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SUMMARY

Modeling and simulation in pharmacokinetics hastoased into the focus of pharmaceutical
companies, driven by the emerging consensusrihalico predictions combined witim vitro
data have the potential of significantly increasimgight into pharmacokinetic processes. To
adequately suppoimh silico methodology, software tools need to be user-flieadd, at the
same time, flexible. In brief, the software hasatiow the realization of modeling ideas that
are beyond current knowledge — in the form of dueir lab. We present and discuss the
necessary design principles and concepts. These begn implemented in the software
package MEDICI-PK to demonstrate its feasibilityladvantages.

PHARMACOKINETICS IN DRUG DISCOVERY

The medical benefits of a drug depend not onlytsrbiological effect at the target protein,
but also on its “life cycle” within the organism from its absorption into the blood,
distribution to tissue and its eventual breakdownercretion by the liver and kidneys.
Pharmacokinetics is the study of the drug-organigeraction, in particular the investigation
of absorption, distribution, metabolism, and exoret(ADME) processes [1,2]. Studying
ADME profiles is widely used in drug discovery toderstand the properties necessary to
convert leads into good medicines [3,4].

As a result of studies in the late 1990s, indigatihat poor pharmacokinetics (PK) and
toxicity were important causes of costly late-stdgdures in drug development, it has
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become widely appreciated that these areas sheautmbibsidered as early as possible in the
drug discovery process [3]. A great deal iof vitro data on physicochemical properties and
specific ADME processes is already available alyestages of the drug discovery process.
These data related to new drug candidates can leel ws physiologically-based
pharmacokinetic (PBPK) models to predict, analyze @ptimize the pharmacokinetics of the
compounds [5,6]. For instance, a combination ofydinle compound-specific parameters
(fraction unbound in plasma, blood plasma rati¢rinsic clearance, pKa and octanol water
partition coefficient) and known species-relateggblogical parameters are required for the
first PK estimates of anv. application [5]. Along the drug discovery procesgre detailed
compound-specific data armal vivo data are generated, upon which more detailed gireds
and analyses can be made. The PBPK model appredigxible, in the sense that it has the
potential to be continuously updated in the lighthew information, whether physiologic,
disease, or drug related, including up- and dovguegion of critical components [11]. In
particular, PBPK modeling has the advantage of ¢paible to incorporate experimental
animal data as well as silico-derived andn vitro data into a coherent framework, from
which meaningful and reliable assessments can loe fid].

It is worth noticing that in toxicology, physiolagilly-based models have a longer history and
have been successfully applied, because of thesalexelusiver reliance upon animal data
for the assessment of toxicological risk for humgh8].

IN SILICO MODELING

In the engineering sciences, computational appesatdrm an integral part in the developing
process—some biological disciplines like,g. systems biology, have rather recently
proceeded in the same direction [12,13]. Modelimgl gimulation help to analyze and
understand large complex systems, in particulamwthe system comprises several subunits
interacting in a strong and time-dependent manhleis is exactly the situation present in
pharmacokinetics, where such subunits are typigdilsiological processes such as transport
by the blood circulation, binding to macro-moleajlgpermeation through membranes,
metabolism by the liver enzymes, excretion by tiené&y and so on. While each of the
processes is comparable simple, the overall bebaisaot.

