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Abstract

Bile acid (BA) metabolism represents a multifaceted system involving a diverse
array of primary and secondary, conjugated and unconjugated BAs that engage
in constant enterohepatic circulation (EHC). Disruptions in both BA composition
and dynamics have been correlated with various ailments. Nonetheless, a compre-
hensive understanding of the intricate interplay between altered BA metabolism
and associated diseases remains elusive. A range of animal models have been
harnessed to explore BA metabolism’s implications in human disease. Among
these models, mice take a prominent role; however, disparities between this pre-
clinical model and humans regarding BA composition, recycling mechanisms, gut
physiology, and energy homeostasis exist. Given the inherent intricacy of BA
metabolism and the necessity for robust cross-species extrapolation strategies, com-
putational modeling serves as a tool to unravel the mechanistic foundations of the
complex network governing BA metabolism. This work endeavors to construct
physiologically-based models of BA metabolism in both murine and human con-
texts. These models recapitulate the synthesis, hepatic and microbial transforma-
tions, systemic distribution, excretion, and EHC of BAs at the whole-body level.
The murine models were applied in assessments of sex-related and species-specific
differences in BA metabolism, as well as the effects of pathophysiological scenarios
like BA malabsorption and compromised intestinal barrier function. Conversely,
the human models reproduced inter-individual variations in BA levels reported in
literature, but also proposing conceivable mechanisms explaining elevated BA lev-
els observed in patients with liver-related disorders. The models developed in this
thesis constitute a robust framework for conducting model-assisted inquiries into
BA metabolism within prospective studies. Their potential contributions align with
the principles of the ’3Rs’ (Reduction, Refinement, and Replacement) of animal test-
ing and hold potential to advance patient care by enhancing our understanding and
prediction of BA-related dynamics in disease.
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Zusammenfassung

Der Gallensäure-Stoffwechsel (GS) umfasst ein facettenreiches System, das eine
vielfältige Mischung aus primären und sekundären, konjugierten und nicht-
konjugierten GS umfasst, die in ständigem enterohepatischem Kreislauf (EHK)
zirkulieren. Störungen sowohl in der Zusammensetzung als auch in der Dy-
namik der GS wurden mit verschiedenen Krankheiten in Verbindung gebracht.
Dennoch bleibt ein tieferes Verständnis der komplexen Wechselwirkungen zwis-
chen verändertem GS-Stoffwechsel und assoziierten Krankheiten schwer greifbar.
Eine Vielzahl von Tiermodellen wurde genutzt, um die Auswirkungen des GS-
Stoffwechsels auf menschliche Krankheiten zu erforschen. Unter diesen Modellen
haben Mäuse eine wichtige Stellung. Dennoch bestehen Unterschiede zwischen
Mäusen und Menschen, einschließlich der Zusammensetzung der GS, der Re-
cyclingmechanismen, der Darmphysiologie und des Energiegleichgewichts. An-
gesichts der inhärenten Komplexität des GS-Stoffwechsels und der Notwendigkeit
robuster Strategien zur extrapolierenden Untersuchung zwischen Spezies erweist
sich die computerbasierte Modellierung als Werkzeug, um die mechanistischen
Grundlagen des komplexen physiologischen Netzwerks, das den GS-Stoffwechsel
steuert, zu entschlüsseln. Diese Arbeit zielt darauf ab, physiologisch basierte
Modelle des GS-Stoffwechsels sowohl im Maus- als auch im humanen Kontext
zu entwickeln. Diese Modelle rekapitulieren die Synthese, die hepatischen und
mikrobiellen Transformationen, die systemweite Verteilung, die Ausscheidung
und den EHK von GS für den gesamten Körper. Die Mausmodelle wurden zur Un-
tersuchung geschlechts- und artenspezifischer Unterschiede im GS-Stoffwechsel
sowie der Auswirkungen pathophysiologischer Szenarien, wie GS-Malabsorption
und funktioneller Beeinträchtigung der Darmbarriere, eingesetzt. Im Gegensatz
dazu reproduzierten die humanen Modelle interindividuelle Variationen der GS-
Spiegel und schlugen gleichzeitig denkbare Mechanismen vor, die die erhöhten
GS-Werte bei Patienten mit Leber-Krankheiten erklären könnten. Die in dieser Ar-
beit entwickelten Modelle stellen einen robusten Rahmen für modellgestützte Un-
tersuchungen des GS-Stoffwechsels in prospektiven Studien dar. Ihr potenzieller
Beitrag steht im Einklang mit den Grundsätzen der ”3Rs” (Reduction, Refinement
and Replacement) von Tierversuchen und birgt das Potenzial, die Patientenver-
sorgung durch ein besseres Verständnis und eine Vorhersage der GS-bedingten Dy-
namik in Krankheiten zu verbessern.
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Chapter 1

