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Abstract

The metabolization and excretion of drugs in the liver are spatially heterogeneous processes. This is due
to the spatial variability of physiological processes at different length scales of biological organization in
healthy individuals, while many liver diseases further contribute to the heterogeneity. Classical, well-stirred
pharmacokinetic models do not represent this heterogeneity, and various modeling approaches capable
of representing heterogeneity have been developed recently. These approaches range from mechanistic
and physio-geometrically realistic models focusing on specific spatial scales, via continuum models using
homogenized physiological and metabolic properties, to integrative multiscale models. Such models could
become essential research tools for simulations involving drugs with notable first-pass effects, fast-acting
drugs or tracers, and diseased livers.
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1. Introduction

RUG TRANSIT through the body is a heterogeneous process [1]. The liver plays a pivotal role in the
D metabolization and excretion of drugs and contributes to this heterogeneity: Besides inter-individual
physiological variability, cellular metabolic capability varies between different locations in the liver due
to different cellular enzymatic setups. Furthermore, many diseases manifest themselves in spatially
heterogeneous ways.

Pharmacokinetic (PK) models are generally used to describe drug concentration profiles within the
blood plasma or in specific tissues. Models including spatial resolution and thus being capable of
representing heterogeneity have been developed during the last four decades [2]. Such models are
relevant for fast-acting drugs where first-pass effects play a role and where the presence of drugs does not
equilibrate instantaneously. Spatial resolution is crucial in case of spatially heterogeneous diseases and if
individualized models are envisioned.

Important advances have been made in multiscale liver modeling in the past ten years [3, 4, 5]. The
purpose of the present article is to give an overview of recent developments in liver models with spatial
heterogeneity.
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2. Physiologically Based Pharmacokinetic Simulations

PK models describe the fate of a drug in the body by means of mathematical equations. Levels of
detail range from rather phenomenological gross plasma clearance at the whole-body level to specific
enzyme-catalyzed molecular pathways at a cellular scale.

In compartmental PK models, model parameters have no strict physiological or anatomic basis; hence,
these models are rather descriptive. In contrast, physiologically based PK (PBPK) modeling allows
mechanisms underlying drug pharmacokinetics to be described at a high level of physiological detail. In
brief, PBPK models are based on three types of building blocks:

1. The physiology of the organism including, e.g., organ volumes or blood flow rates
2. The physicochemistry of compounds used to calculate tissue-plasma partition coefficients
3. The dosing scheme of a specific therapy [6]

PBPK models explicitly include those organs in the body of an organism which are most relevant in
terms of drug absorption, distribution, metabolism and excretion. This involves, amongst others, the
gastrointestinal tract, lung, kidney, or liver. Tissue composition in terms of lipid, water, or protein content
is frequently included as prior knowledge in PBPK modeling, with parameters representing standardized
individuals. The large amount of prior physiological information considered in the basic PBPK model
structure also includes specific biological processes such as the mixing of blood from the portal vein and
the hepatic artery at the liver inflow.

Importantly, PBPK modeling enables simulating drug concentration profiles in different tissues [7]. This
allows, e.g., simultaneously quantifying on-target and off-target drug exposure to optimize risk-benefit
profiles [8]. Further applications for PBPK modeling include simulating virtual populations for design and
analyzing clinical trials [9], cross-species-extrapolation [10] or investigating of drug-drug interactions.

PBPK models are presently well accepted by regulatory agencies and in pharmaceutical development
programs, because such models support the prospective design of clinical trials, particularly for specific
populations, and posterior analysis of trial data in terms of inter-individual variability. PBPK models
may, therefore, significantly contribute to a mechanistic understanding of processes governing drug
pharmacokinetics. Hence, differences in therapeutic outcomes or occurrence of adverse, drug-induced
effects may be analyzed in more detail. Such analyses may also involve integrating models and data from
different scales of biological information. This allows, e.g., considering results generated at the cellular
scale in a whole-body context.

Many PK models assume a net clearance capacity homogeneously distributed across the organs, which
implicitly assumes fast equilibration of concentrations between the between plasma and the surrounding
tissue. However, for fast-acting drugs such as intravenous anesthetics or tracers, more advanced approaches
are required to explicitly cover spatial heterogeneity within the liver.



3. Hepatic Spatial Heterogeneity

A detailed representation of spatial heterogeneity in PK models requires an accurate description of
physiological and temporal mechanisms at different scales of biological organization. Some examples of
heterogeneity are shown in Figure 1.

Physiological Heterogeneity. Livers are organized in lobules, small functional units of a few 100 pm radius.
Blood is supplied by portal fields in the periphery, flows through sinusoids, and is drained by a central
vein [19]. Along the sinusoids, the blood is in contact with liver cells (mainly hepatocytes), which
metabolize pharmaceutical and certain other compounds in the blood. More precisely, different families
of enzymes in the cells metabolize different pharmaceutical compounds. Specific enzymes may only be
present in one fraction of the hepatocytes, thus metabolic properties of the cells along a sinusoid differ,
often in a zonated way [20]. Furthermore, substances such as oxygen and drugs decay or increase in the
blood along the sinusoids, i.e., form concentration gradients, in particular in case of dominant first-pass
elimination [21].

Pathological Heterogeneity. Liver diseases also occur in spatially heterogeneous form. Zonation at the lobular
length scale is one relevant length scale for pathological conditions such as steatosis [22] or necrosis after
carbon tetrachloride intoxication [23] as a model for acetaminophen overdose. A second relevant length
scale is heterogeneity across the entire organ (between lobules), e.g., in case of steatosis [24], fibrosis [25],
carcinoma [26], or regeneration after resection [13]. Additionally, drugs may be applied non-uniformly by
targeted drug delivery [27] or catheter injection [28].

Time Scales. Spatial heterogeneity in terms of mixing effects at different scales of biological organization
ultimately affect drug PK at the whole-body level. In particular, this involves different temporal scales. If
compounds do not instantaneously equilibrate in the body, first-pass effects [29] need to be resolved. This
corresponds to a time scale of seconds to minutes. Faster time scales are typically not considered in PK
modeling. In contrast, changes in hepatic heterogeneity due to diseases typically change on a time scale of
days to weeks. Thus, a separation of time scales, i.e., keeping diseased states constant during consecutive
PK simulations, may be possible when the influence of the drug on the diseased state, therapeutic or toxic,
can be neglected.
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Figure 1: Examples of spatially heterogeneous physiological and pathological phenomena at different length scales of biological
organization. Scale bars (where present) indicate 200 pm.

