPA membrane [13] con-
tained lecithin (L-α-phosphatidylcholine) in dodecane, but more sophisticated 
membrane systems have also been developed, like a double-sink (PAMPA-DS) 
[80] and bio-mimetic (PAMPA-BM) PAMPA [79]. Complex membrane sys-
tems mean more membrane components, added to improve the description of 
the intestinal epithelium [66]. Additional components however can cause 
problems with the repeatability of the experiment and make the tests signi-
ficantly more expensive [86]. In addition to the complexity, the concentrations 
of the membrane components also play an important role. For example, the 
concentration of lecithin in the membrane is increased because of the membrane 
permeability of the polar compounds is reduced at a lower concentration [87]. 
This is because the polar compounds form strong hydrogen bonds with water 
and prevent compounds from accessing the membrane. More hydrogen bonding 
sites in the membrane compensate the energy of breaking strong hydrogen 
bonds between water and compound, which helps movement of compound into 
the membrane. The concentration of lecithin in the membrane is increased 
despite of the fact that high concentration of phospholipids causes accumulation 
of the compound into the membrane [7].  
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The compositions of membrane phospholipids do have various membrane 
fluidity and apparent ion pair effects that influence membrane permeability of 
drug substances [88]. For example, the PAMPA-DS [87] have been used as the 
reference system to derive experimental values for the PAMPA-HDM and the 
PAMPA-DOPC. The correlation between the PAMPA-DS and the PAMPA-
HDM/DOPC is usually very good (determination coefficient R2 around 0.8) and 
this can be improved by using Abraham descriptors [89], which describe hydro-
gen bond acceptor and donor properties. This demonstrates that the main diffe-
rence between membrane compositions is the ability to account for hydrogen 
bond properties.  

The membrane solvent, which is used to dissolve phospholipid(s), has also 
an important role in the membrane permeability [86]. The most used membrane 
solvent is dodecane, but also 1,7-octadien has been used (Table 2). To avoid 
solvent effect, volatile organic solvents, like hexane, has been used for solving 
membrane components in the PAMPA-HDM and tri-layer PAMPA (Table 2) 
systems. The solvent is evaporated before the PAMPA experiment and solvent-
free membrane is formed. 

The PAMPA system is not limited for describing the GIT. Other membrane 
compositions have been developed to study other barriers in the human body 
(Table 2). For example, porcine brain lipid in dodecane has been used for 
describing the blood-brain barrier [82]. More recent modifications of the 
PAMPA methods are designed for the skin [83,84] and for the cornea [85]. 
These examples confirm that the PAMPA method has been widely accepted for 
imitating barriers in the human body and many of which have been widely used 
in drug discovery. 

1.3.2. Section composition 

Next to the membrane composition, the composition of acceptor and donor 
sections can be changed in the PAMPA system [7,68]. These are: pH in the 
donor section, co-solvent in both sections, etc. The possibility to easily modify 
different parameters in the PAMPA system provides an opportunity to simulate 
the different conditions of the GIT. 

In the typical experimental setting, the acceptor and the donor sections have 
solutions with the same pH (pH = 7.4, iso-pH experiment). Using only pH 7.4 
in the donor section, will not give reliable membrane permeability information 
for all drug substances [65], because membrane permeability for about 80% of 
drug substances is known to be affected by the pH [90]. The human GIT-like 
PAMPA system (gradient-pH experiment) has the solution with a different pH 
in the donor section and the pH of the solution in the acceptor section is 7.4 to 
mimic blood circulation. Surprisingly, the effect of pH to the membrane 
permeability is rarely considered during the characterization and even less for 
the modelling of drug substance candidates [66,79,91]. A good example that a 
wider range of pH values needs to be considered is provided by Velicky et al 
[92], who measured membrane permeability values in the pH range from 3.5 to 
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10 for two high absorbed compounds, Warfarin and Verapamil, which both 
demonstrate a significant pH-dependence of permeability, represented by the 
pH-permeability profile.  

Partially insoluble compounds can strongly affect membrane permeability 
values [93] and therefore, different co-solvents have been analysed and used 
[79,93,94]. Co-solvents should not influence the membrane and the membrane 
permeability but may influence ionisation constant (pKa) of drug substances 
[95]. For example, acetonitrile as a co-solvent has been shown to affect less 
acidic compounds than basic compounds [95]. The effects of the co-solvent and 
chemical class have been taken account in correlation analysis between different 
PAMPA systems using hydrogen bond acidity and basicity parameters defined 
by Abraham [95]. The most used co-solvents are dimethyl sulfoxide (DMSO), 
ethanol, and polyethylenglycole (PEG400) [79]. Also, in some cases, when 
higher concentrations of lecithin has been used (like 20% of lecithin in 
dodecane), additional compounds are added to the acceptor section to reduce 
membrane retention [7,96]. Suitable compounds that reduce membrane reten-
tion are surfactants, such as sodium lauryl sulfate (SLS) [96], which effectively 
binds to the drug substances and therefore reduces membrane retention. 

1.3.3. Experimental conditions and detection 

After adding solutions to the acceptor and donor sections, the filter plate is 
placed on the acceptor plate and at this point the experiment will start. The 
incubation time varies and depends on the experimental system and membrane 
permeability of the drug substance [7,97]. High-permeable compounds need 
shorter experimental time, because concentration in the donor and acceptor 
sections should be detected before equilibrium [78]. At the same time, low-
permeable compounds need longer experimental time to achieve the con-
centration in the acceptor section over the limit of detection. Also, the 
membrane in the PAMPA system has high influence on the incubation time. For 
example, PAMPA systems with higher lecithin concentration will need shorter 
experimental time, but then the limiting factor for the membrane permeability is 
the movement of drug substances to the membrane. In this case, it is important 
to stir the system [78,98], so that the movement of drug substances near to the 
membrane is facilitated. For the stirring, the easiest option is the orbital shaker, 
but it is not influencing homogeneously all wells and stirring depends on the 
position of the PAMPA system [7,78]. To avoid unequal stirring, the individual-
well magnetic stirring in the PAMPA system have been developed, but this 
system needs specific plates and equipment [98]. With stirring, the test period 
for high-permeable compounds can be around 30 minutes [7,97].  

The concentrations in the donor and/or acceptor sections can be detected 
with the liquid chromatography-mass spectrometry (LC/MS) or ultraviolet-
visible (UV/Vis) spectrometry equipped with microplate reader [78,93]. The 
advantages of the UV/Vis microplate reader are short measurement time and 
increased throughput. The problems may occur in detecting the concentration in 
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the acceptor section for low-permeable compounds [78]. If the concentration in 
the acceptor section is high, then LC/MS and UV/Vis spectrometry will give 
comparable results [78]. The limitation of the UV/Vis spectrometry is the 
detection of the compounds with low extension coefficient and without chromo-
phores. For these compounds, LC/MS can be used, which is also applicable to 
the mixtures, detection of low concentration in the acceptor section, and to 
control the stability of the drug substances during the PAMPA experiment [78].  

1.3.4. Membrane permeability as process 

The membrane permeability process (Figure 4) can be described using charac-
teristic parameters for three sections of the PAMPA system (donor section, 
membrane, acceptor section). The donor section is described with the initial 
concentration in the donor section (CD(0), mol/l), the volume of the solution 
(VD, ml), and the concentration in the donor section at a certain time point 
(CD(t), mol/l). The movement of the compounds to the membrane is described 
with the membrane/water apparent partition coefficient (Dm/v), which is also 
related to the aqueous boundary layer (ABL). The concentration of the com-
pound in the donor/membrane boundary (Cm

 0, mol/l) is decreasing linearly 
(dCm/dx) over the thickness of the membrane (h) until arriving to the 
membrane/acceptor boundary, where the concentration of the compound (Cm

 h, 
mol/l) is significantly lower. This process is described with the diffusivity of the 
solute in the membrane (Dm, cm2/s) and the lag time (τLAG, s), which is the time 
when the compound first appears in the acceptor section. The membrane 
permeability is also influenced by the area of the filter (A, cm2) and the apparent 
porosity of the filter (εa). The movement of compounds from the membrane/ 
acceptor boundary to the acceptor section is described with the membrane/water 
apparent partition coefficient (Dm/v), which is the same for both sides of the 
membrane when the iso-pH experiment is carried out, but in the case of the 
gradient-pH experiment, these two values may not be the same. The third part, 
the acceptor section is described with the initial concentration in the acceptor 
section (CA(0), mol/l), the volume of solution (VA, ml) and the concentration in 
the acceptor section at a certain time point (CA(t), mol/l). [7] 
 



20 

 
Figure 4. Description and characteristics of the membrane permeability process. 

 

Membrane permeability process is described with the flux (J, mol/(cm2·s),  

Eq. (1)), which is derived from the Fick’s first law [78]. 

J = Dm ∙ 
dCm

dx
 = Dm ∙ 

Cm
 0 – Cm

 h

h
 (1) 

The concentrations of compounds (Cm
 0, Cm

 h) within different parts of the 

membrane are hard to determine. The membrane/water apparent partition 

coefficient (Dm/v) can be estimated, and this allows to replace the concentrations 

in the both sides of the membrane with the concentrations in the donor (CD) and 

acceptor (CA) sections (Eq. (2)). These concentrations can be easily measured 

using standard detection methods. [7,78]  

J = Dm ⋅ Dm/v ∙ 
CD – CA

h
 (2) 

To simplify the equation (2), Dm/v, Dm, and h can be combined to the membrane 

permeability (Pm, cm/s). (Eq. (3)) [7,78] 

Pm = 
Dm ⋅ Dm/v

h
 (3) 

This means that the flux is defined as the relationship between the Pm and the 

concentration difference for the donor and acceptor sections, which in turn is 

related to the concentration change in the donor section over the time 

(dCD(t)/dt), the volume in the donor section (VD), and the area of the filter (A) 

(Eq. (4)). [78] 

J = Pm ⋅ (CD – CA) = –
VD

A
∙
dCD(t)

dt
 (4) 

Deriving dCD(t)/dt from the Eq. (4), a new equation (Eq. (5)) is obtained, which 

is the basic equation for almost all membrane permeability related equations [7]. 

dCD(t)

dt
 = –

A

VD

 ∙ Pm ⋅ (CD – CA) (5) 
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1.3.5. Equations of membrane permeability 

The membrane permeability can be described with the different equations, 
which are taking into account different number of characteristic parameters 
(Figure 4) [7]. Most used measures are a flux, an apparent membrane 
permeability, an effective membrane permeability, and an intrinsic membrane 
permeability. 

The flux (%) is the simplest way to describe the membrane permeability. It 
is the ratio between moles in the acceptor section (nA(t)) and moles at the 
equilibrium state (neq(t)) at a certain time point (Eq. (6)). Moles at the 
equilibrium state are found using control samples, where membrane is not 
added. If solutions have been measured with UV/Vis spectroscopy, then the 
number of moles is equalised with the UV/Vis absorption (OD). [13] 

flux = 
nA(t)
neq(t)

 = 
ODA(t)
ODeq(t)

 (6)

While the flux takes into account only moles in the acceptor section and at the 
equilibrium state, then the apparent membrane permeability (Papp, cm/s) is 
taking into account also the volume of solution in the donor section (VD, ml), 
the membrane area (A, cm2) and the time of the experiment (t, s). The apparent 
membrane permeability can be found from a certain time point (Eq. (7)) or from 
the change of moles in the acceptor section over the experiment (ΔnA(t)/Δt,  
Eq. (8)). The apparent membrane permeability for a certain time point is found 
based on the number of moles in the acceptor section at a certain time point 
(nA(t)) and the initial number of moles in the donor section (nD(0)). [7] 

Papp = 
VD

A ⋅ t ⋅ nA(t)
nD(0)

 (7)

Papp = 
VD

A ⋅ t ⋅ nD(0)
⋅ ΔnA(t)

Δt
 (8)

The apparent membrane permeability can be also described with a more 
complex equation (Eq. (9)), which takes account the ratio of the volumes in the 
donor and acceptor sections (rv=VD/VA), the initial concentration in the donor 
section (CD(0)), the final concentration in the donor (CD(t)) or the acceptor 
(CA(t)) section, the apparent porosity of the filter (εa), and the area of the filter 
(A) (Figure 4). [7] 

Papp = –
2.303 ⋅ VD

A ⋅ t ⋅ εa ⋅ 1
1 + rv

⋅ log10 –rv + 1 + rv ⋅ CD(t)
CD(0)

= 

= –
2.303 ⋅ VD

A ⋅ t ⋅ εa ⋅ 1
1 + rv

⋅ log10 1 – 1 + 
1
rv

⋅ CA(t)
CD(0)

 
(9)

Equation with the final concentration in the donor section can be converted to 
the equation with the final concentration in the acceptor section using the mass-
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balance rule. The mass balance rule is connecting the initial concentration in the 
donor section and the final concentration in the acceptor and donor sections to 
one equation (Eq. (10)) using the volumes of solutions in the donor and 
acceptor sections. Usually the equation with the final concentration in the 
acceptor section is giving results with higher accuracy. [7] 

VD ∙ CD(0) = VA ∙ CA(t) + VD ∙ CD(t) (10)

Compared to the apparent membrane permeability, the effective membrane 
permeability (Pe, cm/s) is additionally taking into account the membrane 
retention (RM) and the lag time (τLAG, s) [7] (Figure 4). Taking account of the 
membrane retention is important for lipophilic compounds, which tend to 
accumulate in the membrane [68]. Membrane retention (Eq. (11)) is calculated 
based on the initial and final concentrations and the volumes of solution in the 
acceptor and donor sections [7]. 

RM = 1 – 
CD(t)
CD(0)

 – 
VA

VD
⋅ CA(t)
CD(0)

 (11)

The lag time (Eq. (12)) can be found from the empirical relationship with the 
membrane retention. [7] 

τLAG = 54 ∙ RM + 1 ⋅ 60s (12)

When considering the membrane retention the mass-balance equation is 
changing (Eq. (13)), and includes the volume of the membrane (Vm) and the 
concentration of compound in the membrane (Cm(t)). [7] 

VD ∙ CD(0) = VA ∙ CA(t) + VD · CD(t) + Vm · Cm(t) (13)

The membrane permeability for an experiment, where in the acceptor and donor 
sections have the same pH (pH = 7.4), is described with the effective membrane 
permeability for iso-pH (Eq. (14)). In the iso-pH experiment (Figure 4), the 
equilibrium state is equal to the volumes ratio in the donor and acceptor sections 
(rv = VD/VA). [7] 

Pe = –
2.303 ⋅ VD

A ⋅ (t – τLAG) ⋅ εa ⋅ 1
1 + rv

⋅ log10 –rv + 
1 + rv

1 – RM
⋅ CD(t)
CD(0)

= 

= –
2.303 ⋅ VD

A ⋅ (t – τLAG) ⋅ εa ⋅ 1
1 + rv

⋅ log10 1 – 
1 + rv

-1

1 – RM
⋅ CA(t)
CD(0)

(14)

The iso-pH equation cannot be used for describing the system, where in the 
acceptor and donor sections have different pH-s, i.e. the gradient-pH system. In 
the gradient-pH system (Figure 4), the equilibrium is not equal to the ratio 
between the volumes of the donor and acceptor sections and thus the sink 
asymmetry ratio should be used (ra, Eq. (15)). The sink asymmetry ratio is the 
ratio of volumes that accounts for the experimental condition differences (e.g., 
pH, surfactants) in the acceptor and donor sections. The sink asymmetry ratio 
takes account Pe

A→D, which is equal to the iso-pH membrane permeability value 
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at pH 7.4. To find Pe
D→A, the Eq. (16) is solved iteratively until both sections 

have the same value. [7] 

ra = 
VD

VA
⋅ Pe

A→D

Pe
D→A  (15)

Pe
D→A = –

2.303 ⋅ VD

A ⋅ (t – τLAG) ⋅ εa ⋅ 1
1 + ra

⋅ log10 –ra + 
1 + ra

1 – RM
⋅ CD(t)
CD(0)

 (16)

Flux, apparent, and effective membrane permeabilities describe the permeability 
in the membrane and the effect of the aqueous boundary layer (ABL, known 
also as an unstirred water layer, UWL). [67] The ABL influences the membrane 
permeability for high-permeable compounds, i.e. such as lipophilic compounds 
[68]. The ABL exists in the both sides of the membrane and molecules move 
through the ABL only using diffusion (Figure 4). The ABL in the intestinal 
epithelium is around 30–100 µm, while in the unstirred PAMPA experiment, 
the ABL is around 4000 µm [94]. The thickness of the ABL can be reduced 
using stirring, but it is not possible to absolutely remove it [99]. The influence 
of the ABL is visible in the high permeability region of the pH-effective 
membrane permeability profiles, where the effective membrane permeability is 
not increasing, although all compounds are not yet unionised [67]. 

To take into account the ABL, the effective membrane permeability (Pe, 
Eq. (17)) is inversely related to the permeability of the aqueous boundary layer 
(PABL) and the membrane permeability (Pm, i.e. membrane resistance) [99].  

1
Pe

 = 
1

PABL
 + 

1
Pm

 (17)

The Pm describes the real membrane permeability at certain pH without the 
aqueous boundary layer effect. The Pm (Eq. (18)) is related to the intrinsic 
membrane permeability (Po) and to the ratio between the total sample 
concentration and the unionised form concentration (it is further in the text used 
as the fraction of unionised species, fu). The ratio between Po and Pm is called a 
permeability-pH equation, which is equal to 1/fu. The intrinsic membrane 
permeability describes the membrane permeability of the unionised species. 
[99]  

Pm = fu ∙ Po (18)

The calculation of the unionised species fraction depends on the number and 
type of ionisable groups [99]. For the basic compounds with one ionisable 
group, the fu is calculated based on the equation (19) and this requires pKa and 
pH values. Other examples can be found in reference [99]. 

fu = 
1

10pKa – pH + 1
 (19)
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Replacing Pm, which is unknown variable in the equation (17), into the equation 
(18), resulted in the equation (20) that can be used to find the PABL and Po 
parameters using the weighted least-squares analysis, where 1/Pe is the 
dependent variables (membrane permeability measurements at different pH-s) 
and 1/fu is the independent variables (corresponds to respective pH-s). [99]  

1
Pe

 = 
1

PABL
 + 

1
Po∙fu

 (20)

1.3.6. Using membrane permeability  

Methods for determining membrane permeability, like the PAMPA, have been 
developed with the aim of analysing and evaluating the absorption of drug 
substances and their candidates in the GIT. Therefore, it is important to evaluate 
how well the membrane permeability by the PAMPA coincides with what we 
know about the permeability in the GIT. It has been estimated that 
approximately 90% of drug substances are passively transported [41], which 
gives to the PAMPA method and its modifications a relatively wide coverage.  

