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Teaser Used in combination, physiologically based pharmacokinetics, quantitative systems
pharmacology and quantitative systems toxicology have the potential to improve prediction

of the effective drug concentration and the associated beneficial and adverse effects,
improving the chances of success in biopharma R&D.

Better prediction of the local
concentration–effect relationship: the
role of physiologically based
pharmacokinetics and quantitative
Sebastian Polak1,2, Zofia Tylutki1,2, Mark Holbrook2 and
Barbara Wi�sniowska1

1 Faculty of Pharmacy, Jagiellonian University Medical College, Medyczna 9 Street, 30-688 Kraków, Poland
2Certara-Simcyp, Level 2-Acero, 1 Concourse Way, Sheffield, S1 2BJ, UK

Model-informed drug discovery and development (MID3) is an umbrella

term under which sit several computational approaches: quantitative

systems pharmacology (QSP), quantitative systems toxicology (QST) and

physiologically based pharmacokinetics (PBPK). QSP models are built

using mechanistic knowledge of the pharmacological pathway focusing

on the putative mechanism of drug efficacy; whereas QST models focus on

safety and toxicity issues and the molecular pathways and networks that

drive these adverse effects. These can be mediated through exaggerated on-

target or off-target pharmacology, immunogenicity or the physiochemical

nature of the compound. PBPK models provide a mechanistic description

of individual organs and tissues to allow the prediction of the intra- and

extra-cellular concentration of the parent drug and metabolites under

different conditions. Information on biophase concentration enables the

prediction of a drug effect in different organs and assessment of the

potential for drug–drug interactions. Together, these modelling

approaches can inform the exposure–response relationship and hence

support hypothesis generation and testing, compound selection, hazard

identification and risk assessment through to clinical proof of concept

(POC) and beyond to the market.

Introduction
The concentration–response relationship is a fundamental principal in the study of how a

compound interacts with a test system, whether it be in vitro, in vivo or ex vivo. However, at

least historically, this basic principal has often been underappreciated or overly simplified and

has been associated with a high degree of compound failure in the clinic [1]. In fact, these authors,

in reviewing the reasons for failure in the Pfizer portfolio, proposed three key elements that need

to be met to adequately test clinical proof of concept (POC): (i) exposure at the target site of action

over a desired period of time; (ii) binding to the pharmacological target as expected for its mode of
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action; and (iii) expression of pharmacological activity commen-

surate with the demonstrated target exposure and target binding

[1]. Although these three elements are arguably intuitive, there are

technical challenges in their measurement in the experimental

situation and subsequent integration for accurate interpretation.

This has been a driving force in the evolution of quantitative

systems biology (QSB), which can be defined as ‘an approach to

biology that seeks to understand and predict the quantitative

features of a multicomponent biological system’ [2]. QSB is a broad

area made up of the related and overlapping subdisciplines of

quantitative systems pharmacology (QSP) and quantitative sys-

tems toxicology (QST), along with physiologically based pharma-

cokinetics (PBPK). When used effectively in an integrated fashion

these techniques are considered major components of model-

informed drug discovery and development (MID3) [3,4]. It is

important to emphasise the term ‘informed’ recognising that no

model is perfect and data from such computational models need to

be used by the scientist in conjunction with other clinical and

nonclinical data in an integrated fashion to support interpreta-

tion. Together, these modelling approaches can improve mecha-

nistic understanding of the exposure–response relationship and

hence support hypothesis testing, compound selection, hazard

identification and risk assessment through to and beyond clinical

POC to the market. Ultimately, this should lead to more-successful

and -efficient delivery of valuable medicines to patients. In fact,

MID3 supports the exciting concept of personalised medicine

through recognition of differences in drugs and individual

patients. Computational models can accommodate inter- and to

some degree intra-individual variability assessment such that con-

sideration can be made at the population and individual level [5].

The scope of this review does not allow a detailed description of

this aspect of modelling but variability assessment is an important

consideration that is required by the current regulatory guidelines

on the reporting of PBPK-based simulation results [6]. Further, we

have not included the important topics of uncertainty and param-

eter identifiability analysis but direct the reader to these guidelines

and other recent publications [7,8].

PBPK models
What are they and how are they utilised?
PBPK models are mathematical representations of cells, tissues and

organs, with associated arterial and venous blood systems. They

are built using parameters defining specific tissue physiology

including cell volumes, expression of relevant proteins (e.g., trans-

porters) and blood-flow rates. Briefly, each biological system mod-

el is composed of a series of compartments, representing cells,

tissues and organs. The number of compartments differs between

various models depending on the degree of complexity and the

context of use for the model. Basic models lack detailed descrip-

tion of the biological structure and assume perfusion-limited drug

distribution and well-stirred character resulting in homogeneity

within and equilibria between compartments. Thus, description of

the cellular and subcellular distribution of the drug of interest is

not possible with such basic models. Obtaining a quantitative

prediction of the disposition of a drug in the intra- and extra-

cellular spaces requires a more complex permeability-limited mod-

el, where passive diffusion and/or active transport at the level of

biological membranes is a regulating factor [9]. In practice, both
types of model have utility for efficacy, toxicity and safety assess-

ment with the type employed depending upon the context of use,

objective, throughput and accuracy.