General introduction

Contributions:
B. Kister wrote this chapter. I. Hawwari, L.M. Blank and L. Kuepfer reviewed the chapter.
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Bile acids (BAs), a group of molecules synthesized in the liver from choles-
terol, hold a pivotal position in various essential physiological processes.
Their multifaceted functions have sparked considerable interest within the
scientific community, encompassing not only their contribution to digest-
ing and absorbing dietary fats but also their role as signaling molecules
that govern metabolic pathways and gene expression. The intricate inter-
actions between BAs and diverse physiological systems emphasize their
significance in upholding overall well-being and have spurred researchers
to delve deeper into their intricate behaviors. However, the inherent com-
plexity of BA metabolism make studies challenging and necessitate so-
phisticated approaches. These intricacies stem from the diverse functions
they perform in maintaining physiological homeostasis and their involve-
ment in various diseases. Understanding these complexities and their
functional interplay is crucial for unraveling the full impact of BAs on
health and disease.

Diverse functions and regulation. Bile acids are more than lipid-
digesting agents; they act as signaling molecules and are involved in vari-
ous metabolic pathways and gene expression. They interact with both nu-
clear and cell surface receptors, such as farnesoid X receptor (FXR) [1; 2; 3]
and pregnane X receptor (PXR) [4], and influence the synthesis of fibrob-
last growth factors (FGFs) [5; 6], which in turn regulate energy balance,
glucose metabolism [7], and lipid homeostasis [8]. The interplay of these
pathways is complex and involves intricate feedback mechanisms.

Bile acid pool composition. The BA pool is not a homogeneous entity;
it consists of a wide range of primary and secondary BA species, along
with their glycine- and taurine-conjugated and sulfated forms. These dif-
ferent BA species exhibit distinct physicochemical properties, like solubil-
ity, hydrophobicity, and receptor-binding affinities [9] but also signalling
properties [10; 11]. The composition of the BA pool varies among species
[12], individuals [13; 14; 15], and physiological conditions, adding layers
of complexity to their metabolism.



4 1 General introduction

Enterohepatic circulation. Bile acids undergo a continuous recycling
process known as the enterohepatic circulation (EHC). This involves their
secretion into bile, storage in the gallbladder, release into the small intes-
tine upon food consumption, reabsorption from the intestine, and subse-
quent return to the liver via the portal vein. The EHC plays a pivotal role
in BA homeostasis and requires coordination between the liver, gallblad-
der, intestine, and systemic circulation.

Gut microbiota interaction. The gut microbiota significantly influences
BA metabolism. Microbes can metabolize primary BAs to generate sec-
ondary BAs [16; 17]. These microbial modifications include deconjuga-
tion, dehydrogenation, dehydroxylation, and epimerization. Conversely,
BAs can shape the composition of the gut microbiota [18; 19], creating a
bidirectional relationship that further complicates their role in health and
disease.