Image credits: (1) human outlines partly adapted from [11] (subject to public domain license), (b) enzyme staining images* (in mice)
adapted from [12, Fig. 3] (c) regeneration image* (in mice) adapted from [13, Fig. 2], (d) carcinoma image* (human) adapted from [14,
Fig. 1A], (e) steatosis image (mouse) shows data from [15], (f) fibrosis images* adapted from [16, Fig. 1] (top; mouse) and [17, Fig. 8]
(bottom; human), (* subject to CC-BY license [18]).



4. Modeling Approaches for Spatial Heterogeneity

The aforementioned physiological and temporal mechanisms within the liver can be described by different
mathematical modeling formalisms at different scales of biological organization. Throughout this section
and in Tables 1 and 2, we provide an overview of recent modeling approaches including spatial heterogene-
ity, assigned to one spatial scale even though there is no strict separation for all the approaches mentioned.
This is, however, not an exhaustive overview of models from the last decades.

4.1. Cell Scale

Hepatocytes form the majority of parenchymal liver cells and perform the actual hepatic metabolism.
Cellular metabolism is typically modeled via highly complex metabolic networks [34]. For integration in
larger-scale PK models, metabolic networks can be reduced to non-spatial ODE models [30]. Because certain
involved molecules are only present in part of the cell, e.g., in the mitochondrion, such ODEs distinguish
intracellular substructures [32, 35, 33]. These substructures are typically not resolved geometrically, but
assumed to be well-stirred, as high variability and fast intracellular diffusion at the cellular length scale
can be expected.

Alternatively, ODE models for the cellular scale are parametrized directly, e.g., [43] and models based
thereon [31, 40, 36]. The surrounding interstitial /extracellular extravascular space can be associated to the

cell [46, 47, 37].

4.2. Lobule Scale: Zonation

Different cells in a lobule may be equipped with different enzymatic setups and thus have different
metabolic properties. Cells at different locations are typically exposed to different compound concentrations
in the blood flowing past. Such zonation or continuous gradients are represented in approaches using two
main techniques: sinusoid models involving individual cells and continuum models focusing on the cells’
effective behavior in the tissue.

Realistic sinusoidal networks for 2D slices through lobules [38] or for 3D model lobules [39, 33] have been
used, where blood flow through the sinusoids and an exchange of compounds with surrounding cells has
been modeled. As a stronger simplification, lobules have been represented by single sinusoids [51, 37, 36]
or networks of sinusoids [57]. Sinusoidal blood flow is actually an intermittent corpuscular flow on variable
and complex geometries [58, Video S1]. The blood flow model is typically simplified to constant [38, 37] or
radially symmetric [51] velocity profiles. More complex fluid dynamics models [59] exist, but the value of
this level of complexity in PK simulations is unclear.

Continuum models involve multi-phase flow, diffusion, and metabolization in porous media. Such
models have been used for 2D slices through lobules [40, 60] or 3D model lobules [41, 42].

4.3. Organ Scale: Liver

There are various classical PK approaches representing livers as a well-stirred compartment, single tube
(sinusoid), series of tubes (zonated sinusoid), and parallel tubes (capturing heterogeneity between different
hepatic regions, e.g., Couinaud segments [61] or diseased regions). We refer to [62, 63, 44, 2] for reviews of
these approaches and references to the respective original publications.

Similar to the lobule scale, two main techniques are used to represent heterogeneity at the organ scale:
multiscale models and continuum models. Multiscale models treat the liver as the combination of multiple
lobules (with different properties/parameters). This approach is conceivable for all the approaches above,
and may require suitable quantitative parameters describing the heterogeneity. Examples include an
investigation of boundary effects [60] and models using simulated intralobular heterogeneity [45, 37].
Examples of organ-scale continuum models include [48], [47] with simulated heterogeneous disease data,
and [27, 46]. The latter demonstrates that continuum models permit combining PK with other processes,
in this case, externally induced thermal release of bound drugs and cell damage.
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Scale

Heterogeneity

Example Models/Compounds

Modeling Approach

Cell ODE cellular substructure glucose metabolism [30]
fatty acid uptake, triacylglycerol storage [31]
ammonia detoxification [32, 33]
metabolic network  cellular substructure, glycochenodeoxycholate synthesis, ammonia detoxification [34]
metabolic pathways
Lobule 1D sinusoid zonation fatty acid metabolism [35]

N

~

i

2D sinusoidal
network

3D sinusoidal
network

2D continuum
(porous medium)

3D continuum
(porous medium)

zonation + lobule

zonation + lobule

zonation + lobule

zonation + lobule

acetaminophen ADME [36]
midazolam, caffeine, and insulin clearance [37]

(generic) [38]

ammonia detoxification [32, 33]
(tissue structure) [39]

glucose and lactate metabolism [40]

(blood flow and pressure) [41]
paclitaxel metabolism, oxygen distribution [42]

Table 1: Overview of modeling approaches capable of dealing with physiological heterogeneity at different length scales, cell and lobule, of biological organization. (ADME:
absorption, distribution, metabolization, and excretion)



Scale Modeling Approach Heterogeneity Examples
Organ ow well stirred none (generic) [43]
zonated organ constant zonation (generic) [44, 2]
(similar to 1D sinu-
soid)
parallel sinusoids organ+zonation midazolam, caffeine, and insulin clearance [37]
multiple lobules organ+zonation sucrose and antipyrine elimination [45]
continuum organ doxorubicin delivery from temperature-sensitive liposomes [46, 27]
(porous medium) carboxyfluorescein diacetate succinimidyl ester distribution, midazolam,
and spiramycin clearance [47]
paclitaxel clearance [48]
Whole-Body mwu spectrum between inter-organ (generic) [43, 38, 49]
% ) organ  compart- indocyanine green clearance. [50]
ments and lumped cilostazol absorption [? ]
organs acetaminophen metabolism [51]
ciprofloxacin ADME [6]
acetaminophen ADME [36]
Population adjusted inter-individual ciprofloxacin and paclitaxel clearance [52]

%mﬁ %&

model parameters

atorvastatin metabolism [53]

indocyanine green and rocuronium distribution [54]
pravastatin ADME [55]

furosemide and morphine distribution and elimination [56]

Table 2: Overview of modeling approaches capable of dealing with physiological heterogeneity at different length scales, organ to population, of biological organization. (ADME:
absorption, distribution, metabolization, and excretion)

Image credits: stick figures adapted from clip art from [11] (subject to public domain license).



4.4. Whole-Body Scale

In addition to the liver, other organs and their heterogeneity also play roles in the processes from absorption
to excretion of drugs and their metabolites. This is, e.g., represented in sub-structured small intestine
model for drug absorption [64, 49]. Focusing on the liver, we will confine the discussion of the organism to
a "hepatic point of view’.

For research purposes, isolated perfused livers are commonly considered. For such models [57, 32, 47,
48], different liver inflow and outflow profiles can be considered [40], but there is no organism present in
the model.

