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ABSTRACT 

Absorption, distribution, metabolism, and excretion (ADME) are the main 

processes that determine the concentration-time profile i.e., the 

pharmacokinetic (PK) profile of a drug in plasma and tissues. When the PK 

profile is further connected to relevant information concerning the 

pharmacodynamics of the drug, the quantitative information can be used to 

guide drug’s dosing selection. Therefore, it is of utmost importance to try to 

predict the ADME properties and the PK profile of drugs already in the drug 

discovery and to refine the understanding during drug development. 

The ADME processes are complex and dynamic biological events which 

make the prediction challenging. Despite promising progress during recent 

years, there is still a lot to do in improving the in silico and in vitro tools for 

predicting drug PK in human particularly absorption and metabolism. In 

addition, the ADME properties should not be considered too much in 

isolation. The ADME properties need to be bound together to produce a 

quantitative estimate of the drug’s PK profile in human. This requires using 

the PK modelling techniques. Therefore, continuous development of models 

predicting individual ADME properties as well as better PK modelling 

methods are needed. Also, retrospective analysis of the models with in vivo 

data is an essential part of developing and refining the models. 

In this thesis, in silico and in vitro models for predicting the passive 

absorption of drug candidates were developed. Novel quantitative structure 

property relationship (QSPR) models were built to predict the absorption rate 

constant (Ka) of drugs in human based on calculated physicochemical 

molecular descriptors. The paracellular absorption route of in vitro cell line 

models were characterised and means to scale the Caco-2 in vitro permeability 

results to human intestine was found. The developed absorption models can 

be used in the early drug discovery to guide molecule design and to select the 

most promising compound for further studies. Rapid and complete absorption 

alone is not enough but metabolism must also be taken into account when 

predicting the bioavailability of the drug and the possibility of achieving an 

effective plasma concentration. In this thesis two strategies to overcome 

extensive drug metabolism were studied namely ocular topical administration 

route for naloxone and inhibition of metabolism with co-administered drugs 

for levodopa. All the studies of this thesis produced such data that can be used 

to develop PK models. 

As a conclusion, this thesis provided novel models for predicting the 

passive absorption of drug candidates and proven strategies to overcome the 

extensive metabolism of drugs. The findings of this thesis support the use of 

PK modelling techniques to guide drug development from the early discovery 

to late development. 
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1 INTRODUCTION 

Absorption, distribution, metabolism, and excretion (ADME) are the main 

elements that form the pharmacokinetic (PK) profile of a drug. Today the 

importance of drug’s favourable ADME properties has been recognized but 

this has not been the case some decades ago when achieving the best possible 

potency against the biological target tended to rule over the ADME (Clark 

1999, Norinder et al. 1999, Grime et al. 2013). Consequently, PK related issues 

accounted for approximately 40% of all attrition and were the most significant 

causes of failure in clinical development (Daga et al. 2018). This started the 

increase in effort for developing in silico and in vitro tools to better predict the 

ADME of drug candidates already in the early phase of development both in 

industry and academia. This effort has led to decrease in the attrition of drug 

candidates due to PK issues. 

Despite the promising progress, there is still a lot to do in improving the in 

silico and in vitro tools for predicting drug PK in human particularly 

absorption and metabolism. The processes like drug absorption and 

metabolism are complex and dynamic biological chains of events which make 

the prediction challenging. In addition, the ADME properties should not be 

considered too much in isolation but as pieces forming the whole PK profile of 

the drug. Binding the ADME properties together and building a quantitative 

estimate of the drug’s PK profile in human is not possible without PK 

modelling. Therefore, not only further development of the models predicting 

individual ADME properties are needed but also development of better PK 

modelling methods. The PK modelling methods have been greatly improved 

during recent years and their use also in regulatory processes has enlarged. 

However, further development of better models and in setting the right 

mindset towards PK modelling is needed. The in silico ADME and PK models 

should not be seen as replacers of the in vitro laboratory or in vivo work. 

Instead, they all are needed hand on hand to gain the best possible 

understanding from the ADME behaviour of a drug. Only then researchers are 

able to concentrate on the promising drug candidates instead of losing time 

and money to those with unconquerable PK issues. 

Absorption and metabolism of a drug are the main determinants of its oral 

bioavailability i.e. the fraction of dose reaching the systemic circulation after 

oral administration. The drug in systemic circulation can further reach the site 

of action and be effective. In this thesis, the work concentrated on developing 

in silico and in vitro models for predicting the passive absorption of drug 

candidates and on studying strategies to overcome extensive metabolism of 

drugs in vivo. In all studies the intention was to produce such data that can be 

used either as input data or as validation data in PK modelling. 

As a result: i) novel quantitative structure property relationship (QSPR) 

models were built to predict the the absorption rate constant (Ka) in human 
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based on few calculated physicochemical molecular descriptors of the drug, ii) 

the paracellular absorption route of in vitro cell line models were 

characterised and means to scale the Caco-2 in vitro permeability results to 

human intestine was found, iii) two strategies, ocular topical administration 

route and adjusted inhibition of metabolising enzymes, were proven to be 

efficient in handling the extensive metabolism of naloxone and levodopa, 

respectively. 
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2 LITERATURE REVIEW 

2.1 QUANTITATIVE STRUCTURE BASED DRUG 
ABSORPTION ESTIMATION 

Oral route is the most widely used drug administration route due to its 

convenience and cost-effectiveness (Khan & Sylte 2007, Norinder et al. 1999). 

Hence, it is very important to identify compounds with properties that make 

them suitable for this route of dosing (Pelkonen et al. 2001). Two key 

determinants of intestinal drug absorption are dissolution in the intestinal 

contents and permeability through the gut wall (Chiou 2001, Khan & Sylte 

2007, Lipinski 2000, Winiwarter et al. 2003). 

Early prediction of human absorption properties is of utmost importance 

for optimising and selecting the most promising drug candidates for further 

studies (Lipinski et al. 1997, Smith et al. 1996, Ren et al. 1996). Therefore, the 

most convenient molecular properties to be used for predicting drug 

permeability and absorption are those that can be determined based on 

molecular structure even before a compound has been synthesised (Daga et al. 

2018). Researchers have therefore tried to define the physicochemical and 

structural properties of drugs that favour intestinal absorption and to develop 

computational methods for predicting that (Clarks 1999). 

One of the first and a very popular model for guiding drug candidate 

selection based on easily determined molecular properties was Lipinski’s rule 

of 5 (Clark 1999, Egan & Lauri 2002, Khan et al. 2010, Lipinski et al. 1997) 

(Table 1). 

Table 1 Lipinski’s Rule of 5 

Compound is likely to have poor intestinal absorption if two of 

the below parameters are out of range 

MW >500 

LogP >5 

Number of hydrogen bond donors (HBD) 

(Sum of OHs and NHs) 

>5 

Number of hydrogen bond acceptors (HBA) 

(Sum of N and O atoms) 

>10 

LogP, octanol-water partition coefficient; MW, molecular weight 

The Rule of 5 model gives qualitative information about the ability of a drug 

to permeate passively through the gut wall. The model was a good starting 

point towards early screening and selecting the candidate molecules based on 

their absorption ability. However, as a qualitative model it cannot be used as 

an input parameter in quantitative PK models which limits its further use. To 

tackle this limitation, quantitative models aiming to predict compound’s 
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permeability in the Caco-2 cell line model (Papp) and fraction absorbed (Fa) in 

human have been developed. The simplest models are based on correlation 

between two properties by linear or non-linear regression (Table 2). 

Table 2 Correlations between drug permeability and absorption values and single 
molecular descriptors 

Estimated 

property Descriptor n r2 Ref. 

Caco-2 Papp PSAd 8 0.99 Palm et al. 1998 

PWASA 6 0.98 Krarup et al. 1998 

HB 10 0.97 Conradi et al. 1992 

ClogD 8 0.75 Palm et al. 1998 

Fa in human PSA 20 0.92 Clark 1999 

PSAd 20 0.94 Palm et al. 1997 

%PSAd 20 0.89 Palm et al. 1997 

HB 20 0.87 Palm et al. 1997 

HBA 20 0.87 Palm et al. 1997 

HBD 20 0.60 Palm et al. 1997 

ClogP 20 0.34 Palm et al. 1997 
ClogD, calculated octanol-water distribution coefficient; ClogP, calculated octanol-water partition 

coefficient; Fa, fraction absorbed; HB, number of hydrogen bonds; HBA number of hydrogen bond 

acceptors; HBD, number of hydrogen bond donors; n, number of compounds in the training set; na, not 

available; Papp, apparent permeability coefficient; PSA, single conformer polar surface area; PSAd, 

dynamic polar surface area; %PSAd, dynamic polar fraction of the total surface area; PWASA, polar 

water accessible surface area; r2, coefficient of determination 

The found correlations between a single physicochemical descriptor and 

permeability or absorption are based on small data sets of 6 to 20 compounds. 

In addition, these data sets are typically a series of homologous compounds, 

and the correlations are generally impaired when structural diversity is 

introduced (Artursson & Karlsson 1991, Palm et al. 1996, Palm et al. 1997). 

Even the passive drug absorption is a complex process depending on several 

drug properties and physiological factors (Burton et al. 2002, Goodwin et al. 

2001). In addition, it is important to understand that Fa of a drug is affected 

by the solubility and the dissolution in intestinal fluids and the permeability 

through the gut wall. Therefore, it is rather unrealistic to be able to find a single 

physicochemical or structural descriptor of the drug that could describe the 

whole absorption process with high accuracy. The possible involvement of 

active influx and efflux transporters in absorption process makes the 

predicting even more complicated. 

Many attempts have been made to develop multiparameter equations for 

predicting drug absorption by using more advanced techniques, typically 

principal component analysis (PCA) with partial least square (PLS) projection 

or neural networks. Computational molecular descriptors such as calculated 

octanol-water partition coefficient (ClogP), polar surface areas (PSAs) and 
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hydrogen bonding (HB) descriptors have been combined to predict Caco-2 

permeability (Norinder et al. 1997, Stenberg et al. 2001, Yamashita et al. 2002, 

Österberg & Norinder 2001), Fa (Norinder et al. 1999, Stenberg et al. 2001, 

Wessel et al. 1998, Zhao et al. 2001, Zhao et al. 2002) or human jejunal 

permeability (Peff) (Winiwarter et al. 1998, Winiwarter et al. 2003). These 

models have been developed with data sets of 17 to 241 compounds. Some of 

the equations have been able to predict the experimental drug absorption 

parameters well, the coefficient of determination (R2) generally ranging from 

0.74 to 0.98. However, larger datasets with experimental absorption 

parameters would be needed to further refine and test the prediction accuracy 

of these in silico models. 

2.2 IN VITRO CELL CULTURE MONOLAYERS IN 
PREDICTING PASSIVE DRUG ABSORPTION 

When the drug molecule has been synthetised, it is possible to study its 

permeability properties in more detail with in vitro methods. Artificial 

permeation barriers, such as artificial hexadecane membrane model (HDM) 

and phospholipid-based parallel artificial membrane permeation assays 

(PAMPA) have been developed. However, they cannot model all the transfer 

routes and barriers involved since they completely lack active transporters and 

the paracellular route (Mattson et al. 2005). Instead, permeability 

experiments with various cell culture monolayer models are used to predict 

the intestinal permeability of drugs during the development process. They are 

easy to perform and require only a few milligrams of the drug (Artursson et al. 

1991, Balimane & Chong 2005, Hidalgo et al. 1989). The cell culture models 

can be used to screen the intestinal absorption of candidate compounds as well 

as to screen the involvement of the transporter interactions which may 

complicate the absorption and disposition of the compound (Artursson et al. 

2001; Balimane & Chong 2005; Heikkinen et al. 2009). Although many 

cultured cell monolayers also include active influx and efflux transporters 

(Goh et al. 2002, Putnam et al. 2002, Fedi et al. 2021), this review concentrates 

only on the passive drug diffusion. 

2.2.1 PASSIVE DRUG DIFFUSION 

The most common cells in the intestinal epithelium are enterocytes (Balimane 

& Chong 2005). Enterocytes form a monolayer on the gut wall which is 

considered as the primary barrier for a drug permeation with a minor role of 

the unstirred water and mucus layers at the surface of the epithelium 

(Lennesnäs 1998). The hydrophilic space between enterocytes, called tight 

junctions, are protein structures that seal the space between enterocytes 

(Furuse et al. 1993, Furuse et al. 1998). Tight junctions can be divided into a 

pore pathway, primarily regulated by claudins, and a leak pathway regulated 
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by zonula occludens-1 and occluding (Shen et al. 2011). Passive drug diffusion 

across the epithelium occurs either across the lipoidal enterocyte membrane 

(transcellular) or between the enterocytes via the tight junctions (paracellular) 

(Figure 1). The route of passive diffusion depends mainly on compound’s size, 

lipophilicity, and charge (Adson et al. 1995, Knipp et al. 1997, Pade & 

Stavchansky 1997). 

 

Figure 1 Schematic drawing of the passive diffusion routes of intestinal epithelium 
(created with BioRender.com) 

Transcellular diffusion is a process driven by the concentration gradient of 

a compound and applies mostly to lipophilic compounds that readily 

distribute into the cell membrane of the intestinal epithelium. This pathway is 

usually not saturable (Artursson et al. 2012, Hidalgo et al. 1991, Youhanna & 

Lauschke 2021). Most drugs which are rapidly and completely absorbed after 

oral administration are transported through the transcellular route (Artursson 

et al. 2012). 

The paracellular transport is a process in which primarily small hydrophilic 

molecules passively diffuse through the tight junctions. For example, atenolol, 

famotidine, nadolol, and ranitidine are drugs that are transported through the 

paracellular route (DiMarco et al. 2017). Their molecular weight (MW) ranges 

from 266 g/mol to 337 g/mol and logP from -0.64 to 0.81 (PubChem, 2022). 

The paracellular space is negatively charged and therefore cations permeate 

via paracellular route easier than neutral compounds and further anions 

(Adson et al. 1995, Kottra & Frömter 1983, Nagahara et al. 2004). The 

efficiency of this route is much lower than that of the passive transcellular 

route due to the low area of the paracellular space on the membrane compared 

to the area for the transcellular route. The paracellular route occupies only 

0.01-0.1% of the total surface area of the intestinal epithelium (Larregieu & 

Benet 2013). Therefore, the paracellular absorption can get saturated 

(Youhanna & Lauschke 2021). The features of transcellular and paracellular 

diffusion are compared in Table 3. 
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Table 3 Features of passive transport routes across the intestinal epithelium. 

Feature Transcellular Paracellular 

Direction Bidirectional Bidirectional 

Driving force Concentration gradient Concentration gradient 

Capacity Very high Low 

Saturable No Yes 

Inhibitable No No 

Cell model-dependency Independent Dependent 

Typical molecule Lipophilic, lowly ionised Hydrophilic 
Partly adopted from Youhanna & Lauschke 2021  

It is also good to bear in mind that many drugs that are substrates of some 

active influx transporters permeate the intestinal epithelium also via passive 

diffusion. The active influx transporters are saturable and often the relative 

contribution of the passive route increases with increasing dose of the drug 

(Artursson et al. 2012, Flanagan et al. 2002, Sugano et al. 2010, Zheng et al. 

2015). 

2.2.2 CELL LINE MODELS 

The most widely used and extensively characterised enterocytic cell line model 

is the Caco-2 which is derived from human epithelial colorectal 

adenocarcinoma cells. When cultured in confluent monolayer, Caco-2 cells 

differentiate into intestinal enterocyte-like cells with features, such as 

polarisation, apical brush borders and tight junctions (Hidalgo et al. 1989, 

Artursson et al. 1991, Natoli et al. 2012). Caco-2 cell line also includes many 

active influx and efflux transporters but are expressed in variable extent 

compared to the human intestine (Sun et al. 2002, Ölander et al. 2016). The 

Caco-2 cell line was originally discovered and developed in the lab of 

Zweibaum in the 1980’s (Pinto et al. 1983, Borchardt 2011, O’Shea et al. 2022). 