What are the potential benefits of PBPK models?
An appropriately designed PBPK model provides a fit-for-purpose

prediction of the intra- and extra-cellular concentration of com-

pounds (parent drug and metabolites) in selected tissues and organs,

something that is not possible or practical to be routinely deter-

mined experimentally, especially in humans. Each model is initially

built fromexperimentallymeasured and estimatedparametersusing

a training dataset and undergoes an iterative learn–confirm cycle

with verification through the use of a selected test set of experimen-

tal data that was not used for the initial generation of the model. The

objective is tomitigate foranybiasand quantify thepredictive power

of the model. This approach allows a critical judgement of the

accuracy and the utility of the model with any assumptions in

the model recognised and reported. Arguably this transparency,

with any assumptions clearly stated, means that a more objective

view can be formed on a PBPK model as compared with experimen-

tally generated data where there can be greater unknowns, potential

for operator bias and variance.

Owing to tissue differences in blood flow, transporter expression

and metabolic activity, a well-constructed PBPK model enables the

prediction of tissue-specific exposure to the drug and metabolites

against time to depict the PK (or TK) profile. Further, the model

supports the testing of hypotheses associated with (i) the drug (e.

g., drug–drug interactions), (ii) the test system (e.g., different

species, disease state, sex, stage of development) and (iii) extrinsic

factors (e.g., diet, co-medications). This allows prediction of the

clinical situation with consideration of potentially high-risk popu-

lations.

In addition, PBPK modelling has the potential to refine, replace

and reduce the use of animals in medical research addressing the

3Rs initiative [10]. Potential benefits afforded by a well-designed

PBPK model include:
� supporting interpretation, interpolation and extrapolation

between nonclinical and clinical scenarios;
� prediction of clinical exposure;
� prediction of drug–drug interaction;
� prediction of local tissue concentration;
� ‘what-if’ scenarios testing for various theoretical clinical

situations;
� utilisation in various industry sectors – pharmaceuticals,

agrochemicals, cosmetics;
� supporting the 3R objectives.

Considerations for PBPK model development and utilisation
While offering major practical advantages over the traditional

approach (i.e., measurement of local tissue concentration), the

development of PBPK models has several challenges that could

potentially constrain their practical application.

i PBPK models are mechanistic in their nature, requiring a good

understanding of the underlying pathways, constituents and

processes affecting drug exposure. Despite the development

and application of novel technologies such as proteomics,

transcriptomics and metabolomics resulting in significant
www.drugdiscoverytoday.com 1345
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progress with the elucidation of several biological pathways

and systems, there are still several gaps that restrict a

mechanistic description of the biological phenomena and in

some cases reduce practical application of a model. One such

area is transporter-mediated drug diffusion which is the

subject of significant research owing to the key role that these

proteins take in drug disposition. In time, this research will

lead to the further elucidation of these transporter mecha-

nisms and support the development of better models in an

incremental fashion.

ii The practical application of PBPK models requires significant

quantities of good quality and relevant data generated

primarily from in vitro and in vivo human clinical studies

and, to a lesser degree, animal studies. In general, owing to the

large number of parameters required for PBPK modelling and

the limited availability of in vivo data to verify individual

parameters, model predictions can carry a degree of uncer-

tainty associated with the level of confidence in the accuracy

of individual parameters. For example, for drugs that have not

been administered intravenously to humans, distribution and

absorption parameters cannot be confirmed or verified

experimentally, which introduces uncertainty into model

parameters and consequently the simulated output.

iii Practical application of PBPK models requires combining and

merging various modelling techniques, beginning from

empirical heuristic algorithms, through classical statistical

models, to the differential calculus at various level of

complexity (0D–3D models, and therefore ordinary and partial

differential equations). As with all modelling and experimen-

tal techniques, with increased complexity comes the risk of

increased error, hence the desire is always to minimise the

complexity while ensuring relevance to the context of use.

iv With the advancement in any technology and its application

comes the need for continuous communication, education,

review and acceptance. In the world of drug discovery and

development this includes key stakeholders such as regulatory

agencies; and sponsors need to be comfortable submitting data

to regulatory agencies generated with such techniques [11].

v Some critics of the technique cite experience leading to lack of

confidence with model extrapolation [11]. This is understand-

able and such experiences need to be addressed. In our view

these issues are often the result of inadequate model

verification and quality assessment procedures. As mentioned

previously, every model, computational or experimental, has

limitations and these need to be understood and confirmation

made that the model is fit-for-purpose.

vi Defining the model structure, access to relevant parameterisa-

tion data and quality input data can be challenging yet it is

crucial to produce a meaningful model. This drives the

predictive power for the intended use and hence its value [12].

QSP models
Definition of QSP model
QSP is a rapidly emerging discipline combining wide and detailed

biological knowledge of a biological pathway at the cell, tissue,

organ and organ system level, with the PK of a compound and

relevant metabolites. Defined as a translational medicine ap-

proach, it combines computational and experimental methods
1346 www.drugdiscoverytoday.com
to elucidate the pharmacological pathway associated with the

mechanism of action [13]. As a discipline, QSP aims to provide

a quantitative description of the mechanisms lying behind estab-

lished and novel chemical entities (NCEs) and novel biological

entities (NBEs) offering the opportunity to optimise therapy for

the individual patient by maximising therapeutic effect and mini-

mising potential toxic reactions. The main difference between the

traditional empirical pharmacodynamic model (PD)-based ap-

proach and QSP lies in the broader use of drug-independent

information describing the biological system of interest – ulti-

mately the human body [14].