The complexity and level of detail of the whole-body representation form a spectrum ranging from
strongly simplified models to those considering sub-compartments for each individual organ. In a model
for hyperthermia-induced targeted drug delivery [27], only body tissue and body plasma compartments
have been considered. Pulmonary and remaining systemic circulation besides gut/liver have been
discriminated in a simulation of indocyanine green clearance [50]. A generic microdosimetry model [38]
further distinguishes a handful of organs (lung, gut), one compartment each for the rest of the body, and
the arterial and the venous blood. The kidney is involved in the clearance of many drugs and has thus
been included explicitly in PK models [36].

Structuring can also be based on properties of organs relevant for the specific application, e.g., in
a blood reservoir plus highly and poorly perfused tissue [49] or, additionally, adipose tissue [51]. In
contrast, the structure in [43? , 6] and models based thereon [52, 37, 56] are examples of generic and
detailed whole-body models in which organs are represented by their plasma, erythrocyte, interstitial, and
cellular subcompartments. To reduce model complexity, lumping [65, 66] can be applied to reduce the
number of compartments. To avoid unphysiologically fast equilibration, delays can be introduced between
compartments [67].

4.5. Population Scale: Inter-Individual Differences

Inter-individual differences in PK can be due to age, gender, body weight, ethnicity, individual organ
function or disease state, etc. These differences can be represented by variability in PBPK model param-
eters [52], but also in compartmental models [54]. Inter-individual variability has been investigated for
assessing patient safety in drug development and for subgroup stratification [55]. With a growing elderly
population, modeling the influence of age [56] is particularly important.

Adapting PK models to differences in patient groups or building individualized models is, in principle,
possible for models focusing on any scale. Individualizing models may involve adapting numerical
physiology parameters [55, 68, 56], organ geometries [47, 69], disease models [32, 37, 33] at the lobular
scale, or cellular properties [53], etc. from literature or public databases.

4.6. Multi-Scale Modeling Approaches

Despite mainly focusing on heterogeneity at one spatial scale, the described approaches can be integrated
in multi-scale models. Possible approaches are actual multi-scale integration and model reduction to obtain
effective model behavior.

Actual multi-scale integration involves using multiple instances of a model at a fine scale with different
parametrizations reflecting heterogeneity. Examples include using different cellular models in a sinusoid [35,
37, 36], lobule [39, 32, 40, 33], organ [46, 47], or whole-body model [70]; lobule models with different
properties in an organ [45, 37], and different whole-body models in a population [52, 54, 68, 55, 56].

Model reduction is useful in multi-scale models to reduce the computational workload. Additionally,
continuum models typically require homogenized properties from finer spatial scales, e.g., flow and
metabolization in porous medium models at the lobule [40] or organ scale [47].



5. Discussion

The role of computational modeling is increasing in pharmaceutical development and medical research.
Specific pathologies and inter-individual differences may necessitate multi-scale modeling approaches
capable of dealing with spatial heterogeneity in PK modeling. A variety of sophisticated modeling
approaches exists, mainly at a research stage, each with its own specific strengths. Considerations when
choosing an approach adequate for a given specific application are mainly standard questions in modeling,
such as

* Which model can capture the mechanisms and complexity at hand, but is not overly complex to
avoid making unnecessary assumptions and to limit computational workload?

* How is the heterogeneity quantified and fed into the model?

¢ s there suitable software available for the simulation?

5.1. Relevance and Applications

Spatially resolved PK simulations permit in-silico investigations of drug effects for which a diagnostic
observation is difficult to impossible even via high-end imaging. Instead, a comprehensive mechanistic
picture can be achieved by integrating modeling results from different scales of biological organization. One
important application is the distribution of fast-acting drugs or tracers, for which the first few moments
following drug administration are decisive [71, 2]. On this time scale, instantaneous mixing cannot be
assumed, so that simple well-stirred PK models are not applicable, but spatially heterogeneous approaches
are needed.

Computational models including liver zonation have been used together with targeted experimental
measurements amongst other to investigate the impact of CCl, intoxication on ammonia detoxification
or hepatic clearance capacity [72, 32]. Current clinical examples rather use effective parametrization of
hepatic physiology, e.g., changes in liver perfusion and functional liver mass in cirrhotic patients [73]
or alterations in ADME gene expression in steatotic patients [74]. In this regard, it is important for
computational platforms to be structurally flexible enough for integrating physiological data at a sufficient
level of physiological detail at all spatial scales. This allows, in particular, the differentiation between
individuals of different age, gender, health state, or genotype (cf. Figure 1). A typical application of PBPK
modeling using adapted whole-body physiologcial parameters is pediatric scaling, applied, e.g., to adapt
bosentan dosage for children [75].

A suitable reduction of model complexity is necessary for translation to clinical applications since
suitable techniques need to be available to quantify heterogeneity as model input parameters. Important
model input is quantitative data describing pathophysiological states, as well as mechanistic descriptions of
how diseases affect the local metabolic properties, so that PK simulations can provide accurate predictions
for specific states and not only serve as descriptive models. As an example, zonation and heterogeneity of
steatosis have been quantified histologically for an entire mouse liver in [15], but no comparable in-vivo or
even clinically applicable approaches exist that could provide quantification in comparable detail: biopsies
provide only very localized information, non-invasive imaging at the organ scale by ultrasound [76] or
magnetic resonance imaging [77] only provides very coarse resolution.

Parenchymal perfusion heterogeneity across the organ is another crucial factor for pharmacokinetics,
for which models in the heart [78] and in the liver [69] exist. It is, however, hard to measure parenchymal
perfusion, discriminating it from vascular perfusion, in vivo and at sufficiently high resolution.

An example where spatially resolved PK simulations can possibly provide a valuable contribution is
hepatic surgery planning [79], where liver function needs to be predicted prior to surgery. In this case, it is
crucial to use individualized, geometrically accurate models that can consider both existing heterogeneity
and the one introduced by the surgical procedure.



5.2. Perspective

Further development of spatially resolved PK modeling approaches would require several advancements.
Implementations of the various approaches should be made available, ideally with open source for
developers and as end-user tools. Models and parameters describing heterogeneity effects should also be
made available. This (and possibly organized competitions/challenges [80]) could trigger a comparison of
the strengths and weaknesses of different approaches. Ideally, this will also help develop a standard for
describing multi-scale models (such as SBML for biochemical models) and data, even though the manifold
phenomena involved in physiological heterogeneity and a mathematical formalization of the phenomena
will present many challenges.