The BCS considers the %HIA as reference for the permeability [10], which 
is extensively compared with the PAMPA membrane permeability values. 
Literature witnesses several comparative studies between the membrane 
permeability and the %HIA at different pH-s: 5.0, 6.2 and 7.4 [100,101]; 5.5, 
6.5 and 7.4 [79,102]; 5.5 and 7.4 [66,103]; 6.5 [86]; 6.5 and 7.4 [13]; 6.8 and  
4–8 [77]; and 7.4 [104]. These comparisons show that the PAMPA method 
tends to underestimate the %HIA for compounds with active transport and 
overestimates the %HIA for low solubility or efflux compounds [100]. The best 
match with the %HIA have been obtained if the membrane permeability values 
at different pH-s are analysed together and the highest membrane permeability 
is selected [77] or the calculated sum of the membrane permeability is used 
[100].  

The comparison of the membrane permeability and %HIA has been done 
quantitatively using the exponential relationship (Eq. (21)) between the apparent 
membrane permeability and the human intestinal absorption [79,80,86]. 
Comparing the membrane permeability at pH 5.5, 6.5, and 7.4 with the human 
intestinal absorption using the equation (21), shows that stronger correlation 
exists at acidic pH-s (pH 5.5 and 6.5) compared to the pH 7.4 [79]. This is due 
to the chemical class-based pH-permeability profiles, which are influenced by 
the fraction of unionised species based on the pH-partition theory [29].  

%HIA = 1 – ea ⋅ Papp ⋅ 100 (21)

A more precise comparison needs a cutoff value for high- and low-permeable 
compounds, which highly depends on the membrane in the PAMPA system 
[87]. For example, the membrane permeability described with the flux has been 
divided into three classes: high 25–100%, moderate 5–25%, and low < 5% [13]. 
Also, the cutoff value has been determined for the effective membrane 
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permeability of positively charged compounds [48], where low permeability is 
defined as Pe < 0.1·10-6 cm/s (logPe < –7), moderate permeability as  
0.1·10-6 cm/s ≤ Pe ≤ 1·10-6 cm/s (–7 ≤ logPe ≤ –6), and high permeability as 
Pe ≥ 1·10-6 cm/s (logPe ≥ –6). 

Membrane permeability values have been successfully used along with 
solubility values to accurately classify compounds according to the BCS [105]. 
Recently, the PAMPA have been used to measure pH-permeability profiles, 
which have been successfully combined with the pH-solubility profiles to 
determine the pH window with optimal conditions for good oral bioavailability 
[31]. 

Correlation of PAMPA and Caco-2 membrane permeability values at pH 5.5 
and 7.4 [66] and pH 7.3 [106] gives almost ideal correlations and indicates that 
most of drug substances are mainly transported passively. The deviation from 
the ideal correlation is caused by the Caco-2 taking account the carrier-mediated 
transport, which also includes efflux [66].  

The PAMPA method has been successfully and widely used in several recent 
drug discovery research projects and campaigns, leading the way to better 
absorbed drug candidates. For example, the membrane permeability measure-
ments have been performed to analyse drug substance candidates for disease 
categories like antitumors [107,108,109,110], diabetes [111], anti-adenoviral 
therapies [112], anti-inflammatory [110,113,114], metabolic disorder [110], 
anticoagulants [115], neurological disorders [116], etc. Also, the PAMPA 
method has been used to study permeability properties for cyclic peptomers, 
which have typically low cellular permeability [117] and sulfoximines that are 
rarely studied in drug discovery [118]. Drug design is not the only application 
as the permeability properties are concern of wider chemical groups. The 
PAMPA has been used for measuring the pH-permeability profiles for various 
natural compounds. Good example is natural flavonoids from Silybum 
marianum (L.) Gaertn. and their derivatives from milk thistle [119], which 
membrane permeability was analysed at pH 5.0, 6.2, and 7.4.  

1.3.7. Prediction models for membrane permeability 

Although the PAMPA measurements are relatively easy to perform compared 
with the animal- and cell-based methods, they still have substantial costs. In 
addition, the experimental measurements can only be performed when the 
compound is already in the stock. If the compound is not available, like in case 
of in silico virtual screening campaigns, or is not yet synthesised, then 
cheminformatics methods such as the quantitative structure-activity relationship 
(QSAR) serves as a suitable alternative to obtain estimates about the membrane 
permeability.  

The first QSAR models for the membrane permeability were published six 
years after [106] the publication of the PAMPA method [13]. During the past 15 
years, a number of QSAR models for the membrane permeability have been 
published [48,87,106,113,119,120,121,122,123,124,125,126,127,128,129], and 
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are recently reviewed and analysed [14]. The QSAR models have been derived 
for different type of PAMPA values (Section  1.3.5), at variety of experimental 
conditions (Section  1.3.1,  1.3.2, and  1.3.3), and with different modelling 
methods and descriptors.  

The most modelled membrane is 10% (w/v) lecithin in 1,9-decadiene at pH 
6.3 [106] and pH 7.3 [106,121,122,125,126]. Another more frequently modelled 
membrane includes 20% of lecithin in dodecane with the permeability data for 
pH 7.4 [119,129]. Less modelled membranes (Table 2) are PAMPA-HDM [87], 
PAMPA-DOPC [87,120], PAMPA-DS [87], PAMPA-BM [123], 10% (w/v) 
lecithin and 0.5% cholesterol in dodecane [48], 5% lecithin in dodecane [124], 
trilayer PAMPA [128], and 1% lecithin in dodecane [113]. Also, the QSAR 
model is derived from the different membrane permeability values measured at 
the same pH [127]. The membrane permeability QSAR models have been 
developed for variety of pH-s, such as pH 5.5 [113,123,127], 6.0 [123], 6.3 
[106], 6.5 [48,123,124], 7.3 [106,121,122,125,126], and 7.4 [119,123,127,129]. 
The analysis of used membrane composition and pH-s indicate that the models 
are mostly for neutral or near neutral pH-s and the composition of membranes is 
diverse. The lack of QSAR models for more diverse pH values is mainly caused 
by the absence of high-quality experimental membrane permeability data over a 
wide range of pH that are measured with the same experimental protocol. 

From different measures (Section  1.3.5) used to express membrane 
permeability, the most frequently modelled is the apparent membrane 
permeability [106,113,121,122,123,124,125,126,127,128], but also the models 
for the effective membrane permeability [48,119,129], the flux [113,123], and 
the intrinsic membrane permeability [87,120] exist. A possible reason for using 
the apparent membrane permeability can be related to the complexity of the 
calculation. The apparent membrane permeability is simpler to calculate than 
the effective membrane permeability, because it does not consider the memb-
rane properties, such as the membrane retention and the lag time (Section  1.3.5). 

The modelled datasets are usually small with less than 100 data points and 
often related to the certain types of compounds: permanently positive charged 
compounds [48], benzoic acids [124], pyridines and quinolines [124], cyclic 
peptides [128], and β-hydroxy-β-arylalkanoic acid analogues [113]. Two 
modelled sets of data are much larger than others. They both describe a PAMPA 
system at pH 7.4 and membrane is the 20% dodecane solution of lecithin [119, 
129]. The first, smaller dataset consists of 251 compounds [119]. The detailed 
analysis reveals that this dataset describes the membrane permeability (logPm, 
i.e. without ABL) and not the effective membrane permeability (logPe) as stated 
in the paper [119]. The second dataset is remarkably larger [129], includes more 
than 4000 data points at pH 7.4. The dataset is not openly available, but the data 
range provided by the original paper [129] does not correspond to the 
conventional membrane permeability range. Typical membrane permeability 
values are negative, while the range presented in the paper [129] is mainly on 
positive side. 
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Three main mathematical representations have been used for the membrane 
permeability QSAR models: multiple linear regression (MLR) [87,106,113,119, 
120,121,122,123,124,125,126,127], non-linear regression (NLR) [122,123,128], 
and partial-least square methods (PLS) [48,106,113,120,121]. The biggest 
difference between the PLS and MLR models [106], is the number of 
descriptors in the model. At the same time, the statistical parameters of the 
models are very similar, suggesting that a larger number of descriptors do not 
improve the model description and prediction ability [106]. Also, machine 
learning methods, an artificial-neural network (ANN) [113,127] and a support 
vector regression (SVR) [129], have been used in development of QSAR 
models for the membrane permeability. Next to the quantitative models, the 
qualitative models for the membrane permeability are more an exception. To the 
best of our knowledge only one classification model has been developed for the 
membrane permeability and it is using a support vector classification (SVC) 
approach [129]. 

Many QSAR models for membrane permeability include the logarithm of 
the octanol-water partition coefficient (logPow) [87,106,121,122,123,125], and 
less the logarithm of the octanol-water distribution coefficient [119,124]. 
Partition and distribution coefficients describe the lipophilicity of molecules 
that is largely determined by the molecular size and electrostatic interactions. 
The second most frequently occurring descriptor in published QSAR models 
accounts for molecular interactions related to the hydrogen bonds [106, 
121,122,124,125,126,127,129] that occurs in the environment when interacting 
with continuum (for example, water) and in the cellular membrane with 
lipophilic and electronegative membrane constituents [87]. The third widely 
used descriptor is the absolute value of the difference between pKa and pH 
(|pKa-pH|) [106,121,122,125], which is included to describe the fraction of 
unionised species and is mostly used for simple acidic and basic drug 
substances. Lipophilicity, ionisation, and hydrogen bonds-related descriptors 
have been combined [106,121,122,125] to provide good prediction models for 
membrane permeability. Several QSAR models use larger number and complex 
molecular descriptors, like Abraham parameters [87,120] or descriptors 
calculated with VolSurf [106,121], FORESEE [48], CODESSA [126], 
CODESSA PRO [127], QSARmodel [127], OpenEye [129], and Dragon [113] 
software.  

The validation of the QSAR models for the membrane permeability with an 
independent dataset is a rarity rather than a routine activity [106,113,126,127]. 
Typically, internal validation in the form of leave-one-out cross-validation has 
been used [48,113,119,120,121,122,123,124,125,126,127,128]. This suggests 
that the developed models for the membrane permeability are not systematically 
tested. Similarly, the analysis and description of a model’s applicability domain 
for published membrane permeability QSAR models have been rare. Only for 
three models the applicability domain based on the molecular structure was 
defined or analysed: two models employed hydrophilic/hydrophobic properties 
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[122] and one model analysed the applicability domain in the form of a Willams 
plot [126].  

In the conclusion, several QSAR models have been developed for the 
membrane permeability measured by PAMPA, but most of them have 
drawbacks, like not validated with an external validation set, small set of data, 
not taking account full pH range in the GIT, etc. These drawbacks indicate that 
externally validated QSAR models for different pH are absent in the literature, 
although these models could be highly usable in the early stage of drug 
discovery, and also can be utilized in other industrial sectors, such as cosmetics, 
food, and industrial chemicals to reduce the necessity for the animal testing 
[130]. 



29 

2. AIMS OF THE STUDY 

Membrane permeability of drug substances has been mostly measured and 
modelled at neutral pH. Given the diversity of pH in the GIT (Figure 1), it may 
give a misleading estimation of membrane permeability at an early stage of drug 
discovery. Thus, the aim of this thesis is to study in detail the effect of pH on 
the membrane permeability of drug substances. For this purpose, the membrane 
permeability of drug substances was measured, analysed, and modelled taking 
into account a wide pH range in the GIT. The study consisted of several inter-
related sub-objectives: 

 Establish a systematic database of the membrane permeability of drug 
substances at four pH-s (3, 5, 7.4 and 9) using the PAMPA (Papers  
I–IV);  

 Assess the ability of an artificial membrane method to describe the 
absorption of drug substances in the GIT (measured membrane perme-
ability vs. human intestinal absorption) (Paper IV);  

 Develop quantitative (regression) prediction models for describing the 
membrane permeability at measured pH-s and at the highest and intrinsic 
membrane permeability in the complete sets of data, as well as separately 
for acidic, basic, amphoteric, and neutral drug substances to identify im-
portant structural parameters that determine the membrane permeability 
of drug substances (Papers I–IV); 

 Develop qualitative (classification) prediction models for the evaluation 
of the membrane permeability of drug substances at all measured pH-s, 
and for the highest and intrinsic membrane permeability in the complete 
sets of data and analyse important structural parameters that determine 
the membrane permeability class of drug substances (Paper V); 

 Test prediction models with an external blind validation set (Papers I–V); 
 Test the applicability of the developed classification models via pre-

dicting the permeability classes of the U.S. FDA reference drug 
substances and demonstrate the use of these models to predict the BCS 
permeability component (Paper V). 
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3. MATERIALS AND METHODS 

3.1. Experimental measurements 

3.1.1. Chemicals 

Drug substances (for simplicity, the drug substances are referred to as “com-
pounds”) were purchased from Sigma-Aldrich Co. and from various providers 
through MolPort (www.molport.com). The drug substances were used in the 
experiments without further purification. L-α-phosphatidylcholine (lecithin, 
99%), n-dodecane, dimethyl sulfoxide (DMSO), and sodium chloride were 
purchased from Sigma-Aldrich Co. Potassium dihydrogen phosphate (KH2PO4), 
disodium hydrogen phosphate (Na2HPO4), phosphoric acid, and sodium 
hydroxide were purchased from Merck KGaA. All solutions were prepared 
using deionised water (Milli-Q, Millipore). 

3.1.2. Membrane permeability measurements 

The membrane permeability was measured with the PAMPA (Section  1.3). The 
PAMPA “sandwich” was formed using 96-well filter plate (donor plate, 
Millipore, MAIPN4550) and acceptor plate (Millipore, MATRNPS50), which 
were placed on the top of each other (Figure 3) and were separated by a 
hydrophobic PVDF microfilter (pore size 0.45 μm, apparent porosity of the 
filter (εa) 89%, area of the filter (A) 0.24 cm2). The PVDF microfilter was 
coated with the membrane solution, which was selected based on the following 
criteria:  

 The membrane solution should include as few compounds as possible to 
have a good reproducibility,  

 The membrane should not have high retention factor.  
The selected membrane solution includes 1% (w/v) lecithin in dodecane, which 
is similar to the original PAMPA membrane (Table 2). 5 µl of this solution was 
added to the PVDF microfilter to form an artificial membrane.  

Drug substances were dissolved in DMSO and diluted using phosphate 
buffers with pH-s at 3, 5, 7.4, and 9. These pH-s were selected to have a 
comparable difference (approximately two pH units) from each other and 
covered full pH range in the GIT. Phosphate buffer (0.01 M) with exact pH was 
formed using KH2PO4, Na2HPO4, phosphoric acid, and sodium hydroxide. The 
pH was measured with the pH-meter (ETS-D5, IKA® and SevenCompact S210, 
Mettler Toledo) and three-point calibrated pH-electrode (VWR universal pH 
electrode and InLab® Basics, Mettler Toledo) and allowed difference from a 
selected pH for the buffer was ±0.02 pH-units. The constant ionic strength 
(0.15 M) for the buffer was fixed using sodium chloride. The concentration of 
drug substances in a solution was 500 μM and including 0.5% (v/v, Papers  
II–IV) or 5% (v/v, Paper I) of DMSO. DMSO was used to prepare a stock 
solution and increase the solubility of compounds in the buffer. In case of 
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limited solubility in the DMSO/water solution, lower concentration was 
introduced. 0.15 ml (Paper I) or 0.2 ml (Papers II–IV) of drug substance’s 
solution was added to the filter (donor) plate (VD). The acceptor plate received 
0.3 ml of pH 7.4 solution (VA) with the same concentration of DMSO (0.5% or 
5%, v/v) as at the donor plate. The donor plate was covered with the adhesive 
film and the sandwich was coated with the lid to avoid evaporation. The 
PAMPA system was incubated at 25 °C.  

The time dependence of membrane permeability was measured over 48 
hours, because the membrane permeability needs to be calculated before 
equilibrium between the donor and acceptor sections. Longer experiment time 
was introduced to get higher concentration in the acceptor section for low-
permeable compounds. For this, a full UV/Vis spectrum in each well was 
measured directly from the acceptor plate for 13 times in the following time 
points: 2, 4, 6, 8, 10, 12, 24, 26, 28, 30, 32, 34, and 48 hours. The UV/Vis 
spectra were measured using SpectroStarNano UV/Vis-microplate reader (version 
2.10, BMG LABTECH) with a selected range of wavelength (220–500 nm) and 
resolution (1 nm). For each time point, the donor plate was removed from the 
acceptor plate and placed in the plate holder. After measurement, the donor 
plate was placed onto the acceptor plate and incubated further. This 
technological innovation was introduced as methodological solution for 
measuring the time dependence with the PAMPA system in semi-high-
throughput manner (Paper I). Direct measurements from the acceptor plate are 
used, because most of drug substances have a maximum UV/Vis absorption at a 
higher wavelength than the significant UV/Vis absorption spectra of the 
acceptor plate (range 220–270 nm). At the last time-point (48 hours), the 
UV/Vis spectra from both sections were measured also using UV/Vis-
microplates (Greiner bio-one, UV-Star® Microplate, 655801) to obtain more 
accurate UV/Vis spectrum of compounds with low absorption wavelength and 
calculate the membrane retention (RM, Eq. (11)). 