There is no single established model underlyingmplhaokinetics, and it will remain out of
reach in the foreseeable future. This situatiorwampletely different frome.g, quantum
mechanics or electrodynamics, where the Schrédiegeation or the Maxwell equations,
respectively, are the basis and starting pointriodeling and simulation attempts. Instead,
the type of model needed will depend on the questiobe resolved and, therefore, on the
drug development stage at which the question iseadddIn silico approaches will continue
to evolve rapidly, just am vitro methods did during the last decade [10]. The gualnd
predictive power of new models will be judged imygmarison with experimental data as well
as in comparison with other models (as an exang®#eesy, the study in [14]). A variety of
different models for oral absorption are avaliabfe[l9]. By comparing these absorption
models for different test compounds, it would besgible to understand the “domain of
applicability” of each modei,e., under which conditions and for which class ahpounds
the models give the most reliable predictions.ifamtcoefficients are another example; there
are differentin silico methods to determine partition coefficients [2(,2t would be
interesting to compare, not only the different peestl partition coefficients, but alsim, silico
pharmacokinetic studies for a list of test comp@jndased on these different partition
coefficients. This would allow for a sensitivity agsis to identify the most critical partition
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coefficient. To support this type of comparativeidses, flexibility in modeling will be
crucial.

The present status of available software toolsnfimdeling and simulation in pharmaco-
kinetics has been thoroughly summarized in [11]e Hoftware ranges from (i) general-
purpose high-level scientific software, such askBkyy Madonna, Matlab, MLAB and
Octave; (i) bio-mathematical modeling softwar&eliADAPT II, ModelMaker, NONMEM,
WinNonlin; (iii) toxicokinetic softwareg.g, ACSL Toxicology Toolkit, SimuSolv and (iv)
physiologically-based custom-designed softwarehsag GastroPlus, Pathway Prism, PK-
Sim and Physiolab. As stated in [11], “it apped&i there is an inverse relationship between
user-friendliness and flexibility”. However, combig flexibility with user-friendliness is
exactly the domain of a virtual lab.

The modeling situation is comparable to the sitrain systems biology [12,13,22,23], where
a large variety of modeling and simulation toole available. Software tools like COPASI,
E-CELL, Virtual Cell, and many more, have been gesd to fulfill the needs of system
biological modeling (a comprehensive list of softevan this field can be found online under
URL http://sbml.or@y These tools are modular and open and allow rfgsléementation of
arbitrary models. Sometimes, typical reaction saemre pre-implemented (like linear or
Michaelis-Menten type kinetics), but flexibility ialmost always retained. In principle,
software tools developed in systems biology coudulsed in pharmacokinetics as well;
however, they do not support the special struateres in pharmacokinetics. Jointly with the
upcoming modeling efforts there has been a collecinitiative of a number of research
institutions to standardize models in order toliate exchange of models between different
tools. As a result, the Systems Biology Markup Lsage (SBML) was created, a computer-
readable format for representing models of biocleamieaction networks [24]. SBML is
applicable to metabolic networks, cell-signalinghpeays, regulatory networks and many
others, and might also become interesting for PK.

In the light of our experience, we see the curatus of modeling in pharmacokinetics
comparable to the status of fields likeg, polymer chemistry at about 10-15 years ago.esinc
then, experts in these fields have experiencedethert without definite priori knowledge of
the “true” model and its parameters, the ongoinglefing process reveals such a tremendous
insight into the system, that the modeling redeasually pays off after a short time. At the
same time, significant feedback between modelingmss and experimental methods could
be observed. Sometimes new modeling ideas reqghatdr or newly-designed experiments;
sometimes a breakthrough of analytical techniqudereed a more detailed modeling. We
are convinced that this progress will take placeharmacokinetics, in a similar way, in the
near future. The development of the design priesiind concepts of a virtual lab for PK has
already shown that modeling principles from polymaremistry, particle technology,
catalysis and reaction engineering can be applezd Im a structural way. After all, from a
mathematical point of view, a pharmacokinetic mogehot so different to a network of
multiple-phase bio-reactors.