6. Conclusions

Promising advances have been made in spatially resolved PK modeling in the past decade. Recent
developments in intravital imaging can be expected to contribute in two ways: obtaining model input
parameters describing heterogeneity; and improving mechanistic knowledge about pathological heteroge-
neous alterations to physiological processes. Prospectively, spatially resolved PK simulations will thus
considerably support the understanding of drug distribution in healthy and diseased livers and provide
valuable techniques for pharmacological research.

Acknowledgments

This study was supported by the German Federal Ministry for Education and Research (BMBF) via the
LiSyM network, grant numbers 031Lo039 (LK) and 031Loogo (LOS, TP). The BMBF had no role in study
design, collection, analysis, and interpretation of data, writing of the report, and decision to submit the
article for publication.

The authors would like to thank Uta Dahmen, University Hospital Jena, for the histological images
showing steatosis in Figure 1, David Black for proofreading the manuscript, and Lisa Rohe for initial
literature research.

Conflicts of Interest

LK is employed by Bayer AG, the company developing the PBPK modeling tools PK-Sim and MoBi.
LOS and TP have no conflicts of interest to declare.

10



7. References

[1]
[2]

[3]
[4]

[5]

[6]
[7]

8

[9]

[10]

[11]
[12]

[13]

[14]

[15]

[16]

[17]
[18]

[19]
[20]

[21]
[22]
[23]
[24]
[25]

[26]

[27]

A. Dokoumetzidis, V. Karalis, A. Iliadis, P. Macheras, The heterogeneous course of drug transit through the body, Trends in
Pharmacological Sciences 25 (3) (2004) 140-146. d0i:10.1016/].tips.2004.01.008.

M. G. lerapetritou, P. G. Georgopoulos, C. M. Roth, I. P. Androulakis, Tissue-level modeling of xenobiotic metabolism in
liver: An emerging tool for enabling clinical translational research, Clinical and Translational Science 2 (3) (2009) 228-237.
doi:10.1111/j.1752-8062.2009.00092.X.

L. Kuepfer, ]. Lippert, T. Eissing, Multiscale mechanistic modeling in pharmaceutical research and development, Springer, 2012,
PP 543—561. doi:10.1007/978-1-4419-7210-1_32.

D. Drasdo, J. Bode, U. Dahmen, O. Dirsch, S. Dooley, R. Gebhardt, A. Ghallab, P. Godoy, D. Haussinger, S. Hammad, S. Hoehme,
H.-G. Holzhiitter, U. Klingmdiller, L. Kuepfer, J. Timmer, M. Zerial, ]. G. Hengstler, The virtual liver: state of the art and future
perspectives, Archives of Toxicology 88 (12) (2014) 2071-2075. d0i:10.1007/500204-014-1384-6.

L. A. D’Alessandro, S. Hoehme, A. Henney, D. Drasdo, U. Klingmdiller, Unraveling liver complexity from molecular to organ
level: challenges and perspectives, Progress in Biophysics and Molecular Biology 117 (1) (2015) 78-86. doi:10.1016/j.pbiomolbio.
2014.11.005.

L. Kuepfer, C. Niederalt, T. Wendl, ]J.-F. Schlender, S. Willmann, J. Lippert, M. Block, T. Eissing, D. Teutonico, Applied concepts
in PBPK modeling: How to build a PBPK/PD model, CPT: Pharmacometrics & Systems Pharmacologydoi:10.1002/psp4.12134.
H. M. Jones, I. B. Gardner, K. J. Watson, Modelling and PBPK simulation in drug discovery, AAPS Journal 11 (1) (2009) 155-166.
doi:10.1208/512248-009-9088- 1.

H. Cordes, C. Thiel, H. E. Aschmann, V. Baier, L. M. Blank, L. Kuepfer, A physiologically based pharmacokinetic model of
isoniazid and its application in individualizing tuberculosis chemotherapy, Antimicrobial Agents and Chemotherapy 60 (10)
(2016) 6134—6145. doi:10.1128/AAC.00508-16.

A. R. Maharaj, A. N. Edginton, Physiologically based pharmacokinetic modeling and simulation in pediatric drug development,
CPT: Pharmacometrics & Systems Pharmacology 3 (11) (2014) 1-13. doi:10.1038/psp.2014.45.

C. Thiel, S. Schneckener, M. Krauss, A. Ghallab, U. Hofmann, T. Kanacher, S. Zellmer, R. Gebhardt, J. G. Hengstler, L. Kuepfer, A
systematic evaluation of the use of physiologically based pharmacokinetic modeling for cross-species extrapolation, Journal of
Pharmaceutical Sciences 104 (2014) 191-206. d0i:10.1002/]jps.24214.

Openclipart.

URL https://openclipart.org/

C. T. Shearn, D. J. Orlicky, R. L. McCullough, H. Jiang, K. N. Maclean, K. E. Mercer, B. L. Stiles, L. M. Saba, M. J. Ronis, D. R.
Petersen, Liver-specific deletion of phosphatase and tensin homolog deleted on chromosome 10 significantly ameliorates chronic
EtOH-induced increases in hepatocellular damage, PLOS ONE 11 (4) (2016) eo154152. doi:10.1371/journal.pone.o154152.

C. Xie, L. O. Schwen, W. Wei, A. Schenk, S. Zafarnia, F. Gremse, U. Dahmen, Quantification of hepatic vascular and parenchymal
regeneration in mice, PLOS ONE 11 (8) (2016) e0160581. doi:10.1371/journal.pone.o160581.

A. Hayashi, J. Shibahara, K. Misumi, J. Arita, Y. Sakamoto, K. Hasegawa, N. Kokudo, M. Fukayama, Histologic assessment of
intratumoral lymphoplasmacytic infiltration is useful in predicting prognosis of patients with hepatocellular carcinoma, PLOS
ONE 11 (5) (2016) e0155744. doi:10.1371/journal.pone.o155744.

L. O. Schwen, A. Homeyer, M. Schwier, U. Dahmen, O. Dirsch, A. Schenk, L. Kuepfer, T. Preusser, A. Schenk, Zonated
quantification of steatosis in an entire mouse liver, Computers in Biology and Medicine 73 (2016) 108-118. doi:10.1016/].
compbiomed.2016.04.004.

Y. Murakami, H. Toyoda, M. Tanaka, M. Kuroda, Y. Harada, F. Matsuda, A. Tajima, N. Kosaka, T. Ochiya, K. Shimotohno, The
progression of liver fibrosis is related with overexpression of the miR-199 and 200 families, PLOS ONE 6 (1) (2011) e16081.
doi:10.1371/journal.pone.0016081.

G. Sansog, M. Aragno, R. Mastrocola, G. Mengozzi, E. Novo, M. Parola, Role of chymase in the development of liver cirrhosis
and its complications: Experimental and human data, PLOS ONE 11 (9) (2016) €0162644. doi:10.1371/journal.pone.o162644.
Creative Commons Corporation, Creative commons attribution 4.0 license.