For the analysis, the most precise wavelength for the compound was selected 
based on the UV/Vis spectra, i.e. usually that with the highest absorption value. 
For each compound, the calibration curves for pH 3, 5, 7.4, and 9 were 
measured and used for the calculation of concentration in the acceptor (CA(t)) 
and donor (CD(t)) sections. Blank measurement was carried out using the buffer 
solution with the same concentration of DMSO as in the experiment.  

The effective membrane permeability for iso-pH (donor and acceptor 
sections have same pH, i.e. pH = 7.4), was calculated using the equation (14) 
with CA(t) (i.e. second half). For the gradient-pH (donor and acceptor sections 
have different pH-s), the effective membrane permeability was calculated with 
the equation (22), which is derived from the equation (16) similar way as 
equation (14) (Paper I). 

Pe
D→A= –

2.303⋅VD

A ⋅ (t – τLAG) ⋅ εa ⋅ 1
1 + ra

⋅ log10 1 –
VA + ra ⋅ VA

1 – RM ⋅ VD
⋅ CA t
CD 0

  (22)
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Equations with CA(t) (Eq. (14) and (22)) have been used, because these gave 

more precise membrane permeability value for low-permeable compounds than 

equations with CD(t) [7]. These equations allow to calculate the membrane 

permeability for every time point over a time dependence measurement, where 

only the UV/Vis spectra in the acceptor section were measured.  

Spectral data analysis and membrane permeability calculations were per-

formed by the MARS data analysis software (version 2.40, BMG LABTECH) 

and the Microsoft Excel, respectively. 

 

3.2. Data series 

The data series used in the study are either experimentally measured or derived 

from the experimental data. An overview of the different data series is given by 

the relationship between pH and membrane permeability to the basic drug 

substance Propranolol (Figure 5).  

Figure 5. The data series used in the study. Example for Propranolol: pKa = 9.53 [131], 

logPo = –2.69, logPi = –7.25, and logPABL = –4.11. 

 

Four data series were experimentally measured and they describe membrane 

permeability at certain pH (Papers I–V, Figure 5: logPe_pH3, logPe_pH5, 

logPe_pH7.4, and logPe_pH9). Measured membrane permeability at different pH-s 

were analysed as a pH-effective membrane permeability profile (Figure 5: pH-

logPe profile, hereafter referred as a pH-permeability profile), which shows how 

pH influences the membrane permeability. The membrane permeability of 

highly permeable compounds (logPe > –5) is greatly influenced by the perme-

ability of the aqueous boundary layer (Figure 5: logPABL). For Propranolol, the 

membrane permeability at pH 9 is highly influenced by the ABL (logPABL =  

–4.11). The analysis of measured membrane permeability data (Paper IV) 

revealed that for the current data series at acidic pH-s only 11 to 14% of the 

compounds are affected by the ABL and at neutral and basic pH-s around 30% 

of the compounds are influenced by the ABL. For the unstirred PAMPA system 

that is used in the current study the logPABL is between –4 to –5 and varies 
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depending on the compound (Article IV: Table S1, Table S2). This allows to 
conclude that although the measured data at various pH values is affected by the 
ABL, the main descriptive property is the membrane resistance. Additional 
parameter, which influences the membrane permeability values, is the membra-
ne permeability of the ionised compounds (Figure 5: logPi). The logPi is 
influenced by the limit of detection and quantitation and it varies depending on 
the compound. If the logPABL is the upper limit of measured membrane per-
meability value, then the logPi is the lower limit of measured membrane 
permeability value.  

Derived data series are the highest, average, and intrinsic membrane 
permeability. For the highest membrane permeability (Figure 5: logPe_highest, 
Papers I, III, IV, and V), the maximum membrane permeability value over  
pH-s 3, 5, 7.4, and 9 was selected. The logPe_highest describes the maximum 
absorption in the GIT. In the case of Propranolol, the highest membrane 
permeability is equal to the membrane permeability at pH 9 (Figure 5: 
logPe_highest and logPe_pH9). This data series should be the most accurate, because 
the highest membrane permeability values are typically more precise than the 
lower membrane permeability values. The disadvantage of the logPe_highest is that 
~36% of measured compounds are influenced by the ABL (Paper IV), which 
means that a considerable number of compounds have similar logPe_highest 
values.  

The average membrane permeability over four pH-s (logPe_average, Paper 
III) was used for the modelling of neutral drug substances, because in this case 
the membrane permeability values are similar for all pH-s, i.e. they follow the 
same molecular interaction pattern common for unionised compounds. The 
logPe_average was calculated based on 12 experiments, which should be more 
accurate than the individual membrane permeability values at a certain pH for 
neutral compounds.  

The intrinsic membrane permeability (Figure 5: logPo, Papers IV and V) 
describes the membrane permeability of the unionised compounds. The logPo 
was calculated using the pCEL-XTM software [132] from the logPe, logPABL 
(Figure 5), and fu according to the equation (20). The fu for the basic compound 
Propranolol with one ionisable group is calculated based on the equation (19) 
and this requires pKa and pH values. For the calculation of the fu values within 
current study, experimental pKa values were collected from different sources 
(mainly the Wiki-pKaTM [131]). When experimental pKa values were not 
available, these values were calculated by the JChem for Excel [133]. The logPo 
value for Propranolol is –2.69, which is around 1.5 units higher than the 
membrane permeability at pH 9. The logPo values together with the fu values 
(Eq. (18)) can be used to construct a pH-membrane permeability profile for the 
membrane resistance (Figure 5: pH-logPm profile), which is not including the 
ABL compared to the pH-logPe profile. 
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3.3. Criteria for the classification 
The classification of compounds with high and low permeable requires a cutoff 
value, which depends on the experimental system. The cutoff for high and low 
permeability (Paper IV) was determined from comparison of the %HIA data 
[134] with the membrane permeability data from the PAMPA measurements. 
On the %HIA scale, compounds are classified as being high or low absorbed, 
with a cutoff limit of 85% according to the BCS [10,27]. The logPe_highest was 
used to determine the cutoff value for the membrane permeability because it 
takes into account the full pH range in the GIT. Two criteria were used to 
identify the cutoff value for the membrane permeability:  

 The majority of low absorbed compounds must be grouped correctly, 
 For low-permeable compounds, a small margin for prediction and 

experimental error (~0.5 logPe unit) is provided.  
Considering these criteria, the cutoff value for the membrane permeability was 
set to logPe = –6.20. According to this, if logPe ≥ –6.2 the compound is a high 
permeable, and if logPe < –6.2 the compound is a low permeable. The cutoff 
was used to divide compounds into high and low permeable for all data series in 
Papers IV and V. 
 

3.4. Drug substance molecules 
The membrane permeability data were measured for two different sets of drug 
substances: an initial set of compounds and an external validation set of 
compounds (Table 3). The initial set of compounds was randomly selected, 
then experimentally measured and used to develop of the prediction models. 
The external validation set of compounds was collected after the development 
of the prediction models and consisted of randomly selected drug substances 
that were first predicted and then experimentally measured for verifying the 
accuracy of the prediction. All drug substances for the measurements were 
selected on the basis of the following four criteria: 

 It can be measured by the detection method (UV/Vis-measurable); 
 It is an approved or former drug substance; 
 It has no extremely high logarithm of the octanol-water partition 

coefficient (logPow) or molecular weight; 
 It is available for purchase with an acceptable price. 

The compounds were reused in sequential papers (Table 3). The membrane 
permeability values of some compounds changed somewhat in papers, because 
they were either repeatedly measured or recalculated to increase the accuracy of 
the experimental data. For various reasons, some compounds were eliminated in 
sequential papers: the membrane permeability data were unreliable at a certain 
pH, failure to calculate the logPo values, or the molecular structure could not be 
unambiguously defined (such as tetracyclines). 
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Table 3. The number of compounds in the initial and external validation sets in papers 
and the dynamics of adding drug substances. 

Paper Initial  External validation  
I 58  15 
II: acids 36 (15 from Paper I and 21 new compounds) 1 
II: bases 61 (15 from Paper I and 46 new compounds) 1 
III: neutrals 15 (5 from Paper I and 10 new compounds) 1 
III: ampholytes 60 (30 from Paper I and 30 new compounds) 1 
IV and V 178 (144 from Papers I, II and, III and 34 new 

compounds) 
60 

 
The sets of compounds have been analysed based on chemical classes, which 
were defined considering the following rules [90]: 

 Acidic compounds have pKa value(s) for acidic functional group(s) below 
12.0; 

 Basic compounds have pKa value(s) for basic functional group(s) over 
0.0; 

 Neutral compounds are unionised, e.g. do not have or have irrelevant 
ionisable group (acid functional group with a pKa value over 12.0 and 
basic functional group below 0.0, i.e. under physiological conditions, 
these compounds would not be ionisable); 

 Amphoteric compounds have pKa value(s) for basic functional group(s) 
over 0.0 and below 12.0 for acidic functional group(s). 

The grouping was performed based on the experimental pKa values from the 
Wiki-pKaTM database [131] or from scientific publications (see Papers I–IV). 
When an experimental pKa value was not available, the calculated value by the 
Advanced Chemistry Development (ACD/Labs) Software V11.02 were queried 
from the SciFinder [135] (Papers I–III) or was calculated with the JChem for 
Excel [133] (Paper IV).  

In Paper I, the initial set of compounds included 58 drug substances, which 
consisted of 18 acids, 10 bases, 24 ampholytes, and 6 neutrals. The comparison 
with the approved drug substances from the DrugBank [136,137] shows that 
due to the random selection of compounds, the distribution of chemical classes 
in the initial set of compounds do not match with that of the set of approved 
drug substances (Figure 6). The external validation set of compounds included 
15 drug substances, which composed of 2 acidic, 10 basic and 3 neutral 
compounds, that also does not compare well with the set of approved drug 
substances, because it includes remarkable more basic compounds and no 
amphoteric compounds (Figure 6).  

In Papers II and III, for the analysis of chemical classes a substantial 
amount of drug substances was added and measured (Table 3). The distribution 
of chemical classes in Papers II and III is similar to the set of approved drug 
substances (Figure 6). The developed models were externally validated with one 
additional compound for each chemical class.  
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Figure 6. The distribution of chemical classes in the initial and external validation sets 

of compounds in Papers I–V and in the set of approved drug substances. All sizes of 

sets of compounds were normalised to 100 for the comparison purposes. 

 

In Papers IV and V, the initial set of compounds included 178 drug substances 

and the external validation set of compounds 60 drug substances (Table 3). The 

initial set of compounds contained 30 acidic, 84 basic, 41 amphoteric and 23 

neutral compounds. The external validation set of compounds consisted of 13 

acidic, 30 basic, 12 amphoteric, and 5 neutral drug substances. The distribution 

of chemical classes for the initial and external validation sets of compounds 

were in good agreement to the set of approved drug substances (Figure 6). 

 

3.5.  U.S. FDA reference drug substances 

The U.S. FDA uses 40 reference (model) drug substances [10] for controlling 

the suitability of permeability measurement methods in detecting high and low 

permeability classes of drug substance candidates within the BCS. The list 

includes 11 high, 10 moderate, 10 low, and 5 zero-permeable drug substances, 

and 4 efflux substrates (Figure 7, Paper V: Table 6).  

Figure 7. The permeability classes of the U.S. FDA reference drug substances and the 

conversion to the BCS classes. 

 

The BCS (Section 1.1.2) classifies compounds into two classes and therefore 

the U.S. FDA reference drug substances were grouped into two classes as 
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shown in Figure 7. The U.S. FDA reference drug substances were used as a 
third validation set (in addition to the validation and external validation set) and 
also provided a practical use case for predicting permeability classes for the 
BCS. This allowed a more comprehensive testing of the developed classifica-
tion models (Paper V) for their ability to distinguish high- and low-permeable 
compounds.  

Efflux substrates were excluded from the set of the U.S. FDA reference drug 
substances, because the PAMPA method does not take into account efflux 
transport. Also, 4 low-permeable compounds (3 polymers and 1 polysaccharide) 
were excluded. In total, 32 U.S. FDA reference drug substances (11 high- and 
21 low-permeable compounds) were used in testing the applicability of the 
classification models. Comparison of the U.S. FDA reference drug substances 
with the sets of initial and external validation compounds showed some overlap 
in compounds. Specifically, the compounds with high permeability in the BCS 
overlapped to a large extent with the internal and external validation sets of 
compounds (10 out of 11). The situation is the opposite of low permeability in 
the BCS, where mainly new drug substances are in the set (15 of 21). 
Nevertheless, the set of the U.S. FDA reference drug substances provides a 
valuable comparison of how consistent the estimation of PAMPA measure-
ments and the predictions from the classification models is, when compared 
with the permeability data measured in the GIT (in vivo). 
 

3.6. Cheminformatics modelling 
QSAR models describe the relationship (Eq. (23)) between the property and the 
structure of the molecule, where structural parameters are presented in the form 
of molecular descriptors (D) [138]. 

Property = f(D) (23)

In the current thesis, the property is the membrane permeability measured by 
the PAMPA and it can be continuous (Section  3.2) or categorical (Section  3.3). 
Continuous data have been used in the development of quantitative (regression) 
models (Papers I–IV) and categorical data for the development of qualitative 
(classification) models (Papers IV and V). The process of developing regression 
and classification models includes similar steps (Figure 8), which are performed 
using different methodological approaches. All steps are presented in the next 
sections. The final step for both modelling approaches was organising models 
and data into the QSAR Data Bank format [139] and archiving to the QsarDB 
repository [140,141], where all models are openly available and accessible for 
the prediction.  
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Figure 8. Steps to derive regression and classification models. 

 

3.6.1. Representation of the chemical structure 

In Papers I–IV, the 3D structures of drug substances were downloaded from the 

PubChem database [142,143]. Selected structures were in unionised, salt- and 

hydrate-free forms. To achieve a consistent 3D structural representation of all 

compounds, a conformational space search was performed. This was carried out 

with the MacroModel [144], as part of the Schrödinger Suite software package. 

The Merck Molecular Force Field (MMFFs) parameterisation [145,146,147, 

148,149,150] and Monte-Carlo Multiple Minimum (MCMM) search method 

[151,152] were used for the conformational space analysis. The condensed 

media for the molecules was accounted for using a generalized Born/solvent-

accessible surface area (GB/SA) solvation model [153]. Depending on the 

molecule, the number of steps (conformations) scanned was up to 15000. For 

each molecule, conformational search variables were set automatically and the 

conformer with the lowest energy was selected for the next steps. The geometry 

of the lowest energy conformer of each molecule was further optimised using 

semi-empirical quantum chemical methods. The AM1 (Austin Model 1) para-

meterisation [154] was used to characterize molecular structures, and the 

eigenvector following algorithm [155] was used for the geometry optimisation. 

Both methods were implemented in the MOPAC 7.0 program [156].  

In Paper V, the 2D structures of drug substances were represented in 

SMILES (Simplified Molecular-Input Line-Entry System) [157] notation. For 

this the structures of compounds were standardised, dominant tautomeric forms 

of compounds were detected, and the aromatic SMILES were generated with 

the JChem for Excel [133].  

3.6.2. Molecular descriptors 

Molecular descriptors describe the chemical structure numerically and can be 

grouped into the constitutional, topological, geometrical, charge-distribution 

related, and quantum chemical molecular descriptors. The constitutional 
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descriptors are derived only from the molecular formula and do not give 
information about the geometrical and electronical structure. The topological 
descriptors mainly describe the connections between atoms and in some cases 
also information about the atomic constitution is included. The geometrical 
descriptors involve the 3D representation of the molecule and therefore expose 
the shape and size of the molecule. The charge-distribution related descriptors 
capture electrostatic interactions in-between the molecules. The quantum-
chemical descriptors describe the valence and energy related properties of the 
molecules and also allow explicitly consider knowledge about the chemical 
reactivity in the prediction models. [138] 

In Papers I–IV, the MOPAC (MOPAC 7.0 program [156]) calculations were 
performed for the structures from the conformational space analysis (Sec-
tion  3.6.1) to gain the geometric, electronic, and energetic parameters for the 
molecules that were the source for the molecular descriptors. The CODESSA 
PRO 1.0 software [158,159] was used to calculate the constitutional, 
topological, geometrical, charge-distribution related, and quantum chemical 
molecular descriptors. The number of descriptors for each compound depended 
on their atomic constitution. The descriptors with missing values and the atom- 
and bond-specific descriptors were excluded from the set of descriptors. 

In Paper V, the PaDEL-Descriptor software [160,161] was used to calculate 
1D and 2D molecular descriptors from SMILES (Section  3.6.1) with “detect 
aromaticity” and “standardize nitro groups” settings. The descriptors with near 
zero variance, highly correlated descriptors (R=0.9999), autocorrelation, and 
atom and fragment specific descriptors were removed from the set of descrip-
tors. 

The logarithm of the octanol-water partition (logPow) and distribution (logD) 
coefficients have been added to the set of descriptors (Papers I–V), because 
they are often associated with the membrane permeability (Section  1.3.7). The 
logPow describes the partition properties between octanol and water for 
unionised compounds. Experimental logPow values were retrieved from the 
PhysProp database [162]. For the compounds without experimental logPow 
values, predicted logPow values were used. Different logPow calculators were 
evaluated for amphoteric (Paper III), neutral (Paper III), and 142 drug 
substances (Paper V). The logPow from the XlogP3 software (version 3.2.2) 
[163,164] resulted in satisfactory correlations in all these comparisons. In 
Papers I–III, the XlogP3 (or XlogP3-AA) [163,164] values from the PubChem 
database [142,143] were collected and in Papers IV and V, the XlogP3 values 
were calculated using the XlogP3 software (version 3.2.2) [163,164]. 

As the logPow characterises the properties of unionised compounds, the logD 
should be more suitable for describing the membrane permeability at different 
pH-s, since it takes into account ionisation of drug substances. Experimental 
logD values are rarely found in the literature and are almost non-existent in a 
wide range of pH. Thus, calculated logD values were used instead of 
experimental ones. In Papers II–V, the logD values for pH-s 3, 5, 7.4, and 9 
were calculated with the JChem for Excel [133]. In Papers III–V, the highest 
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logD (logDhighest) value for a compound corresponded to the pH where the 
membrane permeability was highest. 