The evolution of QSP has led to the development of QST
QST has been defined as ‘an approach to quantitatively understand

the toxic effects of a chemical on a living organism, from molecu-

lar alterations to phenotypical observations, through the integra-

tion of computational and experimental methods’ [15]. In essence,

QST could be viewed as a distinct but overlapping discipline with

QSP. QST with its specific focus on the safety and toxicity of a

compound presents some unique challenges. Although the model-

ling of efficacy focuses on the primary ‘on-target’ pharmacology

associated with the intended modulation of this system, safety and

toxicity consider the exaggerated modulation of this pathway as

well as other pharmacology associated with secondary ‘off-target’

effects of the molecule and the physicochemical nature of the

molecule. QST therefore needs to account for multiple effects and

pathways that might be compound specific. Hence, consideration

of compound ‘promiscuity’ with on-target and off-target binding

and function adds complexity with the need to understand mul-

tiple pathways [16].

With the increased utilisation and verification comes confi-

dence regarding the application and usefulness of computational

models. Such models can be utilised not only to generate hypoth-

eses but also to increase understanding and test virtual scenarios

[17]. In the nonclinical arena, safety pharmacology and toxicology

studies are designed for hazard identification, risk assessment and

risk management – requiring a robust objective means to support

translation into the clinic. Further, although the initial focus

might be on healthy volunteers, it is important to extrapolate

through to patient populations with consideration of their demo-

graphics, comorbidities and potential for drug–drug interaction.

In addition, what constitutes a safety issue could vary with the

intended therapeutic indication ranging from a toleration issue

such as nausea to a safety issue such as an increase in heart rate or

to a toxicity issue such as hepatotoxicity. To achieve this aim, QST

models need to be supported with drug PK information and refined

through the use of PBPK models to predict the tissue and cell

concentration of the compound and metabolites of interests [18].

With that, the QST models can be further extended to quantitative

systems toxicology and safety (QSTS) models, combining these

two related fields [19].

Knowledge about the local concentration of
compounds: why is it needed in the context of the QSP
models?
Many drugs exert their intended or unintended functional effects

following absorption or transport into cells and subsequent

binding to intracellular targets. Therefore, knowledge about the
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intracellular concentration of drugs, and in some cases metabo-

lites, is necessary to accurately interpret their pharmacological and

toxicological effects and their potential for interaction with other

drugs [20]. Owing to the fact that the intra- and extra-cellular

environments differ (e.g., the presence and concentration of pro-

teins and the role taken by membrane transporters in controlling

intracellular drug concentration) means that the plasma concen-

tration might not be an accurate representation of the intracellular

effective concentration.

QSP/QST is a holistic approach to translational medicine with

the purpose of providing the understanding of disease mecha-

nisms and therapeutic or toxic effects that span multiple biological

scales. To analyse the dynamic interactions between drugs within

a biological system requires a detailed understanding of physio-

logical and disease processes at the level of cell, tissue, organ and

patient with mathematical and computational models based on

this. The QSP/QST approach builds upon recent advances in

pharmacology, medicinal chemistry, molecular and cellular biol-

ogy, biochemistry, molecular genetics, genomics, transcriptomics,

pathology, mathematical methods and computational modelling.

A comprehensive and meticulous description of a system targeted

by a drug is one of the two elements required for simulation and

prediction of in vivo effects at the patient level. The second is the

knowledge about the amount of a compound that can interact

with the target to exert the pharmacological response (i.e., the

local drug concentration at the site of its interaction with

the system).

Drug-target proteins can be located either in the cell membrane

or inside the cell, thus binding takes place from extracellular fluid

or a drug has to permeate or be transported through the cell

membrane and sequester into a certain subcellular location to

reach a target [1,21,22]. Basic models consider an organ to be one,

well-stirred compartment and assume that unbound drug concen-

tration within the tissue is in thermodynamic equilibrium with

free-drug concentration in the circulatory system. Thus, the un-

bound blood or plasma concentration is used as a surrogate for

tissue concentration. However, this assumption might not be valid

for many drugs that bind to intracellular targets owing to active

transportation across the cell membrane, the poor permeability of

a compound, intracellular protein binding or rapid metabolism

[23,24]. Consequently, the actual drug concentration at the effec-

tive site differs significantly from that observed in plasma. There

can also be a hysteresis between the concentration–time profiles

for plasma and tissues leading to an apparent delay in the maxi-

mum PD effect compared with the maximum plasma concentra-

tion of drug. Hence, the objective of the PBPK model is to provide a

prediction of the concentration vs time profile of drug at the

effective site which can be associated with the PD effect predicted

by the QSP/QST model for the adequate assessment of the

exposure–response relationship.

Several methods have been established to measure the amount

of a drug within a tissue [22,25]. Post-mortem tissue biopsies can

provide regional concentration data; however, such data should be

interpreted with caution owing to post-mortem redistribution

phenomenon [26]. The disadvantage of this method is that the

characterisation of a time-course of drug concentration requires

many animals to be sacrificed and tissue concentrations are usually

determined from tissue homogenates or lysates. This ignores
compartmental cell and tissue structure and possible heteroge-

neous drug distribution; a drug in a tissue could be located in a

subcompartment rendering it unavailable for biological activity.