THE VISION AND THE BENEFIT

It is the emerging consensus tirasilico predictions are no less predictive of what océars
vivo than arein vitro tests, with the decisive advantage that much iegestment in
technology, resources and time is needed [10,28]b@lieve that the combination iafvitro

experiments andn silico modeling will dramatically increase the insightdaknowledge
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about the relevant physiological and pharmacoldgicacesses in drug discovery. In the
future, rather than performing separate targetda#ibn, biomarker identification, lead
generation and optimization, candidate selectioth preclinical development studies, these
separate steps will be vertically integrated, aquamed by ann silico modeling process
bringing together the knowledge gained from eacthe$e steps into a disease-specific whole
body model. The physiologically-based modeling apph offers a scientifically-defensible
method (instead of just an educated guess) forirttegration of these various pieces of
information fromin vitro studies and other preclinical information, in orte evaluate the
outcome under various assumptions [26]. Each phagateal company can build their own
model tailored to their individual indications, d&mledge and experience. Rather than
modeling, analyzing and measuring plasma or tisswsg concentrations, these disease-
specific whole body models allow the study of effegecific processes. The modeling
process will benefit greatly from the systems bggileommunity and their experience, insight
and available models on metabolic pathways, gegelatory networks and signaling
pathways [12,22-24,27]. As stated in [13], the nfesisible applicationf systems biology
research is to create a detailed model of wegjulation, focused on particular signal-
transduction cascadasd molecules to provide system-level insights mi&chanism-based
drug discoveryd.g, [28]). Such models maelp to identify feedback mechanisms that offset
the effects oflrugs and predict systemic side effects. Many efrtbcessary foundations have
nearly been laid; however, there is no flexiblgylegation specific and user-friendly software
tool available that really supports this procesarnropen way.

THE VIRTUAL LAB APROACH

In mathematical terms, a PBPK model consists @it akdifferential equations describing the
ADME processes of one or more compounds in a sysfemore than a dozen organs, each
being possibly further subdivided into a number pofases €.g, erythrocytes, plasma,
interstitial and cellular space). Coding such aewysin a programming language is possible,
however cumbersome and error prone, and a subgegxiemsion or change of the model
will even be more complicated. For the design efrtual lab, it is obvious that on the one
hand, the software tools should allow for the inpumodels in a very open way, yet on the
other hand, should not force the user to entemh@e set of differential equations. Thus, an
implementation of a static model is prohibitivenca it contradicts the requirement on
openness of the software tool; furthermore, a pueguation-based approach is in contrast
with the requirement of user-friendliness. Howevenfortunately these are two typical
approaches often met in engineering software paskadnstead, the requirements on
openness and user-friendliness have to be fulfillgdthe use of a sophisticated modular
structure implemented by means of modern softwaneepts ¢f. e.g[29]).

The virtual lab should allow the implementation atierarchy of models suitable for the
integration of as much knowledge (data) as aviglatio the modeli.e., fewin vitro data at

the beginning, followed by more detailgdvitro data andn vivo data later on. At any point,

the model should be completely transparent; theoeild be neither hidden calculations nor
parameters. From our experience, this is an impbr{@int since transparency is a
prerequisite for confidence in the modeling procéssaddition, as stated in [10], “Software
producers need to improve transparency and statelglthe assumptions underlying their
predictive approach”. Moreover, the integratiorsgétem biological datae(g.from the target

finding and validation process) should be possibl®ceeding towards the simulation of
biomarkers and effect-related processes. Of coulse,use of state-of-the-art numerical
algorithms and the possibility to easily and flégilanalyze the simulation output and the
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comparison of different models on the basis ofrteenulation results is self-evident. This is
important for thea posteriori evaluation of early/coarse models in comparisorth wi
late/refined models, as well as for the design @i nmodels,e.g, for oral absorption. A
modular structure should facilitate modeling of ghdrug-interactions and support the
development of disease specific models for thegtest virtual “patients” (humans as well as
animals) that can be exploited in the drug discppeocess.