3.6.3. Training and validation sets 

In Papers I–IV, the initial set of compounds was sorted for each series of data 
according to the experimental values (highest to lowest). Every fourth 
compound was selected for a validation set, and the remaining compounds 
formed a training set. The sizes of the training (ntrain), validation (nval), and 
external validation (next) sets used in Papers I–IV are shown in Table 4.  

 
Table 4. The sizes of the training, validation and external validation sets for Papers  
I–IV. 

Paper  Training set Validation set External validation set 
I 44 14 15 
II: acids 28 8 1 
II: bases 46 15 1 
III: neutrals 12 3 1 
III: ampholytes 46 14 1 
IV 134 44 60 

 
In Paper V, the division of compounds into the training and validation sets was 
adapted from Paper IV. For the regression analysis, order according to the 
experimental data ensured a similar distribution of the membrane permeability 
values in the training and validation sets. However in the case of classification, 
such training sets at pH 3, pH 5, logPe_highest, and logPo were unbalanced  
(Table 5). This influences the development and results of classification models 
[165,166,167], because the large variance in the number of compounds in any 
of the classes for the training set causes overly optimistic accuracy estimates 
due to the bias toward the majority class and poor predictive accuracy of the 
minority class. 

 
Table 5. The number of compounds and the distribution of high- and low-permeable 
compounds in the initial set of compounds and final training, validation, and external 
validation sets within the data series for the classification. 

Data series Initial  Training Validation External 
 H L Total H L Total H L Total H L 

pH 3 44 134 67 33 34 111 11 100 60 15 45 
pH 5 58 120 89 44 45 89 14 75 60 21 39 
pH 7.4 90 88 134 68 66 44 22 22 60 40 20 
pH 9 90 88 134 68 66 44 22 22 60 40 20 
logPe_highest 110 68 107 56 51 71 54 17 60 45 15 
logPo 115 63 91 44 47 87 71 16 60 47 13 

 
Therefore, before the development of the classification models, the training sets 
from Paper IV were balanced. The distribution of high- and low-permeable 
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compounds in the initial set of compounds (Table 5) were used for the selection 

of appropriate ratios for making a balanced training set. The selection was made 

while keeping the same order based on the experimental values as it was in the 

original training sets (Paper IV). For example (Figure 9), the initial set of 

compounds at pH 3 included 134 low- and 44 high-permeable compounds 

(Table 5), i.e. three-times more low- than high-permeable compounds. This 

means that from the original training set (Paper IV), every second and third 

low-permeable compound was moved to the validation set and every first low-

permeable compound together with high-permeable compounds form the new 

training set (Paper V). 

Figure 9. The formation of training and validation sets in Paper V using the training 

and validation sets from Paper IV: example for the data series at pH 3 (n – number of 

compounds). 

 

For pH 5 every second low-permeable compound in the original training set 

(Paper IV) was selected to the balanced training set and the remaining low-

permeable compounds were moved to the validation set. For the highest 

membrane permeability every third and for the intrinsic membrane permeability 

every second high-permeable compound from the original training set was 

moved to the validation set and the remaining compounds formed the balanced 

training set. Final sizes of the training and validation sets with the distribution 

of high- and low-permeable compounds are shown in Table 5. 

3.6.4. Methods for the regression models 

Quantitative structure-activity relationship (QSAR) is obtained using (multiple) 

linear least squares regression method between experimental property (logPe) 

and molecular descriptors (D1, D2, D3 …) with weights (α1, α2, α3, …) for each 

descriptor and the intercept (b) (Eq. (24)) [138]. 

logPe = b + α1∙D1 + α2∙D2 + α3∙D3 + … (24) 
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The QSAR models (Papers I–IV) were developed using methods implemented 
in the CODESSA PRO 1.0 software [158,159]. The heuristic stepwise forward 
selection method was used to develop one-parameter models. The best multiple 
linear regression (BMLR) approach was used to develop multi-parameter 
regression models. The BMLR follows a stepwise forward selection algorithm 
to add significant descriptors to the multiple linear model. During the BMLR 
procedure, the set of descriptors is cleaned of non-significant descriptors 
(R2 < 0.1) and descriptors with missing values. The descriptor scales are 
normalised and centred automatically, and the result is given in natural scales. 
The selection of models is made based on the statistical significance and non-
collinearity criteria (R2<0.6) of the selected descriptors.  

The quality of the models was assessed by the coefficient of determination 
for the training set (R2

train), the cross-validated (leave-one-out) coefficient of 
determination (R2

cv), the squared standard error of the estimate (s2), the 
coefficient of determination for the validation set (R2

val) and the coefficient of 
determination for the external validation set (R2

ext). [138]  
The applicability domain of the regression models was assessed and 

analysed using the Williams plot [168,169]. This plot is based on the leverage 
(hi) and the standardised prediction error (r’) of each compound and generates a 
graphical representation of structurally different and statistically deviating 
compounds. Compounds with leverage values larger than the critical leverage 
value (h*) can be considered structurally different and thus may result in 
unreliable predictions [170,171]. Standardised residuals indicate moderate 
outliers (±2r’, 95% confidence limit) and strong outliers (±3r’, 98% confidence 
limit) according to the Gaussian distribution.  

3.6.5. Methods for the classification models 

Two types of classification approaches have been used: the classification of 
predictions from the regression models (Paper IV) and the classification of 
high- and low-permeable compounds using the logistic regression method 
(Paper V).  

The cutoff classification (Paper IV) is based on a match between predicted 
membrane permeability from the QSAR models (Section  3.6.4) and experi-
mental membrane permeability, which both are converted to the classes of high 
and low permeable using the cutoff value for the membrane permeability 
(Section  3.3).  

In Paper V, the classification models for the membrane permeability were 
developed with the logistic regression using the glm function in the R software 
(version 3.3.2) [172]. The logistic regression [173] is a statistical method for the 
binary classification problems, where the dependent variable is the probability 
of a binary event, calculated as the logit function of the linear combination of 
the independent variables. The probability (P) of outcome (Eq. (25)) being high 
(P ≤ 0.5) or low (P > 0.5) permeable is calculated using the intercept (b) and the 
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coefficients (a1, a2, … an) of the variables (X1, X2, … Xn) in the logistic 
regression (z). 

P = 
e(b + a1∙X1 + a2·X2 ... an∙Xn)

1 + e(b + a1·X1 + a2∙X2 ... an∙Xn)  = 
ez

1 + ez (25)

“Positive” (class 0, i.e. P < 0.5) was defined as high-permeable compounds and 
“negative” (class 1, i.e. P > 0.5) was defined as low-permeable compounds. The 
logistic regression was selected because the method’s ability to estimate 
probability of the predicted response and due to its simple mathematical 
representation, which makes the models easily usable.  

The confusion matrix [174] is used to analyse classification results (Papers 
IV and V). The confusion matrix (Table 6) groups compounds based on experi-
mental and predicted classes into four groups: true positive (TP), true negative 
(TN), false positive (FP), and false negative (FN). Each row in the confusion 
matrix shows how many compounds are in the specific class according to the 
predicted classes and each column shows how many compounds are in the 
specific class according to the experimental classes.  

 
Table 6. The confusion matrix and the performance characteristics calculated from the 
confusion matrix elements. 

Experimental 
Predicted High permeability Low permeability 

High permeability True positive (TP) False positive (FP) 
Low permeability False negative (FN) True negative (TN) 
 Sensitivity=TP/(TP+FN) Specificity=TN/(TN+FP) 

 Accuracy=(TP+TN)/(TP+TN+FP+FN) 
 

The model performance was described with the sensitivity, specificity, and 
accuracy (Table 6). The sensitivity measures the proportion of correctly 
predicted high-permeable compounds. The specificity measures the proportion 
of correctly predicted low-permeable compounds. The accuracy measures the 
proportion of correctly predicted responses by the model.  

3.6.6. Decision tree 

The use of a single logistic classification model to predict the membrane per-
meability classes can be inaccurate, because one model can misclassify the 
compound. Since pH influences the permeability in the GIT, the logistic 
classification models were combined into a simple decision tree and tested to 
predict the BCS permeability classes with the U.S. FDA reference drug 
substances (Section  3.5).  

The decision tree is a method that is based on the decision(s) to classify 
compounds based on certain criterion(s). The decision tree’s criterion in  
Paper V was the number of high permeability predictions over six models 
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(#HighPrediction). To find the threshold for the criterion the following rules 
were considered:  

 The decision cannot be made only on the basis of one or two high 
permeability predictions; 

 The decision cannot be made based on only high membrane permeability 
predictions of the logPe_highest and/or logPo models.  

According to these rules, the #HighPrediction value must be greater than two 
(#HighPrediction > 2) in order to classify compound as a high permeable. The 
predicted class from the decision tree was compared to the BCS permeability 
class, and the match was described with the accuracy, sensitivity, and specificity 
(Section  3.6.5). 
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4. RESULTS AND DISCUSSION 

4.1. Analysis of the experimental membrane permeability  

The membrane permeability is usually measured at a single time point and one 

pH. However, to calculate the membrane permeability with high accuracy, the 

information about the time dependence is required. In order to draw the right 

conclusions about the absorption of drug substances in the GIT, the pH 

dependence of the membrane permeability must be considered. Therefore, the 

time and pH dependence of the membrane permeability for 274 drug substances 

was measured and investigated (Papers I–IV).  

4.1.1. Time- and pH-dependent membrane permeability 

Experimental measurement results of basic compound Propranolol are used to 

explain the time and pH dependence of the membrane permeability (Figure 10). 

It can be observed that the time dependence in the acceptor section is different 

for selected pH-s in the donor section (Figure 10: a). For acidic pH-s (3 and 5), 

the concentration in the acceptor section is not changing remarkably over 48 

hours, but for pH 7.4 and 9, a noticeable time dependence exists. The time 

dependence for pH 7.4 and 9 shows that the system reaches to the equilibrium 

(i.e. concentration is not changing anymore) before 48 hours and membrane 

permeability values are calculated before the equilibrium. Time dependence for 

pH 3 and 5 shows the importance to measure membrane permeability for a 

longer period (48 hours) to be able to calculate the membrane permeability 

values also for low-permeable compounds. Based on the time dependence, 

membrane permeability values were calculated at 48 hours for pH-s 3 and 5 and 

at 4 hours for pH 9 using the gradient-pH equation (Eq. (22)) and at 8 hours for 

pH 7.4 using the iso-pH equation (Eq. (14)).

Figure 10. The time and pH dependence of the membrane permeability for 

Propranolol: (a) time vs. the number of moles in the acceptor section at a certain time 

point (nA(t)) divided with the initial number of moles in the donor section (nD(0)) and 

(b) pH vs. logPe and pH vs. the fraction of unionised species (fu). 
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Propranolol has a very noticeable pH dependence for the membrane 
permeability and the fu (Figure 10: b). Propranolol is practically fully ionised at 
acidic pH-s, where experimental membrane permeability values are similarly 
low, although these values should be different. This is due to the fact that the 
small amount of ionised species can permeate cross the membrane (logPi, 
Section  3.2) and the membrane permeability values are influenced by the 
concentrations close to the limit of detection in the acceptor section. An 
increase in the membrane permeability at pH 7.4 shows that very small increase 
of the fu compared to acidic pH-s can drastically influence the membrane 
permeability. The highest membrane permeability (logPe_highest = –4.2) is mea-
sured at pH 9, where around 20% of species are unionised. This shows that the 
membrane permeability is highly influenced by the fraction of unionised 
species, which vary significantly for ionisable compounds over the pH range in 
the GIT.  

The PAMPA measurements are usually performed using only one time 
point, although it is important to calculate the membrane permeability before 
the equilibrium. This makes the time dependence measurements important in 
order to precisely calculate the membrane permeability values for both high- 
and low-permeable compounds. Also analysing only one pH, which is usually 
neutral pH, does not give enough information about the pH dependence of the 
membrane permeability, which is needed for the estimation of absorption in the 
GIT. 

4.1.2. pH-permeability profiles for chemical classes  

It is evident that the pH-permeability profiles vary in different chemical classes. 
To compare the profiles of different chemical classes, four U.S. FDA reference 
drug substances for the BCS permeability classes [10] were selected  
(Figure 11): Propranolol, Ketoprofen, Acyclovir, and Carbamazepine. The pH-
permeability profiles can be both continuous and categorical (Figure 11). For 
the second case experimental membrane permeability data were converted to 
the corresponding high and low permeability classes using the cutoff value of 
logPe = –6.2 (Section  3.3). The conversion allows to compare the BCS 
permeability classes with the experimental membrane permeability classes. The 
comparison indicates if the membrane permeability measured by the PAMPA 
can be used to predict the BCS permeability classes. 

As already shown for Propranolol (Section  4.1.1), the membrane per-
meability for basic drug substances significantly depends on pH. The basic 
compound (Figure 11) has a higher membrane permeability at basic pH-s (pH 9) 
and a lower membrane permeability at acidic pH-s. Indeed, Propranolol is 
assigned as high permeable by the BCS and therefore the membrane 
permeability at pH 7.4 and 9 must be considered. This shows that basic 
compounds permeate at basic pH-s and in the GIT regions where neutral and 
basic pH-s are present. 
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Figure 11. The continuous and categorical pH-permeability profiles (H – High,  

L – low, High. – logPe_highest) and comparison with the BCS permeability classes. 

 

Acidic drug substances have higher membrane permeability values for acidic 

pH-s (pH 3 and 5) and lower membrane permeability values for basic pH-s, like 

Ketoprofen (Figure 11). Notably, Ketoprofen’s membrane permeability at acidic 

pH values is influenced by the ABL, i.e. membrane permeability values are 

similar. Ketoprofen is assigned as high permeable by the BCS and it is correctly 

classified based on the membrane permeability data only on acidic pH-s. This 

shows that acidic drug substances permeate across the intestinal epithelium at 

acidic conditions. This can occur despite the fact that the area of the region in 

the GIT with pH ~3 is rare. 

Amphoteric drug substances possess both acidic and basic properties and 

therefore form a complex chemical class. The membrane permeability and the 

fraction of unionised species for amphoteric compounds are highly influenced 

by the pH in the donor and acceptor sections and pKa values of the molecule. 

Most amphoteric compounds do not exist in a fully unionised form in the GIT 

and because of this their membrane permeability values are typically lower than 

for other chemical classes. For example, Acyclovir is a low-permeable 

compound with minimal pH dependence of the membrane permeability. The 

BCS assigns Acyclovir as a low-permeable compound, which is coherent with 

the experimental pH-permeability profile. 

Neutral drug substances are unionised in the range of pH from 3 to 9 and 

therefore the membrane permeability does not depend on the pH. The example 

compound Carbamazepine (Figure 11) is classified as high-permeable com-

pound (logPe ≥ –6.2) for all pH-s over the pH-permeability profile. Indeed, the 

BCS assigns Carbamazepine as a high-permeable compound and the same 

result was obtained from the membrane permeability measurements. 
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From the above, it can be concluded that the compounds in different 
chemical classes do have characteristic pH-permeability profiles. The maximum 
membrane permeability can be at different pH values depending on the 
chemical class. The comparison between the BCS permeability classes and the 
experimental class-based pH-permeability profiles shows that the membrane 
permeability measured at the correct pH (i.e. highest membrane permeability) 
matches well with the BCS permeability classes (Figure 11). This indicates that 
using the highest membrane permeability value over selected pH-s (logPe_highest) 
is suitable property to estimate absorption in the GIT.  

The membrane permeability without ionisation is described with the intrinsic 
membrane permeability (logPo), which characterises the maximum membrane 
permeability for the compound. Both logPe_highest and logPo correspond correctly 
to the BCS permeability classes for all four U.S. FDA reference compounds 
(Figure 11). The comparison of the logPe_highest and the logPo for Ketoprofen and 
Propranolol illustrates the difference between the two values, showing that the 
logPo values are more than one unit higher compared to the logPe_highest. The 
reason for the difference is that the logPo does not include the ABL and the 
ionisation of the compound, which both decrease the membrane permeability 
value. Four U.S. FDA reference compounds show that the membrane per-
meability measured by the PAMPA over a wide pH range can be used to 
estimate the BCS permeability classes. 

 
4.2. Membrane permeability vs human intestinal 

absorption 
Four U.S. FDA reference compounds show an exceptionally good match 
between the BCS permeability class and the membrane permeability measured 
by the PAMPA (Section  4.1.2). A wider comparison of the %HIA and measured 
membrane permeability was performed using 138 compounds (Paper IV) [134]. 
Most of these compounds are highly absorbed and include both passively and 
actively transported compounds. For this comparison, the cutoff value for the 
%HIA was 85% according to the BCS [10,27] and the cutoff value for the 
membrane permeability (Paper IV) was logPe = –6.20 according to the match 
between the %HIA and the highest membrane permeability (Figure 12: a, 
Section  3.3).  

The prediction of high absorbed compounds (%HIA ≥ 85%, Figure 12: b,c) 
is influenced by the pH and chemical classes. The number of correctly classified 
high absorbed compounds increases when the pH increases (Figure 12: b). This 
is because of basic compounds, which have higher permeability at basic pH-s. 
Deeper analysis reveals that the estimation capability of high absorbed acidic 
compounds also depends on pH: the number of correctly classified high 
absorbed compounds decrease when the pH increases. The match between the 
membrane permeability and the %HIA for high absorbed amphoteric and 
neutral compounds does not significantly depend on pH, but they reveal the 
limitation of describing certain compounds with the PAMPA system. For 
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amphoteric compounds, most misclassified compounds (Figure 12: c) are 

sulphonamides and fluoroquinolones and for neutral compounds steroids. The 

best match for high absorbed compounds was obtained for the logPe_highest and 

the logPo, where more than 80 high-permeable compounds corresponds to the 

high absorbed compounds (i.e. correctly classified) and less than 30 high-

permeable compounds are indicated to be low absorbed (i.e. misclassified). This 

indicates that it is important to consider the correct pH for all chemical classes, 

especially for basic and acidic compounds in order to improve the estimation of 

high absorbed compounds in the GIT. The reason of mismatch for 30 com-

pounds (Figure 12: c) can be either the active transport, which is not described 

by the PAMPA system, or the underestimated membrane permeability by the 

PAMPA system. 