URL https://creativecommons.org/licenses /by /4.0/

E. Kuntz, H.-D. Kuntz, Hepatology: Textbook and atlas, 3rd Edition, Springer, Heidelberg, 2008.

R. Gebhardt, Metabolic zonation of the liver: regulation and implications for liver function, Pharmacology & Therapeutics 53 (3)
(1992) 275-354. doi:10.1016/0163-7258(92)90055-5.

S. M. Pond, T. N. Tozer, First-pass elimination basic concepts and clinical consequences, Clinical Pharmacokinetics 9 (1) (1984)
1—25. d0i:10.2165/00003088-198409010-00001.

D. E. Kleiner, E. M. Brunt, Nonalcoholic fatty liver disease: pathologic patterns and biopsy evaluation in clinical research,
Seminars in Liver Disease 32 (1) (2012) 3-13. d0i:10.1055/5-0032-1306421.

L. W. D. Weber, M. Boll, A. Stampfl, Hepatotoxicity and mechanism of action of haloalkanes: Carbon tetrachloride as a
toxicological model, Critical Reviews in Toxicology 33 (2) (2003) 105-136. doi:10.1080/713611034.

M. Karcaaltincaba, O. Akhan, Imaging of hepatic steatosis and fatty sparing, European Journal of Radiology 13 (2007) 33—43.
doi:10.1016/j.ejrad.2006.11.005.

N. S. Goldstein, F. Hastah, M. V. Galan, S. C. Gordon, Fibrosis heterogeneity in nonalcoholic steatohepatitis and hepatitis C virus
needle core biopsy specimens, American Journal of Clinical Pathology 123 (2005) 382—387. doi:10.1309/EY72F1ENgXCB1KXX.
M. A. Avila, C. Berasain, L. Torres, A. Martin-Duce, F. J. Corrales, H. Yang, ]J. Prieto, S. C. Lu, ]J. Caballeria, ]. Rodés, ]. M. Mato,
Reduced mRNA abundance of the main enzymes involved in methionine metabolism in human liver cirrhosis and hepatocellular
carcinoma, Journal of Hepatology 33 (6) (2000) 907-914. doi:10.1016/S0168-8278(00)80122-1.

A. Gasselhuber, M. R. Dreher, A. Partanen, P. S. Yarmolenko, D. Woods, B. J. Wood, D. Haemmerich, Targeted drug delivery by
high intensity focused ultrasound mediated hyperthermia combined with temperature-sensitive liposomes: Computational

11


http://dx.doi.org/10.1016/j.tips.2004.01.008
http://dx.doi.org/10.1111/j.1752-8062.2009.00092.x
http://dx.doi.org/10.1007/978-1-4419-7210-1_32
http://dx.doi.org/10.1007/s00204-014-1384-6
http://dx.doi.org/10.1016/j.pbiomolbio.2014.11.005
http://dx.doi.org/10.1016/j.pbiomolbio.2014.11.005
http://dx.doi.org/10.1002/psp4.12134
http://dx.doi.org/10.1208/s12248-009-9088-1
http://dx.doi.org/10.1128/AAC.00508-16
http://dx.doi.org/10.1038/psp.2014.45
http://dx.doi.org/10.1002/jps.24214
https://openclipart.org/
https://openclipart.org/
http://dx.doi.org/10.1371/journal.pone.0154152
http://dx.doi.org/10.1371/journal.pone.0160581
http://dx.doi.org/10.1371/journal.pone.0155744
http://dx.doi.org/10.1016/j.compbiomed.2016.04.004
http://dx.doi.org/10.1016/j.compbiomed.2016.04.004
http://dx.doi.org/10.1371/journal.pone.0016081
http://dx.doi.org/10.1371/journal.pone.0162644
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1016/0163-7258(92)90055-5
http://dx.doi.org/10.2165/00003088-198409010-00001
http://dx.doi.org/10.1055/s-0032-1306421
http://dx.doi.org/10.1080/713611034
http://dx.doi.org/10.1016/j.ejrad.2006.11.005
http://dx.doi.org/10.1309/EY72F1EN9XCB1KXX
http://dx.doi.org/10.1016/S0168-8278(00)80122-1

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]
[38]

[39]

[40]

[41]

[42]
[43]
[44]
[45]

[46]

[47]
[48]
[49]
[50]

[51]

[52]

modelling and preliminary in vivo validation, International Journal of Hyperthermia 28 (4) (2012) 337-348. doi:10.3109/02656736.
2012.677930.

T. Tanaka, Y. Arai, Y. Inaba, K. Matsueda, T. Aramaki, Y. Takeuchi, K. Kichikawa, Radiologic placement of side-hole catheter
with tip fixation for hepatic arterial infusion chemotherapy, Journal of Vascular and Interventional Radiology 14 (1) (2003) 63-68.
doi:10.1097/01.RVI1.0000052292.26939.59.

T. E Blaschke, P. C. Rubin, Hepatic first-pass metabolism in liver disease, Clinical Pharmacokinetics 4 (6) (1979) 423—432.
doi:10.2165/00003088-197904060-00002.

M. Konig, H.-G. Holzhiitter, Kinetic modeling of human hepatic glucose metabolism in type 2 diabetes mellitus predicts
higher risk of hypoglycemic events in rigorous insulin therapy, Journal of Biological Chemistry 287 (44) (2012) 36978-36989.
doi:10.1074/jbc.M112.382069.

J. Schleicher, R. Guthke, U. Dahmen, O. Dirsch, H.-G. Holzhuetter, S. Schuster, A theoretical study of lipid accumulation in
the liver—implications for nonalcoholic fatty liver disease, Biochimica et Biophysica Acta (BBA)-Molecular and Cell Biology of
Lipids 1841 (1) (2014) 62-69. doi:10.1016/j.bbalip.2013.08.016.

E. Schliess, S. Hoehme, S. G. Henkel, A. Ghallab, D. Driesch, ]. Bottger, R. Guthke, M. Pfaff, . G. Hengstler, R. Gebhardt,
D. Héaussinger, D. Drasdo, S. Zellmer, Integrated metabolic spatial-temporal model for the prediction of ammonia detoxification
during liver damage and regeneration, Hepatology 60 (6) (2014) 2040-2051. doi:10.1002/hep.27136.

A. Ghallab, G. Celliere, S. G. Henkel, D. Driesch, S. Hoehme, U. Hofmann, S. Zellmer, P. Godoy, A. Sachinidis, M. Blaszkewicz,
R. Reif, R. Marchan, L. Kuepfer, D. Haussinger, D. Drasdo, R. Gebhardt, J. G. Hengstler, Model-guided identification of
a therapeutic strategy to reduce hyperammonemia in liver diseases, Journal of Hepatology 64 (4) (2016) 860-871. doi:
10.1016/j.jhep.2016.01.021.