The resulting application, which uses the cultured Caco-2 monolayer to screen 

the permeability of a drug, was developed in the laboratories of Borchardt 

(Hidalgo et al. 1989), Burton (Hilgers et al. 1990) and Artursson (Artursson 

1990). This Caco-2 cell line model has been approved also by the regulators to 

be used as a model for passive drug permeability in human intestine. The 

Caco-2 cell line model can be used to classify a drug as a high or low 

permeability compound when waiving bioequivalence studies based on the 

Biopharmaceutics Classification System (BCS) developed by Amidon and co-

workers (Amidon et al. 1995). The first regulatory guidance related to the BCS 

based biowaiving was issued by the Food and Drug Administration (FDA) in 

August 2000 (Yu et al. 2002) and the latest guidance is the International 

Council for Harmonisation of Technical Requirements for Pharmaceuticals for 

Human Use (ICH) M9 guideline, which came into effect in 2021 (ICH 2021). 

Since its introduction the BCS has been a subject of extensive research and 
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discussion and alternative classification systems like the Biopharmaceutics 

Drug Disposition Classification System (BDDCS) in which the permeability 

component of the BCS has been changed to a route of elimination component 

(Wu & Benet 2005) have been suggested. 

Variability in Caco-2 monolayer permeability between and even within 

laboratories is a known fact (Vachon and Beaulieu 1992, Sambuy et al. 2005, 

Wilson et al. 1990). By using reference compounds as internal standards to 

establish a range of low, moderate, and high passive diffusion the between 

laboratory comparison can be done with caution. A comprehensive list from 

the 40 regulatory approved reference compounds can be found from the ICH 

M9 guidance (ICH 2021). Solution for the variability issue of Caco-2 cell line 

model, has been sought also by isolating a more homogenous sub-clone of 

Caco-2 cell line model. From these clones the TC-7 has been the most 

promising (Turco et al. 2011, Zucco et al. 2005). 

Two other cell line models that are most frequently used for the drug 

permeability assessments are Madine Darby canine kidney (MDCKII) and 

Lewis lung carcinoma-porcine kidney 1 (LLC-PK1) cell lines (Cho et al. 1989, 

Li et al. 2002, Thwaites et al. 1993). Although these cell lines are derived from 

kidney epithelium, they form monolayers with intermittent tight junctions 

when cultured on semi-permeable membranes and are therefore considered 

useful optional cell line models for the evaluation of the passive intestinal 

absorption of drugs (Irvine et al. 1999, Youhanna & Lauschke 2021). One of 

the major advantages of MDCKII and LLC-PK1 cell lines over Caco-2 cell line 

in studying passive diffusion is the shorter cultivation period (3-5 days versus 

21 days). However, these cell lines do not have similar regulatory status. 

Although, it has been shown that the above-mentioned cell line models can 

predict well the intestinal transcellular absorption they all have the drawback 

of not predicting accurately the intestinal absorption through paracellular 

route (Artursson et al. 1993, Irvine et al. 1999, Thwaites et al. 1993). This has 

been proposed to result from the tight junctions being less permeable in cell 

line models than in the human small intestine (Artursson et al. 1993). The 

2/4/A1 cell line model was developed to overcome the shortage related to the 

tight junctions (Tavelin et al. 2003a, Tavelin et al. 2003b). The 2/4/A1 cell line 

originates from the fetal rat intestine. It forms a differentiated monolayer with 

brush borders and leakier tight junctions than the Caco-2 monolayer 

(Balimane & Chong 2005). In addition, the Caco-2 sub-clone cell line model 

TC-7 exhibits more developed, leakier tight junctions than the Caco-2 cell line 

model (Fedi et al. 2021). The commonly used cell line models with their 

transepithelial electrical resistance (TEER) values are listed in Table 4. The 

TEER indicates the ease with which small, solvated ions can move through 

tight junctions (Avdeef 2010, Srinivasan et al. 2015). The lower the TEER value 

the easier is the passage through the tight junctions. 
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Table 4 Cell line models commonly used for passive intestinal permeability assessment of 
drugs 

Cell line 

model Origin 

TEER 
(Ω × cm2) Ref. 

Caco-2 Human colon 

adenocarcinoma 

200 

300 

250–2500 

Artursson et al. 2001 

Hidalgo et al. 1989 

Fedi et al. 2021 

TC-7 Caco-2 subclone 150–750 Fedi et al. 2021 

MDCKII Madine Darby canine 

kidney epithelial cells 

100 

280–640 

Cho et al. 1989 

Thwaites et al. 1993 

LLC-PK1 Pig kidney epithelial 

cells 

360–720 

 

Thwaites et al. 1993 

2/4/A1 Fetal rat intestinal 

epithelial cells 

25 

50 

Tavelin et al. 2003a 

Matsson et al. 2005 

HT29-MTX Human colon 

carcinoma 

monoculture 

170–280  

Caco-2 co-culture 

250–400 

Fedi et al. 2021 

TEER, transepithelial electrical resistance 

Although enterocytes constitute the most epithelial cells, other cell types 

might also affect drug absorption (Youhanna & Lauschke 2021). Particularly 

the mucus secreted by Goblet cells can form an additional barrier for passive 

absorption (Boegh & Nielsen 2015). The effect of mucus layer on drug 

absorption can be investigated with the HT29-MTX cell line model. These cells 

are derived from human colonic carcinoma, and they form confluent 

monolayers, tight junctions, and secrete a mucus layer. HT29-MTX cell line 

model has been used in permeability experiments as monoculture (Behrens et 

al. 2001) or co-cultured with Caco-2 cells (Walter et al. 1996). 

2.2.3 PERMEABILITY EXPERIMENTS WITH THE CELL MONOLAYERS 

Transwell system is used in most of the cellular permeation experiments 

modelling the intestinal absorption. Over the years, this experimental protocol 

has been described with detail (Hubatsch et al. 2007) and has been a subject 

of comprehensive reviews (Artursson et al. 2012, Natoli et al. 2012, Zucco et 

al. 2005). In this system the selected cell line is cultured as a monolayer on 

porous membranes. The drug is applied to the apical liquid compartment 

(donor) and the appearance of drug to the basolateral liquid compartment 

(receiver) is monitored as a function of time. The apical side represents the gut 

lumen side of the enterocytes, and the basolateral side represents the 

circulation in the capillaries of lamina propria (Heikkinen et al. 2009) (Figure 

2). 
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Figure 2 Diagram of Transwell system (created with BioRender.com) 

The simplest and the most often used method to analyse the permeability 

experiment data is simplifying the monolayer as a single barrier and 

considering only monodirectional permeation i.e., from apical to basolateral 

direction. In this method the apparent permeability coefficient (Papp) of a drug 

can be calculated with the equation 1 which is based on the Fick’s first law of 

diffusion. 

(1) 𝑃𝑎𝑝𝑝 =
𝑉𝑟

𝐴×𝐶0
×  

𝑑𝐶

𝑑𝑡
 

In this equation Vr is the volume in the receiver compartment, A is the surface 

area of the cell monolayer, C0 is the initial concentration of drug in the donor 

compartment, and dC/dt is the slope of the regression line obtained from the 

linear part of drug concentration in the receiver compartment versus time 

curve. 

To obtain a reliable Papp value, sink conditions need to be maintained over 

the experiment. This means that the drug concentration on the receiver side is 

<10% of the donor concentration throughout the study. In addition, 

incomplete (<80%) mass balance (recovery) of a drug at the end of the 

experiment can result in underestimated Papp value due to decreased driving 

force i.e., concentration gradient through the cell monolayer (Hubatsch et al. 

2007, Volpe 2008). Poor mass balance may result from cellular retention, 

adsorption to the experimental device or from instability of the drug in the 

experiment. The integrity of the cell monolayer should also be controlled. This 

can be done by measuring the TEER of the cell monolayer before and after the 

permeability experiment and/or by performing a simultaneous permeability 

experiment with a known paracellular marker e.g., radiolabeled mannitol 

(Hubatsch et al. 2007). 
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2.2.4 ACCURACY OF IN VIVO PASSIVE DIFFUSION PREDICTION 

WITH IN VITRO CELL LINE MODELS 

The first study to correlate Papp values of 20 structurally diverse compounds in 

Caco-2 monolayer with intestinal absorption in human was published by 

Artursson and Karlsson in 1991. They found a clear sigmoidal correlation 

between the experimental in vitro determined apparent Papp values and the 

observed in vivo Fa values in humans. The relationship allowed the 

classification of drugs into completely absorbed and poorly absorbed 

compounds (Artursson & Karlsson 1991). Later the ability of the Caco-2 

models to predict intestinal drug absorption in human has been studied by 

several researchers (Artursson et al. 2012, Matsson et al. 2005). 

Qualitatively similar sigmoidal relationship between experimental in vitro 

Papp values and in vivo human Fa values have been found also for MDCKII cell 

line model (Irvine et al. 1999), 2/4/A1 cell line model (Tavelin et al. 1999, 

Tavelin et al. 2003b, Matsson et al. 2005), TC-7 cell line model (Turco et al. 

2011) and HT29-MTX/Caco-2 co-culture cell line model (Walter et al. 1996). 

As a common finding the cell line models can predict the human Fa relatively 

accurately for drugs absorbing mainly via passive transcellular route. 

However, the permeability of drugs absorbing via paracellular route or using 

active influx transporters is generally underestimated (Heikkinen et al. 2009, 

Youhanna & Lauschke 2021). This can be at least partly explained by the 

differences in the paracellular route between cell line models and human 

intestine, smaller effective area of absorption and lack of many active 

transporters in cell line models (Artursson et al. 2012). MDCKII and 2/4/A1 

cell line models are as such able to predict the transport of drugs with low 

permeability through the intestinal wall better than Caco-2, TC-7 and HT29-

MTX/Caco-2 cell line models (Billat et al. 2017, Walter et al. 1996). This is 

most probably related to their differences in the leakiness of paracellular 

route. However, the prediction accuracy of Caco-2 based cell line model could 

be increased by better understanding the differences in paracellular porosity 

and pore sizes between this cell line model and human intestine. All the cell 

line models have deficiencies in active transporters and cytochrome P450 

(CYP) enzymes compared to the human small intestine. However, the Caco-2 

cell line model has been most widely characterised in relation to them. 

It is good to keep in mind that compounds with high passive permeability 

in a cell line model are typically well absorbed in vivo but compounds with low 

passive permeability in a cell line model cannot be ruled out as poorly 

absorbed compounds in vivo (Balimane & Chong 2005, Sun et al. 2002). 

Therefore, it is advisable to study the drug permeability in different cell line 

models as well as with in silico models and to combine the absorption 

knowledge with other ADME elements by PK modelling. Then the effect of 

absorption on the PK profile of the drug can be evaluated more thoroughly. 

When preclinical in vivo PK data is available, the prediction accuracy of the 

PK models can be assessed against that. However, the species difference in 
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active transporters and metabolising enzymes in intestinal wall needs to be 

noted. 

2.3 EYE AS AN ALTERNATIVE ROUTE OF 
ADMINISTRATION 

Although convenient, the oral route is not always possible for drug 

administration. Some drugs, even having favourable intestinal permeability 

properties, may chemically degrade in the gastrointestinal environment or 

have such a significant first pass metabolism that the therapeutic 

concentration in circulation and further in the target tissue cannot be achieved 

by oral dosing (Pond and Tozer, 1984). In addition, if the indication requires 

fast onset of action, the oral route may not be the best option. This is the case 

with naloxone, an opioid receptor antagonist, used as an emergency treatment 

in life-threatening situations to reverse opioid induced analgesia and 

respiratory depression (Britch & Walsh 2022). When naloxone has been 

administered as intravenous or intramuscular injections, the time to 

maximum plasma concentration (tmax) has been as low as 2-3 min and 10-20 

min, respectively (McDonald et al. 2018, Ryan and Dunne 2018). However, 

these injectable products are invasive and difficult to handle by non-

professionals in outpatient care. Naloxone can be administered also via 

sublingual, buccal, or intranasal route or as inhalation. These routes are not 

unproblematic either since the absorption of naloxone may be impaired via 

sublingual, buccal, and nasal routes due to vomiting or secretions and the 

respiratory tract route (inhalation) is not preferable if respiratory depression 

occurs. In addition to administration route challenges, naloxone has a short 

elimination half-life (t1/2) of 1-2 h compared to many opioids and therefore 

repeated dosing is often needed to avoid recurrence of respiratory depression 

during an overdose event (Carpenter et al. 2020). Considering all the above-

mentioned challenges of naloxone, administration as a topical eye drop could 

be an option worth exploring. The ocular topical route has not been clinically 

utilised as a drug delivery option to systemic circulation, but it could produce 

nearly complete bioavailability and rapid absorption. 

2.3.1 ROUTES OF SYSTEMIC ABSORPTION FROM TOPICAL EYE 

DROPS 

After eye drop administration in the conjunctival sac, typically less than 5% of 

the dose is absorbed into the eye (Urtti & Salminen 1993, Cholkar et al. 2013). 

This is due to the barriers of the eye protecting this organ from exposures to 

exogenous compounds. The barriers include the tear flow dynamic barrier and 

the static barriers of the cornea and conjunctiva (LeMerdy et al. 2020). 

A major fraction of administered drug escapes the eye due to tear drainage 

into nasolacrimal ducts or spillage (Cholkar et al. 2013). Typical eye drop 
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volume is 20-50 μl. However, the conjunctival sac holds only 7–10 μl by 

replacing tear, which is already present in the sac. Therefore, a significant 

portion of the administered dose is lost through spillage on the skin of the 

cheeks or drainage through the nasolacrimal duct (Schoenwald 1990). Tear 

drainage washes the topically instilled eye drop solution within 15 to 30 

seconds, causing a significant reduction in the contact time of administered 

drug with eye (Cholkar et al. 2013). From the nasolacrimal duct the drug 

further travels to the nasal cavity, pharynx, and gastrointestinal tract (Urtti & 

Salminen 1993). Systemic drug absorption could in principle take place from 

all these tissues. However, nasolacrimal duct has small surface area and short 

contact time for absorption and most of the systemic absorption takes place in 

the vascularised mucosa of the nasal cavity before the eye drop solution 

reaches pharynx and gastrointestinal tract (Urtti & Salminen 1993). 

Even from the dose left on the eye after drainage and spilling, the majority 

is often absorbed systemically instead of into the eye. Cornea is a route for 

ocular drug absorption and conjunctiva a route for both ocular and systemic 

drug absorption (Cholkar et al. 2013). The conjunctiva is a mucous membrane 

that covers the inner side of the eyelids and the anterior part of the sclera 

(Figure 3) (Cholkar et al. 2013). It is highly vascularized (Robinson et al. 2006) 

and despite its tight junctions, leakier than the cornea. Additionally, the 

conjunctiva has 17-times higher surface area compared to the cornea (Ramsay 

et al. 2018). The conjunctiva can be divided into three portions: palpebral, 

forniceal and bulbar. Interior of the upper and lower eyelids are lined by the 

palpebral conjunctiva; the bulbar conjunctiva is near to the sclera and the 

forniceal conjunctiva connects the other two portions. Forniceal and palpebral 

conjunctiva are highly vascularised and therefore the main areas of systemic 

absorption via conjunctiva (Cholkar et al. 2013). Based on calculations with a 

model taking into account the contact time of the solution, permeability and 

surface area of the conjunctiva, it has been estimated that the systemic 

absorption through conjunctiva could be 34-79% of the dose in the eye drop 

for a set of 25 compounds with the MW from 208 to 435 g/mol (Ramsay et al. 