Model definitions Parameter definitions

Organs (0) + Phases Physiological process library

- type (binding, metabolisms, Compounds (c): Individuals (i):
etc.) - definitions - definitions
- description, formulas - parameters (0) - parameters (0)

- general parameter
dependencies (0,c,i)

Mixed parameters (c+i)

Topology templates

-

L Simulation scenarios

Full body model:

- topology
- selected processes

- full body model

- individual

- compounds

- dosing strategies

Simulation results

Figure 1: Modular structure of MEDICI-PK: All deftions, models and parameters can be entered armbet
by the user and are not limited. Based on the ddfiframework (topology, model library, list of
substances and individuals) the components of ashfodm a so-called “Simulation object” describing
one simulation scenario. A project may consistrobpen list of all shown structures; simulatiorutes
from totally different models can easily be complare

MEDICI-PK

The above derived design principles and concepts haen realized for the first time in the
virtual lab MEDICI-PK (see Table 1), demonstratirtg feasibility and illustrating the
advantages and benefits of the concept. The undegrtructure can be seen in Fig. 1. A
crucial point is the so-called orthogonality of tii@del and the parameters. The compounds
and the individuals (representing either a typid¢adalthy species or a disease type) are
basically a collection of parameters and the sowfceput for the models. The models,
however, are established independently from thepoamd and the individual. They are
based on typical physiological processes, likegandbinding, diffusion across the membrane,
metabolism and so on. Each of these typical presessin be represented by a set of
(differential) equations, without setting up the odh body model. This guarantees that the
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underlying physiological processes are accesséxtendable and fully transparent. When
performing a case study, one simply has to chodse wnderlying whole body
physiologically-based model, the individual (ane@réfore the species) and the compound
(Fig. 2). This way, greatest flexibility is retashe~or instance, simulating the same compound
with the same model for a different species regujust two “clicks” (assuming, of course,
that the necessary model parameters are availdlda)ive another example: assume we want
to simulate a pro-drug, its metabolite (the drugdl @ potential interaction of the drug with
another compound in the kidney (thinking of oseltam oseltamivir phosphate (Tamiflu)
and probenecid [30,31]). Then, in a first step naeds to choose a model, an individual and
one of the compounds at a time to simulate thearmlacokinetics. Now, in a second step, the
interaction needs to be included into the models Th realized by defining two new basic
physiological models: (i) metabolism in the liveéaking explicitly the production of the
metabolite into account, (ii) competitive excretiorthe kidney (to build this model, one can
use the insight from competitive metabolism). Clgshese two basic physiological models
in the whole body physiologically-based pharmacekimodel, the overall interaction of the
three compounds can now be studied by simulatidnis hicely illustrates who easily
interactions of different compound can be integframeo the model.

tolbutamide (p.o.), human, detailed model_1 I
Definition Overview (Tree) \Mndel Iistl Additional hiology
%'*-\r/ = = skeleton ~

= = skin
== kidney
== liver
= {8 Topology
= B Modeling of Phases
--EBC
=8 Binding model -- ery: linear hinding (refined model)
=8 Metabolism -- no metabolism
' Plasma
=B Binding model -- pla: albumin binding, (n) same affinity (refined model)
=@ Transfer model -- ery+pla: passive diffusion (refined model)
=8 Metabolism -- no metabolism
Interstitial
=@ Binding model -- int: albumin binding, (n) same affinity (refined model)
=@ Transfer model -- fast passive diffusion (early model)
= 8 Metabolism -- no metabolism
= E Cellular
= B Binding model -- cel: based on exp.Pt:p {refined model)

= @ Transfer model -- int+cel: passive diffusion (refined model)
= B Metabolism -- liv: linear metabolism {Clint)
=B Description
@ CLint = value("CLint_hep"); VdComp1 = -CLint*Comp1;
= B Parameter
O CLint_hep(Compound A_1) : 1.9050e+00 [I/min]
= [1] VolumeTreatment
#-= pancreas Wt

Set ‘ Set&Close

Close ‘

Start Actualize model description

Figure 2: A Medici-PK simulation object summariziradl settings and parameters of a single simulation
scenario. All details are assessable and can bgetlan the model tree.