Pathophysiological implications. Bile acid dysregulation is implicated
in various diseases, including metabolic disorders (e.g., obesity, diabetes),
liver diseases (e.g., non-alcoholic fatty liver disease, cholestasis) [20; 21; 22;
23; 24; 25], inflammatory bowel diseases [26; 27], and even certain cancers
[28]. The intricate cross-talk between BAs, immune responses, and cellular
signaling pathways suggests a role in disease pathogenesis.

Inter-individual variability. Due to a multitude of factors, such as ge-
netic differences, variations in enzymatic activity, transporter expression,
and microbial composition, there is significant inter-individual variability
in BA metabolism. This variability contributes to differences in response
to dietary intake, medications, and disease susceptibility [13; 14; 15].

Temporal dynamics. Bile acid levels and composition can exhibit tem-
poral variations influenced by circadian rhythms, meal timing, and fast-
ing periods [29; 30; 31; 32]. These temporal dynamics introduce additional
layers of complexity when attempting to model and predict BA behavior.

In essence, the complexities of BA metabolism stem from the inter-
play of diverse functions, intricate regulatory pathways, variations in
BA pool composition, microbiota interactions, disease implications, inter-
individual variability, temporal dynamics, and therapeutic considerations.
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Computational modeling, physiologically-based (pharmacokinetic;
PBPK) approaches in particular, has emerged as a valuable tool to study
BA metabolism and its impact on various aspects of human health and
disease. These models leverage mathematical and computational tech-
niques to simulate the behavior of biological systems, offering a unique
vantage point to study processes that are challenging to investigate
solely through traditional experimental methods. The interest in PBPK
modeling of BAs stems from several compelling reasons:

Mechanistic insight. PBPK models are based on a mechanistic under-
standing of the underlying physiological processes. This enables a de-
tailed and comprehensive representation of the entire lifecycle of BAs,
including their synthesis, hepatic and microbial transformations, circula-
tion, distribution, and excretion. Such mechanistic insight allow for the
exploration of the complexities of BA metabolism with a high degree of
precision.

Integration of diverse data. Bile acid metabolism involves a plethora of
factors, including genetics, enzymatic reactions, transporters, gut micro-
biota, and dietary influences. Computational models provide a platform
to integrate diverse data types and knowledge from different disciplines,
facilitating a more holistic understanding of the intricate factors that influ-
ence BA behavior.

Prediction and hypothesis generation. Computational models allow re-
searchers to predict how changes in specific parameters or components
might impact BA metabolism. These predictions can guide experimen-
tal design, aid in hypothesis generation, and identify key factors driving
complex behaviors.

Cross-species extrapolation. Bile acids vary significantly between
species like mice and humans in terms of composition and recycling mech-
anisms. PBPK models are adaptable and can be parameterized for dif-
ferent species, facilitating cross-species extrapolation. This is crucial for
understanding the relevance of findings in animal studies to human phys-
iology.
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Reduction of animal experiments. By simulating various scenarios and
conditions, PBPK models can reduce the need for extensive animal ex-
periments, aligning with ethical considerations and the ”3R” principles of
reduction, refinement, and replacement in animal testing. By using com-
putational models, researchers can minimize the use of animals in experi-
ments while still obtaining valuable insights.

Clinical relevance. PBPK models can be tailored to clinical scenarios,
making them highly relevant for studying BAs in the context of human
diseases. By incorporating patient-specific data, these models can simu-
late BA behavior in individuals with specific health conditions, aiding in
diagnosis and treatment planning.

Personalized medicine and therapeutic insights. Bile acid-based thera-
pies are being explored for various diseases. PBPK models can assist in
optimizing strategies for therapeutic intervention by simulating how dif-
ferent treatments might modulate BA metabolism in specific patient pop-
ulations.

Disease modeling. PBPK modeling allows for the investigation of how
alterations in BA metabolism are associated with various diseases. Patho-
logical conditions can be simulated to gain insights into the mechanisms
underlying these diseases.