2018). 
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Figure 3 Conjunctiva, cornea, and sclera in human eye (created with BioRender.com) 

Due to the systemic absorption from eye drops after ocular topical 

administration systemic side effects have been seen with several drugs 

intended for treating ocular diseases (Lama 2005). A fatal consequence was 

seen in the late 1970’s when timolol eye drops caused the death of more than 

30 glaucoma patients in the USA (Nelson et al. 1986). The underlying reasons 

were the patients’ sensitivity to beta blockers due to the cardiac and pulmonary 

conditions, and timolol’s very fast and complete absorption after eyedrop 

instillation (Nelson et al. 1986, Munroe et al. 1985). The systemic absorption 

of timolol from eye drops occurs mainly through the conjunctiva and nasal 

mucosa. Consequently, timolol directly enters the systemic blood circulation 

and passes the first-pass metabolism in the liver, which is extensive for oral 

timolol (Munroe et al. 1985). In addition to timolol, systemic drug absorption 

in humans has been reported after ocular topical administration of e.g., 

levobunolol (Novack et al. 1987), atropine (Lahdes et al. 1988), cyclopentolate 

(Kaila et al. 1989), scopolamine (Lahdes et al. 1990), phenylephrine (Kumar 

et al. 1985) and betamethasone (Baba et al. 1983) (Salminen 1990). 

As a summary, conjunctiva and nasal mucosa are the main sites of systemic 

drug absorption from eye drops. Both tissues are highly vascularized favouring 

rapid systemic drug absorption. 

2.3.2 EFFECT OF PHYSICOCHEMICAL PROPERTIES ON SYSTEMIC 

ABSORPTION FROM EYE DROPS 

The rate and extent of systemic drug absorption from eye drops depends on 

the physicochemical properties of the drug. For small lipophilic drugs the 

systemic bioavailability after eye drop administration may be almost 100% 

and the rate of absorption very fast indicated by as low as <10 min tmax values 

(Urtti & Salminen 1993). If the drug is vasoconstrictor like epinephrine and 

phenylephrine the systemic tmax increases (Suzuki et al. 2020). Increased 

hydrophilicity and MW are commonly thought to decrease and slow down the 

systemic absorption from eye drops. However, it was seen that permeability 
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through rabbit conjunctiva was less sensitive to the changes in drug 

lipophilicity (4.5-fold range) than the permeability through cornea (32-fold 

range) (Wang et al. 1991). When the systemic absorption of 5 beta blockers 

(alprenolol, oxprenolol, practolol, propranolol, and timolol) from eye drops 

was studied in rabbit, the most hydrophilic practolol was absorbed slower than 

the other compounds but its serum concentration level was similar than that 

of the other beta blockers (Schmitt et al. 1981). However, for large hydrophilic 

peptide molecules, inulin and insulin, the systemic bioavailability was only 1-

3% in rabbits (Stratford et al. 1988, Yamamoto et al. 1989). 

QSPR models have indicated that corneal and conjunctival drug 

permeability cannot be explained only with octanol-water distribution 

coefficient (logD), but other descriptors must be used in addition to obtained 

cornea and conjunctiva permeability predictions. In different QSPR models 

predicting permeability through cornea the most important molecular 

descriptors have been number of hydrogen bond donors (HBD), PSA and 

halogen ratio (Ramsay et al. 2018), molecular volume, MW and maximum 

partial charge on hydrogens (Ghorbanzad’e et al. 2011), or logD at 

physiologically relevant pH and HB (Kidron et al. 2010). In the QSPR model 

predicting the permeability through conjunctiva the most important 

molecular descriptors were PSA, HBD, and halogen ratio (Ramsay et al. 2017). 

These QSPR models were built by using PCA and PLS (Kidron et al. 2010, 

Ramsay et al. 2017, Ramsay et al. 2018) or multiple linear regression and 

multilayer perceptron neural networks (Ghorbanzad’e et al. 2011). All the 

QSPR models include similar molecular descriptors, and the descriptors are 

partly interrelated. Interestingly but not unexpectedly the same molecular 

descriptors have been shown to be relevant also for passive intestinal drug 

absorption (section 2.1). 

Although not discussed here in detail, formulation may play a significant 

role in the rate and extent of systemic drug absorption from eye drops. 

Increased viscosity prolongs the contact time on the ocular surface and 

increases ocular absorption and simultaneously may reduce the systemic 

absorption. Ocular to systemic absorption ratio can be further increased by 

decreasing the instilled eye drop volume (Urtti & Salminen 1993). 

2.3.3 MODELS TO PREDICT SYSTEMIC ABSORPTION FROM 

TOPICAL EYE DROPS 

The absorption potential of a drug through cornea and conjunctiva are rarely 

performed with intact eyes because the sampling from internal eye tissues 

could be severely damaging to the eye (Schoenwald 1990). Therefore, isolated 

cornea and conjunctiva from rabbit, bovine or pig eye or cell culture models 

are widely used (Kidron et al. 2010, Babar et al. 2009). The most used species 

in in vitro permeability studies is rabbit since it is the most popular 

experimental animal in ophthalmology (Mishima 1981, Ramsay et al. 2017). 

However, species difference may exist, and it has been shown that the 
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permeability of lidocaine, ciprofloxacin, timolol, and dexamethasone through 

porcine and bovine cornea and conjunctiva was lower than in rabbit (Loch et 

al. 2012). 

Also, most of the in vivo pharmacokinetic animal experiments to explore 

the systemic absorption of ocularly applied drugs have been conducted with 

rabbits (Babar et al. 2009, Urtti & Salminen 1993). It is important to keep in 

mind that, although the rabbit eye is similar in size to the human eye they also 

differ in several aspects. The rabbit eye has lower blink frequency than the 

human eye and only one punctum for solution drainage while humans have 

two of those. These differences may decrease the drainage of topically applied 

eye drops in rabbit compared to human (Babar et al. 2009, Urtti & Salminen 

1993). It has been shown that technetium labelled solutions are drained about 

three times faster from the human ocular surface than from the rabbit eye. In 

addition, rabbit has smaller absorption area in the drainage system than 

human (Urtti & Salminen 1993). The conjunctival drug permeability has been 

studied in rabbits, but not in humans. However, it is probable that in both 

species the conjunctiva is more permeable than the cornea. The rabbit eye has 

larger cornea, but the conjunctival surface area is comparable in both species. 

As a result, the drainage system is expected to be a relatively less important 

route of systemic absorption in rabbits than in humans (Urtti & Salminen 

1993). 

The in vivo pharmacokinetic studies with laboratory animals and even in 

vitro diffusion studies are labour intensive and time-consuming models for 

exploring ocular and systemic drug absorption. They are also criticised due to 

ethical issues. As already discussed in the previous chapter, QSPR models have 

been developed for early prediction of drug absorption through cornea and 

conjunctiva (Ghorbanzad’e et al. 2011, Kidron et al. 2010, Ramsay et al. 2017, 

Ramsay et al. 2018). The input parameters in these models are computable 

molecular descriptors which makes these models useful in estimating drug 

candidates’ absorption into the eye and systemic absorption during early 

development. The usefulness of these QSPR models can be further increased 

by using their output parameters as input parameters in compartmental or 

mechanistic pharmacokinetic models of ocular drug delivery. These kinds of 

pharmacokinetic models have been developed (Deng et al. 2016, Worakul & 

Robinson 1997, LeMerdy et al. 2019) and as the area of pharmacometrics is 

continuously strengthening the models will be further improved. These 

models combine the biological constants and dynamics of a body with the 

physicochemical characteristics of a drug and can thus be used to predict the 

tissue concentration (LeMerdy et al. 2020). 
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2.4 PK MODELLING WITH SPECIAL EMPHASIS ON 
PREDICTING CLEARANCE 

The further the drug development project proceeds the more crucial it is to 

understand the compound’s entire PK profile. Drug’s ADME behaviour 

determines its PK profile which drives the efficacy and safety (Yu & Wilson 

2010). Without understanding the drug’s PK profile, it is not possible to 

quantitatively justify a safe and efficacious dosing regimen. 

PK models are quantitative representations of ADME processes with an 

ultimate aim to describe and predict the concentration-time profile of a drug 

in plasma or in the site of action (Ahmad 2007). The processes of the human 

body that determine the ADME behaviour of a drug are complicated. PK 

models are simplified presentations of reality, mathematically describing the 

ADME process (Yu & Wilson 2010). They are beneficial tools in seeking the 

factors which are the most significant in describing the PK profile of a drug 

(Derendorf et al. 2000). 

When predicting the in vivo PK profile of a drug, the absorption, 

distribution, metabolism, and excretion processes cannot be separated from 

each other. PK modelling enables combining quantitative data describing the 

absorption, distribution, metabolism, and excretion of a drug and is thus a 

useful tool in evaluating the interplay of these processes and in predicting the 

in vivo PK profile of the drug. The complexity of PK models can range from 

being entirely empirical (exploratory), to semi-mechanistic and further to 

complex physiologically based pharmacokinetic (PBPK) models 

(Tsamandouras et al. 2013). The model selection depends on the goal of the 

modelling and from the availability and quality of the data for model 

development and validation. PK models can be built based on the observed in 

vivo human data (top-down approach) or based on in silico equations 

describing the human body and its mechanisms with experimental and in 

silico input data (bottom-up approach) (Tsamandouras et al. 2013). Basically, 

modelling exercise includes the following steps (Derendorf et al. 2000): 

• Stating the purpose of modelling. What is the question to be 

answered with the modelling? 

• Stating the assumptions in model building 

• Providing the rationale for model selection 

• Validating the model by using external data 

2.4.1 BIOAVAILABILITY 

To reach the systemic circulation an orally administered drug must pass 

through the intestinal wall, avoid efflux back to the intestinal lumen, avoid 

metabolism in gut wall and pass through the liver without being metabolised 

(Metcalfe & Thomas 2010, Pond & Tozer 1984). Bioavailability is the fraction 

of dose reaching the systemic circulation. It is a product of the fractions of drug 
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absorbing from the gut (Fa) escaping loss in the gut (Fg) and in the liver (Fh) 

(equation 2), (Figure 4). 

(2) BA = Fa x Fg x Fh 

 

Figure 4 First-pass metabolism for an orally administered drug. Fa, fraction of dose 
absorbed; Fg, fraction of dose escaping the gut wall metabolism; Fh, fraction of 
dose escaping the liver metabolism (created with BioRender.com) 

If the drug is passively absorbed, the estimation of Fa is possible using 

QSPR models based on molecular descriptors as described in section 2.1. Cell-

based in vitro assays such as Caco-2 and transporter transfected MDCKII cell 

lines enable studying the involvement of active influx and efflux transporters 

as well as the significance of paracellular route in absorption process. 

Although, the transporter-controlled active transport through enterocytes is 

more difficult to quantify than passive diffusion, bidirectional permeability 

assays, possibly with transporter inhibitors and several substrate drug 

concentrations, can provide some of the necessary input data for further 

modelling (Metcalfe & Thomas 2010). 

In order to predict the bioavailability and the plasma exposure of an orally 

administered drug also the Fg and the Fh needs to be estimated. This requires 

studying and modelling the intestinal and hepatic clearance (CL) of the drug. 

CL is a very important PK parameter, as it influences both the bioavailability 

and the t1/2 of a drug and thus impacts the optimal dose and dosing interval of 

the drug (Lombardo et al. 2014). A reliable method that could predict the CL 

of a candidate compound in humans prior to clinical trials is therefore a “holy 

grail” in the discovery of new drugs (Lombardo et al. 2013). 
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2.4.2 PREDICTING GUT WALL METABOLISM 

After oral administration, the drug molecule is first exposed to intestinal 

enzymes and transporters before entering the portal vein and reaching the 

liver (Chow & Pang 2013). The gut wall is the most important extrahepatic site 

of drug metabolism (Yang et al. 2007). Intestinal metabolism usually takes 

place in enterocytes but may also occur within the apical membrane that is 

known to be the place for esterolysis. The most important phase I enzymes in 

human intestinal wall are the CYPs, with CYP3A4 presenting the highest 

abundance followed by 2C9 > 2C19 > 2J2 > 2D6 in negligible quantities (Choi 

et al. 2017, Paine et al. 2006). In addition, epoxide hydrolases and phase II 

enzymes like UDP-glucuronosyltransferases (UGTs), sulfotransferases 

(SULTs), and glutathione S-transferases (GSTs) are available in human 

intestinal membrane (Chow & Pang 2013). Gut wall metabolism by CYP3A4 is 

an important part of metabolism for many orally administered drugs such as 

cyclosporine, midazolam, nifedipine, saquinavir, tamoxifen, vincristine, 

itraconazole, clarithromycin, dapsone, haloperidol, fentanyl, atorvastatin, 

simvastatin, and verapamil (Choi et al. 2017, Filppula et al. 2021). Although 

the total amount of CYP3A in the human intestine is only approximately 1% of 

that in the human liver, intestinal metabolism of CYP3A substrates may be 

similar or even higher than hepatic metabolism (Yang et al. 2007). For 

example, as much as 50% from an oral cyclosporine dose may be metabolised 

in the intestine by CYP3A4 (Hebert 1997). 

Modelling the first pass metabolism in gut wall requires quantitative 

understanding to the interplay between passive diffusion, active transport, 

binding in blood, blood flow and intrinsic activity and capacity of the 

metabolising enzymes (Metcalfe & Thomas 2010, Yang et al. 2007). 

Researchers have developed sophisticated physiologically based models of the 

first-pass metabolism in the gut wall. An example from these is the segmental 

segregated flow model (Chow & Pang 2013). It incorporates administration 

route -dependent intestinal metabolism and the regional distributions of 

intestinal enzymes and transporters in the intestine. The difficulty of this 

complicated model is in parameterising without adequate in vivo data, a 

general problem in implementing the physiologically based models is the 

absence of information on the absolute abundance of metabolising enzymes, 

influx, and efflux transporters in the human intestine. Therefore, it has been 

necessary to fall back to simpler models such as the well-stirred and the QGut 

models. The use of these simpler models requires estimates of blood flow in 

the intestinal wall, exposure to free drug at the enzyme, drug permeability 

through the enterocytes and net unbound intrinsic CL (CLint) by the enzymes 

metabolising the drug (Yang et al. 2007). Comparison of the performance of 

these models has revealed that the well-stirred model is inadequate in 

predicting Fg in human. This is probably due to its inability to accommodate 

the interplay between permeability and metabolism of a drug at the gut wall. 

This feature is incorporated in the QGut model following improved 

predictability. However, more detailed mathematical models for predicting 
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human Fg could be useful but needs further development and in vivo relevant 

data for that (Metcalfe & Thomas 2010, Yang et al. 2007). 

2.4.3 PREDICTING SYSTEMIC CLEARANCE 

The systemic CL of a drug can occur through many mechanisms the most 

notable of which being renal and hepatic CL. The main CL mechanism of a 

drug is generally the same across mammalian species. Drugs that are cleared 

mainly by hepatic metabolism in rats generally tend to be cleared mainly by 

hepatic metabolism in humans and so forth. This is because CL mechanisms 

are largely governed by physicochemical properties like lipophilicity and 

charge of the drug. However, it is likely that the rate of CL differs significantly 

between the species. For compounds that are eliminated by hepatic 

metabolism the interspecies differences in the expression and activity of 

metabolising enzymes makes human CL prediction difficult based on 

preclinical data (Hosea et al. 2009, Lombardo et al. 2014). 

Interspecies scaling of clearance 

 

Allometric scaling has been widely used in predicting human CL based on 

preclinical animal data. Various modifications to simple allometric scaling 

have been proposed to improve its predicting performance. These 

modifications include correction by maximum life-span potential or brain 

weight, the rule of exponents and correcting with species difference in in vitro 

CLint and fraction unbound in plasma (fu) (Fagerholm 2007, Tang & 

Mayersohn 2005). In addition, a model using the fu ratio between rats and 

humans (Rfu) has been developed and shown to improve the prediction of 

human CL especially for drugs having much higher predicted than observed 

human CL i.e., large vertical allometry (Tang & Mayersohn 2005). CL is a 

function of physiological and biochemical processes, and although allometric 

approaches may adequately address the physiological differences between 

species, interspecies differences in the expression level and intrinsic activities 

of metabolising enzymes and transporters, can impair the allometric 

prediction (Lombardo et al. 2013). Instead of the allometric scaling there have 

been attempts to predict human total CL also by QSPR models. These models 

seem to perform better than the simple allometry method (Gombar & Hall 

2013, Lombardo et al. 2017, Wajima et al. 2003). 