Further, it does not account for differing degrees of binding and

hence free fractions in different locations. Moreover, animal data

need to be extrapolated to a human situation, which can introduce

assumptions into the QSP/QST model. Information on the amount

of drug retained in, or transported into, a tissue or fluid concen-

trations can also be obtained in vivo, in humans and animals, by

serial tissue biopsies, for example during heart surgery [26], spinal

or synovial fluid sampling or noninvasive techniques, including

sampling of urine, saliva, faeces or exhaled air [22]. Relatively

novel methods enabling assessment of drug levels at the site of

action including microdialysis and imaging techniques (e.g., mag-

netic resonance spectroscopy and positron emission tomography)

are valuable [27–31]. Microdialysis can be employed for sampling

in vivo allowing direct measurement of the unbound fraction of a

drug in the extracellular fluid of tissues of interest (e.g., adipose

tissue, brain, heart, lung, solid tumours). It offers the opportunity

for multiple measurements and allows continuous monitoring of

local tissue concentrations of drugs and metabolites. Imaging

techniques are powerful tools for noninvasive in vitro studies of

drug distribution giving the possibility of continuous drug con-

centration measurements in virtually any organ. Knowledge of

intracellular concentration or subcellular drug distribution could

further improve efficacy and toxicity prediction for drugs; there-

fore, a number of sampling and analytical methods have been

developed to enable their measurement [21,32–37]. These are

useful techniques especially if used to support the development

of PBPK models and so through progression reduce the reliance on

the actual measurement.

Multicompartmental PBPK models: what is available?
Much has been said about the role of the PBPK models in the drug

development process, including their influence on drug labelling

and increasing regulatory acceptance [23]. In the current review,

this element is just briefly mentioned while we focus on the

detailed description of the available mechanistic, local tissue level

PBPK models. PBPK models are becoming established tools for

basic research as well as for regulatory submission [38–40]. In most

cases the surrogate of the active fraction is the plasma concentra-

tion, which is utilised as input data in the model to predict the

effective intracellular concentration. Models can be parameterised

to predict the situation in special populations, or predictions of

drug interaction. The local tissue concentration can be divided

into subphases (intra- and extra-cellular) constituting individual

components that together represent the driving force for complex

PK models.

Lung
The development of a multicompartment lung model requires

consideration of the different routes for exposure to compounds.

The respiratory tract and lungs are served by two different blood

circulatory systems; the pulmonary system serves the lungs to

facilitate gas exchange whereas the tracheobronchial system serves

the respiratory tract facilitating exposure to systemically available

compounds. In addition, inhalation provides a further route for

drug exposure with inhaled drugs being designed to be deposited
www.drugdiscoverytoday.com 1347
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at targeted levels in the respiratory tree using specifically designed

delivery devices. To develop an understanding of the complexities

of lung physiology and pathophysiology, the development of new

medicines and design of delivery devices has required experimen-

tation with animals and extrapolation to humans. Ramsey and

Anderson described one of the first ventilation–perfusion PBPK

models using styrene inhalation in the rat [41]. The model was

then extrapolated to humans. The authors assumed the rapid

equilibrium of styrene between alveolar air and capillary blood

and allowed for prediction of styrene kinetics in arterial blood,

exhaled air and alveolar air of humans after inhalation exposure to

styrene. However, the lung tissue was not considered as a separate

compartment and the exchange of the substance was considered

only in the alveolar region. Later, Johanson proposed a PBPK lung

model consisting of 18 compartments (nine pairs of central and

peripheral compartments) that represented nine regions of the

respiratory tree [42]. These were connected serially from the

trachea to alveoli by central compartments representing air and

the outermost layer of the mucus, which enabled the modelling of

the transfer of vapour through the lower respiratory tract. Saran-

gapani et al. described the lung as four compartments [i.e., the

upper airways (nasal cavity), the conducting airways, the transi-

tional airways and the pulmonary airways] to predict styrene and

its metabolite concentration in the lung as a target organ [43]. The

compartments that represented the nasal cavity, conducting air-

ways and transitional airways were further divided into three

compartments: lumen, epithelial cell layer and submucosal tissue.

The unidirectional ventilation was assumed to occur in the lumen

and perfusion at the submucosal tissue layer. The model

accounted for pulmonary metabolism. Gloede et al. described a

structure that linked a computational fluid dynamic approach

with a PBPK model for the lower and upper respiratory tract

[44]. The model was applied to predict inhaled diacetyl dosimetry.

These PBPK models and others were applied to describe the process

of vapour absorption via the respiratory tract rather than pulmo-

nary drug disposition following inhalation [45]. Based on this

background several lung PBPK models [46] have evolved including

those in the Simcyp1 Simulator [47], PK-Sim1 [48] and Gastro-

Plus1 ADRM [46] platforms. The latter describes the respiratory

tract by dividing it into four compartments: large conducting

airways, small conducting airways, alveolar interstitium and tho-

racic, each of which is further divided into an airway liquid

compartment, and an epithelial/lung tissue compartment. Pulmo-

nary absorption from lung into the systemic circulation is assumed

to be diffusion limited. Modelling of the inhaled administration of

ciprofloxacin and its deposition in the oral cavity, trachea and

bronchi, and the deep alveolar space in PK-Sim1 [48] was per-

formed empirically rather than mechanistically and, hence, has

limitations. PK-Sim1 together with MoBi1 software was also used

to simulate solithromycin concentration in epithelial lining fluid

after oral administration of that antibiotic [49]. In that study, the

concentration in the epithelial lining fluid compartment created

in MoBi1 software was described as a function of plasma concen-

tration. Gaouha et al. [47] applied a mechanistic multicompart-

ment permeability-limited model of the lung implemented in the

Simcyp1 Simulator to simulate the concentrations of orally ad-

ministered antituberculosis drugs in the epithelial lining fluid, as

well as different lobes of the lung tissue. The model was developed
1348 www.drugdiscoverytoday.com
in such a way as to reflect lung anatomy and physiology; it

distinguished two segments reflecting upper and lower airways,

and five segments representing the lobes of the lung – three for the

right lung and two for the left lung. Further division of each

segment into four subcompartments (i.e., pulmonary capillary

blood, tissue mass, fluid and alveoli air). The model is permeabili-

ty-limited within the compartments in the same segment, allow-

ing drug metabolism in the tissue mass and the active transport

within the lung to be taken into account.