Figure 12. The match between the human intestinal absorption and the membrane 

permeability: (a) %HIA vs. logPe_highest (High.) based on chemical classes and (b–e) the 

number of compounds in each quarter depending on the data series and chemical 

classes. 

 

The number of low absorbed compounds (%HIA < 85%, Figure 12: d,e) in the 

analysed set of compounds was significantly lower than the number of high 

absorbed compounds. Low absorbed compounds mainly match correctly at 

specific pH-s (Figure 12: d), which can be explained by low solubility at the 

corresponding pH to the highest membrane permeability. For example at pH 3, 
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only three low absorbed acidic compounds are defined as high permeable 
(Figure 12: e), while at pH 9 eleven compounds are mismatched, mostly basic 
compounds. This is also shown with the logPe_highest and the logPo, where ~13 
compounds have correct match and ~13 compounds are mismatched between 
the membrane permeability and the %HIA. The compound may be highly 
permeable, but if solubility is low at specific pH, then compound’s absorption 
may not be high in the GIT. This directs towards the simultaneous analysis of 
the pH-permeability and the pH-solubility profiles to spot the optimal pH for 
the absorption [31]. Amphoteric and neutral compounds show very good 
agreement between the membrane permeability and the %HIA for every data 
series. Another reason for the mismatch of low absorbed compounds is an 
efflux, which is not described by the PAMPA system. 

From the above, one can conclude that the membrane permeability measured 
by the PAMPA is comparable to the %HIA when considering the full pH range 
in the GIT. Most problematic are compounds with the limited solubility and the 
active transport and some specific compound types. The comparison of the 
PAMPA values of different chemical classes at various pH-s shows the 
importance of pH to the %HIA and the clear necessity to measure, analyse, and 
predict the pH-permeability profiles for drug substance candidates to reveal the 
possible absorption in the GIT. 
 

4.3. QSAR models for chemical classes 
According to the pH-permeability profiles (Section  4.1.2) and to the comparison 
with the human intestinal absorption (Section  4.2), the membrane permeability 
is largely influenced by the chemical composition of molecules, such as 
ionisable functional groups. The QSAR models give information about which 
structural parameters influence the membrane permeability for chemical classes, 
i.e. neutral, acidic, basic, and amphoteric compounds. For all four chemical 
classes the QSAR models were developed using three sets of descriptors in 
order to find out which of them gives the best descriptive and predictive models 
for the membrane permeability. The sets of descriptors are: 

 The logarithm of the octanol-water partition coefficient (logPow), which 
describes the partition properties for unionised compounds, 

 The logarithm of the octanol-water distribution coefficient at a certain pH 
(logD), which describes the distribution properties and takes account 
ionisation,  

 A set of molecular descriptors from the CODESSA PRO, which includes 
the constitutional, topological, geometrical, charge-distribution related, 
and quantum chemical molecular descriptors, including the logPow and 
the logD. 

All developed models are externally validated with one new compound. 
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4.3.1. QSAR models for neutral drug substances 

The membrane permeability for 15 neutral drug substances (Paper III) was 

measured and analysed. The compounds were divided to the training (12 

compounds) and validation (3 compounds) sets (Paper III: Table 1). The 

comparison of the correlations with the sets of descriptors (Figure 13: a) 

indicates that the logPow or the logD are not suitable descriptors for describing 

the membrane permeability of neutral compounds (R2 ~ 0.2). Best correlations 

for all pH-s (R2 ~ 0.95) were obtained with the hydrogen bond donor descriptor: 

the area-weighted surface charge of hydrogen bonding donor atoms  

(HA-dependent HDCA2 (Zefirov PC)) [159].  

Figure 13. Summary of the QSAR models for neutral compounds: (a) the comparison 

of the models between the sets of descriptors, (b) the relationship between experimental 

and calculated membrane permeability for the logPe_average (Ave.), and (c) experimental 

and predicted membrane permeability data for Isradipine. 

 

The HDCA2 is negatively correlated with the membrane permeability (Table 7), 

meaning that the molecule, which has a surface area mainly covered by the 

hydrogen bond donors, has a lower membrane permeability. This occurs 

because hydrogen bonds can be formed with the acceptor groups of lecithin and 

water, restricting the movement of a molecule through the membrane. The 

models for all pH-s have a good descriptive quality for the training set 

(R2
train ~ 0.95) and predictive quality for the validation set (R2

val > 0.95). 

Comparable results for all pH-s based on the training and validation sets 

indicate that in all cases the mechanism of interaction is similar. This implicates 

that the average of membrane permeability over pH-s (12 data points, 

logPe_average,) can be considered more accurate value for neutral compounds than 

that for specific pH-s. The model for the logPe_average has similar description and 

prediction capability compared to the pH-specific models (Table 7) and it can 

be considered also as the most accurate model. For the logPe_average, the 

comparison between experimental and predicted values shows excellent match 

for the training and validation sets (Figure 13: b). The applicability domain was 
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analysed for all models using the Williams plot (Paper III: Figure 3, Figure S1), 
which reveals no outliers for the training and validation sets.  
 
Table 7. The QSAR models of the membrane permeability for neutral compounds 
(ntrain=12, nval=3) with the performance characteristics (Paper III: Figure 3, Figure S1). 

pH Prediction model R2
train R2

cv s2 R2
val 

3 logPe_pH3 = –3.71(±0.15) – 2.63(±0.17)·HDCA2 0.96 0.94 0.06 0.96 
5 logPe_pH5 = –3.72(±0.16) – 2.61(±0.18)·HDCA2 0.96 0.94 0.07 0.95 

7.4 logPe_pH7.4 = –3.70(±0.16) – 2.55(±0.18)·HDCA2 0.95 0.93 0.07 0.97 
9 logPe_pH9 = –3.73(±0.16) – 2.50(±0.18)·HDCA2 0.95 0.93 0.07 0.98 

Average logPe_average = –3.71(±0.17) – 2.56(±0.19)·HDCA2 0.95 0.93 0.07 0.99 
 

Isradipine (Figure 13: c) was selected as a control compound to externally 
validate the developed models for neutral drug substances (Table 7). The 
predicted membrane permeability (around –4.2) is slightly higher compared to 
the experimental membrane permeability (around –4.5) for all data series. 
Experimental membrane permeability can be influenced by the ABL, which 
decreases the membrane permeability. Isradipine is classified as a high 
absorbed compound based on the human intestinal absorption data 
(%HIA = 92% [134]), which is coherent with the experimental and predicted 
membrane permeability for all data series. 

4.3.2. QSAR models for acidic drug substances 

The membrane permeability values for 36 acidic drug substances have been 
measured and divided to the training (28 compounds) and validation  
(8 compounds) sets (Paper II: Table 1). The comparison of correlations for the 
logPow and the logD shows that the logD has slightly higher correlation with the 
membrane permeability for all data series in comparison with the logPow (Figure 
14: a). This is because the logD takes into account the ionisation state of the 
molecule, which in turn influences the membrane permeability. An alternative 
and more significant descriptor than the logD was selected from a set of 
molecular descriptors, which relates the membrane permeability of acidic 
compounds with the hydrogen bond donor properties: the area-weighted surface 
charge of hydrogen bonding donor atoms divided by the total molecular surface 
area (HA-dependent HDCA-2/TMSA (MOPAC PC) (all)). For all sets of 
descriptors (Figure 14: a), the determination coefficients for the models at pH 3 
and 5 are higher compared to pH 7.4 and 9. This is connected to the distribution 
of high- and low-permeable compounds in the data series, where the number of 
high-permeable compounds decreases when pH increases.  
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Figure 14. Summary of the QSAR models for acidic compounds: (a) the comparison of 

the models based on the logPow, the logD and the set of theoretical molecular 

descriptors, (b) the correlation between experimental and calculated value for the model 

at pH 3, and (c) experimental and predicted membrane permeability data for Folic acid. 

 

The HDCA-2/TMSA [159] has a negative correlation with the membrane 

permeability (Table 8), which means that compound has a lower membrane 

permeability when the molecular surface area is mainly covered with positively 

charged hydrogen bond donors. Consequently, such molecules form hydrogen 

bonds with the membrane, and this in turn restricts the movement of the 

molecule through the membrane. The model at pH 3 (Table 8) has the highest 

descriptive properties (R2
train = 0.85), while the outliers have a remarkable 

influence on the prediction ability (R2
val = 0.31). The correlation with 

experimental and predicted membrane permeability at pH 3 (Figure 14: b) 

shows three significantly outliers from the validation set that is also detected 

from the Williams plot (Paper II: Figure 2). The model at pH 5 has good 

descriptive (R2
train = 0.8) and slightly lower predictive properties (R2

val = 0.64), 

which is influenced by one outlier. The reason of outliers could be caused by 

the experimental error and the limited solubility at pH-s 3 and 5. One compound 

was detected with the high leverage value on the Williams plot (Paper II: Figure 

2), which has an extreme HDCA-2/TMSA value. These aspects show that the 

models at pH-s 3 and 5 are suitable for predicting the membrane permeability of 

acidic compounds, but the models at pH 7.4 and 9 have low descriptive quality 

(R2
train < 0.6) and are not suitable for the prediction purposes.  

 

Table 8. The QSAR models of the membrane permeability for acidic compounds 

(ntrain=28, nval=8) with the performance characteristics (Paper II: Figure 2, Figure S1). 

pH Prediction model R
2

train R
2
cv s

2
 R

2
val 

3 logPe_pH3 = –3.1815 – 365.40·HDCA-2/TMSA 0.85 0.83 0.25 0.31 

5 logPe_pH5 = –3.4838 – 326.23·HDCA-2/TMSA 0.80 0.77 0.30 0.64 

7.4 logPe_pH7.4 = –4.5841 – 256.97·HDCA-2/TMSA 0.56 0.5 0.54 * 

9 logPe_pH9 = –4.8501 – 233.18·HDCA-2/TMSA 0.46 0.38 0.63 * 

* Not suitable for the prediction, because R2 for the training set is less than 0.6. 
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The models for acidic compounds (Table 8) were tested with Folic acid. The 

predicted and experimental values for Folic acid (Figure 14: c) are similar at 

pH-s 3 and 5, whereas remarkable differences can be observed at pH 7.4 and 9. 

This allows to conclude that the prediction models at pH 3 and 5 are more 

accurate and usable than at pH 7.4 and 9, which have low descriptive properties 

(R2
train < 0.6). Folic acid is classified as a medium absorbed compound in the 

GIT (%HIA = 75% [175]). Based on the membrane permeability data, Folic 

acid is high-permeable compound, however the membrane permeability values 

for acidic pH-s (logPe_pH3 = –6) are very near to the cutoff (logPe = –6.2). This 

may indicate overestimation of the PAMPA membrane permeability that can be 

caused by the low solubility of the compound at acidic pH-s.  

4.3.3. QSAR models for basic drug substances 

The set of 61 basic compounds with the membrane permeability values at four 

pH-s (Paper II: Table 1) was divided into the training (46 compounds) and 

validation (15 compounds) sets. The comparison of the correlations between the 

logPow and the logD (Figure 15: a) shows that the logD has significantly higher 

correlation for pH-s 5, 7.4 and 9. For pH 3, no improvement for the correlation 

is observed with the logD (R2
train < 0.05). The difference of the determination 

coefficients for the data series is related to the distribution of high- and low-

permeable compounds in the training set, which is influenced by the fraction of 

unionised species. A larger number of high-permeable compounds are present at 

basic pH-s, where also correlations are stronger (R2
train > 0.7). Reversely to 

basic pH-s, a large number of low-permeable compounds exist at acidic pH-s 

where obtained correlations are insignificant (R2
train < 0.3). After the analysis of 

the large set of molecular descriptors, the logD remained as the best descriptor 

for all pH values and also the second descriptor did not improve the models 

remarkably. This means that the logD is the most significant descriptor for the 

modelling of membrane permeability for basic compounds. 

Figure 15. Summary of the QSAR models for basic compounds: (a) the comparison of 

the models with different sets of descriptors, (b) the relationship between experimental 

and calculated membrane permeability at pH 9, and (c) experimental and predicted 

membrane permeability data for Astemizole. 



55 

Indeed, the logD is positively correlated with the membrane permeability (Table 
9), showing that more hydrophobic basic compounds have also higher 
membrane permeability. This indicates that the permeation between membrane 
and buffer for basic compounds follows the same mechanism as the distribution 
between octanol and buffer. The model at pH 9 has the highest descriptive 
(R2

train = 0.76) and predictive (R2
val = 0.85) properties. The relationship between 

experimental and calculated membrane permeability shows good agreement 
(Figure 15: b) and no outliers were found according to the Williams plot (Paper 
II: Figure 5). The model at pH 7.4 has slightly lower descriptive (R2

train = 0.70) 
and predictive (R2

val = 0.72) properties. One outlier for the training set of pH 7.4 
was identified on the Williams plot (Paper II: Figure 5), which can most likely 
be attributed to the precision of calculated logD. One structurally different point 
was detected in the training set of pH 7.4 and 9 (Paper II: Figure 5), which has 
the lowest logD value over the training and validation sets. The developed 
models at pH 7.4 and 9 allow predicting the membrane permeability values. The 
models at pH 3 and 5 show very low correlations for the training set 
(R2

train < 0.3) and therefore expectedly cannot give reliable predictions. 
 

Table 9. The prediction models of the membrane permeability for basic compounds 
(ntrain=46, nval=15) with the performance characteristics (Paper II: Figure 5, Figure S2). 

pH Prediction model R2
train R2

cv s2 R2
val 

3 logPe_pH3 = –6.7235 + 0.0845·logDpH3 0.03 0.01 0.43 * 
5 logPe_pH5 = –6.4916 + 0.3326·logDpH5 0.28 0.21 0.49 * 

7.4 logPe_pH7.4 = –6.1327 + 0.5402·logDpH7.4 0.70 0.68 0.26 0.72 
9 logPe_pH9 = –6.2507 + 0.5232·logDpH9 0.76 0.74 0.21 0.85 

* Not suitable for the prediction, because R2 for the training set is less than 0.6. 
 

Astemizole was selected as an external test compound to assess the predictive 
capacity of the models for basic compounds (Figure 15: c). The comparison of 
experimental and calculated values revealed good predictions for pH 3, 5, and 
7.4, but significant difference for pH 9. Interestingly, the predictions for 
Astemizole at pH 3 and 5 are acceptable, even though the statistical parameters 
for the models at pH 3 and 5 were insignificant (R2

train < 0.3). The predicted 
membrane permeability value at pH 9 is higher than the experimental value, 
because the experimental value is influenced by the ABL. Astemizole is a high 
absorbed compound in the GIT (%HIA=100% [175]), which is coherent with 
the membrane permeability values at pH 7.4 and 9, where Astemizole has been 
shown as a high-permeable compound. This indicates that Astemizole will be 
absorbed at the conditions and in the regions of the GIT, where pH is higher.  

4.3.4. QSAR models for amphoteric drug substances 

The set of 60 amphoteric drug substances (Paper III: Table 2) was divided into 
the training (46 compounds) and validation (14 compounds) sets. Amphoteric 
compounds are structurally complex, which makes them more difficult to model 
and predict in comparison with neutral, acidic, or basic compounds. The highest 
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membrane permeability for amphoteric compounds can be at any pH, therefore 

the highest membrane permeability over selected pH-s (logPe_highest) was added 

to the data series for amphoteric compounds.  

The comparison of the correlations with the logPow and the logD  

(Figure 16: a) shows that the logPow has a significantly higher correlation 

compared to the logD, although the logD should also take into account pH and 

the fraction of unionised species. This is very likely a result of the unreliable 

calculation of the logD values for amphoteric compounds. The correlation with 

the logPow was improved with a combination of two descriptors, which describe 

the polarity and/or the size and shape of the molecule. The determination 

coefficient of the models with different sets of descriptors reduces in the row 

pH 5 > pH 3 > logPe_highest > pH 7.4 > pH 9. One plausible explanation for such 

behaviour may be a wider range of membrane permeability values at pH 5 and 3 

and the logPe_highest in comparison with the pH 7.4 and 9.  

Figure 16. Summary of the QSAR models for amphoteric compounds: (a) the 

comparison of the models with different sets of descriptors, (b) the relationship between 

experimental and calculated highest membrane permeability (High. – logPe_highest), and 

(c) experimental and predicted membrane permeability data for Omeprazole. 

 

The selected models (Table 10) have good descriptive capability of the training 

set (R2
train > 0.7), except the model at pH 9. The validation set has significantly 

lower statistical parameters compared to the training set of the pH-specific 

models, which is caused by the outliers (Paper III: Figure S2). Excluding strong 

outliers markedly improves the validation set statistical parameters for all data 

series (Table 10). The model for logPe_highest has most similar statistical 

parameters for the training and validation sets compared to the models for 

specific pH. The correlation between experimental and calculated logPe_highest 

(Figure 16: b) reveals that there is no strong outliers, while most of the 

compounds are low-permeable in the validation set. Thus, low validation set 

statistics can be related to the fact that the set includes mainly low-permeable 

compounds. Several structurally different compounds relative to the descriptor 

space can be observed on the Williams plot (Paper III: Figure 7, Figure S2).  
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Table 10. The prediction models of the membrane permeability for amphoteric 
compounds (ntrain=46, nval=14) with the performance characteristics (Paper III: Figure 7, 
Figure S2). 

pH Prediction model R2
train R2

cv s2 R2
val* 

3 logPe_pH3 = –7.30(±0.17) + 0.359(±0.040)·logPow  
+ 0.0154(±0.0035)·HACA – 0.0482(±0.0095)·HDCA 

0.77 0.71 0.18 0.17 
(0.47) 

5 logPe_pH5 = –9.27(±0.71) + 0.487(±0.042)·logPow  
+ 4.04(±1.14)·SXY/RXY – 0.00222(±0.00082)·DPSA1 

0.77 0.72 0.19 0.45 
(0.73) 

7.4 logPe_pH7.4 = –9.81(±1.43) + 0.321(±0.044)·logPow 

– 7.12(±1.48)·NN,r + 3.96(±1.74)· BIC2  
0.7 0.65 0.17 0.4 

(0.69) 
9 logPe_pH9 = –11.75(±1.52) + 0.283(±0.043)·logPow 

– 7.43(±1.61)·NN,r + 6.24(±1.85)· BIC2  
0.64 0.57 0.2 0.33 

(0.67) 
Highest logPe_highest = –9.25(±0.73) + 0.495(±0.045)·logPow  

+ 4.94(±1.19)·SXY/RXY – 0.975(±0.272)· CIC2   
0.75 0.7 0.2 0.65 

(0.75) 
* Value without strong outliers is in the brackets. 
 