A number of different models and simulation studiese already been realized in MEDICI-
PK in this way,e.g a model on Cyclosporine A [32], a detailed modal the PK of
tolbutamide and a generic PBPK model for early ddeyelopment (following [5,33]).
Immediately extensions of the existing models haeen studied (Fig. 3k.g incorporation
of metabolites, comparison of different binding amssue distribution models, drug-drug-
interaction studies, comparison between differpetiges (human, rat, and so on).
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Figure 3: Typical simulation output of a MEDICI-Reése study. The results for all organs and phasede
visualized and compared. The graphic shows coraimtrtime curves, where the blue line correspanthé
results obtained by use of a more refined modebmparison to the result of a coarser model (e i

CONCLUSION

This article presents the design principles andcepts of a virtual lab approach -
implemented in the program package Medici-PK — thabportsin silico modeling and
simulation in PK/PD. The concept is especiallyaiat to serve the needs in drug discovery.
Based on our experience in other fields of chemistid biology we see a high potential ifor
silico PK/PD approaches in the drug discovery and dewsdop process if properly realized.
When starting the modeling and simulation actigiti¢here will soon be a first benefit:
modeling eventually brings together people withatdnt backgrounds and different company
internal affiliations—thereby increasing the flukioformation across different process stages
(in this case ideally between the research, dewabop and clinical phase). Moreover, in the
process of developing an appropriate model, importaodeling questions have to be
addressed. What are the most relevant physiologrcaiesses and mechanisms? Is there any
detailed knowledge about these processes or ang (fetially) unknown? Are there
competing hypotheses about important mechanismig®tider benefit is the integration of
silico, in vitro or in vivo data into a coherent framework by which they Hatbdeland data)
undergo a kind of consistency check. Once a fistiehhas been established, hypotheses can
be generated and tested by simulation. Having daifiest confidence in the model,
predictions generated by simulation studies wifluence the design of future experimental
studies i vitro andin vivo). As can be seen in many different fields thisdfeeck loop is
often the beginning of a substantial change inqilnaity of models and understanding of the
processes of interest.

It is important to note that building a comprehgasand predictive model usually cannot be
realized in a few days. The decision to do modedingest implies a long-term directive. It is
a processgaining and accumulating new insights from theyveeginning, but the “final”

model will hardly look like the first attempts op@roaches published elsewhere. For PK-
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modeling this means that a compound should be ruomtisly monitoredn silico along its
way through the research, development and clipbakes. Once established, a good model
can be ‘re-used’ for every new drug candidate thedecreasing the amount of work to be
invested per compound and ensuring an informatiex lback from the (data rich) clinical
phase to the target finding/validation and leadegation phase.

Table 1: Important feature of the virtual lab MEDEK (for more details, see text)

Property Description Realization in MEDICI-PK

User-friendliness Assistance of the specific néeds Support of model building, hypothesis testing,
physiological-based PK modeling| user defined output variables, data import frgm
SBML, data export to Excel

Application-specificity | Software in terms of a Application motivated design of underlying
pharmacokinetic-specific software structure; compounds, species, organs,
language dosing schemes, simulation objects as typical

building blocks

Modularity Characterization of the overall PK Extendable list of modules (physiological
model in terms of simple, processes like binding, transfer, metabolism,
independent modules that can bel metabolic pathways etc) in a model basis,
used in multiple contexts definition of each full body PK model in terms

of the underlying physiological processes.

Orthogonal design and Separation of model constituents| Independent definition of compound-specific

flexibility that are independent of each otherdata, species-specific physiological parameters
and mathematical models to archive largest
flexibility

Openness No limitation for adding new type&asily extendable lists of parameters,

of parameters, compounds, organs;ompounds, organs, species, physiological
species, physiological models etg. models, dosing schemes etc.

Transparency No hidden calculations or All parameters and models are directly

parameters assessable and editable
Computational Use of fast and accurate numericplntegration of state-of-the-art numerical
efficiency techniques algorithms
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