In summary, physiologically-based modeling offers a powerful and ver-
satile approach to study BA metabolism, providing mechanistic insights,
enabling cross-species extrapolation, and offering clinical relevance. It re-
duces the reliance on animal testing, aids in hypothesis generation, and
allows for the exploration of various scenarios, making it an invaluable
tool in understanding the complexities of BA metabolism and its implica-
tions for health and disease.
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Scope of this thesis This work is an endeavor to develop
physiologically-based computational models that elucidate the intri-
cacies of BA metabolism at the whole-body level, for both mice and
humans. These models aim to address the multifaceted nature of the
BA pool with a sufficient level of intricacy, encompassing processes
such as synthesis, hepatic and microbial conversions, (re-)circulation,
and excretion. The murine model’s potential applications align with the
principles of the ”3Rs” of animal testing, while also offering a platform
for further inquiries into interactions with the microbiome. On the other
hand, the human model seeks to analyze BA measurements within a
patient cohort affected by liver disease.

The outlined structure was followed:

1. General Introduction: Overview and motivation

2. Background: Introduction to current knowledge of BA metabolism
and details about the applied methodology

3. Results for both mouse and human models: Model development fol-
lowed by model predictions

4. General conclusion and outlook

5. Material and methods for the results discussed before

6. Appendices containing additional and supportive information

The subsequent research chapters are first underpinned by an introduc-
tion and background section, where the scientific foundation of this work
is presented. This segment delves into the existing knowledge of BA
metabolism, expounding upon their physicochemical properties, synthe-
sis, metabolism, circulation, regulation, and implications in signaling and
disease. Furthermore, this section illustrates the basics of model devel-
opment, elucidating various modeling approaches, with a specific em-
phasis on PBPK models. These sophisticated tools facilitate the simu-
lation of drug/molecule fate within the body. This introductory section
extends to encompass instances of published PBPK models that describe
BA metabolism. Chapters 3 and 4 present the mechanistic models of BA
metabolism developed as part of this thesis. Each chapter commences
by outlining the general development process, fundamental considera-
tions for model construction, and the dataset used for calibration and val-
idation. Subsequently, these chapters focus sequentially on two distinct
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model variants, one encapsulating different BA species and the other ac-
counting for their conjugation status. These sections delve first into the
specifics of each model variant - including more detailed information of
their structure, in-depth discussions on model calibration and validation,
and the execution of predictions that underscore the model’s applicative
potential. In this context, chapter 3 delves into the murine models’ ability
at predicting BA levels and composition throughout the body, as well as
its insights into pathophysiological scenarios like bile acid malabsorption
(BAM) and compromised gut barrier function. A portion of Chapter 3’s
findings were published as an original article in iScience [33]. Chapter 4,
in turn, showcases the human models’ proficiency in recapitulating inter-
individual variations during postprandial responses through population
simulations. Moreover, it was used to propose plausible mechanisms be-
hind markedly elevated BA levels in patients afflicted with liver disease.
In conclusion, the final chapter provides a concise summary and outlook
that encapsulates the research chapters while situating the study within
the current scientific context. Preceded by the material and methods sec-
tion, as well as the bibliography referenced in this work, supplementary
information pertinent to the research chapters is compiled in the appen-
dices.
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2.1 Bile acids