Liver
Liver has many functions including those related to nutrient

processing and storage, detoxification and immunity. It also plays

a crucial part in the metabolism of drugs; thus, it is not surprising

that much attention has been given to development of PBPK liver

models. The review by Lerapetritou et al. [50] summarises different

mathematical approaches to describe the liver. The well-stirred,

parallel-tube and dispersion models are currently the main PK liver

models in use. The simplest, as in the case for all organs, assumes

spatial homogeneity of the liver and ‘lumped’ kinetics of metabo-

lism. In the well-stirred model the liver is considered as a single

well-mixed compartment with the drug concentration uniform

throughout the organ, and an influence of blood flow, drug

binding and hepatic enzymes activity on the hepatic clearance

in a steady-state conditions is described by Equation (1)1.

CLH ¼ QH�f ub�CLint H

QH þ f ub�CLint H
ð1Þ

Where QH is the hepatic blood flow; fub is fraction unbound in

blood; CLint H is the intrinsic hepatic clearance [51–53]. It assumes

instantaneous equilibration of the drug in the liver and in the

emergent blood, no membrane transport barrier and that only a

fraction of drug which is unbound to blood proteins is subject to

elimination.

The parallel-tube model considers liver as a series of identical

cylindrical tubes, arranged in parallel, representing sinusoids. The

liver enzymes are assumed to be distributed evenly around the

tubes and the drug concentration gradient is produced along the

tubes [51,54,55]. The assumptions made for this model are the

same as for the well-stirred model with the exception of equal drug

concentration along the organ. The parallel-tube model combines

the blood flow, drug binding, hepatic enzyme activity with the

hepatic clearance (Equation (2)2).

CLH ¼ QH�ð1 � e
�f ub�CLint H

QH Þ ð2Þ
Both models have proved to be useful in simulation and pre-

diction of xenobiotic apparent kinetics and the well-stirred model,

owing to its mathematical simplicity, is particularly widely used as

a standard in PBPK modelling [56].

The dispersion model, proposed by Roberts and Rowland [53],

lies between the two above-mentioned examples, representing the

extremes (ideal mixing and no mixing). It uses the axial dispersion

model with the dispersion number (parameter defining extent of

blood mixing) to describe the blood flow and spreading of a drug

within the liver. Although the consideration of drug transit time

adds complexity to the model, it more accurately reflects the liver

physiology, although its solution is much more complex mathe-

matically compared with the well-stirred and parallel-tube models.
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Being one-compartment, all the afore-mentioned models as-

sume uniform metabolic and biochemical properties and are

simplified representations of the heterogenic organ. They are

based on the assumption that the overall rate of drug loss reflects

the sum of all metabolic and excretion pathways (e.g., CYPs, UGTs,

SULTs, GSTs, P-gp, AOTP). However, this is a gross oversimplifica-

tion because some pharmacological and toxicological processes

might target specific cell types leading, for example, to enzyme- or

transporter-mediated drug–drug interactions that are not detect-

able in a simple homogeneous model. For this reason, several

other, more-sophisticated liver models that can capture hetero-

geneities of blood flow, enzymes and transporter distribution or

protein binding have been developed. One of these, the zonal

model, splits the liver into three metabolic zones (compartments)

corresponding to periportal, midzonal and perivenous regions

displaying diverse abundances of enzymes and transporters [57–

60]. Transport of a drug across the sinusoidal membrane is char-

acterised by influx and efflux intrinsic clearances. Once in the

tissue, a drug is subject to metabolism with the capacity defined by

intrinsic clearance specific to each zone. The zonation and result-

ing concentration differences throughout the liver tissue could be

crucial for simulation of liver physiology and pathophysiology,

including sequential metabolism of a drug, cirrhosis or hepatic

neoplasms. Other attempts to model the liver with consideration

of its heterogeneous structure and metabolic properties include

combining a series of well-stirred compartments and distribution

of tubes with different metabolic capacity and specific blood flow:

distributed model and its extension which includes intermixing

between sinusoids with uniform flow; interconnected-tubes mod-

el or intermittent mixing; circulatory and fractal models; agent-

based models; or 2D and 3D models [50,57,61–65].

Heart
Cardioactive drugs can trigger their effects by binding to recep-

tors, enzymes, ion channels or other targets from either the

extracellular or intracellular side of the sarcolemma. Therefore,

knowledge of a drug concentration at its site of action, in the

exact compartment of the heart, is needed to comprehend the

exposure–response relationship. One of the approaches to calcu-

late drug myocardial uptake under in vivo conditions requires

knowledge of arterial (i.e., heart tissue input concentration) and

coronary sinus (i.e., heart tissue output concentration). This

approach assumes a well-stirred heart compartment with perfu-

sion-limited kinetics. This has been applied to evaluate myocar-

dial uptake of some drugs in humans [66–69]. More recently, to

enable the prediction of drug distribution within cardiac tissue, a

semi-mechanistic four-compartment heart model nested in the

full-PBPK model was proposed [70]. The added compartments

represented the epicardium, midmyocardium, endocardium and

pericardial fluid. The model accounted for cardiac metabolism.