In a comprehensive analysis of 103 marketed drugs with human, monkey, 

dog and rat CL data, the CL in monkey was shown to predict the human CL 

best. However, even the correlation between CL in human and monkey was 

relatively weak. For one-third of the drugs, CL in human and monkey belonged 

to different CL classes (low, medium, high). The prediction accuracy of the 

studied animal to human extrapolation methods was also dependent from the 

CL class of the compound. 80-90% of drugs that based on animal data were 

predicted to have low CL in human experimentally demonstrated low CL in 
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human. From drugs with predicted high CL in human 30-50% demonstrated 

the same CL classification in human and from drugs with predicted moderate 

CL in human only 20-30% demonstrated the same classification in human 

(Fagerholm 2007, Ward & Smith 2004). Also, the nature of the drug may affect 

which animal predicts its human CL most accurately. It has been shown that 

rat and dog may be the species of choice for zwitterionic compounds in 

predicting human CL. In contrast, monkey appeared to be the best for 

predicting the human CL of anionic and neutral compounds (Lombardo et al. 

2013). 

In vitro to in vivo extrapolation 

 

The traditional in vivo interspecies scaling methods are time, money, and 

resource consuming models for predicting human CL. By these methods, 

60−65% of compounds are predicted within 2-fold error of human CL values 

leaving a significant portion of compounds, beyond this generally accepted 

threshold of 2-fold error (Lombardo et al. 2014). Also, the use of animals 

should be limited due to ethical reasons. Hence, it is obvious that better 

methods are needed to produce reliable human CL predictions for modelling 

the human PK profile of a drug already in the preclinical phase. 

To address some of the issues that have arisen when using allometric 

scaling based on in vivo animal CL data, researchers have used isolated human 

liver microsomes and hepatocytes mimicking the human CL more closely 

(Hosea et al. 2009). These in vitro assays produce the CLint value, which is a 

measure of hepatocellular enzymatic activity, independent of liver blood flow 

and binding in blood (Pang & Rowland 1977). The in vitro CLint of a drug can 

be used to quantitatively predict the in vivo hepatic CL using in vitro to in vivo 

extrapolation (IVIVE). The in vitro CLint is scaled to an in vivo CLint using 

physiologically based parameters like protein content of the in vitro assays and 

liver weight (Bowman & Benet 2019). With the known human liver blood flow 

and the drug’s unbound fraction in human blood the in vivo CLint can be 

turned to a quantitative estimate of drug’s hepatic CL in human. The most 

commonly used models for turning the CLint to the hepatic CL are the well-

stirred model and the parallel tube model (Pang & Rowland 1977). Still, it 

might be unrealistic to reliably predict the in vivo CL in human solely with 

IVIVE from the in vitro CLint data. A tendency for IVIVE to underpredict the 

human CL has been reported (Bowman & Benet 2019, Hosea et al. 2009). 

However, the prediction can be substantially enhanced by establishing in vitro 

to in vivo correlations (IVIVC) across one or more preclinical species. If the 

animal in vivo CL can be accurately predicted using IVIVE from in vitro CLint, 

it may be assumed that some correlation will be observed also in humans 

(Lombardo et al. 2014). As an example, in a retrospective analysis of various 

prediction methods for 50 drugs having both preclinical and clinical data, the 

use of liver microsomes together with single species scaling as a predictive 
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method of human CL was supported. The studied compounds were primarily 

cleared by the CYP mediated metabolism (Hosea et al. 2009). 

To find improved in vitro methods for predicting human CL numerous 

developments of three-dimensional (3D) cell culture systems, from simple 

spheroids to more complicated organs-on-chips and from single-cell type 

static 3D models to cell co-culture 3D models equipped with microfluidic flow 

control are ongoing (Wang et al. 2021). As an advantage compared to 

traditional 2D platforms, 3D platforms can enhance the physiological 

relevance of the extracellular microenvironment. Due to their enhanced 

stability and duration of the function, these systems enable detecting drug 

metabolites formed within days of drug exposure and studying of compounds 

with low CL. FDA is already involved in characterising the reliability and 

robustness of the use of liver on-a-chip also called microphysiological systems 

(MPS). Currently the lack of reproducibility of results is among the main 

hurdles in MPSs (Wang et al. 2021). These novel platforms have great 

potential in predicting human PK as well as toxicity. However, further 

improvement and validation of the systems is still needed. 

2.4.4 PBPK MODELLING 

Unlike conventional empirical compartmental PK models, PBPK models 

mechanistically represent the body (Figure 5) (Nestorov 2003). PBPK models 

have two classes of input parameters: physiological parameters such as 

composition, volume, and blood flow of organs and compound specific 

parameters such as MW, solubility, particle size, pKa, logP, Papp, fu, and CLint. 

By integrating these two classes of data PBPK models allow simulation of the 

concentration-time profile of a drug in plasma and tissues (Miller et al. 2019, 

Parrott & Lave 2008, Tsamandouras et al. 2013, Yu & Wilson 2010). 
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Figure 5 A schematic presentation of an empirical compartmental pharmacokinetic (PK) 
model (A) and a mechanistic physiologically based pharmacokinetic (PBPK) 
model (B). CL, total clearance; CLh, hepatic clearance; CLr, renal clearance 

Conventional compartmental PK models are top-down methods since the 

observed concentration-time profile is used to find a mathematical 

relationship. PBPK models are bottom-up methods since they are built with 

physiological information and compound specific parameters to simulate a 

concentration-time profile. However, PBPK models, while bottom-up, can be 

constructed with empirical, semi-empirical, or mechanistic components 

(Korzekwa & Nagar 2017). PBPK modelling can be utilised even before having 

any in vivo animal data available by using in vitro and QSPR predictions as 

inputs parameters to roughly predict animal and human PK (Miller et al. 2019) 

and to evaluate the sensitivity of predictions to different parameters. 

The absorption of orally administered drug in PBPK models is typically 

described by the advanced compartmental absorption and transit (ACAT) 

model (Agoram et al. 2001) or the advanced dissolution, absorption, and 

metabolism (ADAM) model (Jamei et al. 2009) which are developed based on 

the original compartmental absorption and transit (CAT) model created by Yu 

and Amidon (Yu & Amidon, 1999). This enables taking into account the rate 

and extent of drug dissolution, passive and active absorption, saturable 

metabolism and efflux in different parts of the intestine. Compared to the 

volume of distribution predictions, predicting CL with PBPK models is 

generally more challenging. After having in vitro CLint data from animal and 



Literature review 

24 

 

human based matrices available, PBPK modelling enables incorporating this 

data for in vivo CL predictions. Some CL processes such as glucuronidation 

remain difficult to model, generally due to lack of good in vitro assays 

mimicking in vivo metabolism in quantitative terms and lack of precise 

information about the distribution of metabolising enzymes in organs 

(Korzekwa & Nagar 2017). However, there are several publications 

demonstrating that PBPK modelling with verification of predictive 

performance first performed in preclinical species, is superior to the allometry 

for predicting PK in human (DeBuck et al. 2007, Fagerholm 2007, Jones et al. 

2006, Jones et al. 2011, Zhang et al. 2015). In addition, the PBPK modelling 

method enables predicting the PK of a drug in special populations, such as in 

patients with liver insufficiency (Rostami-Hodjegan & Tucker 2007) and they 

can be developed to accept input data from advanced in vitro CL prediction 

methods such as 3D cell culture systems. 
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3 AIMS OF THE STUDY 

The ADME properties of a drug depend on complex physiological and 

physicochemical factors. Together the individual ADME properties form the 

PK profile of a drug. Therefore, ADME and PK models are crucial tools to 

understand the drug’s ADME properties and their interplay and to find means 

to overcome challenges related to PK (Figure 6). 

 

The hypothesis of the thesis is that it is possible to develop models to 

identify drug candidates with high absorption potential and further to find 

means to overcome possible high metabolism. 

 

Figure 6 Elements of pharmacokinetic (PK) modelling included in this thesis 
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The aims of the thesis were: 

 

• To derive QSPR equations to allow computational prediction of the 

molecule’s Ka in human based on the in silico physicochemical 

molecular descriptors [I]. 

 

• To characterise and compare the paracellular permeation route of 

2/4/A1, MDCKII and Caco-2 cell line models and excised human 

intestinal segments by permeability studies with the polyethylene glycol 

(PEG) oligomers of different molecular weight.  To find an in vitro – in 

vivo scaling factor for paracellular permeability [II]. 

 

• To evaluate the suitability of ocular topical administration route for a 

rapidly absorbed and highly metabolised opioid receptor antagonist 

naloxone to rapidly reach therapeutic plasma concentration. This was 

done by studying the PK and local tolerance of naloxone eye drops with 

dogs [III]. 

 

• To clinically study and to further evaluate by PK modelling the 

possibilities to increase the plasma exposure of levodopa, a rapidly 

absorbed and highly metabolised drug by optimising the inhibition of 

its metabolism via the main metabolic pathways aromatic amino acid 

decarboxylase (AADC) and catechol-O-methyltransferase (COMT) 

[IV]. 
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4 MATERIALS AND METHODS 

A detailed description of the used materials and methods can be found in the 

original publications I–IV. 

4.1 QSPR MODEL DEVELOPMENT (I) 

The QSPR modelling work followed the flow chart described in Figure 7. 

 

Figure 7 Flow chart of the QSPR modelling work. Fa, fraction absorbed; Ka, absorption 
rate constant; PCA, principal component analysis; PLS, partial least squares 

4.1.1 DATA SET 1 

Data set 1 included 23 structurally diverse drug compounds (Table 1 and 

Figure 1, Publication I). The compounds also covered a broad range of 

absorption in human (Fa = 43-100%). To be included into the data set, the 

compound had to fulfil the following requirements: 

 

• Diffusion, not dissolution, limits the intestinal absorption 

• A reliable Fa value in human is available 



Materials and methods 

28 

 

• Passive diffusion is the predominant process of the intestinal 

absorption 

• Plasma pharmacokinetic (PK) profiles after iv and po administration 

in human are available 

 

The iv and po plasma concentration-time profiles as well as information 

about the rate limiting factor of absorption and absorption method (passive 

diffusion/active transport) were based on literature. This required an 

extensive literature search. 

Experimental Fa values in human 

 

The experimental Fa values in human for the selected compounds were 

primarily based on the same published reports providing the iv and po plasma 

profiles. If that was not possible, the Fa value was taken from the work of Zhao 

et al. (Zhao et al. 2001) and for cimetidine and felodipine from other 

publications (Bodemar et al. 1981, Wessel et al. 1998). 

Absorption rate constants 

 

The Ka for the 23 drug compounds were calculated based on the iv and po 

plasma concentration-time profiles using deconvolution method with the 

commercial WinNonlin software (Pharsight Corporation, Mountain View, CA, 

USA). First the macro-rate constants associated with the distribution and 

elimination phases of each drug were estimated from the plasma 

concentration-time data following iv administration using a compartmental 

model with the best fit. The macro-rate constants were then used to 

deconvolute the absorption phase out from the plasma concentration-time 

profiles after po administration. In WinNonlin the extent of drug input is given 

in terms of fraction input (A(t)), which is the fraction of drug input at time t 

relative to the amount of input at the last time point (tend) (equation 3). 

(3) 𝐴(𝑡) = ∫ 𝑓(𝑡)d𝑡 / ∫ 𝑓(𝑡)d𝑡
𝑡end

0

𝑡

0
 

At the last time point (tend), A(t) will have a value of 1. All drugs of data set 

1 followed first-order absorption kinetics after a possible short lag time (tlag), 

until the time point of at least 0.75 fraction input (t0.75absorbed). The fraction 

input profile of each drug was fitted to equation 4 to receive the rate constants 

describing the loss of drug from the site of absorption (Kapp). 

(4) 𝐴(𝑡) = 1 − 𝑒−𝐾app(𝑡−𝑡lag) 
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The Ka value of each drug was obtained by equation 5. 

(5) 𝐾𝑎  = 𝐾𝑎𝑝𝑝(𝐹𝑎) 

Molecular descriptors 

 

The logarithms of the calculated octanol-water partition coefficients of the 

neutral form (ClogP) and at pH 7.4, 6.5, 6.0, and 5.5 (ClogD) were obtained by 

using the ACD/Labs logP and logD software packages. The experimental logD 

values at pH 7.4 were based on literature. The MWs were taken from 

ACD/ChemSketch. The values for the PSA, HBD, number of hydrogen bond 

acceptors (HBA), and ClogP were taken from the publication of Zhao et al. 

(Zhao et al. 2001). 

4.1.2 DATA SET 2 

Data set 2 consisted of the 23 compounds in data set 1 and an additional 147 

compounds from a data set used by Zhao and co-workers to model diffusion 

rate limited drug absorption in the human intestine (Zhao et al. 2001). The Fa 

values of the compounds in data set 2 that did not belong to data set 1 were 

obtained from the publication of Zhao and co-workers (Zhao et al. 2001). The 

molecular descriptors for data set 2 were obtained with the same methods as 

for data set 1. 

4.1.3 MULTIVARIATE DATA ANALYSIS 

Multivariate data analyses were performed with Simca-P software, version 

10.5 (Umetrics AB, Umeå, Sweden) using the default settings. 

Principal component analysis 

 

PCA was used to analyse the molecular diversity of the compounds in data set 

1. The analysis was based on the 170 compounds in data set 2 and the 

molecular descriptors MW, ACDlogDs, HBD, HBA, and PSA. 

Partial least squares analysis 

 

PLS analysis was used to determine the relationships between the in vivo data 

based logKa values and the molecular descriptors of the drugs in data set 1. 

Cross-validation by leave one and leave five out methods were performed to 

quantify the predictive capability of the created PLS models. In addition, the 

data set 1 was divided into a training set and a test set to further validate the 

models. The training set included 8 representative compounds identified 

based on the PCA score plot (Figure 1, Publication I). 
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Correlating predicted logKa values with experimental Fa values  

 

An additional test for the performance of the PLS models was conducted by 

correlating the model-based logKa values with experimental Fa values of the 

drugs in data set 2. Yu and Amidon have created an equation describing the 

ideal relationship between Ka and Peff values (Yu & Amidon 1999). The 

equation was slightly modified to represent the intestinal radius of 1.2 cm 

instead of the original 1.75 cm and Ka instead of Peff (equation 6). 

(6) 𝐹𝑎 = 1 − (1 + 0.32𝐾𝑎)−7 

4.2 IN VITRO PERMEABILITY STUDIES WITH PEG 
OLIGOMERS (II) 

4.2.1 PEG OLIGOMERS 

PEG oligomers with mean MWs of 200, 400, 600 and 1000 g/mol were 

dissolved in glutathione bicarbonate Ringer’s solution for Caco-2 and MDCKII 

permeability studies and in NaCl solution for 2/4/A1 and human jejunum 

permeability studies. Based on the mean MW the concentration of each PEG 

oligomer solution was 0.001 M. 

4.2.2 CELL LINES 

The cell lines used in publication II are summarised in Table 5. For a more 

complete description of the cell culture conditions and materials refer to the 

publication.
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4.2.3 HUMAN JEJUNUM 

A 4 cm2 part of the human proximal jejunum was obtained from one female 

patient (age 62, weight 75 kg) undergoing gastro-intestinal bypass surgery 

(Sahlgrenska University Hospital, Gothenburg, Sweden). After carefully 

removing the muscularis externa three stripped segments were mounted in 

modified Ussing chambers with effective stirring conditions and effective 

exposed tissue area of 1.00 cm2. Before permeability studies the tissues were 

allowed to recover for about 30 min to reach a temperature of about 36.5–
37.5°C and to gain physiological stability. The viability of the tissues was 

monitored by recording of potential difference and trans-segmental electrical 

resistance. Tissues were only used if the potential difference reached the value 
of 4 mV and trans-segmental electrical resistance the value of 25 Ω cm2 before 

the experiment. 

All written consents regarding the tissue sample were according to 

AstraZeneca global human biological sample policy and were regarded 

untraceable. The consents are stored in the hospital. 

4.2.4 PERMEABILITY STUDIES 

Permeability studies in cell lines 

 

Before permeability studies, the integrity of cell monolayers was confirmed by 

TEER measurements. The monolayers were first rinsed with Hank’s balanced 
salt solution (HBSS) containing 25 mM HEPES, pH 7.4, prewarmed to 37°C. 