The importance of bile to a healthy metabolism has been recognized since
the early days of medicine, even during the Hippocratic era. In Greek, Ro-
man, and medieval medicine, yellow bile associated with the gallbladder
was identified as one of the four main ”humours” that should be balanced
for good health. However, very little of the ancient humourism theory has
stood the test of time, as modern medicine has progressed significantly.
Although some descriptions of yellow bile from ancient times can be re-
lated to modern medicine and the greek terms are still in use today, most
of the ancient practices and theories have been rendered obsolete, e.g. the
association of excess of yellow bile and fiery personality traits (choleric).
Nevertheless, it wasn’t until the latter half of the 20th century, with ad-
vancements in technology, that a deeper understanding of bile metabolism
and composition was achieved [34]. Despite the progress made in the
past 70 years, the topic remains a subject of ongoing scientific discussion.
Modern medicine may have moved away from the ancient concept of hu-
mourism, but the complexity of BA function, structure, and metabolism,
as well as the enzymes and genes involved, is still not fully understood.
Bile acids have been recognized as multifunctional metabolites that serve
as endogenous detergents in the intestines, a major route of cholesterol
excretion, modulate the intestinal bacterial community, and regulate cen-
tral metabolic genes through various cell signalling cascades. Understand-
ing the various effects of BAs on energy metabolism and homeostasis has
become increasingly complex, making it challenging to fully characterize
and quantify their role in metabolic health and disease.

2.1.1 Biochemistry

In biomedical literature, the term ”bile acids” or ”bile salts” typically refers
to the ”modern” BAs [35], which have 24 carbon atoms and are abbrevi-
ated as C24 BAs. In contrast, ”primitive” BAs, found in primitive (e.g.
coelacanth and sharks) and less primitive (e.g. reptiles and amphibians)
vertebrates, have 25-27 carbon atoms (C25, C26, C27 BAs) in their BA pool.
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Bile acids have a distinctive molecular structure with an approximate
length of 20 Å and an average radius of about 3.5 Å [36]. They are derived
from a saturated tetra-cyclic hydrocarbon perhydrocyclopentanophenan-
threne system known as the steroid nucleus, which consists of three six-
member rings (A, B, and C) and a five-member ring (D) (Figure 2.1).

Figure 2.1: Structure of BA species. Overview of different BA species,
their structure and resulting polarity. The upper panel shows
sites for and configuration of hydroxylation and conjugation
with varies moieties and resulting BA nomenclature of BA
species. The lower panel displays the 3D structure of BAs and
the relationship between BA hydroxylation and the molecule’s
hydrophobicity. Adapted from Thomas et al. [37].

The molecular nucleus has a curved or flat structure, depending on a cis-
or trans-fused configuration between the A and B rings. In mammals, the
nucleus is almost always 5α (A/B junction in cis configuration), while in
lower vertebrates, some BAs, known as allo-BAs, exhibit an A/B trans-
fusion. There are 11 chiral carbon atoms. As far back as the 1960s, Hasle-
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wood recognized the biological importance of chemical differences in bile
salts [38] and observed that the chemical nature of the bile salts of more
primitive animals indicates an evolution from C27, 5α-alcohol sulfates to
C24, 5β-acids [39]. Bile acids from different species differ chemically in
three structural aspects: (1) side-chain structure; (2) stereochemistry of
the A/B ring fusion (as mentioned above); and (3) the distribution of the
number, position, and stereochemistry of hydroxyl groups in the steroid
nucleus. Nearly all primary BAs and bile alcohols, which occur in less
evolved forms of life, have a 7α-hydroxyl group, with the exception of
ursodeoxycholic acid (UDCA). Most evolved mammalian BAs have a 5β-
configuration with hydroxyl groups at 3α, 7α, and 12α, whereas C27 bile
alcohol sulfates, which increase water solubility, are widespread in na-
ture. The most common BAs in human and mice are depicted in figure 2.1.
These C27 BA are the dominant bile salts of ancient mammalian species,
cartilaginous fishes, and some amphibians. The West Indian manatee was
the first mammal found to lack BAs, presumably because it lacks the en-
zymes required for oxidation of the 26-hydroxyl group to a carboxylic acid
[36].