C. Gille, C. Bolling, A. Hoppe, S. Bulik, S. Hoffmann, K. Hiibner, A. Karlstadt, R. Ganeshan, M. Konig, K. Rother, M. Weidlich,
J. Behre, H.-G. Holzhiitter, HepatoNet1: a comprehensive metabolic reconstruction of the human hepatocyte for the analysis of
liver physiology, Molecular Systems Biology 6 (1) (2010) 411. doi:10.1038/msb.2010.62.

J. Schleicher, C. Tokarski, E. Marbach, M. Matz-Soja, S. Zellmer, R. Gebhardt, S. Schuster, Zonation of hepatic fatty acid
metabolism—the diversity of its regulation and the benefit of modeling, Biochimica et Biophysica Acta—Molecular and Cell
Biology of Lipids 1851 (5) (2015) 641-656. doi:10.1016/j.bbalip.2015.02.004.

J. P. Sluka, X. Fu, M. Swat, ]J. M. Belmonte, A. Cosmanescu, S. G. Clendenon, J. F. Wambaugh, J. A. Glazier, A liver-centric
multiscale modeling framework for xenobiotics, PLOS ONE 11 (9) (2016) €0162428. doi:10.1371/journal.pone.0162428.

L. O. Schwen, A. Schenk, C. Kreutz, J. Timmer, M. M. Bartolomé Rodriguez, L. Kuepfer, T. Preusser, Representative sinusoids for
hepatic four-scale pharmacokinetics simulations, PLOS ONE 10 (7) (2015) e0133653. doi:10.1371/journal.pone.o133653.

J. Wambaugh, I. Shah, Simulating microdosimetry in a virtual hepatic lobule, PLOS Computational Biology 6 (4) (2010) e1000756.
doi:10.1371/journal.pcbi.1000756.

S. Hoehme, M. Brulport, A. Bauer, E. Bedawy, W. Schormann, M. Hermes, V. Puppe, R. Gebhardt, S. Zellmer, M. Schwarz,
E. Bockamp, T. Timmel, J. G. Hengstler, D. Drasdo, Prediction and validation of cell alignment along microvessels as order
principle to restore tissue architecture in liver regeneration, Proceedings of the National Academy of Sciences of the United
States of America 107 (23) (2010) 10371-10376. doi:10.1073/pnas.0909374107.

T. Ricken, D. Werner, H.-G. Holzhiitter, M. Kénig, U. Dahmen, O. Dirsch, Modeling function-perfusion behavior in liver lobules
including tissue, blood, glucose, lactate and glycogen by use of a coupled two-scale PDE-ODE approach, Biomechanics and
Modeling in Mechanobiology 14 (3) (2015) 515-536. d0i:10.1007/510237-014-0619-Z.

C. Debbaut, J. Vierendeels, J. H. Siggers, R. Repetto, D. Monbaliu, P. Segers, A 3D porous media liver lobule model: the
importance of vascular septa and anisotropic permeability for homogeneous perfusion, Computer Methods in Biomechanics and
Biomedical Engineering 17 (12) (2014) 1295-1310. d0i:10.1080/10255842.2012.744399.

V. Rezania, D. Coombe, J. A. Tuszynski, A physiologically-based flow network model for hepatic drug elimination III: 2D/3D
DLA lobule models, Theoretical Biology and Medical Modelling 13 (9) (2016) 1—22. d0i:10.1186/512976-016-0034-5.

S. Willmann, J. Lippert, M. Sevestre, ]J. Solodenko, F. Fois, W. Schmitt, PK-Sim: a physiologically based pharmacokinetic

‘whole-body’ model, BIOSILICO 1 (4) (2003) 121-124. d0i:10.1016/51478-5382(03)02342-4.

Y. G. Anissimov, M. S. Roberts, A compartmental model of hepatic disposition kinetics: 1. Model development and application
to linear kinetics, Journal of Pharmacokinetics and Pharmacodynamics 29 (2) (2002) 131-156. doi:10.1023/A:1019703607647.

C. A. Hunt, G. E. P. Ropella, L. Yan, D. Y. Hung, M. S. Roberts, Physiologically based synthetic models of hepatic disposition,
Journal of Pharmacokinetics and Pharmacodynamics 33 (6) (2006) 737—772. doi:10.1007/510928-006-9031-3.

A. Gasselhuber, M. R. Dreher, A. Negussie, B. ]. Wood, F. Rattay, D. Haemmerich, Mathematical spatio-temporal model of
drug delivery from low temperature sensitive liposomes during radiofrequency tumour ablation, International Journal of
Hyperthermia 26 (5) (2010) 499-513. doi:10.3109/02656731003623590.

L. O. Schwen, M. Krauss, C. Niederalt, F. Gremse, F. Kiessling, A. Schenk, T. Preusser, L. Kuepfer, Spatio-temporal simulation of
first pass drug perfusion in the liver, PLOS Computational Biology 10 (3) (2014) 1-18, €1003499. doi:10.1371/journal.pcbi.1003499.
D. White, D. Coombe, V. Rezania, J. Tuszynski, Building a 3D virtual liver: Methods for simulating blood flow and hepatic
clearance on 3D structures, PLOS ONE 11 (9) (2016) eo162215. doi:10.1371/journal.pone.o162215.

E. C. Y. Chow, K. S. Pang, Why we need proper PBPK models to examine intestine and liver oral drug absorption, Current Drug
Metabolism 14 (1) (2013) 57-79. doi:10.2174/138920013804545124.

M. Weiss, T. C. Krejcie, M. ]. Avram, A physiologically based model of hepatic ICG clearance: Interplay between sinusoidal
uptake and biliary excretion, European Journal of Pharmaceutical Sciences 44 (2011) 359-365. doi:10.1016/j.ejps.2011.08.018.

J. G. Diaz Ochoa, J. Bucher, A. R. R. Péry, J. M. Zaldivar Comenges, J. Niklas, K. Mauch, A multi-scale modeling framework
for individualized, spatiotemporal prediction of drug effects and toxicological risk, Frontiers in Pharmacology 3 (2013) 204.
doi:10.3389/fphar.2012.00204.