Despite some limitations, the model reflected a simplified de-

scription of human cardiac anatomy and physiology and the

ratios of predicted concentrations of the drug amitriptyline in

the heart tissue and venous compartment were within the Kp

(tissue to plasma partition coefficient) values reported in post-

mortem human and animal studies. Subsequently, this model

was expanded into a five-compartment structure [70]. The new

model structure consists of compartments representing the peri-
cardial fluid, heart extracellular compartment, epicardial

intracellular, midmyocardial intracellular and endocardial intra-

cellular compartments, which are linked under the assumption of

permeability-limited kinetics. The model accounts for cardiac

metabolism, passive diffusion and active transport as the routes

for drug distribution within heart tissue. Interindividual variabil-

ity was implemented into the model parameterisation. The mod-

el was verified in terms of PK and the usefulness of predicted

cardiac concentrations for modelling of amitriptyline-related

electrophysiological effect [71].

Kidney
Renal clearance is an important contributor of drug total clear-

ance. The mechanistic insight into the processes that drugs un-

dergo in the kidneys enables the quantitative prediction of renal

elimination. Tang-Liu et al. developed a model that described the

dependence of renal clearance of passively reabsorbed drugs on

urine flow [72]. However, the model did not account for active or

pH-dependent secretion or reabsorption. Katayama et al. incorpo-

rated the processes of glomerular filtration and active secretion as a

Michaelis–Menten function into the animal model [73]. Subse-

quently, this model was further adapted by Brightman et al.

[74,75]. They subdivided the kidney into three diffusion-limited

compartments representing the capillary bed, interstitial fluid and

intracellular space. The physiology-based renal excretion model

incorporated the renal tubule as a separate compartment. The

renal clearance was described as influenced by glomerular filtra-

tion, urine flow, active secretion of compound and passive diffu-

sion, which occurred among the model compartments. A new

mechanistic kidney PBPK model: Mech KiM, was proposed by

Neuhoff et al. [76]. Mech KiM is designed in such a way as to

predict the integrated effects of intrarenal processes (i.e., glomer-

ular filtration, active and passive secretion and reabsorption and

intrarenal drug metabolism). The model consists of three compart-

ments: tubular fluid, cell mass and blood space, subdivided into

eight segments. The segments consist of glomerulus, proximal

tubule and collecting ducts. The model was parameterised to

reflect human renal physiology. Because the model provides the

framework for active uptake and efflux in the kidney, it was

applied effectively to predict transporter-mediated drug–drug in-

teraction for drugs eliminated by the kidney including the inter-

action between nonsteroidal anti-inflammatory drugs and

pemetrexed [77], cimetidine and metformin [78], or probenecid

and oseltamivir carboxylate, cidofovir or cefuroxime [79]. Apply-

ing mechanistic kidney model parameterisation also allowed the

prediction of renal clearance in a situation of renal impairment

[79], and pregnancy which is known to affect renal secretion and

filtration [80].

Gastrointestinal tract (GIT)
In addition to the liver, the intestine also plays a major part in first-

pass extraction and, thus, influences the bioavailability and sys-

temic concentration of orally administered drugs. In its simplest

form, derived from the well-stirred liver model, the well-stirred gut

model is not appropriate owing to the need to accommodate

additional factors including the interplay between permeation,

local blood flow and metabolism in the gut [76]. The Qgut model

corrects and further extends the well-stirred model by accounting
www.drugdiscoverytoday.com 1349
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for the influence of permeability through enterocyte membrane

and the villus blood flow on the exposure to the metabolic enzyme

[81]. The segregated flow model (SFM) splits the total intestinal

blood flow into the fraction perfusing the enterocyte region

(�0.05–0.3 � total intestinal flow) and the fraction that perfuses

other, nonabsorbing, nonactive metabolically, regions [82].

Simple compartmental models, however, are not adequate to

address effects of complex interplay of binding, passive permeabil-

ity, segmental differences of transporters and enzyme abundance

and activity, relevant blood flows and transit times. The segmental

segregated flow model (SSFM) provides regional heterogeneity of

metabolic functions and transport via division of the intestine into

three segments of equal length and blood flow [83]. The compart-

mental and transit model (CAT) represents further refinement in

oral absorption modelling. It replicates the intestinal tract as two

series of seven compartments representing the duodenum (one

compartment), jejunum (two compartments) and ileum (four

compartments). Each series of compartments represents either

dissolved or undissolved drug [84–86] so that the CAT model

captures not only the spatial and temporal difference along the

length of the GIT but also the influence of the drug dissolution

process on the absorption. The advanced compartmental and

transit model (ACAT), the CAT model extension, adds further

compartments describing unreleased drug in formulation, undis-

solved drug and dissolved drug to allow assessment of formulation

release rate on the absorption process. Supplementary compart-

ments for stomach and colon are also incorporated, thus the

additional heterogeneity of the GIT can be represented to better

describe the in vivo situation. The advanced dissolution, absorp-

tion and metabolism model (ADAM) represents another example

of oral absorption model improvement. The model is based mainly

on the CAT model with advancements through consideration of

the type of formulation (suspension, immediate release, enteric-

coated tablets, etc.), the physicochemical and pharmaceutical

processes in each GI compartment (disintegration, de-aggregation,

dissolution, solubility and supersaturation/precipitation) and

enterohepatic recirculation [87]. Recently, the ADAM model

was expanded to incorporate an unstirred boundary layer for oral

absorption from luminal fluid to enterocyte, a permeability-limit-

ed basolateral membrane between the enterocyte and the intesti-

nal interstitial fluid and lymphatic absorption from the intestinal

fluid to systemic circulation (multilayer gut wall within ADAM

model; M-ADAM).