Then TEER was measured in a chamber with a cap and a base containing 

voltage-sensing Ag/AgCl electrodes (Endohm, World Precision Instruments, 

Sarasota, FL, USA) filled with prewarmed HBSS. The actual TEER values were 

calculated by subtracting the electrical resistance of cell culture inserts without 

cells. 

The solution of PEGs was diluted in Krebs-bicarbonate Ringer’s solution 

(KBR), to form a 100 µM donor solution (pH 7.4). After 20 min, the 

equilibration solution was replaced with prewarmed donor solution and the 

transport of PEGs in apical to basolateral direction was followed for 240 min 
at 37°C incubation under constant mild agitation (135 rpm for Caco-2 and 

MDCKII, 100 rpm for 2/4/A1). Samples were withdrawn from receiver 

chambers at regular time intervals. In the Caco-2 and MDCKII cell line 

experiments the withdrawn volume was replaced with fresh prewarmed HBSS. 

In the 2/4/A1 cell line experiments the filters were transferred to new wells 

containing prewarmed HBSS. Samples from the donor chambers were taken 

at the end of the experiment to check for the recovery of the PEGs. 
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Permeability studies in human jejunum 

 

The experiment was started by changing the prewarmed KBR solution on both 

sides of the membrane and adding the PEG solution to the mucosal side. The 

transport of PEGs in apical to basolateral direction was followed for 210 min 
at 37°C. Samples of 100 ml were withdrawn from the receiver and donor side 

at regular time intervals. The withdrawn volume was replaced with fresh 

prewarmed KBR. 

Integrity studies 

 

To investigate if the study procedures influenced the permeability of Caco-2 

and 2/4/A1 monolayers and the human intestine, the transport of radiolabeled 

mannitol in apical to basolateral direction was studied. Analysis of the total 

radioactivity in samples from the transport experiments was performed using 

liquid scintillation counting. The integrity of MDCKII monolayers was 

investigated by measuring the TEER before and after the PEG permeability 

study. 

Analysis of PEG oligomers 

 

PEGs were quantified using the combination of reversed-phase HPLC and 

electrospray ionisation mass spectrometry (HPLC–ESI–MS) (Palmgrén et al. 

2002). The r2 were calculated from calibration curves plotting 

chromatographic peak ratios of standard area/internal standard area versus 

concentration of the standard using linear regression. Calibration solutions 

and quality control (QC) standards were prepared daily just before analysis. 

Data was processed with the Xcalibur software package version 1.4 SRI. 

Calculation of permeability values 

 

The Papp (cm/s) values were calculated according to equation 7. 

(7) 𝑃𝑎𝑝𝑝 =
𝑑𝑄

𝑑𝑡

1

𝐴×𝐶0
 

where dQ/dt is the steady state flux through the the cell monolayer/tissue 
(mol/s), A is the surface area of the cell monolayer/tissue (cm2) and C0 is the 
initial concentration in the donor chamber (mol/ml). 

4.2.5 PORE SIZE AND POROSITY ESTIMATION 

An effusion-like approach, described in more details in Hämäläinen et al. 1997, 

was used to estimate the porosities and pore sizes of the membranes studied 

in publication II. The theory describes the rate of PEG permeability Jh/C by 

the equation 8. 
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(8) 
𝐽ℎ

𝐶
=

𝑅𝑇ɛ

12𝜋𝜂𝑁𝐴𝜆

1

𝑟𝑠
= [slope]

1

𝑟𝑠
 

where rs is the radius of PEG oligomers, ɛ the porosity of the membrane, λ the 

jump length, η the viscosity of water, R the gas law constant, T the 

temperature, and NA the Avogadro’s number. 

The porosities of the studied membranes were estimated from the slope of 

the relation between the rate of PEG permeability and the radius of PEG 

oligomers. The pore sizes were estimated by calculating the critical value of the 

molecular radius still able to penetrate through the paracellular pores by 

extrapolating 1/rs into zero permeability. 

4.3 PRE-CLINICAL ABSORPTION STUDY WITH DOGS 
(III) 

4.3.1 ANIMALS 

Laboratory beagle dogs were used in the study of publication III. In the dose 

finding PK study two females and four males (weight 7 kg to 13 kg) were used, 

and in the formulation comparison PK study six males (weight 8 kg to 12 kg) 

were used. The dogs were purchased from Marshall BioResources (North 

Rose, New York, NY, USA, for the dose finding PK study; Gannat, France, for 

the formulation comparison PK study) and housed at Orion Pharma, Turku, 

Finland. The dogs were housed in groups of two to three dogs in solid floor 

pens (2.0 × 3.8 m) equipped with resting shelves. During the naloxone dosing 

days, the dogs were housed individually in the pens with visual contact to each 
other. The room temperature was 19 ± 2 °C, humidity 55 ± 15%, and the lights 

were kept on from 06.00 to 18.00 h. The dogs were monitored daily. The dogs 

had free access to tap water and they were offered pellet dog feed (LabDiet® 

5L66, PMI Nutrition International, Richmond, IN, USA) 200 g/day/dog at 11 

a.m. The dogs were fasted overnight for at least 12 h before naloxone dosing 

and food was offered four hours after the dosing. The body weight was 

measured 1 to 2 days prior to dosing. 

All study procedures were approved by the National Animal Experiment 

Board of Finland, licence number ESAVI/21320/2018. 

4.3.2 CHEMICALS 

The chemicals used in the studies of publication III are listed in Table 6. 
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Table 6 Chemicals used in the studies of publication III 

Chemical Supplier 

Naloxone HCl Enzo Life Sciences, Lausen, Switzerland 

PG Merck, Darmstadt, Germany 

EDTA Merck, Barcelona, Spain 

Citric acid monohydrate Jungbunzlauer, Wulzeshofen, Austria 

Trisodium citrate dihydrate Jungbunzlauer, Wulzeshofen, Austria 
EDTA, ethylenediaminetetraacetic acid; HCl, hydrochloride; PG, propylene glycol 

4.3.3 PRECLINICAL PK STUDIES 

Study treatment administration 

 

In both studies a precise volume of the eye drop formulation was dropped on 

the corneal surface of both eyes using a manual single channel pipette 

(Finnpipette, Thermo Fisher Scientific, Vantaa, Finland) while an assisting 

person held the dog´s head in a stable position. Signs of spillage or overflow 

were carefully monitored during and after the administration. In intravenous 

administration, a 30 second intravenous bolus was administered via a cannula 

inserted in the cephalic vein. 

Dose finding 

 

The aim was by ascending doses to find a naloxone eye drop dose that produces 

similar plasma concentrations in dogs as FDA-approved intranasal or 

intramuscular devices in humans. In human, the maximum plasma 

concentration (Cmax) of naloxone in plasma after a 2 mg to 8 mg intranasal 

dose and a 0.4 mg to 2 mg intramuscular dose ranged from 2.8 to 10.9 ng/ml, 

and from 0.8 to 4.7 ng/ml, respectively (Krieter et al. 2016, Krieter et al. 2019). 

The eye drop formulations were prepared by dissolving naloxone in a 20 

mM citrate buffer. The pH of the solutions was adjusted to 4.0 with 1M NaOH 

or 1M HCl and the solutions were sterile filtered immediately before 

administration. The starting dose was 20 µg/kg, and the dose was 

subsequently increased to 100 µg/kg. In addition, the 100 µg/kg dosing was 

repeated three times at 2 minutes intervals (3 × 100 µg/kg) to assess response 

and tolerability to repeated ocular topical dosing. The naloxone concentration 

in the formulations was 3.0 mg/ml and 15.0 mg/ml for 20 µg/kg and 100 

µg/kg doses, respectively, and the administration volume was 6.7 µl/kg. For 

intravenous dosing, 0.3 mg/ml of naloxone in saline (0.9% NaCl solution) was 

given using a dosing volume of 335 µl/kg. 

This was a crossover study in relation to the eye drop doses. There was at 

least a seven days wash-out period between the dose levels. Six dogs received 

naloxone ocularly and four dogs intravenously. Blood samples to measure the 
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naloxone plasma concentration were drawn just before the dosing and 

frequently after dosing. 

Formulation comparison 

 

The aim was by unblinded manner to compare the PK and tolerability of three 

naloxone eye drop formulations (Table 7). The selected naloxone dose was 100 

µg/kg, the naloxone concentration was 15.0 mg/ml, and the dosing volume 

was 6.7 µl/kg. The pH of the eye drop solutions was adjusted to 4.0 with 1M 

NaOH or 1M HCl and the solutions were sterile filtered immediately before 

administration. For intravenous dosing, 0.3 mg/ml of naloxone in saline 

(0.9% NaCl solution) was given using a dosing volume of 335 µl/kg. 

Table 7 Eye drop formulations in formulation comparison study of publication III. Each 
formulation contained 15 mg/ml of naloxone. 

Formulation Vehicle 

1 20 mM citrate buffer 

2 10% PG, 0.3 % EDTA in sterile water 

3 10% PG, 0.3% EDTA in 20 mM citrate buffer 
EDTA, ethylenediaminetetraacetic acid; PG, propylene glycol 

This was a crossover study in relation to the study treatments. There was at 

least a seven days wash-out period between the dose levels. Six dogs received 

naloxone ocularly and intravenously. Blood samples to measure the naloxone 

plasma concentration were drawn just before the dosing and frequently after 

dosing. 

To compare the naloxone PK from different eye drop formulations, 

statistical analyses were carried out using the SAS software (SAS®, SAS 

Institute Inc., Cary, NC, USA). Analysis of variance (ANOVA) with 2-sided 

0.05 significance level with 95% confidence intervals (CIs) was applied to the 

log-transformed PK parameters area under the plasma concentration-time 

curve from administration to the time of the last measurable concentration 

(AUC0-last) and Cmax. 

Blood sampling and analysis of naloxone concentrations 

 

Blood samples of 1 ml were taken into pre-cooled K2 

ethylenediaminetetraacetic acid (K2-EDTA) tubes from the cephalic vein 

(after eye drop dosing) and the jugular vein (all pre-dose samples and after 

intravenous dosing). The blood samples were kept on ice for a maximum of 30 

min, followed by the separation of plasma by centrifuging the tubes at 1700-
1800×g for 10 min at +4 °C. The plasma was divided into two aliquots which 

were frozen immediately and stored in polypropylene tubes in an upright 
position at −80 °C. 
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Naloxone plasma concentrations were measured using a liquid 

chromatography tandem mass spectrometry (LC-MS/MS) method as 

described in publication III. The method was acceptably performed in terms 

of specificity, sensitivity, calibration range, precision, and accuracy. 

4.3.4 TOLERABILITY 

The dogs were observed frequently on the dosing days, and signs of ill health, 

reactions to the treatment, and changes in the appearance or behaviours were 

recorded. Ocular reactions were monitored continuously for the first 30 min 

after ocular topical administration. Signs suggesting ocular discomfort 

(blepharospasm, protrusion of the third eyelid, and itching) or irritation 

(conjunctival hyperaemia, swelling, and discharge) were rated at pre-dose, 

and 30, 60, 120 min (both PK studies), and at 240 min (the formulation 

comparison PK study) after eye drop administration. Each sign was rated on a 

scale from 0 (none) to 3 (severe). On the non-dosing days, the dogs were 

observed at least once daily, and any abnormal findings were recorded. 

In the formulation comparison PK study the Schirmer’s tear test (STT), 

performed by keeping a filter paper (Optitech Eyecare, Allahabad, India) tip 

inside the lower eyelid for 60 seconds, was done to measure tear production 

before the treatment, 2 h and 6 h after naloxone dosing (the formulation 

comparison PK study). The intraocular pressure (IOP) was measured using 

rebound tonometry (icare Tonovet Plus, Vantaa, Finland) at the same time 

points as the STT. 

To compare the IOP and tear secretion results from different eye drop 

formulations, statistical analyses were carried out using the SAS software 

(SAS®, SAS Institute Inc., Cary, NC, USA). Repeated measures analysis of 

covariance (RM ANCOVA) was applied as described in publication III. A 2-

sided 0.05 significance level with 95% CIs was used. 

4.4 PHASE I PK STUDY WITH HEALTHY SUBJECTS (IV)  

Levodopa is the mostly used drug for treating the motor symptoms of 

Parkinson’s disease. Since the plasma PK profile of levodopa largely defines its 

ability to treat PD motor symptoms (LeWitt et al. 2019) its low and variable 

oral bioavailability caused by extensive first pass metabolism often leads to 

suboptimal symptom treatment (Tambasco et al. 2018). Levodopa is 

metabolised by several enzymes, with AADC and COMT being the most 

important. Therefore, in clinical use, an AADC inhibitor (carbidopa or 

benserazide) is usually administered concomitantly with oral levodopa at a 

dose ratio of 1:4. Often, a COMT inhibitor (entacapone, opicapone or 

tolcapone) is also added to the treatment. The standard dose of oral 

entacapone is 200 mg. In this thesis the effect of adjusted AADC and COMT 



Materials and methods 

38 

 

inhibition on levodopa PK was investigated in a phase I PK study with healthy 

subjects and with a semi-mechanistic PK model. 

4.4.1 STUDY DESIGN 

The study was a single-centre, double-blind, placebo controlled, randomised, 

crossover, phase I PK study with 25 healthy volunteers. The study included a 

screening visit, 3 treatment periods and an end-of-study visit (Figure 8).  

 

Figure 8 Study design and treatments 

Subjects were randomly allocated to two parallel groups, to orally receive 

either 200 mg of the COMT inhibitor entacapone (Comtess, Orion Pharma, 

Espoo, Finland) or the corresponding placebo (Orion Pharma, Espoo, 

Finland). For both groups, in each treatment period 100 mg of levodopa and 

25 mg of the AADC inhibitor carbidopa (Sinemet immediate release [IR], 

Merck, Sharpe Dohme, Hoddesdon, UK) was orally administered.  In addition, 

one of the additional dose levels (placebo, 25 or 75 mg) of IR carbidopa (Orion 

Pharma, Espoo, Finland) was orally administered per treatment period in a 

randomised order (Figure 8). All study treatments (levodopa, carbidopa and 

entacapone or corresponding placebo) were simultaneously administered at 

3.5-hour intervals 4 times a day for one day. 

The study protocol was reviewed by the Helsinki University Hospital 

Coordinating Ethics Committee, approved by the Finnish Medicines Agency 

and was conducted according to the principles of the Declaration of Helsinki 

of the World Medical Association and Good Clinical Practice. 
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4.4.2 STUDY POPULATION 

Healthy male and female subjects aged 18−50 years old with a body mass 

index (BMI) of >19 and <30 kg/m2 and body weight ≥55 kg were eligible for 

the study. All subjects were required to provide written informed consent prior 

to participation in the study. 

A total of 32 subjects were screened and 25 subjects were randomised to 

study treatment (Table 8). Two study subjects discontinued the study due to 

personal reasons and were replaced. The replacing subjects received the rest 

of the planned study treatments of the discontinued subjects. 

Table 8 Demographic and baseline characteristics. Data from [IV]. 

Demographic and 

baseline characteristics 

With 

entacapone 

n=13 

Without 

entacapone 

n=12 

Total 

n=25 

Sex    

     Female, n 7 5 12 

     Male, n 6 7 13 

Age (years) 30.6 (8.2) 30.7 (8.7) 30.6 (8.3) 

Weight (kg) 68.8 (8.6) 70.1 (12.2) 69.4 (10.3) 

BMI (kg/m2) 23.0 (1.8) 23.4 (2.8) 23.2 (2.3) 
Values are presented as the mean (standard deviation, SD), unless stated otherwise 

BMI, body mass index 

4.4.3 STUDY TREATMENT ADMINISTRATION 

Subjects fasted for at least 10 hours before the study treatment administration 

in the morning. Tap water was permitted up to 1 hour before the morning 

administration. Study treatments were administered at 08:00, 11:30, 15:00 

and 18:30. Standard meals were provided at 09:30, 13:00, 16:30 and 20:30. 

Drinking was allowed only with the standard meals. The consumption of 

caffeine or nicotine-containing products was not permitted during study 

treatment days, and alcohol consumption was not permitted beginning 48 h 

prior to study treatment days. The consumption of grapefruit or grapefruit 

juice was not allowed during the entire study. 