S. Willmann, K. Héhn, A. Edginton, M. Sevestre, J. Solodenko, W. Weiss, ]. Lippert, W. Schmitt, Development of a physiology-

12


http://dx.doi.org/10.3109/02656736.2012.677930
http://dx.doi.org/10.3109/02656736.2012.677930
http://dx.doi.org/10.1097/01.RVI.0000052292.26939.59
http://dx.doi.org/10.2165/00003088-197904060-00002
http://dx.doi.org/10.1074/jbc.M112.382069
http://dx.doi.org/10.1016/j.bbalip.2013.08.016
http://dx.doi.org/10.1002/hep.27136
http://dx.doi.org/10.1016/j.jhep.2016.01.021
http://dx.doi.org/10.1016/j.jhep.2016.01.021
http://dx.doi.org/10.1038/msb.2010.62
http://dx.doi.org/10.1016/j.bbalip.2015.02.004
http://dx.doi.org/10.1371/journal.pone.0162428
http://dx.doi.org/10.1371/journal.pone.0133653
http://dx.doi.org/10.1371/journal.pcbi.1000756
http://dx.doi.org/10.1073/pnas.0909374107
http://dx.doi.org/10.1007/s10237-014-0619-z
http://dx.doi.org/10.1080/10255842.2012.744399
http://dx.doi.org/10.1186/s12976-016-0034-5
http://dx.doi.org/10.1016/S1478-5382(03)02342-4
http://dx.doi.org/10.1023/A:1019703607647
http://dx.doi.org/10.1007/s10928-006-9031-3
http://dx.doi.org/10.3109/02656731003623590
http://dx.doi.org/10.1371/journal.pcbi.1003499
http://dx.doi.org/10.1371/journal.pone.0162215
http://dx.doi.org/10.2174/138920013804545124
http://dx.doi.org/10.1016/j.ejps.2011.08.018
http://dx.doi.org/10.3389/fphar.2012.00204

[53]

[54]

[55]

[56]

[57]
[58]
[59]
[60]

[61]
[62]

[63]

[64]
[65]
[66]

[67]

[68]

[69]

[70]
[71]

[72]

[73]

[74]

[75]

[76]

[77]

based whole-body population model for assessing the influence of individual variability on the pharmacokinetics of drugs,
Journal of Pharmacokinetics and Pharmacodynamics 34 (3) (2007) 401—431. doi:10.1007/510928-007-9053-5.

J. Bucher, S. Riedmaier, A. Schnabel, K. Marcus, G. Vacun, T. S. Weiss, W. E. Thasler, A. K. Niissler, U. M. Zanger, M. Reuss, A
systems biology approach to dynamic modeling and inter-subject variability of statin pharmacokinetics in human hepatocytes,
BMC Systems Biology 5 (1) (2011) 1. doi:10.1186/1752-0509-5-66.

M. Weiss, M. Reekers, J. Vuyk, F. Boer, Circulatory model of vascular and interstitial distribution kinetics of rocuro-
nium: a population analysis in patients, Journal of Pharmacokinetics and Pharmacodynamics 38 (2) (2011) 165-178.
d0i:10.1007/510928-010-9186-9.

M. Krauss, R. Burghaus, J. Lippert, M. Niemi, P. Neuvonen, A. Schuppert, S. Willmann, L. Kuepfer, L. Gorlitz, Using Bayesian-
PBPK modeling for assessment of inter-individual variability and subgroup stratification, In Silico Pharmacology 1 (6) (2013)
1-11. d0i:10.1186/2193-9616-1-6.

J.-E. Schlender, M. Meyer, K. Thelen, M. Krauss, S. Willmann, T. Eissing, U. Jaechde, Development of a whole-body physiologically
based pharmacokinetic approach to assess the pharmacokinetics of drugs in elderly individuals, Clinical Pharmacokinetics
(2016) 1-17d0i:10.1007/540262-016-0422-3.

L. Yan, G. E. P. Ropella, S. Park, M. S. Roberts, C. A. Hunt, Modeling and simulation of hepatic drug disposition using a
physiologically based, multi-agent in silico liver, Pharmaceutical Research 25 (5) (2008) 1023-1036. d0i:10.1007/511095-007-9494-y.
M. Cabrera, U. Frevert, Novel in vivo imaging techniques for the liver microvasculature, IntraVital 1 (2) (2012) 107-114.
doi:10.4161/intv.23423.

H. P. Rani, T. W. H. Sheu, T. M. Chang, P. C. Liang, Numerical investigation of non-Newtonian microcirculatory blood flow in
hepatic lobule, Journal of Biomechanics 39 (3) (2006) 551-563. doi:10.1016/j.jpiomech.2004.11.029.

J. H. Siggers, K. Leungchavaphongse, C. H. Ho, R. Repetto, Mathematical model of blood and interstitial flow and lymph
production in the liver, Biomechanics and Modeling in Mechanobiology 13 (2) (2014) 363-378. doi:10.1007/510237-013-0516-X.
C. Couinaud, Le Foie: Etudes anatomiques et chirurgicales, Masson, Paris, 1957.

V. E. Kirichuk, A. Lutsevich, Modeling of drug elimination by the liver. 1. Main concepts and physiologically justified clearance
models (a review), Pharmaceutical Chemistry Journal 30 (5) (1996) 285-292. doi:10.1007/BF02333961.

T. N. Abu-Zahra, K. S. Pang, Effect of zonal transport and metabolism on hepatic removal: enalapril hydrolysis in zonal, isolated
rat hepatocytes in vitro and correlation with perfusion data, Drug Metabolism and Disposition 28 (7) (2000) 807-813.

URL http://dmd.aspetjournals.org/content/28/7/807.short

K. S. Pang, M. R. Durk, Physiologically-based pharmacokinetic modeling for absorption, transport, metabolism and excretion,
Journal of Pharmacokinetics and Pharmacodynamics 37 (6) (2010) 591-615. doi:10.1007/510928-010-9185-X.

L. A. Nestorov, L. J. Aarons, P. A. Arundel, M. Rowland, Lumping of whole-body physiologically based pharmacokinetic models,
Journal of Pharmacokinetics and Biopharmaceutics 26 (1) (1998) 21—46. doi:10.1023/A:1023272707390.

S. Pilari, W. Huisinga, Lumping of physiologically-based pharmacokinetic models and a mechanistic derivation of classical com-
partmental models, Journal of Pharmacokinetics and Pharmacodynamics 37 (4) (2010) 365-405. d0i:10.1007/510928-010-9165-1.
T. C. Krejcie, T. K. Henthorn, C. A. Shanks, M. J. Avram, A recirculatory pharmacokinetic model describing the circulatory
mixing, tissue distribution and elimination of antipyrine in dogs, Journal of Pharmacology and Experimental Therapeutics
269 (2) (1994) 609—616.

URL http://jpet.aspetjournals.org/content/269/2/609.short

M. Meyer, S. Schneckener, B. Ludewig, L. Kuepfer, J. Lippert, Using expression data for quantification of active processes in
physiologically based pharmacokinetic modeling, Drug Metabolism and Disposition 40 (5) (2012) 892—9o1. doi:10.1124/dmd.111.
043174.