At physiological conditions, BAs exist as bile salts in ionized form due to
their weak acid properties. The pKa values of unconjugated BAs (uBAs)
are around 5, but conjugation with amino acids lowers pKa to less than
2 for taurine conjugates (T-BAs) and around 4 for glycine conjugates (G-
BAs). Bile acid amidation enhances their physicochemical properties, in-
cluding increased hydrophilicity and aqueous solubility, reduced cytotox-
icity, and better resistance to precipitation during digestion under low pH
or the presence of divalent cations like Ca2+ [40]. As such, conjugated BAs
are slightly stronger acids with lower pKa values, and T-BAs are soluble
even at gastric pH values [41].

The natural BAs are derivatives of 5β-cholanic acid with a cis A-B ring
junction, which imparts a slight curvature to the steroid skeleton. This
curvature creates two distinct hemispheres in BA molecules: a convex,
hydrophobic β side with angular methyl groups at C18 and C19, and a
concave, hydrophilic α side with 1-3 polar hydroxyl groups [42] (Figure
2.1). The polar groups’ orientation towards one hemisphere imparts fa-
cial amphiphilicity to BAs, in contrast to conventional surfactants that
have clearly separated polar head groups and long non-polar hydrocar-
bon chains. The exception are ursodeoxycholic acid (UDCA) and muri-
cholic acids (MCAs), which have hydroxyl groups on both α and β sides,
giving it increased hydrophilicity [43].
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Bile acids, as facial amphiphiles, have specific surface-active and inter-
facial properties. They tend to orient at the oil-water interface with the
steroid backbone parallel to the interface, allowing the hydroxyl groups to
interact with water molecules. However, due to less efficient packing at
the interface compared to conventional surfactants, BAs have higher sur-
face tension values in aqueous solutions [44]. It has been demonstrated
that increasing the hydrophobicity of BAs, as in the case of deoxycholic
acid (DCA) obtained by removing a hydroxyl group from cholic acid
(CA), leads to higher affinity for the oil-water interface and more efficient
inter-facial protein displacement [45]. Hydrophobicity and cytotoxicity of
BAs depends heavily on the number, position and orientation of hydroxyl
groups as well as conjugation with taurine or glycine (tauro-conjugation
more hydrophilic than glyco-conjugation; free species most hydrophobic)
[46]. Bile acid hydrophobicity as well as cytotoxicity decrease in general
with the number of hydroxyl-groups but is most strongly reduced with
hydroxyl-groups oriented towards the hydrophobic, convex β side of the
steroid nucleus. Bile acid hydrophobicity increases in the following order:
MCAs (ω < β < α) < UDCA < CA < chenodeoxycholic acid (CDCA)
< DCA < lithocholic acid (LCA), with MCAs and UDCA being the most
hydrophilic and LCA the most hydrophobic natural BA in mouse and hu-
man.

Bile acids are able to form supra-molecular aggregates or micelles in water
due to their amphiphilic properties. Micelle formation occurs when the
concentration of BAs exceeds a certain value called the critical micellar
concentration (CMC). Naturally occurring BAs have CMC in the range
of 2-20 mM in water, which is consistent with their aqueous solubility at
body temperature. Because of their rigid molecular framework and planar
polarity, BAs tend to form smaller micelles with low aggregation numbers
and higher CMC values compared to conventional surfactants [47]. A list
of CMC of BAs that were used here is displayed in table 2.1.
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Table 2.1: Critical micellar concentration of bile acids. Adapted from
Pavlovic et al. [48]

Bile acid OH groups CMC [mM]

CA 3α 7α 12α 11-13
CDCA 3α 7α 4-9
DCA 3α 12α 3-10
UDCA 3α 7β 7-19
T-CA 3α 7α 12α 6-10
G-CA 3α 7α 12α 10-12
T-CDCA 3α 7α 3
G-CDCA 3α 7α 2-6
T-DCA 3α 12α 2
G-DCA 3α 12α 2-6
T-UDCA 3α 7β 2
G-UDCA 3α 7β 4