The common descriptor for all models, the logPow, has a positive correlation 
(Table 10), which means that more hydrophobic compounds have a higher 
membrane permeability. Additional descriptors in the models can be grouped 
according to the polarity and the size and shape of the molecule (Table 11). 
 
Table 11. Occurrence of descriptors in the models for amphoteric compounds according 
to the data series. 

Descriptor Data series 
Polarity  
H-acceptors charged surface area (HACA, MOPAC PC) pH 3 
H-donor charged surface area (HDCA, MOPAC PC) pH 3 
First-order difference in charged partial surface area (DPSA1, 
MOPAC PC) 

pH 5 

Relative number of nitrogen atoms (NN,r) pH 7.4, pH 9 
Size and shape of the molecule  
Rate (SXY/RXY) of the surface on the plane (SXY) and XY rectangle 
(RXY) 

pH 5, logPe_highest 

Average bonding information content (order 2, BIC2 ) pH 7.4, pH 9 

Average complementary information content (order 2, CIC2 ) logPe_highest 
 
More detailed analysis of the descriptors shows that all models include at least 
one descriptor connected to the polarity properties of compounds that describe 
the hydrogen bond donors and acceptors (Table 11). The hydrogen bond 
donor’s property, the HDCA [176], has a negative effect to the membrane 
permeability (Table 10). The descriptor related to the hydrogen bond acceptor, 
the HACA [176], has a positive contribution in the model (Table 10). The NN,r 
has a negative contribution in the model (Table 10) describing partially 
hydrogen bond acceptor properties. The DPSA1 [159], which takes into account 
both hydrogen bond donors (positive charge) and acceptors (negative charge), 
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has also a negative contribution to the model (Table 10). Trends of these 
descriptors show that the ability to form hydrogen bonds plays an important role 
for the membrane permeability process: hydrogen bond acceptors increase the 
membrane permeability and hydrogen bond donors decrease the membrane 
permeability.  

Also, descriptors describing the size and shape of the molecule are included 
in the models of most data series. The SXY/RXY [177] has a positive contribution 
to the model (Table 10), which means that more compact molecule has a higher 
membrane permeability. The BIC 

2  [178] has also a positive contribution to the 
model (Table 10), which shows that the less complex molecule has a higher 
membrane permeability. The CIC 

2  [178] has a negative contribution to the 
model (Table 10), which indicates that the molecules with different functional 
groups cross the membrane more easily than more homogeneous molecules. 
Therefore, amphoteric compounds with higher membrane permeability are 
typically compact with various functional groups. 

The models for amphoteric drug substances (Table 10) were tested with 
Omeprazole. Predicted values for all models are slightly lower than experi-
mental values (Figure 16: c). The best agreement between experimental and 
calculated values is for the logPe_highest, which also shows the best prediction 
capabilities for the validation set. The predicted membrane permeability for the 
selected pH-s varies considerably according to the pH-permeability profile, 
which is clearly visible and followed. Omeprazole is classified as low absorbed 
compound based on the %HIA value (%HIA = 80% [134]) and it is very near to 
the cutoff value for the %HIA. However experimental membrane permeability 
assigns this compound as a high permeable, while predicted data at pH 3, 7.4, 
and 9 classify it as low permeable.  

4.3.5. Comparison of the QSAR models for chemical classes 

The QSAR models of chemical classes show differences from two perspectives, 
the content of molecular descriptors and the quality of predictions (Figure 17).  

The membrane permeability for chemical classes is influenced by the 
different characteristics of the structure (Figure 17). The logPow is not suitable 
descriptor to describe membrane permeability for most of the chemical classes, 
because it is not taking into account ionisation. The correlation between 
membrane permeability and logPow is non-existent for neutral compounds, 
whereas for amphoteric compounds, the correlation with the logPow can be 
considered significant. The logD improves the correlation for acidic and basic 
compounds, while for amphoteric compounds, the correlation was significantly 
lower compared to the logPow. The comparison of descriptors in the models of 
different data series indicates that the membrane permeability for acidic, basic, 
and neutral compounds is influenced by the same structural characteristics for 
all pH-s, but for amphoteric compounds influencing structural characteristics 
are varying depending on the pH. The membrane permeability of acidic and 
neutral compounds is determined by the hydrogen bond donor properties. In 
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case of basic compounds the distribution properties are important for the 

membrane permeability. Descriptors in the QSAR models for amphoteric com-

pounds are more diverse, because the membrane permeability involves multiple 

mechanistic interactions described by the partition properties, hydrogen bond 

donor and acceptor properties, and the size and shape of the molecule, which 

vary depending on the data series. This shows that the mechanism of membrane 

permeability and the pattern of interactions of different chemical classes is 

complex and can be attributed to the different structural characteristics. 

Figure 17. The comparison of important structure parameters for the QSAR models of 

chemical classes with maximum R2 value over data series (the size of the box indicates 

the quality of the model). 

 

The QSAR models for chemical classes show that pH has great influence on the 

membrane permeability. For example, the quality of the models for acidic and 

basic compounds significantly depends on pH (Figure 14, Figure 15). In 

general, the models with lower statistical significance (R2) were developed for 

pH-s, where compounds are mainly ionised and do have therefore lower 

membrane permeability. For example, significant models for acidic compounds 

(Figure 14) were developed for acidic pH-s (compounds are not ionised), but 

not for neutral and basic pH-s (compounds are ionised). The quality of the 

models for amphoteric compounds also reveals the pH dependence (Figure 16), 

although the quality and the prediction ability of the models for different data 

series are similar. Only models for neutral compounds are not influenced by pH. 

All of the above reveals that knowing the pH-permeability profiles of chemical 

classes is also essential information for the modelling. 

It can be concluded that the QSAR models of chemical classes allow 

predicting the membrane permeability of new compounds. The complete pH-

permeability profiles (pH 3, 5, 7.4, and 9) can only be predicted for amphoteric 

and neutral compounds. For acidic and basic compounds, the membrane 

permeability can only be predicted at certain pH-s, as the development of 

models for mainly ionised compounds failed. 
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4.4. General QSAR models with the cutoff classification 
The purpose of deriving the general QSAR models, which consider all chemical 
classes together, is a multi-faced. The first reason is from the models for 
chemical classes (Section  4.3), where the QSAR models for acidic and basic 
compounds at pH-s, where the compounds are mainly ionised, did not give 
sufficient statistical quality. The general QSAR models for data series with all 
chemical classes should allow predicting the membrane permeability for acidic 
and basic compounds for all pH-s. The second reason is related to the more 
enhanced view to the structural characteristics influencing the membrane 
permeability that are included in the QSAR models. The third reason is related 
to the unique opportunity to predict the pH-permeability profiles with the 
QSAR models derived for each pH.  

The general QSAR models were developed for all measured and derived 
data series (Section  3.2): pH-permeability profile that included four pH-s, 
highest, and intrinsic membrane permeability. Such QSAR models allow 
quantitatively predict the membrane permeability values. It is often necessary to 
categorize the membrane permeability, for example, for the BCS. For this 
continuous experimental and predicted values can be converted to the classes of 
high- and low-permeable compounds using the cutoff value of logPe = –6.20 
(Section  3.3). The advantage of such classification is the option to validate the 
class of high- or low-permeable compounds based on the predicted numerical 
value, and in this way, to evaluate the appropriateness of the membrane 
permeability class. 

4.4.1. Membrane permeability vs logPow and logD 

At first the correlations between membrane permeability and partition or 
distribution parameter were studied (Figure 18: a, Paper IV). The logPow has the 
highest correlation in the case of the logPo and the logPe_highest, because these 
data series describe membrane permeability for mainly unionised compounds. 
At a specific pH-s the correlation of logPow with membrane permeability 
becomes negligible due to the compound’s ionisation.  

In comparison with the logPow, the logD improves the relationship with 
membrane permeability for all data series (Figure 18: a). The improvement is 
remarkable for the models at acidic pH-s, and slightly lower for the models at 
neutral and basic pH-s. Analogously, with pH specific data series the correlation 
with the logPe_highest is also better with the logDhighest in comparison to the 
logPow.  

In conclusion, the general QSAR models with the logPow and the logD alone 
do not capture the full structural variability needed to describe and predict the 
membrane permeability. This is because the membrane is a more complex 
system than octanol. Additional descriptors are therefore needed to improve the 
coverage of structural variability and describe the interactions in the membrane 
permeation process. Indeed, the whole-molecule descriptors improve the 
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statistical characteristics of all models (Figure 18: a, best model), which are 

discussed in the following sections.  

Figure 18. The general QSAR models: (a) the comparison of the models with different 

sets of descriptors and (b) the distribution of high- (H) and low-permeable (L) 

compounds in the initial set of compounds for all data series (High. – logPe_highest). 

 

4.4.2. QSAR models for the pH-permeability profile  

Four QSAR models at different pH-s allow predicting the pH-permeability 

profiles of drug substances (Paper IV). The membrane permeability in these 

models is influenced by the different structure properties of drug substances. In 

all models the logD has a positive contribution (Table 12) meaning that more 

hydrophobic compounds have a higher membrane permeability. 
  

Table 12. The general QSAR models for the membrane permeability at a certain pH 

(ntrain=134, nval=44, next=60) with the performance characteristics (Paper IV: Figure 4, 

Figure S6). 

pH Prediction model R
2
train R

2
cv s

2
 R

2
val R

2
ext 

3 logPe_pH3 = –6.85(±0.15)+ 0.408(±0.030)·logDpH3  

+ 0.112(±0.026)·RNCS  

– 1.92(±0.76)·HDCA-2/SQRT(TMSA) 

0.67 0.64 0.35 0.64 0.64 

5 logPe_pH5 = –6.40(±0.16) + 0.381(±0.031)·logDpH5  

+ 0.096(±0.025)·RNCS  

– 3.19(±0.78)·HDCA-2/SQRT(TMSA) 

0.63 0.6 0.38 0.61 0.56 

7.4 logPe_pH7.4 =–5.51(±0.13) + 0.305(±0.041)·logDpH7.4  

– 0.00735(±0.00081)·HBSA 

0.73 0.72 0.36 0.63 0.7 

9 logPe_pH9 = –5.58(±0.15) + 0.297(±0.038)·logDpH9  

–0.00700(±0.00093)·HBSA 

0.76 0.75 0.36 0.72 0.71 

 

The models for pH 3 and 5 (Table 12) include two additional descriptors: the 

relative negative charged surface area (RNCS) and the hydrogen bond donor-

charged surface area divided by the square root of the total molecular surface 



62 

area (HA-dependent HDCA-2/SQRT(TMSA), MOPAC PC, all). The RNCS 
[179] has a positive contribution to the models, telling that molecule with a 
higher negative charge (usually hydrogen bond acceptors) has a higher 
membrane permeability. The HDCA-2/SQRT(TMSA) [138] has a negative corre-
lation with the membrane permeability, which suggests that if a compound has 
fewer hydrogen bond donors, then the compound will have a higher membrane 
permeability. The models for pH 7.4 and 9 include only one additional 
descriptor to complement the logD (Table 12), which is the hydrogen bonding 
surface area (HBSA, MOPAC PC). The HBSA [176] has also negative contri-
bution to the model, meaning that compound with a smaller hydrogen bonding 
surface area has a higher membrane permeability. This tells that the membrane 
permeability for a diverse range of drug substances (different chemical classes) 
at a certain pH is mainly influenced by two types of structure related properties 
that describe the hydrophobic/hydrophilic properties together with the 
ionisation of compounds (logD) and the ability of hydrogen bond formation. 

The models for pH 3 and 5 have lower statistical characteristics for the 
training set in comparison with the models for pH 7.4 and 9 (Figure 19: a, Table 
12). This can be due to a larger number of low- than high-permeable compounds 
in the data series for pH 3 and 5 and a similar number of high- and low-permeable 
compounds in the data series for 7.4 and 9 (Figure 18: b). The validation set 
shows that the models for pH 3, 5, and 7.4 have lower prediction statistics 
compared to the model for pH 9. The model for pH 9 shows the highest and 
consistent description and prediction statistics for the training and validation sets 
compared to other pH-s (Figure 19: a, Table 12) and very good match between 
experimental and calculated membrane permeabilities without strong outliers 
(Figure 19: b). The analysis of the applicability domain (Paper IV: Figure S6) 
revels some outliers and high leverage compounds for all data series. The reason 
of outliers may be the accuracy of the calculated logD. High leverage values for 
compounds are caused by the extreme values for different descriptors. 

The cutoff-based classification for all pH-s has accuracy, sensitivity, and 
specificity over 0.8 for the training sets (Figure 19: c). For the validation set, all 
quality measures are also over 0.8, with exception of specificity and accuracy 
for the model at pH 5, which can be attributed to the lowest determination 
coefficient for the model in comparison of the models for other pH-s. 
Comparing statistical parameters for the regression models and the cutoff-based 
classification for acidic pH-s shows that low determination coefficient for the 
regression model does not always mean that model has low accuracy.  

The QSAR models were externally validated with 60 compounds. The 
models for pH 7.4 and 9 show significantly higher prediction capability for the 
external validation sets compared to the models for pH 3 and 5 (Figure 19: a, 
Table 12). This is due to the lower descriptive properties on the training set for 
acidic pH-s compared to neutral and basic pH-s. An analysis of the applicability 
domain for the external validation set of every data series revealed few 
moderate outliers and high-leverage compounds (Paper IV: Figure S6). The 
cutoff-based classification of the external validation set (Figure 19: c) shows 
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that most classification parameters for the models are greater than 0.7, which 

indicates good classification capability for drug substances.  

Figure 19. Summary of the QSAR models for the pH-permeability profile: (a) the 

comparison of determination coefficients (R2) for the training, validation, and external 

validation sets, (b) the match between experimental and calculated membrane per-

meability at pH 9, and (c) the comparison of performance characteristics for the cutoff 

based classification. 
 

4.4.3. QSAR models for the highest membrane permeability 

The highest membrane permeability over selected pH-s allows to describe the 

maximum absorption in the GIT. In the current thesis, two such QSAR models 

have been developed for a set of compounds with different sizes. 

The first QSAR model for the highest membrane permeability (Paper I), a 

so-called proof of concept model, was developed using the initial set of 58 drug 

substances (44 in the training and 14 in the validation set). This model consists 

of two descriptors (Eq. (26)): the logarithm of the octanol-water partition 

coefficient (logPow) and the hydrogen bonding surface area (HBSA). The logPow 

has a positive contribution in the model, which reveals that more hydrophobic 

compounds have a higher membrane permeability. The HBSA [159] has a 

negative correlation with the membrane permeability, which means that when 

the HBSA values increase, then the membrane permeability decreases due to the 

formed hydrogen bonds between drug substances and membrane. 

logPe_highest = –5.6261(±0.2322) + 0.5182(±0.0519)·logPow –

0.0075(±0.0010)·HBSADA 

ntrain = 44, R2
train = 0.83, R2

cv = 0.80, s2 = 0.21, nval = 14, R2
val = 0.62, next = 15, 

R2
ext = 0.66 

(26) 

The model has exceptionally good statistical characteristic for the training set 

(R2
train=0.83), although for the validation set (14 compounds) statistical 

characteristic is remarkably lower (R2
val=0.62). This is most likely caused by the 
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distribution of data points, i.e. more high- than low-permeable compounds are 

in the validation set (Figure 20: a). The applicability domain analysis using the 

Williams plot (Paper I: Figure 2) revels outliers that deviate due to the accuracy 

of the logPow and the limited solubility at corresponding pH and structurally 

different compounds, with extreme descriptor values. The external validation 

set (15 compounds, R2
ext=0.66) shows slightly higher statistical characteristics 

compared to the validation set. Both validation sets show that this model is 

reliable and suitable for predicting the membrane permeability. This model also 

confirms that the hypothesis to use the highest membrane permeability values 

over a wide pH range considerably improves the quality of the QSAR models 

(see overview of previous models in Paper I) and their prediction performance 

and can be developed further with a larger set of compounds.  

Figure 20. The correlation with experimental and predicted highest membrane 

permeability over four pH-s (logPe_highest): (a) for a set of 58 drug substances (Paper I), 

(b) for a set of 178 drug substances (Paper IV), and (c) the comparison of performance 

characteristics for the cutoff based classification (Paper IV). 

 

The second model for the logPe_highest (Eq. (27), Paper IV) extends the previous 

model (Eq. (26)) and was developed using 178 drug substances (134 in the 

training and 44 in the validation set). The model (Eq. (27)) includes two 

descriptors: the logDhighest and the HBSA, which are similar descriptors to the 

previous model (Eq. (26)) and describe the same structural characteristics. The 

model shows good agreement between experimental and calculated logPe_highest 

for the training (R2
train=0.75) and the validation (R2

val=0.70) sets (Figure 20: b). 