All of these advances have led to the possibility of predicting

drug concentration in various GI segments and their subcom-

partments, such as luminal fluid interfacing the enterocyte mi-

crovillus membrane or enterocytes, and capacity to consider

spatial and temporal heterogeneity in pH, effective surface area,

transporter and metabolic enzymes expression and transit time,

as well as the role of metabolic and transporter-based drug–drug

interactions.

Skin
The estimation of exposure following absorption of any drug from

the skin is important, not only from the development of dermal

pharmaceutical and cosmetic products but also knowing local and

systemic concentrations for safety assessment. Potential toxic

reactions after intended or unintended use of drugs, cosmetic
1350 www.drugdiscoverytoday.com
products, environmental and occupational chemicals are general-

ly concentration dependent. Regardless of the mechanism of

action and clinical manifestation of the reaction, knowledge about

the amount of xenobiotic in the biophase, in this case certain skin

layer or in the blood, is essential. Skin is the largest organ in the

body, covering �7600 cm2 in an average adult, and consisting of

several types of tissues. The total thickness of the skin varies in

different parts of the body, being on average 1.5 mm. Skin is made

of two principal layers: the outer stratified epidermis and the inner

dermis (D). The epidermis is the protective layer of the skin and is

made of stratified squamous epithelial cells. The stratum corneum

(SC) is the outermost layer of the epidermis and consists of several

layers of completely keratinised, dead cells that are constantly

desquamated. The rest of epidermis, which lies below the SC, is

alive, has different characteristics (less lipophilic, more hydrophil-

ic) and is referred to as viable epidermis (VE). The dermis has

connective tissue, cells (fibroblasts), blood vessels, lymph, oil and

sweat glands, nerves, hair follicles and other structures. It is made

up of a thin upper layer called the papillary dermis and a thick

lower layer called the reticular dermis. The dermis provides the

important functions of thermoregulation and supports the vascu-

lar network to supply the avascular epidermis with nutrients, but

also clears the dermis from xenobiotics [88].

Determination of compound toxicology requires prediction of

the concentration in the viable skin layers [89]. Depending on the

drug, or general chemical of interest, the mathematical models

based on the PBPK approach can provide information about

defined local or systemic absorption after topical application. They

divide skin into compartments that are functional representations

of the above-mentioned skin structures [90]. In addition, they

allow investigation into the role of other system-specific param-

eters (i.e., appendages) and drug-formulation-specific informa-

tion. In summary, PBPK models coupled with the databases of

human anatomy and physiology data allow differentiation be-

tween various populations, including special (e.g., paediatric,

pregnant women) and disease populations, there is however a

need for a proper parameterisation with the use of data describing

real variability in a population.

Examples of PBPK (local tissue concentration) and
QSP/QST model combinations
In the case of drugs that exert their therapeutic or toxic effects in a

specific tissue or organ, such as the central nervous system, liver,

lung, skin, synovial fluid and tumours, the use of plasma concen-

tration might lead to inadequate assessment of the exposure–

response relationship. Thus, the coupling of QSP/QST models

offering detailed description of the mechanism of action of a drug

with an appropriate PBPK model able to compute relevant drug

exposure data should enhance the accuracy of the prediction and

so aid translation between experimental situations and hence

interpretation. Although there are reports of linking PBPK and

QSP/QST models, very few utilise models of local (i.e., at site of

action) concentration with a mechanistic model of QSP/QST to

predict exposure response. The majority either combine predic-

tions of plasma concentration with a mechanistic QSP/QST model

or combine the PBPK model of local concentration with an em-

pirical PD model [91–93]. Examples of the more accurate, former

case are discussed below.
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Drug efficacy
A recent report by Thiel et al. provides a nice example of the

effective combination of PBPK and QSP approaches to inform drug

efficacy [94]. These authors employed a computational modelling

approach to predict the efficacy of a set of cyclooxygenase-2 (COX-

2) and 5-lipoxygenase (5-LOX) inhibitors in humans and assess the

impact of rifampicin pre-treatment on prostaglandin formation.

They coupled drug-specific PBPK models with cellular network

models of arachidonic acid metabolism and rifampicin-induced

pregnane X receptor (PXR)-mediated cytochrome P450 (CYP)

activation. Simulated drug concentrations (venous blood for

COX-2 and 5-LOX inhibitors and intracellular hepatocytes for

rifampicin) were used to inform the PD model to enable evaluation

of drug efficacy and the impact of drug interactions on the PK

behaviour in 11 therapeutic situations. Additionally, the model

predicted a correlation between the decrease in prostaglandin

formation and pain relief. This study might be considered as a

POC and an illustration of the potential of the QSP approach and

role of PBPK-simulated local drug concentration.