4.4.4 BLOOD SAMPLING AND ANALYSIS OF LEVODOPA 

CONCENTRATIONS 

Peripheral venous blood samples of 3 ml were drawn in prechilled 

polyethylene terephthalate (PET) vacuum tubes containing K3-EDTA just 

before each study treatment administration and 0.5, 1, 1.5, 2, 2.5 and 3.0 h 

after the first and last study treatment administration at each treatment 

period. In addition, samples were drawn 3.5, 4.0, 5.0, 6.0 and 13.5 hours after 

the last study treatment administration at each treatment period. The blood 
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samples were kept on ice and plasma was separated within 20 minutes by 

centrifuging at +4°C for 10 min using centrifugal force equal to or exceeding 

1500×g. 600 µl of plasma was pipetted into a polypropylene tube containing 

30 µl of 10% sodium metabisulfite and gently vortex-mixed. The plasma was 

then separated into two aliquots of 300 µl, frozen immediately in dry ice and 

stored at −70°C until analysed. 

Determination of levodopa in plasma was carried out using a validated LC-

MS/MS method as described in publication IV. 

4.4.5 PK AND STATISTICAL ANALYSIS 

PK parameters of levodopa were derived from concentration-time data by 

non-compartmental analysis with WinNonlin software (Pharsight 

Corporation, Mountain View, CA, USA) using the actual times of blood 

sampling. 

Statistical PK analyses were performed on all study subjects who had 

received at least one dose of study treatment. Data from study subjects who 

vomited at or before 2 times the median tmax of levodopa was excluded from 

statistical analyses. All PK variables, except tmax, were log-transformed prior 

to statistical analyses. Statistical tests were performed at two-sided 0.05 

significance level with 95% CIs. The primary analysis of the study was to assess 

the effect of carbidopa dose on levodopa’s PK parameters within entacapone 

group and entacapone placebo group by ANOVA model with treatment, period 

and sequence as fixed terms and subjects and residual errors as random 

effects. In addition, levodopa’s PK parameters were compared between 

entacapone and entacapone placebo groups with the same method but adding 

formulation (entacapone/placebo) as fixed effect. Statistical analyses were 

carried out using the SAS software (SAS®, SAS Institute Inc., Cary, NC, USA). 

4.4.6 SAFETY ASSESSMENTS 

At the screening and end-of-study visits, subjects underwent a physical 

examination. Medical history, concomitant medications and substance use 

were also documented. Assessment of vital signs, safety laboratory tests and 

12-lead electrocardiogram (ECG) were performed at screening, in each 

treatment period and at the end-of-study visit. Adverse events (AEs) were 

monitored and recorded throughout the study. 

4.5 PK MODELLING (IV) 

A semi-mechanistic PK model was built to further evaluate the effect of COMT 

and AADC inhibition on levodopa exposure. Both literature data and 

unpublished data from clinical PK studies sponsored by Orion Pharma (Espoo, 

Finland) were used for building the model. Fitting of the observed data was 
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done using the Phoenix WinNonlin software (Certara, NJ, USA). Simulations 

were performed with SimBiology (MathWorks, MA, USA). 

4.5.1 MODEL DEVELOPMENT 

At first separate PK models were built for the single drugs (levodopa, 

carbidopa and entacapone) and then the partial models were connected as 

shown in Figure 9. 

 

Figure 9 PK model building process. Data from [IV]. 

The carbidopa and entacapone models were connected to the levodopa 

model using equations 9 and 10 for competitive inhibition of AADC and 

COMT, respectively. 

(9) 𝐶𝐿𝐴𝐴𝐷𝐶 𝑤𝑖𝑡ℎ 𝐶𝑎𝑟𝑏𝑖𝑑𝑜𝑝𝑎 =  
𝐶𝐿𝐴𝐴𝐷𝐶×(𝐾𝑚,𝐿𝐷−𝐴𝐴𝐷𝐶+𝐶𝐿𝐷)

𝐶𝐿𝐷+𝐾𝑚,𝐿𝐷−𝐴𝐴𝐷𝐶×(1+
𝐶𝐶𝐷

𝐾𝑖,𝐶𝐷
⁄ )

 

where CLAADC is the fraction of levodopa CL through the AADC pathway, 

Km,LD-AADC is the Michaelis-Menten constant of levodopa to AADC, CLD is the 

plasma concentration of levodopa, CCD is the plasma concentration of 

carbidopa and Ki,CD, is the inhibition constant of carbidopa for AADC. 

(10) 𝐶𝐿𝐶𝑂𝑀𝑇 𝑤𝑖𝑡ℎ 𝐸𝑛𝑡𝑎𝑐𝑎𝑝𝑜𝑛𝑒 =  
𝐶𝐿𝐶𝑂𝑀𝑇×(𝐾𝑚,𝐿𝐷−𝐶𝑂𝑀𝑇+𝐶𝐿𝐷)

𝐶𝐿𝐷+𝐾𝑚,𝐿𝐷−𝐶𝑂𝑀𝑇×(1+
𝐶𝐸𝑁𝑇𝐴

𝐾𝑖,𝐸𝑁𝑇𝐴
⁄ )

 

where CLCOMT is the fraction of levodopa CL through the COMT pathway, 

Km,LD-COMT is the Michaelis-Menten constant of levodopa to COMT, CLD is the 

plasma concentration of levodopa, CENTA is the plasma concentration of 

entacapone and Ki,ENTA, is the inhibition constant of entacapone for COMT. 

More detailed information about the model building process can be found 

from publication IV and its supplementing material. The structure of the final 

PK model is presented in Figure 10 and the parameter values can be found 

from Table 1, Publication IV. 
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Figure 10 The structure of the final PK model. Data from [IV]. AADC, aromatic amino acid 
decarboxylase; BA, bioavailability; CD, carbidopa; CL, clearance; COMT, 
catechol-O-methyltransferase; ENTA, entacapone; ka, absorption rate constant; 
ke, elimination rate constant; k1,CD, inhibition constant of carbidopa for AADC; 
ki,ENTA, inhibition constant of entacapone for COMT; Km,LD-AADC, Michaelis-
Menten constant of levodopa to AADC; Km,LD-COMT, Michaelis-Menten constant 
of levodopa to COMT; k12, transfer rate constant from the central compartment to 
the peripheral compartment; k21, transfer rate constant from the peripheral 
compartment to the central compartment; LD, levodopa; tlag, lag time, V1, volume 
of distribution in the central compartment; V1/F, V1 divided by fraction of dose 
absorbed; V2, volume of distribution in the peripheral compartment 

4.5.2 MODEL VERIFICATION 

The accuracy of the final model was assessed against two observed levodopa 

PK data sets (from unpublished clinical studies sponsored by Orion Pharma), 

a single dose and a repeated dose data set, which were not used in the model 

building process. Visual comparisons of the simulated concentration-time 

profiles to observed profiles were performed. In addition, simulated and 

observed area under the plasma concentration-time curve from the last dose 

to the time of the last measurable concentration (AUClast) and Cmax values for 

the repeated dosing of levodopa were statistically compared after log-

transformation. Statistical tests were performed at two-sided 0.05 significance 

level with 95% CIs. The statistical model included a variable stating if the 

treatment was observed or simulated. The variance estimate was provided 

separately for observed and simulated results. Statistical analyses were carried 

out using the SAS software (SAS®, SAS Institute Inc., Cary, NC, USA). 
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5 RESULTS 

The main results of this thesis are summarised in Figure 11. Detailed 

presentation of the results can be found in the original publications I-IV and 

their supplementary information. 

 

Figure 11 The main results of this thesis 

5.1 QSPR EQUATION FOR PREDICTING THE KA OF A 
PASSIVELY ABSORBED DRUG IN THE HUMAN 
INTESTINE [I] 

This thesis used multivariate data analysis consisting of PCA and PLS 

techniques to establish the relationship between the human intestinal Ka and 

simple computed molecular descriptors of 22 predominantly passively 

absorbed drugs. Three QSPR equations with good statistics and predictivity 

were derived. These models can be used for easy computational prediction of 

passive intestinal absorption in humans. 



Results 

44 

 

5.1.1 STRUCTURAL DIVERSITY OF THE DRUGS 

The PCA included the 170 compounds from data set 1 and 2 and the molecular 

descriptors MW, HBD, HBA and PSA from literature and logDs calculated 

with ACD/Labs. The two principal components i.e., logD at physiological pH 

and PSA or HBD explained 94% of the variance in the data sets. The first 

component logD explained 75.4% and the second component PSA or HBD 

18.6% of the variance. The PCA score plot is presented in Figure 1, Publication 

I. The compounds in the data set 1 were within the 95% tolerance volume and 

no outliers in score plot space were detected. In addition, the compounds in 

data set 1 were relatively scattered and distributed to cover the tolerance 

volume indicating that the compounds selected into the data set 1 structurally 

represented those of the data set 2. 

5.1.2 ABSORPTION RATE CONSTANTS 

The apparent absorption rate constants (Kapp) derived with the deconvolution 

method from the human plasma concentration-time profiles of the 

compounds from data set 1 are shown in Table 2, Publication I. The 

disappearance of the compounds from the absorption site followed first-order 

kinetics (r2 = 0.94–1.00) after a possible short lag time. The Kapp was 

calculated from the slope of the fraction absorbed as a function of time profile 

based on data points from the lag time until at least 75% of drug had 

disappeared from the absorption site. The obtained Kapp values and the further 

calculated Ka are shown in Table 2, Publication I. 

5.1.3 PLS ANALYSIS 

PLS analysis was used to determine the relationship between the logKa and the 

calculated molecular descriptors of the data set 1. This included following 

steps:  

 

• Calculating the linear correlation between logKa and each molecular 

descriptor. The best correlations were obtained with the ACDlogDs, 

HBD, and PSA. 

• The first PLS model (R2 = 0.68 and cross-validated R2 (Q2) = o.62) was 

built using all the 11 relevant molecular descriptors (Table 1, Publication 

I). 

• Each descriptor’s influence determining logKa was evaluated by 

variable influence on the projection function. Again, ACDlogDs, HBD 

and PSA had the biggest influence on logKa (Figure 3, Publication I). 

• Several combinations of the remaining five molecular descriptors 

(ACDlogD6.5, ACDlogD6.0, ACDlogD5.5, HBD and PSA) were constructed 

and cross-validated. The equations of the final PLS models are shown 
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in Table 9. The correlation between observed and predicted logKa 

values (Model 1) are shown in Figure 12. 

Table 9 Equations of final PLS models. Data from [I]. 

Model Equation R2 Q2 

1 logKa = 0.623 + 0.154 logD6.0 – 0.007(PSA) 0.76 0.75 

2 logKa = 0.424 + 0.143 logD6.0 – 0.129(HBD) 0.75 0.74 

3 logKa = 0.636 + 0.098 logD6.0 – 0.004(PSA) – 0.088(HBD) 0.71 0.69 

HBD, number of hydrogen bond donors; Ka, absorption rate constant; logD6.0, octanol-water distribution 

coefficient at pH 6.0; PSA, polar surface area; Q2, cross-validated R2; R2, coefficient of determination  

 

Figure 12 Correlation between predicted and observed log transformed absorption rate 
constant (logKa) values. The predicted values were calculated usind model 1. 
Unity line is shown. Data from [I]. 

5.1.4 VALIDATION OF THE PLS MODELS 

To validate the obtained PLS models, the data set 1 was divided into a test set 

(14 compounds) and a training set (8 compounds). The compounds in the 

training set were selected to cover well the PCA score plot. The training set was 

used to develop PLS models with ACDlogD6.0 with HBD and/or PSA and the 

test set was used to validate these models (Table 10). 
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Table 10 Validation statistics of the PLS models. Data from [I]. 

Model R2 Q2 RMSE RMSEP 

1 0.84 0.82 0.26 0.29 

2 0.80 0.75 0.29 0.29 

3 0.87 0.80 0.26 0.36 
Q2, cross-validated R2; R2, coefficient of determination; 

RMSE, root mean squared error for the training set; 

RMSEP, root mean squared error for the test set 

5.1.5 CORRELATION BETWEEN PREDICTED LOGKA AND OBSERVED 

FA 

The PLS models were further tested by using them to predict the logKa values 

of the data set 2. When the logKa values calculated with PLS model 1 were 

plotted against the obtained Fa values of the data set 2, a clear sigmoidal 

relationship was seen (Figure 5, Publication I). The relationship followed 

nicely the sigmoidal curve modelling an ideal relationship between logKa and 

Fa (equation 6, section 4.1.3). 

5.2 PARACELLULAR PERMEABILITY IN CACO-2, 
MDCKII AND 2/4/A1 CELL LINE MODELS 
COMPARED TO HUMAN INTESTINAL EPITHELIUM 
[II] 

In this thesis the paracellular permeation route of the 2/4/A1, MDCKII and 

Caco-2 cell lines and excised human intestinal segments were characterised. 

PEG oligomers have been extensively used as hydrophilic probes for intestinal 

paracellular permeability (Chadwick et al. 1977, Ma et al. 1990) and were used 

also in the permeability studies of this thesis. The paracellular pore sizes and 

porosities of the studied membranes were estimated based on the 

permeabilities of the PEG oligomers and effusion theory-based data analysis. 

5.2.1 PERMEABILITY OF PEG OLIGOMERS 

The overall paracellular permeability of PEG oligomers was highest in the 

2/4/A1 cell line, followed by that of the human intestine. The permeability was 

clearly lower in MDCKII, and Caco-2 cell lines (Figure 1, Publication II). The 

2/4/A1 cell line model showed linear, and all the other membranes showed a 

biphasic relationship between the permeability and the molecular radius 

(Figure 2, Publication II). 
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5.2.2 PORE SIZE AND POROSITY OF THE MEMBRANES 

To determine the membrane porosity i.e., the rate between the surface area of 

paracellular pores and of the membrane and the pore size the permeability 

data was further analysed by effusion-based theory. The results indicated that 

the MDCKII and Caco-2 cell line models and human intestine include two 

distinct pose sizes. The 2/4/A1 cell line model had only one pore size. The 

calculated porosities are presented in Table 11. 

Table 11 The porosities and pore size in the MDCKII, Caco-2, and 2/4/A1 cell lines and 
human intestine. Data from [II]. 

 MDCKII Caco-2 2/4/A1 

Human 

intestine 

Porosity x 108 

    total 24 61 154 531 

    small pores 16 54  442 

    large pores 8 7  89 

Pore size (Å) 

    small pores 5.5 5.8  6.6 

    large pores 30.5 10.4 14.9 10.1 
Porosity is the rate between the surface area of paracellular pores and of the membrane  

The total porosity of the human intestine was higher than in any of the studied 

cell line models. The pore sizes of the Caco-2 cell line model were closest to 

those of the human intestine. 

5.3 DESCRIPTION OF PASSIVE DIFFUSION FOR PK 
MODELLING [I, II] 

The developed QSPR models described in this thesis (section 5.1.3) are very 

useful from PK modelling perspective since they produce a quantitative 

parameter value Ka. This rate constant parameter can be easily used as such as 

an input parameter in a PK model consisting of differential equations. 

Especially for relatively small and lipophilic compounds it can be assumed to 

give a reliable first prediction of the passive diffusion through human 

intestinal membrane. 

For a hydrophilic compound the QSPR model tends to predict low 

absorption rate. However, for this kind of compound paracellular route might 

be an important route of absorption through the intestinal membrane (Knipp 

et al. 1997). In this thesis (section 5.2.2) porosities and pore sizes of the 

different cell line models and the human intestine are presented. It is shown 

that the Caco-2 cell line model has similar pore sizes as the human intestine. 

Thus, the Papp value produced with the Caco-2 cell line model can be corrected 

with the known porosity differences between the Caco-2 cell line model and 



Results 

48 

 

the human intestine. This way a PK modelling compatible absorption 

parameter can be produced for paracellularly diffusing drugs.  