Good statistical characteristics are also visible for the cutoff based 

classification, where more than 80% of the compounds are correctly classified 

(Figure 20: c) in the training and validation sets. The applicability domain 

analysis of the model (Paper IV: Figure S6) reveals few outliers; the reason can 

be accuracy of the logD values, and high leverage compounds with extreme 

descriptor values. The model was externally validated with a blind set of 60 

compounds, which has a lower determination coefficient (R2
ext=0.60) compared 
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to the validation set (R2
val=0.70). The cutoff based classification has also lower 

accuracy for the external validation set compared to the validation set, which is 
due to the misclassification of low-permeable compounds, i.e. the model 
predicts values higher than they should be.  
logPe_highest = –5.59(±0.17) + 0.341(±0.039)·logDhighest – 0.00657(±0.00086)·HBSA 

ntrain = 134, R2
train = 0.75, R2

cv = 0.74, s2 = 0.34, nval = 44, R2
val = 0.70, next = 60, 

R2
ext = 0.60 

(27)

The comparison of two models for the highest membrane permeability reveals 
that both models take into account a structural variability related to the 
hydrophobicity and hydrogen bond properties of molecular structure. It is 
interesting that for the smaller set of compounds, the logPow is more significant 
than the logDhighest, but for the larger set of compounds, the situation is opposite. 
This most likely can be caused by the precision of calculated logD values, 
where the correlation with the membrane permeability for the smaller set of 
compounds is highly influenced by the calculation quality of the logD, but the 
model for the larger set of compounds is less influenced by deviating points. 
Notably the hydrogen bonding properties are described with the same descriptor 
and both models are independently derived with the BMLR procedure  
(Section  3.6.4). Comparing the statistical parameters of two models shows that 
the statistical characteristics for the training set and for the external validation 
set are slightly better for the model developed on the smaller set of compounds, 
but the validation set performs better for the larger set of compounds. In 
summary, these two models for the highest membrane permeability are 
composed of similar molecular descriptors and do have comparable statistical 
quality and stability. 

4.4.4. QSAR model for the intrinsic membrane permeability 

The intrinsic membrane permeability describes the membrane permeability 
when the compound is unionised. This makes it easier to develop a QSAR 
model compared to the pH specific models, because there is no need for the 
molecular descriptor that takes into account ionisation. As a consequence, the 
model for the intrinsic membrane permeability (Eq. (28)) includes two 
descriptors, the logPow and the hydrogen bonding surface area (HBSA). The 
model shows that the membrane permeability is higher for hydrophobic 
compounds (positive correlation) with smaller hydrogen bonding surface areas 
(negative correlation), i.e. compounds having less hydrogen bond acceptors and 
donors.  

logPo= –5.13(±0.26) + 0.572(±0.060)·logPow – 0.00941(±0.00014)·HBSA 

ntrain = 134, R2
train = 0.75, R2

cv = 0.73, s2 = 0.93, nval = 44, R2
val = 0.76, next = 60, 

R2
ext = 0.65 

(28) 

The model has coincided statistical parameters for the training (R2
train=0.75) and 

validation (R2
val=0.76) sets. The cutoff based classification (Figure 21: b) 
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reveals that accuracy and sensitivity (prediction of high-permeable compounds) 

are over 0.9, while specificity drops below 0.8 indicating that the model for the 

logPo predicts values higher than they should be. The comparison between 

experimental and calculated values (Figure 21: a) show that the training set has 

two strong outliers, which are also detected by the Williams plot (Paper IV: 

Figure S6). The reason of the outliers can be accuracy of the logPow, but could 

also be due to an inaccurate pKa, which greatly influences the derived logPo 

values and can introduce deviations about 1–2 logPo units depending on the 

correctness of experimental or calculated pKa values. The applicability domain 

(Paper IV: Figure S6, Table 2) analysis reveals also some high leverage 

compounds, which have extreme descriptor values. 

Figure 21. Summary of the QSAR model for the intrinsic membrane permeability: (a) 

the comparison between experimental and calculated logPo and (b) the comparison of 

performance characteristics for the cutoff based classification. 

 

The model for the logPo was blindly validated with 60 compounds from the 

external validation set, which showed a lower statistical parameters compared to 

the training and validation sets based on the QSAR model (Eq. (28)) and related 

cutoff based classification (Figure 21). The cutoff based classification has very 

low prediction capability for low-permeable compounds (specificity), which is 

caused by the small number of low-permeable compounds compared to high-

permeable compounds in the external validation set. 

4.4.5. Prediction of the pH-permeability profiles 

One compound from each chemical class of the external validation set  

(Paper IV) was selected to illustrate the prediction of a pH-permeability profile 

with the developed QSAR models (Figure 22): acidic Tolmetin, basic 

Granisetron, amphoteric Sulpiride, and neutral Coumarin. For acidic, basic, and 

amphoteric example compounds, experimental and predicted pH-permeability 

matches well and only a slight deviation is presented at lower membrane 

permeability values, where experimental values have lower accuracy. For the 
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neutral compound the predicted values give a pH-permeability profile syste-

matically lower compared to the experimental values. Interestingly, the pre-

diction for the logPo for the neutral compound is very near to the experimental 

value compared to the other models, which can be due to the more precise 

logPow value than the logD value. 

Figure 22. Experimental and predicted pH-permeability profiles for four compounds 

from the external validation set, one from each chemical class (High. – logPe_highest). 

 

The classification results according to the cutoff value are in good agreement 

(Figure 22), and all predicted membrane permeabilities belong to the same class 

as experimental membrane permeabilities. The exception is the logPo for the 

amphoteric compound, where according to the experimental logPo the com-

pound is a high permeable, but the calculated value classifies it as a low 

permeable. The misclassification can be a coincidence, because the experi-

mental and the predicted value are near to the cutoff value for the membrane 

permeability, but on the different sides of the cutoff value. 

A comparison of the membrane permeability with the %HIA [134] shows 

that high absorbed acidic, basic, and neutral compounds (%HIA ≥ 85%) are 

classified correctly if membrane permeability at a correct pH is considered 

(Figure 22), i.e. acidic compound at acidic pH-s, basic compound at basic pH-s, 

and neutral compound at any pH. The comparison of the membrane perme-
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ability with the %HIA for low absorbed sulpiride (ampholyte) provides a 
different perspective, where all predicted and experimental values classify the 
compound as a low permeable, except the experimental logPo, which indicates 
that the compound is a high permeable.  

These examples provide evidence that the developed general QSAR models 
at different pH values are reliable to evaluate the pH-permeability profile and 
allow the classification of high- or low-permeable compounds. In addition, the 
predicted pH-permeability profile allows to estimate at which pH the membrane 
permeability is highest, indicating regions where the compound is absorbed in 
the GIT and under what conditions. 

4.4.6. Comparison of the general QSAR models 

The derived general QSAR models have systematic variation in the molecular 
descriptors. The models at acidic pH-s include three descriptors, while for other 
data series two descriptors. For all models, the main descriptor is related to the 
hydrophobicity of molecules (logPow and logD). Interesting is that for the 
models of chemical classes, only basic and acidic compounds show significant 
correlation with the logD (Figure 17). This suggests that acidic and basic 
compounds do have a major effect to the general models. Descriptors logPow or 
logD alone are not enough to capture the structural variability in the given data 
series while modelling the membrane permeability (Figure 18). This is due to 
octanol being a neutral molecule, while lecithin is ionised, and the membrane 
has therefore more hydrogen bonding sites than octanol. Therefore, the 
developed models show clearly that the membrane permeability is also affected 
by the ability to form hydrogen bonds. Molecules with high hydrogen bonding 
capability can accumulate into the membrane, but also can form bound 
structures with the buffer, which prevents their easy permeation into the 
membrane. For the acidic pH-s, two descriptors were added to the model 
describing the hydrogen bond donor properties (HDCA-2/SQRT(TMSA) and the 
negative charge of the molecule (RNCS), which is indirectly related to the 
hydrogen bond acceptors. Whereas, the models for pH 7.4, pH 9, logPe_highest, 
and logPo include one additional descriptor (HBSA) to describe both hydrogen 
bond acceptors and donors. The hydrogen bond donor properties  
(HDCA-2/SQRT(TMSA)) are described with similar descriptor as in the models 
for acidic and neutral compounds, which indicates that the general models at 
acidic pH-s are mainly influenced by neutral and acidic compounds.  

The comparison of data series shows that the quality of the model’s 
statistical characteristics is highly influenced by the distribution of the data 
points. In the data series for pH 3 and 5, low-permeable compounds dominate 
(Figure 18: b), and their measured data have a lower accuracy compared to 
high-permeable compounds. This results in the lower statistical parameters 
compared to other data series where the data points are evenly distributed and 
include more high-permeable compounds. It is also necessary to realise that the 
calculated logD values are, in turn, derived from the calculated pKa and logPow, 



69 

and thus the logD is highly influenced by the accuracy of those calculated 
parameters.  

For the cutoff based classification, in most of the cases the prediction 
capability for high- and low-permeable compounds together (accuracy) and 
separately (sensitivity and specificity) is greater than 80%. This can be 
considered a noticeable achievement taking into account both the structural and 
chemical diversity of the sets of compounds and the complexity of the 
membrane permeability process. It must be pointed out that the values of 
specificity, sensitivity, and accuracy are highly influenced by the predictions 
that are very near to the cutoff value. Because of this, the classification and the 
QSAR models complement each other, offering a quick insight into high and 
low membrane permeability of a compound.  

All developed QSAR models and related cutoff based classification can be 
used for predicting the membrane permeability depending on the purpose: the 
pH-specific models allow to predict the pH-permeability profiles and regional 
dependent absorption, the logPe_highest to predict the maximum absorption in the 
GIT, and the logPo to predict the maximum membrane permeability for a 
compound. 
 

4.5. Logistic classification models  
The cutoff based classification using the regression models (Section  4.4) show 
significant capability to distinguish high- and low-permeable compounds. This 
leads to the classification models for the membrane permeability relying purely 
on the chemical structure using a specific classification method. The logistic 
regression method (Section  3.6.5) was selected for such task and two sets of 
descriptors were used: 

 Only hydrophobicity descriptor (logPow or logD), which is significant 
descriptor for the modelling of membrane permeability, 

 Freely available and simply computable 1D and 2D molecular descriptors 
for deriving models that can be easily interpreted and used. 

For the logistic classification task, high-permeable compounds were defined as 
class “0” and low-permeable compounds as class “1”. This means that a posi-
tive correlation in the logistic classification model implicates to low perme-
ability and negative correlation to high permeability. 

Regression models are significantly influenced by the distribution of high- 
and low-permeable compounds (Figure 18: b). The results of the classification 
models are influenced even more by unbalanced classes in the training set. 
Therefore, the balanced training sets were constructed as described in  
Section  3.6.3.  

4.5.1. Classification models with a hydrophobicity descriptor 

The hydrophobicity descriptors (logPow or logD) have significant correlation 
with the membrane permeability (R2 < 0.65, Section  4.4.1), which is not enough 
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for the regression models, but can be sufficient for the classification models. 
Therefore, it was investigated whether sufficient quality classification models 
can be developed using only one of these hydrophobicity descriptors in the 
model. Depending on the nature of data series either logD or logPow was used. 
The developed classification models (Table 13) show that the hydrophobicity 
descriptor has a negative correlation in the model, which means that 
hydrophobic compounds belongs more likely to class 0, i.e. high permeable, 
than class 1, i.e. low permeable. This is a similar conclusion to the regression 
models (Section  4.4), where the hydrophobicity descriptor has a positive 
correlation with the membrane permeability.  
 
Table 13. The classification models (z) with a hydrophobicity descriptor (z) for all data 
series (Paper V: Figure 4, Figures S1–S5).  

Data series Prediction model 
pH 3 zM1 = 1.9182(±0.5936) – 1.7339(±0.4366)·logDpH3 
pH 5 zM2 = 1.3569(±0.4149) – 1.6234(±0.3427)·logDpH5 

pH 7.4 zM3 = 1.3899(±0.3298) – 1.6063(±0.2686)·logDpH7.4 
pH 9 zM4 = 2.0555(±0.4488) – 1.6828(±0.2695)·logDpH9 

logPe_highest zM5 = 3.0469(±0.7128) – 2.0974(±0.4200)·logDhighest 
logPo zM6 = 2.7082(±0.6470) – 1.7840(±0.3696)·logPow 

 
The resulting classification models show good statistical characteristics for the 
training and validation sets (Figure 23). More than 80% of the compounds are 
correctly classified in the training set and more than 70% of the compounds are 
correctly predicted in the validation set. For the training set, the classification 
models can describe equally high- and low-permeable compounds, i.e. have 
similar sensitivity and specificity. The validation set shows that high-permeable 
compounds have higher prediction capability compared to low-permeable 
compounds, i.e. higher sensitivity than specificity. This however can be caused 
by the unbalanced validation sets for most of the data series (Table 5). 
Additionally, the classification models were validated with the external valida-
tion set (60 compounds), which show that more than 70% of the compounds are 
correctly predicted for all data series and prediction capability for high- and 
low-permeable compounds is well balanced. The training, validation, and 
external validation sets together show that the classification models with only 
one hydrophobicity descriptor have a good potential in describing and 
predicting the permeability classes for all data series. 
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Figure 23. The comparison of the performance characteristics for the classification 

models with a hydrophobicity descriptor (T – training, V – validation, Ext – external 

validation). 

 

However, these one-parameter classification models are highly influenced by 

the precision of the logPow and the logD values. Three key issues for the logD 

should be considered while using the developed classification models:  

 The precision of the logD values, because they are not systematically 

evaluated and analysed for various pH-s, 

 The prediction of the logD is usually based on the relationship between 

the logPow and pKa, which means that the precision of the logD is highly 

dependent on the accuracies of the logPow and pKa, 

 The lack of freely available logD calculators that limits the practical use 

of the developed classification models. 

The logD is an important descriptor for describing the membrane permeability 

for the different pH-s, because it is able to describe both the partition properties 

and the ionisation in one parameter. So far, there are no other good solution to 

take account ionisation for all chemical classes using a single approach. 

Previously, in modelling the membrane permeability, difference between pKa 

and pH has been used (Section 1.3.7), but it can be accurate only for compounds 

with one ionisable group. Considering the previously mentioned disadvantages 

it is reasonable to develop classification models without logD. 

4.5.2. Classification models with theoretical molecular 

descriptors 

Considering the complex nature of a hydrophobicity descriptor and the concerns 

above, alternatives were sought to replace the logD and the logPow in the classi-

fication models (Paper V). The 1D and 2D theoretical molecular descriptors 

calculated with the PaDEL-Descriptor [160,161] were tested as a source of 

alternative descriptors. The developed classification models (Table 14) include 
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two descriptors; the exception is the classification model for pH 7.4, which 
includes three descriptors.  
 
Table 14. The classification models (z) with theoretical molecular descriptors for all 
data series (Paper V: Figure 4, Figures S1–S5).  

Data series Prediction model 
pH 3 zM7 = –2.25 + 3.17·nBase + 31.77·ETA_dEpsilon_D 
pH 5 zM8 = –93.31 + 12.03·Mi + 1.26·nHBDon 
pH 7.4 zM9 = 8.12 + 1.80·nAcid + 49.38·ETA_dEpsilon_D – 19.44·ETA_Psi_1 
pH 9 zM10 = –4.46 + 3.19·nAcid + 0.0547·TopoPSA 
logPe_highest zM11 = –19.20 + 1.57·nHBDon + 10.19·IC0 
logPo zM12 = –13.66 + 0.87·nHBDon + 7.42·IC0 
 
The descriptors in the classification models vary over a data series (Table 14). 
They describe the properties of the molecular structure associated with the 
ionisation, the polarity, and the size and complexity of the molecule (Table 15). 
All classification models for the specific pH include one descriptor for 
accounting ionisation, which are a number of basic (nBase) [160,161] or acidic 
(nAcid) [160,161] groups, or the mean first ionisation potential (scaled on the 
carbon atom) (Mi) [161]. The nBase, nAcid, and Mi have a positive correlation 
in the classification models, which means that the ionisation of compound 
reduces the membrane permeability. The classification models for all data series 
include also descriptors, which are associated with the polarity of molecules that 
is related to the hydrogen bonds and surface area: a measure of contribution of 
hydrogen bond donor atoms (ETA_dEpsilon_D) [180], a number of hydrogen 
bond donors (nHBDon) [161,181], a measure of the hydrogen bonding 
propensity of the molecules and/or polar surface area (ETA_Psi_1) [180], and 
the topological polar surface area (TopoPSA) [182]. The ETA_dEpsilon_D, 
nHBDon, and TopoPSA have a positive correlation in the classification models 
(Table 14), which means that low-permeable compounds have more hydrogen 
bond donor groups and higher polar surface area. The ETA_Psi_1 has a negative 
correlation in the classification model (Table 14: pH 7.4), which shows that a 
higher membrane permeability is for the compound with less electronegative 
atoms, which are parts of the hydrogen bond forming and polar surface area. All 
these descriptors describe the interactions with buffer and membrane, which in 
turn causes difficulties to move across the membrane. Only one descriptor is 
associated with the size and complexity of the molecules, a 0th order 
information content index (IC0) [176,178], which is included in the 
classification models for the logPe_highest and logPo. The IC0 has a positive 
correlation in the classification models (Table 14), telling that low-permeable 
compounds are more complex molecules with different atom types. All 
descriptors have a different range and spread of values for high- and low-
permeable compounds (Paper V: Figure 4, Figures S1-S5), indicating that all 
these descriptors have a good discriminative ability to classify high- and low-
permeable compounds.  
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Table 15. Theoretical molecular descriptors in the classification models. 