E. Rohan, V. Lukes, A. JonaSova, Modeling of the contrast-enhanced perfusion test in liver based on the multi-compartment flow
in porous media, arXiv preprint, arXiv:1605.09162v1 [cs.CE] (2016).

URL https://arxiv.org/abs/1605.09162

M. Krauss, S. Schaller, S. Borchers, R. Findeisen, J. Lippert, L. Kuepfer, Integrating cellular metabolism into a multiscale
whole-body model, PLOS Computational Biology 8 (10) (2012) e1002750. doi:10.1371/journal.pcbi.1002750.

K. S. Pang, M. Weiss, P. Macheras, Advanced pharmacokinetic models based on organ clearance, circulatory, and fractal concepts,
The AAPS Journal g (2) (2007) E268-E283. doi:10.1208/aapsjogo2030.

A. Schenk, A. Ghallab, U. Hofmann, R. Hassan, M. Schwarz, A. Schuppert, L. O. Schwen, A. Braeuning, D. Teutonico, J. G.
Hengstler, L. Kuepfer, Physiologically-based modelling in mice suggests an aggravated loss of clearance capacity after toxic liver
damage, Scientific Reports 7 (6224) (2017) 1-13. d0i:10.1038/541598-017-04574-2.

A. N. Edginton, S. Willmann, Physiology-based simulations of a pathological condition: Prediction of pharmacokinetics in
patients with liver cirrhosis., Clinical Pharmacokinetics 47 (11) (2008) 743—752. doi:10.2165/00003088-200847110-00005.

M. Krauss, U. Hofmann, C. Schafmayer, S. Igel, J. Schlender, C. Mueller, M. Brosch, W. von Schoenfels, W. Erhart, A. Schuppert,
M. Block, E. Schaeffeler, G. Boehmer, L. Goerlitz, ]. Hoecker, J. Lippert, R. Kerb, ]. Hampe, L. Kuepfer, M. Schwab, Translational
learning from clinical studies predicts drug pharmacokinetics across patient populations, NPJ Systems Biology and Applications
3 (2017) 1. d0i:10.1038/541540-017-0012-5.

J. Zisowsky, M. Géhin, A. Kusic-Pajic, A. Krause, M. Beghetti, ]. Dingemanse, Pediatric development of bosentan facilitated by
modeling and simulation, Pediatric Drugs 19 (2) (2017) 121-130. d0i:10.1007/540272-016-0206-0.

N. F. Schwenzer, F. Springer, C. Schraml, N. Stefan, J. Machann, F. Schick, Non-invasive assessment and quantification of
liver steatosis by ultrasound, computed tomography and magnetic resonance, Journal of Hepatology 51 (3) (2009) 433-445.
doi:10.1016/j.jhep.2009.05.023.

I. S. Idilman, H. Aniktar, R. Idilman, G. Kabacam, B. Savas, A. Elhan, A. Celik, K. Bahar, M. Karcaaltincaba, Hepatic
steatosis: quantification by proton density fat fraction with MR imaging versus liver biopsy, Radiology 267 (3) (2013) 767-775.
doi:10.1148/radiol.13121360.

13


http://dx.doi.org/10.1007/s10928-007-9053-5
http://dx.doi.org/10.1186/1752-0509-5-66
http://dx.doi.org/10.1007/s10928-010-9186-9
http://dx.doi.org/10.1186/2193-9616-1-6
http://dx.doi.org/10.1007/s40262-016-0422-3
http://dx.doi.org/10.1007/s11095-007-9494-y
http://dx.doi.org/10.4161/intv.23423
http://dx.doi.org/10.1016/j.jbiomech.2004.11.029
http://dx.doi.org/10.1007/s10237-013-0516-x
http://dx.doi.org/10.1007/BF02333961
http://dmd.aspetjournals.org/content/28/7/807.short
http://dmd.aspetjournals.org/content/28/7/807.short
http://dmd.aspetjournals.org/content/28/7/807.short
http://dx.doi.org/10.1007/s10928-010-9185-x
http://dx.doi.org/10.1023/A:1023272707390
http://dx.doi.org/10.1007/s10928-010-9165-1
http://jpet.aspetjournals.org/content/269/2/609.short
http://jpet.aspetjournals.org/content/269/2/609.short
http://jpet.aspetjournals.org/content/269/2/609.short
http://dx.doi.org/10.1124/dmd.111.043174
http://dx.doi.org/10.1124/dmd.111.043174
https://arxiv.org/abs/1605.09162
https://arxiv.org/abs/1605.09162
https://arxiv.org/abs/1605.09162
http://dx.doi.org/10.1371/journal.pcbi.1002750
http://dx.doi.org/10.1208/aapsj0902030
http://dx.doi.org/10.1038/s41598-017-04574-z
http://dx.doi.org/10.2165/00003088-200847110-00005
http://dx.doi.org/10.1038/s41540-017-0012-5
http://dx.doi.org/10.1007/s40272-016-0206-0
http://dx.doi.org/10.1016/j.jhep.2009.05.023
http://dx.doi.org/10.1148/radiol.13121360

[78] C. Michler, A. N. Cookson, R. Chabiniok, E. Hyde, ]. Lee, M. Sinclair, T. Sochi, A. Goyal, G. Vigueras, D. A. Nordsletten,
N. P. Smith, A computationally efficient framework for the simulation of cardiac perfusion using a multi-compartment Darcy
porous-media flow model, International Journal for Numerical Methods in Biomedical Engineering 29 (2) (2013) 217-232.
doi:10.1002/cnm.2520.

[79] 1. Endo, H. Shimada, K. Takeda, Y. Fujii, K. Yoshida, D. Morioka, S. Sadatoshi, S. Togo, H. Bourquain, H.-O. Peitgen, Successful
duct-to-duct biliary reconstruction after right hemihepatectomy. Operative planning using virtual 3D reconstructed images,
Journal of Gastrointestinal Surgery 11 (5) (2007) 666—670. doi:10.1007/511605-007-0130-2.

[80] B. van Ginneken, Why challenges? (2015).

URL https://grand-challenge.org/Why_Challenges/

14


http://dx.doi.org/10.1002/cnm.2520
http://dx.doi.org/10.1007/s11605-007-0130-2
https://grand-challenge.org/Why_Challenges/
https://grand-challenge.org/Why_Challenges/

	Introduction
	Physiologically Based Pharmacokinetic Simulations
	Hepatic Spatial Heterogeneity
	Modeling Approaches for Spatial Heterogeneity
	Cell Scale
	Lobule Scale: Zonation
	Organ Scale: Liver
	Whole-Body Scale
	Population Scale: Inter-Individual Differences
	Multi-Scale Modeling Approaches

	Discussion
	Relevance and Applications
	Perspective

	Conclusions
	References