Drug triggered liver toxicity
The active metabolites of paracetamol deplete glutathione, which

has protective functions within cells, and hence paracetamol can

cause toxicity when given at high doses or in a situation when

detoxification is inhibited. Therefore, the determination of hepat-

ic glutathione status has potential value for therapeutic optimisa-

tion and of toxicity risk assessment in patients exposed to

paracetamol. However, currently the correlation of glutathione

hepatic content with the proposed plasma and urine biomarkers is

unclear. Geenen et al. proposed a solution for this problem by

combining a mechanistic model describing hepatic glutathione

homeostasis with a PBPK model of metabolism and disposition of

paracetamol [95]. The former correlates intracellular glutathione

concentration with the exposure to 5-oxoproline and ophthalmic

acid, which are biomarkers of human liver cell toxicity, whereas

the PBPK model allows the prediction of not only the local

dynamic changes of paracetamol in the liver but also the distribu-

tion of drug-induced liver injury (DILI) biomarkers. The final

coupled model was verified against the experimentally measured

data, showing good correlation with the simulated values. Despite

its limitations, including the lack of dynamic, adaptive changes in

liver cell metabolism, the model can be potentially useful for

therapy optimisation. The same approach can also be used for

other compounds that deplete hepatic glutathione stores.

Drug-induced atherosclerosis
In their review, Pichardo-Almarza and Diaz-Zuccarini gave an

overview of the approaches combining PBPK models with semi-

mechanistic  and QSP models for safety assessment of cholester-

ol-lowering drugs [96]. By discussing models of various mathe-

matical complexities these authors described the benefits from

combining models describing drug kinetics (including PBPK

models) and mechanistic computational models of cholester-

ol-lowering drugs [92,97].

Chemical-induced neurotoxicity
Brain-derived neurotropic factor (BDNF) plays an important part

in the control of neuronal cell proliferation, differentiation and
survivability and has been used as a biomarker linking chemical

exposure to neuronal disorders [98]. In a study by Sharma et al.

[99], a PBPK model predicting local target tissue concentration of a

test compound was integrated with a mechanistic model of BDNF

formation. The test compound readily passed through the blood–

brain barrier and hence the model based on target tissue concen-

trations was selected to provide better brain exposure prediction

than a simple plasma exposure–response model. The modelled

brain PK profile of the compound was coupled to a mechanistic

miRNA/BDNF pathway model and the output of the PBPK–PD

model subsequently linked to neuronal survivability. The resul-

tant QST model effectively described the observed changes in the

concentration of endogenous molecules during and after discon-

tinuation of test compound administration and was shown to be

able to predict the adverse effect.

Drug-induced cardiac toxicity
Patel and colleagues proposed a multiscale mechanistic model-

ling framework consisting of PBPK simulations (Simcyp1 Simu-

lator) of clinically relevant drug exposures combined with QST

models of cardiac electrophysiology to predict the risk of the

cardiac arrhythmia Torsades de Pointes (TdP) [100]. The QST

model used the QTc interval of the electrocardiogram (ECG) as a

biomarker for the risk of TdP. Moxifloxacin, a widely used

antibacterial agent, known to cause QTc prolongation, was used

to exemplify the model and show the importance of accurate

drug exposure assessment to combine with the mechanistic

model and quantify the risk of drug-induced TdP. Systemic

plasma moxifloxacin concentrations were obtained from the

literature and used as verification for the developed PBPK mod-

el. Local heart tissue concentrations were further simulated.

These exposure data were utilised as input for the QST model

of cardiac electrophysiology, to simulate the cardiac-specific

clinical endpoint; QTc interval was derived from a pseudo

ECG signal. In combination with the in vitro measured inhibi-

tion of the ionic currents the authors were able to test multiple

virtual scenarios and define the most predictive model, which

was further verified against the clinically observed QTc pro-

longation values (DDQTc in milliseconds). Based on the results

obtained, it was proposed that PBPK-simulated heart-tissue

concentration is a better surrogate of the active drug fraction

than plasma concentration. The authors recommended that

PBPK–QST modelling should be considered throughout drug

discovery and development, to assess cardiac safety liability

and be a key tool in aiding decision making.

A similar study that extended this consideration to the situation

of multiple drugs administered at the same time including the

added complexity of metabolic interaction was published by

Wi�sniowska and Polak [101]. The Simcyp1 simulator was used

to develop a PBPK model to extrapolate in vitro terfenadine specific

data to the in vivo situation in the presence of various metabolic

inhibitors. Electrophysiological effects were simulated with the

use of the Cardiac Safety Simulator
TM

(Simcyp, Certara UK), where

the modification of ion channel activity was dependent on the

inhibitory potential of each respective drug. The authors conclud-

ed that mechanistic in-vitro–in-vivo extrapolation can be applied to

predict the clinical observed effects of drug–drug interactions

through simulation of PK and PD.
www.drugdiscoverytoday.com 1351
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Concluding remarks
The integration of PBPK modelling with quantitative systems

approaches to improve efficacy and safety assessments is a

much-needed step towards improving the drug discovery

and development process. Success requires the effective part-

nership between scientific disciplines including chemistry,

pharmacology, toxicology, drug metabolism, mathematics

and computing. Computational models need to be fed with

relevant data from in vitro, in vivo and ex vivo experiments and

need to continually evolve in an iterative fashion. Their role is

to inform the scientist to facilitate hypothesis testing and

better decision making. Supporting evolution, MID3 justifies

the significant efforts expended in the development of the

major components [14].
1352 www.drugdiscoverytoday.com
There are multiple ways to apply and continually evolve these

techniques, including, but not limited to:
� the addition and linkage of further relevant tissues, including

the extension of models to the cellular and subcellular level to

PBPK models;
� utilisation of additional sources of relevant data to improve

model development, for example high throughput omics data,

stem-cell-derived specialised models such as spheroid, organoid

and other microphysiological systems;
� inclusion of the drug-related dynamic modification of the

physiological parameters;
� development of the patient-specific models.

We look forward to seeing and actively participating in the contin-

ued evolution and impact of this exciting area of science in the future.
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