Properties of molecular structure Descriptors Models 

Ionisation nBase 

Mi 

nAcid 

pH 3  

pH 5  

pH 7.4 and 9 

Polarity ETA_dEpsilon_D 

nHBDon 

ETA_Psi_1 

TopoPSA 

pH 3 and 7.4 

pH 5, logPe_highest, logPo 

pH 7.4 

pH 9 

Size and complexity of the molecule IC0  logPe_highest, logPo 

 

All classification models with theoretical molecular descriptors (Figure 24) 

show good accuracy (over 0.7) for the training and validation set. Sensitivity 

and specificity are similarly good for all training and validation sets, except the 

validation sets for the models at pH 3 and 5. Lower prediction capability for 

low-permeable compounds (specificity) at pH 3 and 5 indicates that predicting 

permeability classes for acidic pH-s are more complicated compared to the 

other data series, which can be due to the composition of the validation sets that 

includes more low-permeable compounds (100) compared to high-permeable 

compounds (11) (Table 5). Good prediction capability is confirmed with the 

external validation set, which has satisfactory performance characteristics, like 

accuracy over 0.7 and similarly good prediction capability for low- and high-

permeable compounds

Figure 24. The comparison of the performance characteristics for the classification 

models with theoretical molecular descriptors (T – training, V – validation, Ext – 

external validation).  

 

Overall the results show that theoretical molecular descriptors allow to develop 

classification models for all data series with good performance characteristics in 

all levels. The performance characteristics comparison of the models with a 

hydrophobicity descriptor and theoretical molecular descriptors shows that 

accuracy is typically slightly higher for the models with a hydrophobicity 
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descriptor, while both types of models can equally well predict high- and low-
permeable compounds. This indicates that the hydrophobicity descriptors can be 
replaced with the theoretical molecular descriptors, which makes the models 
more robust compared to the models with a hydrophobicity descriptor, because 
they depend on multiple descriptors with different range of values.  

4.5.3. Predicted class-based pH-permeability profiles 

The classification models with both hydrophobicity and theoretical molecular 
descriptors show very good performance for all data series. To see how well the 
derived classification models can evaluate the class-based pH-permeability 
profiles (Paper V), four compounds from each chemical class were selected 
(Table 16). The high coherence between experimental and predicted data is 
evident for both types of classification models. The classification models with a 
hydrophobicity descriptor can correctly predict class-based pH-permeability 
profiles for three compounds. The pH-permeability profile for Propranolol 
includes one misclassification, where the classification model with a hydro-
phobicity descriptor at pH 7.4 incorrectly predicted it as a low-permeable 
instead of a high-permeable compound. This misclassification can be caused by 
the precision of the calculated logD at pH 7.4. The classification models with 
theoretical molecular descriptors predict correctly class-based pH-permeability 
profiles for all four compounds. Both types of classification models predict 
correctly classes for the logPe_highest and the logPo for all four compounds.  
 
Table 16. The comparison of the predictions from the classification models with a 
hydrophobicity descriptor (logD/logPow) and theoretical molecular descriptors (Mol. 
desc.) for four example compounds (H – high, L – low, High. – logPe_highest). 

 
Consequently, according to the four example compounds, the classification 
models with theoretical molecular descriptors are able to correctly predict the 
class-based pH-permeability profiles for all four compounds, while the 
classification models with a hydrophobicity parameter misclassify one com-
pound for one data series, showing a better robustness of theoretical molecular 
descriptors. Similarly to the general QSAR models (Section  4.4), the use of the 
classification models depends on the purpose: the pH-specific classification 

a) Ketoprofen      BCS: high  b) Propranolol     BCS: high 
Acid 3 5 7.4 9 High. logPo  Base 3 5 7.4 9 High. logPo 
Exp H H L L H H  Exp L L H H H H 
logD/logPow H H L L H H  logD/logPow L L L H H H 
Mol. desc. H H L L H H  Mol. desc. L L H H H H 
               

c) Famotidine      BCS: low  d) Carbamazepine    BCS: high 
Ampholyte 3 5 7.4 9 High. logPo  Neutral 3 5 7.4 9 High. logPo 
Exp L L L L L L  Exp H H H H H H 
logD/logPow L L L L L L  logD/logPow H H H H H H 
Mol. desc. L L L L L L  Mol. desc. H H H H H H 
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models allow predicting the class-based pH-permeability profiles and the 

regional dependent absorption; the classification model for the logPe_highest 

predicts the highest permeability class in the GIT; and the classification model 

for the logPo predicts permeability class for the unionised form of the 

compound.  

 

4.6. Classifying the U.S. FDA reference drug substances 

A set of the U.S. FDA reference drug substances for the BCS permeability class 

(Section 3.5) was used as the third validation and also a practical use case for 

the developed logistic classification models (Section 4.5). Experimental 

membrane permeability data and classification models (Sections 4.5.1 

and 4.5.2) were applied to predict the permeability class for the BCS.  

The comparison of classes for the experimental membrane permeability with 

the permeability classes in the BCS shows interesting trends (Figure 25: a, 

previously unpublished comparison). Experimentally measured high-permeable 

compounds (10) show a particularly good match at pH 9 and for the logPe_highest 

and the logPo. Only half of high-permeable compounds are correctly classified 

at pH 3, 5, and 7.4. More than 80% of low-permeable compounds (6) are 

correctly classified with almost all data series, except for the logPo. The 

plausible explanation is related to the trend that the logPo overestimates the 

permeability class for low-permeable compounds, because all compounds are 

not fully unionised in the GIT. This indicates that the membrane permeability 

measured by the PAMPA allows to estimate the permeability class for the BCS 

with high accuracy.  

Figure 25. The comparison with the permeability class in the BCS for the U.S. FDA 

reference drug substances: (a) the experimental membrane permeability class, (b) the 

predicted membrane permeability class using the classification models with a hydro-

phobicity descriptor, and (c) the predicted membrane permeability class using the 

classification model with theoretical molecular descriptors (High. – logPe_highest). 
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The comparison between the permeability class in the BCS and the predicted 
membrane permeability classes using the classification models with a 
hydrophobicity descriptor and theoretical molecular descriptors (Figure 25: b,c) 
shows that the variation of the accuracy over the data series is very small, but 
sensitivity and specificity vary in a wide range. The trends in the variation of 
sensitivity and specificity are similar to the experimental data (Figure 25: a). 
Prediction accuracies for the U.S. FDA reference drug substances across all data 
series show that the classification models with theoretical molecular descriptors 
perform better than the classification models with a hydrophobicity descriptor 
(Figure 25: b,c). This difference is due to the prediction quality for high-
permeable compounds, i.e. the classification models with a hydrophobicity 
descriptor have lower sensitivity compared to the classification models with 
theoretical molecular descriptors. The prediction quality for low-permeable 
compounds is similarly good for the classification models with a hydro-
phobicity descriptor and theoretical molecular descriptors. The best perfor-
mance characteristics were obtained using the classification models with 
theoretical molecular descriptors for the logPe_highest and the logPo. These 
classification models have higher performance because they took into account 
the full pH range in the GIT and descriptor content in the equations is more 
diverse. 

In order to take the advantage of the four experimental and two derived 
membrane permeability data series and corresponding classification models, a 
simple decision trees were developed to improve the prediction confidence of 
the BCS permeability classes. Three decision trees have been developed: one 
for the experimental membrane permeability classes, and two for the predicted 
permeability classes using the classification models with a hydrophobicity 
descriptor and theoretical molecular descriptors. All decision trees (Figure 26) 
use the number of the predictions into the high permeability class over six 
models (#HighPrediction) as a criterion. This value must be at least three to 
classify a compound as high permeable. The decision tree with experimental 
membrane permeability classes show comparable results with the logPe_highest 
data (Figure 25: a). The decision tree with a hydrophobicity descriptor has the 
same performance characteristics as the model for the logPo (Figure 25: b). The 
decision tree with theoretical molecular descriptors has higher accuracy (0.91) 
and specificity (0.9) than any individual models (Figure 25: c). Comparing the 
decision trees based on predictions from the classification models, the one with 
theoretical molecular descriptors has significantly higher accuracy (0.91 vs 
0.81), sensitivity (0.82 vs 0.64), and specificity (0.95 vs 0.90) in contrast to the 
models with a hydrophobicity descriptor. This shows that the classification 
models relying on a hydrophobicity descriptor capture less structural features 
than theoretical molecular descriptors. Low-permeable compounds in the BCS 
are most likely misclassified, because they have a low solubility at pH-s, where 
the membrane permeability is high, which is decreasing absorption in the GIT, 
but the solubility is not explicitly considered in the developed classification 
models for the membrane permeability.  
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Figure 26. Decision trees for the experimental membrane permeability classes and the 

predictions from the classification models with a hydrophobicity descriptor or 

theoretical molecular descriptors.  

 

Conclusively, although some misclassifications are present for both high- and 

low-permeable compounds, the decision trees predict the BCS permeability 

classes with equal or higher confidence in comparison to the individual 

classification models (Figure 25). Especially improvement is achieved when 

using the classification models with theoretical molecular descriptors. Con-

sequently, the decision trees evaluated the consensus of six classification 

models and attributed more precisely the BCS permeability classes for the U.S. 

FDA reference drug substances. From this can be concluded that such an 

approach will help to apply these classification models and decision trees to 

predict the passive transport of new drug candidates with high reliability. 
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SUMMARY 

Permeability of drug substances is an important component of the absorption in 
the gastrointestinal tract alongside solubility and is therefore an essential 
property of drug discovery and development studies. The permeability describes 
the movement of drug substances through the intestinal epithelium, which 
occurs mainly when drug substances are in unionised form. At the same time, it 
is known that about 80% of drug substances are ionisable in the fluctuating pH 
range of the GIT (pH ~2 to pH ~8). Therefore, it is important that the pH-
permeability profiles of drug substances and drug substance candidates can be 
analysed using experimental and cheminformatics methods.  

During the study, a systematic database of experimental pH-permeability 
profiles for 274 drug substances has been assembled. The pH-permeability 
profiles were measured with the parallel artificial membrane permeability assay 
(PAMPA) at four pH-s (3, 5, 7.4 and 9) introducing technological innovation to 
measure the time dependence in semi-high-throughput manner. The pH-
permeability profiles show that different chemical classes (acids, bases, 
ampholytes and neutrals) do have characteristic pH-permeability profiles and 
they are related to the fraction of unionised species at concrete pH conditions. 
The experimental membrane permeability taking account the full pH range in 
the GIT is in good agreement with the human intestinal absorption, showing the 
ability of the artificial membrane method to describe the human intestinal 
absorption and a clear influence of pH on the efficiency of intestinal absorption.  

The developed and externally validated QSAR models for the membrane 
permeability allow to predict the pH-permeability profiles, the highest 
membrane permeability over the pH range in the GIT, and the membrane 
permeability for the unionised form of the compound. The descriptors in the 
general QSAR models explain that the membrane permeability is mecha-
nistically determined by the hydrophobicity and hydrogen bonding properties. 
The QSAR models for separate chemical classes provide more detailed view to 
the structural characteristics determining the membrane permeability. The 
membrane permeability for acidic and neutral drug substances is described by 
the hydrogen bond donor properties, for the basic drug substances by the 
distribution characteristics, and for the amphoteric drug substances by the 
hydrophobicity, hydrogen bonding, and the size and shape of the molecules. 
The developed QSAR models allow predicting the membrane permeability for 
drug substance candidates and provide an estimation for human intestinal 
absorption. 

The developed and triple-validated classification models allow to evaluate 
permeability classes for specific pH (i.e. class-based pH-permeability profile), 
over the pH range in the GIT, and for the unionised drug substances. The 
classification models show that the permeability class can be determined using 
hydrophobicity descriptor or theoretical molecular descriptors, which describe 
the ionisation, polarity, and the size and complexity of the molecule. The 
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classification models were tested with the U.S. FDA reference drug substances 
for the high and low permeability classes in the BCS. This test gives good 
coherence between predicted membrane permeability class and the permeability 
classes in the BCS for the full pH range in the GIT. Further improvement in the 
identification of the BCS permeability classes was achieved using the decision 
tree that consolidated predictions from six classification models. As the result, 
91% of the U.S. FDA reference drug substances were correctly classified for 
high and low permeability classes in the BCS.  

In the conclusion, the membrane permeability is highly influenced by pH, 
which convincingly suggests that the pH range in the GIT is an important 
parameter to consider during the drug discovery process. Within this thesis the 
developed qualitative and quantitative prediction models for a wide pH range 
are explicitly validated and openly available in the QsarDB repository. Thus, 
the developed models can be used for predicting and analysing the pH-
permeability profiles for drug candidates during the early stages of drug 
discovery. In addition, the novel decision trees allow predicting the permeability 
classes in the BCS with high confidence, and it can be used to improve the 
selection of the biowaivers for the bioavailability and bioequivalence studies. 
The developed models are not only useful for drug discovery, but can also be 
applied in other industries, like cosmetics, food, and industrial chemicals, to 
avoid animal testing, while estimating permeability in the GIT.  
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SUMMARY IN ESTONIAN 

Raviainete efektiivse membraaniläbitavuse pH profiilide 
eksperimentaalne uurimine ja modelleerimine 

Raviaine läbitavus koos lahustuvusega on seedetrakti absorptsiooni oluline 
komponent ja on seetõttu ravimite väljatöötamise uuringute tähtis osa. Läbi-
tavus kirjeldab ühendite liikumist läbi seedetrakti epiteelkihi, mis peamiselt toi-
mub kui raviaine on mitteioniseerunud kujul. Samal ajal on teada, et ligikaudu 
80% raviainetest ioniseeruvad seedetrakti muutuvas pH-vahemikus, mis variee-
rub alates väga happelisest pH-st (~2), kuni aluselise pH-ni (~8). Seetõttu on 
oluline uurida eksperimentaalselt ja keemiainformaatika meetodeid kasutades 
raviainete membraaniläbitavuse sõltuvust pH-st. 

Töö käigus koostati süsteemne andmebaas, mis sisaldab 274 raviaine ekspe-
rimentaalseid membraaniläbitavuse pH profiile. Membraaniläbitavuse pH pro-
fiilid mõõdeti tehislikul membraanil põhineva läbitavuse määramise katsega 
(PAMPA) neljal pH-l (pH 3, 5, 7.4 ja 9), mida täiendati tehnoloogiliselt 
innovaatilise ajast sõltuvuse määramise lähenemisega. Mõõtmiste tulemused 
näitavad, et erinevatel aineklassidel (happed, alused, amfolüüdid ja neutraalid) 
on iseloomulikud pH-membraaniläbitavuse profiilid, mis on seotud mitte-
ioniseeritud osakeste hulgaga lahuses kindlal pH-l. Eksperimentaalsed 
membraaniläbitavuse väärtused laias pH-vahemikus on heas kooskõlas inimese 
seedetrakti absorptsiooniga, mis näitab, et tehisliku membraani läbitavus on 
rakendatav seedetrakti absorptsiooni kirjeldamiseks ja seedetrakti absorptsiooni 
efektiivsus on selgelt mõjutatud pH-st.  

Uurimise käigus arendati ja sõltumatult valideeriti kvantitatiivseid struktuur-
aktiivsus sõltuvuse (QSAR) prognoosmudelid, mida on võimalik kasutada 
membraaniläbitavuse pH profiilide, kõrgeima membraaniläbitavuse ja mitte-
ioniseerunud ühendi membraaniläbitavuse prognoosimiseks. Arendatud QSAR 
mudelid näitavad, et membraaniläbitavus on mõjutatud raviaine hüdrofoobsu-
sest ja nende võimest anda vesiniksidemeid. Erinevate aineklasside QSAR 
mudelid viitasid, et membraaniläbitavus hapete ja neutraalsete ühendite korral 
sõltub vesiniksideme doonori omadustest, aluste puhul hüdrofoobsusest ja 
amfolüütide korral hüdrofoobsusest, vesiniksideme andmise võimest ja mole-
kuli suurusest ning kujust. Arendatud prognoosmudelid on kasutatavad uute 
raviainete membraaniläbitavuse prognoosimiseks ja seedetrakti absorptsiooni 
hindamiseks. 

Arendatud ja kolmekordselt valideeritud klassifikatsioonimudeleid saab 
kasutada kõrge ja madala membraaniläbitavuse hindamiseks erinevatel pH-del, 
üle kogu pH vahemiku seedetraktis ja mitteioniseerunud ühendile. Klassifikat-
sioonimudelid näitavad, et membraaniläbitavuse klassi saab määrata kasutades 
struktuuri parameetreid, mis kirjeldavad hüdrofoobsust või kombineerides 
teoreetilisi molekulaar-deskriptoreid, mis kirjeldavad ionisatsiooni, polaarsust ja 
molekuli suurust ja kuju. Praktikas rakendati klassifikatsiooni mudeleid 
referentsühenditele, mis on määratud USA Toidu- ja Ravimiameti poolt bio-
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farmatseutilise klassifikatsiooni läbitavuse klassi hindamiseks. Prognoositud 
membraaniläbitavuse klassid olid heas vastavuses biofarmatseutilise klassifi-
katsiooni läbitavuse klassiga kui võeti arvesse kogu pH vahemikku seedetraktis. 
Kõrgema prognoosimise täpsuse saavutamiseks kasutati kuue mudeli prognoo-
situd väärtusi otsustuspuus. Selle tulemusena klassifitseeriti 91% referentsühen-
ditest korrektselt biofarmatseutilise klassifikatsiooni läbitavuse klassi. 

Kokkuvõtteks, membraaniläbitavus on märkimisväärselt mõjutatud pH-st, 
mis selgelt näitab, et oluline on võtta arvesse pH mõju läbitavusele varajastes 
ravimiarenduse etappides. Arendatud kvalitatiivsed ja kvantitatiivsed prognoos-
mudeleid laias pH-vahemikus on põhjalikult valideeritud ja on avalikult kätte-
saadavad QsarDB andmebaasis. Seega saab neid mudeleid rakendada ravimi-
kandidaatide membraaniläbitavuse pH profiilide prognoosimiseks varajases 
ravimiarenduse etappides. Erinevaid klassifitseerimise mudeleid koondav otsus-
tuspuu võimaldab hinnata biofarmatseutilise klassifikatsiooni läbitavuse klasse 
ja see võimaldab efektiivsemalt valida ühendeid biokättesaadavuse uuringu-
tesse. Arendatud prognoosmudelid ei leia rakendust mitte ainult ravimiaren-
duses, vaid neid mudeleid saab kasutada ka toidu-, kosmeetika- kui ka 
keemiatööstuses, et hinnata ühendite läbitavust seedetraktis ilma loomkatseteta. 
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