5.4 RAPID ABSORPTION OF NALOXONE FROM EYE 
DROPS TO SYSTEMIC CIRCULATION IN DOG [III] 

Naloxone is a small, lipophilic drug (Table 12). Based on the developed QSPR 

model 1 (Table 9, section 5.1.3), its predicted absorption rate in the human 

intestine is 1.3 1/h and further based on the equation 6 (section 4.1.3) the 

predicted Fa in human is 91%. However, naloxone has an extensive first pass 

metabolism which prevents its oral administration. In this thesis the 

suitability of ocular topical administration route was studied by using dog as 

an in vivo model.  

Table 12 Physicochemical properties of naloxone 

Structure Physicochemical properties 

 

MW1 (g/mol) 327.4 

logP1 2.09 

logD6.02 -0.094 

PSA1 (Å) 70 

HBD1 2 
1PubChem, 2022; 2Calculated with ADMET predictor software 

logD6.0, octanol-water distribution coefficient at pH 6.0; logP, octanol-water partition coefficient; MW, 

molecular weight; PSA, polar surface area; HBD, number of hydrogen bond donors 

5.4.1 DOSE FINDING 

The aim of the dose finding study was to find a naloxone eye drop dose that 

produces similar plasma concentrations in dogs as FDA-approved intranasal 

or intramuscular devices in humans (Cmax 0.8-10.9 ng/ml [Krieter et al. 2016, 

Krieter et al. 2019]). When naloxone was administered as eye drops to healthy 

laboratory dogs the plasma exposure increased as a function of the dose. The 

increase was less than dose proportional between the doses 100 µg/kg and 3 x 

100 µg/kg. The Cmax of naloxone was reached within 19-23 minutes regardless 

of the dose. The main PK parameters of naloxone after the intravenous and 

ocular topical administrations are shown in Table 13 and plasma profiles in 

Figure 13. 
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Table 13 Pharmacokinetic parameters of naloxone after ocular topical administration of 
ascending doses and after intravenous administration. Data from [III]. 

Dosing route 

Dose 

µg/kg 

Cmax 

ng/ml 

tmax 

h 

AUC0-last 

h•ng/ml 

BA 

% 

intravenous 100   33.5 ± 5.3  

ocular 20 2.2 ± 0.5 0.38 ± 0.22 3.1 ± 1.2 37 ± 10 

ocular 100 12.2 ±2.9 0.36 ± 0.24 15.4 ± 5.0 41 ± 10 

ocular 3 x 100 23.5 ± 4.6 0.32 ± 0.11 28.4 ± 11.0 29 ± 10 

Mean ± standard deviation is shown. Four dogs received naloxone intravenously and six dogs ocularly.  

AUC0-last, area under the plasma concentration-time curve from administration to the time of the last 

measurable concentration; BA, bioavailability; Cmax, maximum plasma concentration; tmax, time to 

maximum plasma concentration 

 

Figure 13 Naloxone plasma concentrations after intravenous and ocular topical 
administrations. Mean ± SD are shown. Four dogs received naloxone 
intravenously and six as eye drops. Data from [III].  

5.4.2 FORMULATION COMPARISON 

The formulation comparison study was conducted to compare the PK and 

tolerability of three naloxone eye drop formulations. From all the studied eye 

drop formulations the absorption of naloxone to systemic circulation was fast, 

tmax ranging from 14 to 28 minutes. The onset of absorption was slightly slower 

from the citrate buffer formulation (Table 14, Figure 14) but the difference 

vanished at the latest 15 minutes after administration and eventually the 

plasma exposure of naloxone was highest from the citrate buffer formulation.  
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Table 14 Pharmacokinetic parameters of naloxone after ocular topical administration of 100 
µg/kg in different vehicles and after intravenous administration. Data from [III]. 

Route and vehicle 

Cmax 

ng/ml 

tmax 

h 

AUC0-last 

h•ng/ml 

BA 

% 

Intravenous, saline   27.9 ± 7.5  

Ocular, citrate buffer 12.7 ± 1.3 0.46 ± 0.10 16.5 ± 5.3 56 ± 14 

Ocular, PG + EDTA 10.3* ± 1.8 0.28 ± 0.11 11.3* ± 3.0 45 ± 10 

Ocular, PG + EDTA 

in citrate buffer 
11.2 ± 2.4 0.23 ± 0.16 10.9* ± 2.4 48 ± 5.0 

Mean ± standard deviation is shown. Six dogs received naloxone intravenously and ocularly. 

*p<0.05 compared to the citrate buffer vehicle  

AUC0-last, area under the plasma concentration-time curve from administration to the time of the last 

measurable concentration; BA, bioavailability; Cmax, maximum plasma concentration; EDTA, 

ethylenediaminetetraacetic acid; PG, propylene glycol; tmax, time to maximum plasma concentration 

 

Figure 14 Naloxone plasma concentrations after ocular topical administration of 100 µg/kg 
in different vehicles. Mean ± SD are shown. EDTA, ethylenediaminetetraacetic acid; PG, 
propylene glycol. Data from [III].  

5.4.3 LOCAL TOLERABILITY OF EYE DROPS 

All the studied doses and formulations were well tolerated. During the 30 min 

intensive observation period after the administration, four dogs out of six dogs 

per group had transient squinting of the eyes and a maximum of two dogs per 

group had occasional pawing of the eye area. All these reactions were rated to 

be mild. 

Naloxone induced a slight transient increase in the IOP. However, no 

statistically significant difference in the change from baseline IOP values 

between ocular topical and intravenous administration was seen. 
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Naloxone induced a slight transient decrease in the tear production. 

However, the only statistically significant (p = 0.02) difference in the change 

from baseline tear production values between the studied formulations or 

dosing routes was that the ocular formulation 3 caused a larger decrease in the 

tear production compared to intravenous naloxone 6 h after administration. 

5.5 IMPROVED PLASMA PK OF LEVODOPA BY 
OPTIMISING THE INHIBITION OF ITS MAIN 
METABOLIC PATHWAYS [IV] 

Levodopa’s absorption in the small intestine has been suggested to be 

mediated by the active large neutral amino acid transporter. However, its 

calculated absorption rate (QSPR model 1, Table 9, section 5.1.3) in the human 

intestine is 0.35 1/h and the predicted Fa in human is 52% (equation 6, section 

4.1.3) indicating that also passive diffusion may play role in its intestinal 

absorption. Although the absorption of oral levodopa seems to be at least 

moderate its plasma exposure is largely decreased due to extensive 

metabolism. The most significant metabolic pathways of levodopa are AADC 

and COMT. 

In this thesis the possibility to increase levodopa’s plasma exposure by 

inhibiting its main metabolic routes, AADC and COMT with different 

carbidopa doses (AADC inhibitor) with and without entacapone (COMT 

inhibitor) was studied. Additionally, a PK model was developed to further 

evaluate the effect of AADC and COMT inhibition on levodopa plasma 

exposure. 

5.5.1 TOLERABILITY AND SAFETY 

All the study treatments were well tolerated and therefore it was concluded 

that the tolerability and safety of the study treatments were similar to those in 

previous studies with the same drugs. 

5.5.2 OBSERVED EFFECT OF INCREASED AADC INHIBITION ON 

LEVODOPA EXPOSURE 

The effect of increased carbidopa doses on the PK of 100 mg IR levodopa was 

studied with and without entacapone (Figure 15, Table 15). In both cases the 

AUClast of levodopa was increased by increasing carbidopa dose from 25 mg to 

50 mg but there was no significant further increase between carbidopa doses 

50 mg and 100 mg. However, levodopa trough concentrations (C3.5h, C7h, C10.5h, 

and C14h) were increased by increasing carbidopa dose up to 100 mg dose and 

the effect was more evident when entacapone was co-administered. Increased 

carbidopa doses did not significantly affect the Cmax of levodopa. 
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Figure 15 Observed mean levodopa plasma profiles for all study treatments. 100 mg of 
immediate release levodopa was administered with different doses of carbidopa 
with or without entacapone. The study treatments were administered orally 4 
times daily with 3.5 h dosing interval for one day. Data from [IV]. 

Table 15 Comparison of observed pharmacokinetic parameters of levodopa between co-
administered carbidopa dose levels. Data from [IV]. 

Parameter 

with entacapone (n=11) 

Carbidopa 

50 vs. 25 mg 

Carbidopa 

100 vs. 50 mg 

Carbidopa 

100 vs. 25 mg 

AUClast [h•ng/ml] 1.29** (1.13-1.47) 1.05 (0.87-1.27) 1.36** (1.14-1.62) 

Cmax [ng/ml] 1.01 (0.81-1.27) 1.08 (0.79-1.49) 1.10 (0.81-1.48) 

C3.5h [ng/ml] 1.14 (0.98-1.32) 1.20 (0.91-1.58) 1.36* (1.04-1.78) 

C7.0h [ng/ml] 1.10 (0.95-1.27) 1.21 (0.98-1.50) 1.33** (1.09-1.63) 

C10.5h [ng/ml] 1.11 (0.95-1.31) 1.24* (1.04-1.49) 1.39*** (1.16-1.66) 

C14.0h [ng/ml] 1.24* (1.05-1.46) 1.18 (0.93-1.50) 1.46** (1.17-1.82) 

 without entacapone (n=12) 

AUClast [h•ng/ml] 1.13* (1.01-1.28) 1.03 (0.88-1.22) 1.17 (0.99-1.38) 

Cmax [ng/ml] 1.00 (0.82-1.22) 1.05 (0.78-1.41) 1.05 (0.78-1.41) 

C3.5h [ng/ml] 1.17* (1.02-1.34) 1.21 (0-93-1.59) 1.42* (1.08-1.88) 

C7.0h [ng/ml] 1.09 (0.96-1.34) 1.04 (0.86-1.26) 1.13 (0.94-1.37) 

C10.5h [ng/ml] 1.15 (0.99-1.34) 1.02 (0.87-1.20) 1.18* (1.00-1.39) 

C14.0h [ng/ml] 1.10 (0.94-1.30) 1.15 (0.93-1.42) 1.27* (1.03-1.57) 

Comparison shown as ratio for estimates of geometric means (95% CI) 

*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001 

AUClast, area under the plasma concentration-time curve from the last dose to the time of the last 

measurable concentration; C3.5h, C7h, C10.5h, and C14h, trough plasma concentration; Cmax, peak plasma 

concentration; CI, confidence interval  
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With entacapone the AUClast and trough concentrations of levodopa were 

significantly higher at each carbidopa dose level than without entacapone. 

However, entacapone co-administration did not significantly increase the Cmax 

of levodopa at any studied carbidopa dose level. 

5.5.3 THEORETICAL WINDOW FOR INCREASING THE PLASMA 

EXPOSURE OF LEVODOPA BY INHIBITING AADC AND COMT 

As described in publication IV, the final PK model was able to capture the 

observed levodopa plasma data adequately based on visual inspection and 

statistical comparison. The final PK model was used to evaluate how the 

inhibition of AADC and COMT metabolic pathways is reflected in the exposure 

of IR levodopa. 

When 100 mg IR levodopa with 25 mg IR carbidopa was used as a baseline 

treatment the simulated maximum effect of AADC inhibition on the area 

under the plasma concentration-time curve from administration to infinity 

(AUCinf) of levodopa was +100% without and +121% with 200 mg of 

entacapone. The simulated maximum effect of the COMT inhibition was 

+100%.  In Figure 16 the simulated cumulative effect of the different AADC 

and COMT inhibition settings on the AUCinf of 100mg IR levodopa are shown. 

 

 Baseline inhibitor treatment 

AADC inhibition 25 mg Carbidopa 

25 mg Carbidopa 

+ 200 mg Entacapone 

100 mg Carbidopa +28% +34% 

250 mg Carbidopa +11% +13% 

100% +40% +46% 

   

COMT inhibition 25 mg Carbidopa  

200 mg Entacapone +55%  

2000 mg Entacapone +10%  

100% +17%  

Figure 16 Simulated cumulative effect of different aromatic amino acid decarboxylase 
(AADC) and catechol-O-methyltransferase (COMT) inhibition settings on the total 
exposure (AUCinf) of 100 mg immediate release levodopa. Data from [IV]. 

The simulations suggest that higher than 100 mg carbidopa dose and 

higher than 200 mg entacapone dose could have increased levodopa exposure 

slightly further than observed in the PK study with healthy subjects. The 

simulated maximal AADC inhibition increased the total exposure of levodopa 

clearly compared to a high carbidopa dose (250 mg). This indicated that there 
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seems to be room to improve levodopa’s exposure via a more potent AADC 

inhibitor. Instead, simulated maximal COMT inhibition increased the total 

exposure of levodopa only modestly suggesting that entacapone is close to the 

optimal COMT inhibitor. 
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6 DISCUSSION 

The overall aim of this thesis was to develop models to identify drug candidates 

with high absorption potential and to find means to overcome possible high 

metabolism. The publications I and II concentrated on developing in silico and 

in vitro models for predicting passive drug diffusion through human intestinal 

membrane. The publications III and IV concentrated on in vivo testing of 

strategies to decrease extensive drug metabolism. All the publications 

produced such data that can be used either as an input in bottom-up PK 

modelling or as observed data for validating bottom-up PK models and 

building top-down PK models. 

6.1 MODELLING THE PASSIVE DRUG DIFFUSION 

The publication I was the first published study where QSPR models for passive 

intestinal absorption were derived by correlating observed Ka values with 

computational molecular descriptors. Linear correlations as well as 

multivariate PLS analysis showed that the most important parameters 

describing Ka were PSA, HBD, and logD. LogD at pH 6.0 gave better 

correlation that the logD at pH 7.4 which may be because the duodenal pH is 

closer to 6.0 than 7.4. Although MW is generally considered as an important 

descriptor for absorption, in the thesis work no correlation was found between 

Ka and MW. This might be due to the narrow MW range (144-384) of the drug 

molecules in the data set. In other published studies PSA, HBD and logD have 

been found to correlate well also with the Caco-2 Papp, human Peff, and human 

Fa of passively diffusing drugs (Norinder et al. 1997, Norinder et al. 1999, 

Stenberg et al. 2001, Wessel et al. 1998, Winiwarter et al. 1998, Winiwarter et 

al. 2003, Yamashita et al. 2002, Zhao et al. 2001, Zhao et al. 2002, Österberg 

& Norinder 2001). This indicates that the same combination of molecular 

descriptors gives a good prediction of these different absorption parameters. 

The QSPR models developed in this thesis were further tested by using them 

to predict the logKa values of a set of 169 drugs and plotted against their 

experimental, literature-based Fa values. A good correlation was found over 

the entire human Fa value range from 100% to 0.3%. However, only 15 of the 

compounds had Fa<30% which is typical when using a data set of known 

drugs. It is important to notice that QSPR models depend largely on the data 

used to train the models. Understanding the training set is critical for 

identifying the model limitations (Price et al. 2021). Although the created 

QSPR models were able to predict logKa values that correlated well with 

experimental human Fa values of broad range the models should not be used 

for predicting Ka values for compounds that do not fit into the defined 

molecular space of the model e.g., peptides. When the assumptions and limits 
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of the developed QSPR models are understood they can be used as a valuable 

tool to facilitate the process of optimising and selecting of new drug candidates 

even before the drugs have been synthetised. Compared to predicted Fa, 

predicted Ka is more useful parameter since it can be easily combined with 

mechanistic absorption models such as the CAT (Yu & Amidon 1999) ACAT 

(Agoram et al. 2001) or ADAM (Jamei et al. 2009) which are often used to 

describe the absorption process in PBPK models. When these mechanistic 

absorption models are combined with models describing systemic PK, the 

effect of Ka on plasma concentration-time profile of a drug can be further 

evaluated. 

After the drug has been synthesised, it is possible to study more thoroughly 

its passive diffusion with in vitro cell line models. In the publication II the 

paracellular routes of the human intestine and three commonly used cell line 

models (MDCKII, Caco-2 and 2/4/A1) were defined. This was done by 

measuring the permeabilities of PEG oligomers through the membranes and 

applying an effusion-based theory to the permeability results. This approach 

allowed quantitative characterisation of the paracellular route of the 

membranes including both the pore size (radius of the pore) and the porosity 

(fraction of the paracellular space on the membrane surface). The results of II 

supported the earlier published findings that the Caco-2 and MDCKII cell line 

models underpredict the paracellular permeability in human intestine. 

However, the pores in the Caco-2 cell line model were found to be 

approximately of the same sizes as the pores in the human intestinal 

epithelium. Therefore, it was concluded that it is the lower number of 

paracellular pores per cm2 and not difference in pore sizes between Caco-2 cell 

monolayer and human intestine that explains the deviating PEG permeability 

results between these membranes. In addition, the biphasic permeability 

profiles observed with the human intestine, the Caco-2 and the MDCKII cell 

lines suggested that these membranes had two distinct pore sizes, whereas the 

monophasic permeability profile with the 2/4/A1 cell line indicates that this 

membrane had pores of one size. 

Some researchers have questioned the suitability of PEGs as paracellular 

probes due to being flexible polymers and therefore capable of changing 

molecular dimensions which may affect their paracellular permeation. 

However, in our study identical PEGs were used in all permeability assays and 

they should not cause bias in comparison between the membranes. The 

conducted quantitative analysis of the paracellular space can provide a scaling 

factor between the passive diffusion in the cell line models, especially Caco-2, 

and human intestine. It was shown that the paracellular pore sizes were 

similar between the Caco-2 cell line model and the human intestine and 

therefore the detected difference in porosity can be used as such to scale the 

paracellular permeability in the Caco-2 cell line model to that in the human 

intestine.  It needs to be remembered though that the scaling factor is valid 

only for passive paracellular diffusion. 
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6.2 WAYS TO OVERCOME EXTENSIVE METABOLISM 

6.2.1 ADMINISTRATION ROUTE 

In publication III we described a novel administration route for naloxone, the 

ocular topical route as eye drops. With this route it was possible to overcome 

the extensive first pass metabolism of naloxone. Ocular topical administration 

resulted in a dose-dependent increase in the plasma naloxone concentration 

when the naloxone concentration in the eye drop was increased from 3 mg/ml 

to 15 mg/ml. Considering the target indication, reversal of opioid induced 

analgesia and respiratory depression, the most important PK finding was that 

a therapeutic naloxone plasma level was rapidly reached after ocular topical 

administration. When Wahler and colleagues administered a 4 mg (~170 

µg/kg) intranasal naloxone dose to dogs using the commercially available 

naloxone atomizer developed for human intranasal administration (Wahler et 

al. 2019), the achieved naloxone plasma exposure (Cmax) was lower than in our 

study with 100 µg/kg eye drops (9.3 ng/ml vs. 12.2 ng/ml, respectively). The 

bioavailability after intranasal dosing was also lower (32% vs. 41%) but the 

absorption times (tmax) were roughly similar (21.6 vs. 22.5 min). The dogs 

tolerated the eye drops well and only few signs of ocular irritability were 

detected, and the reactions of dogs suggesting immediate ocular discomfort 

after the dosing were sporadic and short-lasting. 

The beagle dog is considered a good model for studying ocular topical drug 

administration (Sebbag et al. 2019, Sebbag & Mochel 2020) and the results 

suggest that ocular topical administration might be a useful strategy to 

overcome the extensive metabolism. The differences in the systemic PK of 

naloxone, especially in volume of distribution and elimination rate between 

dog and human may lead to different plasma concentrations of naloxone in 

these species after cular topical administation. Still by combining the observed 

systemic absorption rate in dog after eye drop administration to known 

systemic PK of naloxone in human, the plasma profile of naloxone in human 

after eye drop administration can be roughly estimated. There are PK and 

PBPK models available for simulating the drug absorption from topical ocular 

products in rabbit (Deng et al. 2016, LeMerdy et al 2019). These can be used 

to evaluate the possibility to utilise this administration route for other drugs 

as well. However, it is important to keep in mind that as all administration 

routes also ocular topical route has drawbacks beyond ADME that may limit 

its use. The challenges are related to e.g., the small dosing volume setting limit 

to the dose, local tolerability, variability, and patient compliance. The 

usefulness of this route depends on the physicochemical properties and 

potency of the drug as well as from the intended indication and preferred 

dosing regimen (as needed vs. chronic dosing). 
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6.2.2 INHIBITING METABOLISING ENZYMES 

Although having the status of gold standard in treating the motor symptoms 

of Parkinson’s disease, levodopa is far from being a perfect drug. The low and 

variable bioavailability is one of the biggest challenges related to the oral 

levodopa since this leads to incomplete and fluctuating plasma exposure and 

consequently suboptimal treatment of the motor symptoms of Parkinson’s 

disease (Tambasco et al. 2018). The mostly used drugs to inhibit the main 

metabolic pathways of levodopa, the AADC and the COMT, are carbidopa and 

entacapone, respectively.  The main aim of the PK study in publication IV was 

to investigate to what extent increased carbidopa doses (50 mg and 100 mg) 

increase the plasma levels of 100 mg IR levodopa compared to a standard 

carbidopa dose (25 mg) with and without entacapone. It was shown that the 

increased carbidopa doses increased the AUClast and trough concentrations of 

levodopa. These effects were particularly evident when entacapone was co-

administered and prevented the levodopa to leak through the COMT pathway. 

At the same time, the Cmax of levodopa did not increase significantly indicating 

that higher carbidopa doses with entacapone increased the exposure of 

levodopa with a simultaneous reduction of fluctuation in the levodopa plasma 

profile. These results demonstrated that optimal simultaneous inhibition of 

the metabolising enzymes can produce an improved PK profile of the drug. 

In addition, for being a very valuable observed data set as such, the PK 

study data was used to validate a semi-mechanistic levodopa PK model. The 

build model enabled running theoretical simulations about the maximum 

effects of AADC and COMT inhibition of levodopa exposure. Total AADC 

inhibition increased the simulated AUCinf of levodopa by 46% with and by 40% 

without entacapone compared to a very high carbidopa dose (250 mg) 

indicating that there is room to improve levodopa’s exposure via more potent 

AADC inhibitor than carbidopa. The theoretical simulation also indicated that 

the increase in levodopa exposure between a very high dose (2000 mg) of 

entacapone and maximal COMT inhibition was +17% suggesting that 

entacapone is close to the optimal COMT inhibitor in combination use with 

levodopa and carbidopa. The levodopa PK model was mainly top-down in 

nature since a lot of clinical experimental data was available and a lack of 

thorough mechanistic knowledge related to levodopa ADME made it 

unrealistic to build a reliable bottom-up model for this thesis. 

6.3 PK MODELLING THROUGH DRUG DEVELOPMENT 

During the long and multiphase drug development process different kinds of 

models are of utmost importance in finding answers to the critical ADME 

questions guiding the molecule selection, optimisation and proceeding in the 

development path. These models include predictive structure-based in silico 

models, high-throughput in vitro models, and in vivo animal models. All these 

models can produce input data to be further used in PK modelling and 
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simulation allowing a more mechanistic way to predict the drug’s ADME 

behaviour in humans (Yu & Wilson 2010). As important as it is to build the 

integrative PK models for running human PK predictions it is to look back and 

to retrospectively evaluate the accuracy of the human PK predictions. Only by 

doing this the ADME and PK models can be improved for future candidate 

drugs (Figure 17). 

 

Figure 17 PK modelling process in drug development 

At the early stage of drug development, the models are focusing on the 

computational properties of the drug. The QSPR models developed in the 

publication I are an example of these. QSPR models can be used to rank the 

candidate structures in an order based on a certain estimated ADME property. 

Predictive in silico models for ADME parameters depend crucially on selecting 

the right mathematical approach, the right molecular descriptors, and a 

sufficiently large set of experimental data for the validation of the model (van 

de Waterbeemd & Gifford 2003). Often the in silico ADME predictions are not 

sufficiently accurate as such to replace in vitro measurements in biologically 

relevant systems, but they can push the chemistry in the right direction, to find 

more promising candidate compounds for in vitro testing (Broccatelli et al. 

2016, Price et al. 2021). However, it needs to be taken care of that the QSPR 

models are built with quality data, validated, and used within the molecular 

space for which they were designed. 

When the selected candidate compounds have been synthesised, in vitro 

tools can be used as models to get more mechanistic information about their 

ADME properties such as cellular permeation and CLint. The permeability 

studies in cell lines conducted in publication II are an example of these. This 

information can then be further used as an input for an integrative PK model 
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(e.g., PBPK) to make initial simulations about the effect of separate ADME 

properties on the plasma concentration-time profile of the compound. When 

proceeding in the drug development the PBPK models need validation, and 

the validation needs to be done against in vivo animal and human data. When 

the initial PBPK model has been successfully validated against in vivo animal 

data, its prediction power towards human in vivo estimation is increased. As 

an example, the naloxone in vivo PK data in dogs of publication III could be 

used to refine and validate a dog PBPK model that would initially have been 

built with naloxone physicochemical and in vitro data. Then, by replacing the 

physiology of the PBPK model with the human equivalent and using IVIVE to 

determine human systemic CL, the PBPK modelling technique could be used 

for preliminary prediction of the PK of naloxone in human. However, it is 

always important to keep in mind that the quality of models depends largely 

on the quality of the input and validation data and assumptions related to that. 

If it can be shown against in vivo human data that the PBPK model is able 

to predict the in vivo PK profile of a drug in most cases the model is highly 

beneficial in planning the further in vivo studies in human. It can be used e.g., 

to estimate the extent of drug-drug interaction (DDI) liabilities of the drug or 

the effect of genotype of a polymorphic drug metabolising enzyme or 

transporter on the drug’s PK profile. PBPK modelling is also increasingly used 

for the dialogue between pharmaceutical companies and regulatory agencies. 

The FDA and the European Medicines Agency (EMA) have produced guidance 

documents on the appropriate use of PBPK models for regulatory submissions 

(EMA 2018, FDA 2018, FDA 2020). Also, PBPK based instructions on drug 

labels, especially related to DDI and dosing in special populations are common 

(Miller et al. 2019). However, it is not always possible to use the PBPK kind of 

bottom-up approach for PK modelling in the clinical phase. Sometimes there 

is too little information about some processes determining the ADME of the 

drug. There can be for example lack of information about the expression levels 

and locations of metabolising enzymes of the drug like was the case with 

levodopa in publication IV. Still semi-mechanistic or even empirical top-down 

modelling can be a beneficial tool for planning the future development steps 

as shown in publication IV. PK models using population approaches (PopPK) 

are considered to be more top-down type of models. They are data driven 

models which are capable of taking into account different sources of variability 

in PK predictions and combining data from several individual studies to gain 

broader understanding on the factors affecting the drug’s PK and variability in 

that (Sheiner et al. 1977). As PBPK models also, PopPK models are highly 

beneficial in guiding drug development and are increasingly used in regulatory 

purposes (EMA 2007, FDA 2022). 

PK modelling is an integrative science incorporating drug’s 

physicochemical properties and physiological processes of the human body. It 

can help to highlight knowledge gaps and inform preclinical and clinical drug 

development strategies. The ultimate goal of PK modelling is not to develop a 

mathematical model but to learn more about the ADME behaviour of the drug 
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and about the significance of the underlying factors. This can guide decision 

making during the drug development and reduce the risk of failing too late. As 

Allerheiligen has stated: “Our focus cannot be on the tool or model; it must be 

on the question” (Allerheiligen 2014). 

In this thesis the focus was on the ADME properties of a drug which further 

determine the PK profile of the drug. However, PK is just one domain in 

clinical pharmacology dealing with optimal dosing, the other being 

pharmacodynamics (PD). The usefulness of these domains is limited if 

regarded in isolation (Derendorf et al 2000). Therefore, already in the early 

phase of drug development there should be aims for building integrated 

pharmacokinetic-pharmacodynamic (PKPD) models. Population 

methodologies can be included into the models to predict the variability in 

PKPD caused by different sources and the effects of covariates (age, weight, 

gender etc.) on the PKPD profile of a drug. Only when the dose-exposure-

response relationship is quantitatively understood it can be used to guide the 

selection of effective and safe dosing regimen, study planning and decision 

making. 

6.4 FUTURE PROSPECTS 

In future the use of in silico ADME models will continue to grow because 

mathematical processing of data becomes faster every day. The in silico 

modelling of ADME parameters has come a long way from the early QSPR 

models. There are already several published examples available from the use 

of machine learning methods in predicting ADME parameters (Miljkovic et al. 

2021). The machine learning models are not just predicting qualitatively the 

probability of desirable ADME properties, but they can predict quantitatively 

the values of PK parameters like volume of distribution (Vd) and CL. These 

predicted PK parameter values can then be consolidated by more 

comprehensive models to produce a predicted plasma concentration-time 

profile for the candidate drug to prioritise candidate compounds with 

desirable PK predictions (Danishuddin et al. 2022, Miljkovic et al. 2021). Still 

some PK parameters are easier to predict with reasonable accuracy than the 

others. The in silico predictions tend to be most accurate for distribution 

parameters such as Vd or fu whose dependency on physicochemical properties 

are already understood (Davies et al. 2020). 

What about the future of in vitro models? These tools are needed in the 

future aside from the in silico tools to study the impact of many biological 

aspects on the ADME properties of the drug and these models are also 

evolving. Artificial membranes have been developed to study the passive 

diffusion of the drugs (Berben et al. 2018) and advanced liver models such as 

3D organs-on-chips are very promising for studying ADME properties (Wang 

et al. 2021). These types of in vitro models are already used in drug research 

to gain knowledge about the ADME properties of drug candidates. However, 
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experience in using them for regulatory purposes is still limiting. For sure the 

situation will change after some years but until then the Caco-2 cell line model 

for absorption prediction and hepatocyte and microsome models for CL 

prediction will rule the regulatory in vitro field. 

The accuracy of PK model predictions is increasing when advanced in silico 

and in vitro tools produce more physiologically relevant input data into the PK 

models. Also, the PKPD models are evolving even though there are countless 

biological things that make the modelling of PD in many cases everything but 

straight forward. Every day researchers are working hard to find pieces of new 

information about the biological processes of the human body and about the 

pathophysiology of different diseases. In future the quantitative systems 

pharmacology (QSP) method, which aims to describe the interaction between 

the drug, biological network and disease conditions will be increasingly used. 
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7 CONCLUSIONS 

The QSPR models developed in this thesis are useful tools in early drug 

development for initial prediction of drug absorption rate since they only 

require calculated physicochemical descriptors of the drug candidates. They 

can be used when guiding the molecule design and drug candidate selection 

for further studies. The predicted Ka value can also be used as an input 

parameter in different types of PK models. Transcellular passive diffusion 

typically leads to rapid and complete absorption through the membrane of the 

human intestine. When the QSPR models estimate low Ka for a drug candidate, 

further studies with in vitro cell line models may be used to find out if the drug 

is absorbed via paracellular route. Common understanding has been that the 

cell line models underestimate the intestinal paracellular absorption of drugs. 

Also, in this thesis it was shown that the paracellular porosity of cell line 

models tends to be lower than that of the human intestine. However, it was 

also shown that the Caco-2 cell line has similar paracellular pore sizes as the 

human intestine. This information can be used to scale the Caco-2 cell line 

based paracellular permeability results to human and to be used as a scaled 

input parameter in PK models. 

Sometimes the unfavourable PK of a drug is not due to low absorption but 

rather due to high CL. The prediction of drug absorption is not an easy task 

but often the prediction of drug metabolism in human is even harder. 

Therefore, in vivo studies are generally required in finding out the effect of 

metabolism on the plasma concentration-time profile of the drug. In this 

thesis two strategies, ocular topical administration route for naloxone and 

inhibition of metabolic enzymes for levodopa, were studied in vivo to 

overcome the extensive drug metabolism. It was proved that these strategies 

can be used to handle the metabolism issue. The results of these in vivo studies 

can be further elaborated by PK modelling. 

Taken together, the results presented in this thesis provide novel models 

for predicting the passive absorption of drug candidates and proven strategies 

to overcome the extensive systemic metabolism of drugs. The studies 

produced such data that can be used in PK models for deeper elaboration of 

the drug’s PK behaviour. The thesis contributes to better understanding the 

ADME elements and their effect on the PK profiles of drugs during different 

phases of drug development. 
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