The CMC of BAs are inversely proportional to their hydrophobicity, as
measured by reverse phase HPLC retention factors [49; 50]. This indicates
that micelle formation is driven by minimizing the hydrophobic surface.
However, conjugation of BAs with glycine or taurine can result in lower
CMC values, suggesting that the interplay between the hydrophobic effect
and specific hydrogen bonding interactions may contribute to the micel-
lization process [49; 50]. The stability of BA micelles depends on both the
structural properties of BAs and solution conditions such as temperature,
pH, and ionic strength. Generally, CMC values increase with the addition
of hydroxyl groups, changing the orientation of a hydroxyl group from
α- to β-side of the steroid backbone, replacing the hydroxyl group with
a keto (oxo) group, and shortening the side chain of conjugated BAs [51].
The reaction of 7β-epimerization of CDCA mediated by intestinal bacte-
ria leads to the formation of UDCA, which has a higher CMC value and
reduced solubilization capacity for lipids compared to CDCA. This is due
to the presence of polar groups on both hemispheres of the BA molecule
[16]. The CMC of BAs decreases with increasing ionic strength because
electrolyte addition reduces repulsive electrostatic interactions between
charged groups. Reduction of pH to values close to the pKa of the BA
also lowers CMC due to partial protonation of BA anions, which become
solubilized in bile salt micelles [52].



16 2 Background

Bile acids are able to self-assemble over a broad concentration range,
which sets them apart from conventional surfactants. They have two CMC
values and form spherical micelles at the first CMC. The structural tran-
sition from spherical to long rod-like micelles occurs at the second CMC
value [53]. The micellization process involves two key forces: hydropho-
bic and hydrogen bonding interactions and follows a two-step model [54].
The first step involves the formation of primary aggregates, driven by hy-
drophobic interactions between hydrophobic surfaces of the monomers
creating a hydrophobic cavity with polar groups pointing outwards. At
higher BA concentrations, intermolecular hydrogen bonding between the
hydrophilic groups of primary units creates a central hydrophilic core,
which is a complementary mechanism to the formation of secondary mi-
celles.

2.1.2 Bile acid metabolism

Perivenous (centrilobular) hepatocytes, which are located around the cen-
tral vein, are responsible for producing the highest amount of BAs in the
liver [55]. Cholesterol, which is hydrophobic and uncharged, is converted
into organic anions, i.e. BAs, during this process. This pathway is es-
sential for cholesterol catabolism, and the rate of BA formation plays a
vital role in maintaining cholesterol homeostasis [55]. Nearly 50% of the
daily turnover of cholesterol is accounted for by the synthesis of BAs [56].
Besides synthesis of BAs from cholesterol, BA undergo conjugation with
amino acids, microbial transformations in the gut and further varying
modifications, diversifying the BA pool tremendously. Figure 2.2 illus-
trates the significant steps involved in BA metabolism.
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Figure 2.2: Overview of BA metabolism. Schematic overview of BA
metabolism detailing synthesis, conjugation, microbial trans-
formation as well as phase 1 and 2 detoxification in human
and mouse. Adapted from Li and Dawson [17]

The process of (primary) BA synthesis is complex and involves multiple
enzymes in various cellular compartments, including the cytosol, endo-
plasmic reticulum, mitochondria, and peroxisomes (Figure 2.3). The over-
all pathway can be divided into two major pathways: the classic (neutral)
pathway and the alternative (acidic) pathway. The classic pathway pro-
duces most of the BAs in mice and humans [57]. In this pathway, the sterol
nucleus of cholesterol is modified before the oxidative cleavage of its side
chain. On the other hand, the alternative pathway starts with an initial hy-
droxylation on the side chain of cholesterol, followed by 7α-hydroxylation
of the sterol nucleus.
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Figure 2.3: Synthesis of primary BAs in the liver. Overview of the re-
actions and enzymes involved in synthesis of primary BAs
through the classical and alternative pathway. If not otherwise
stated, reactions occur both in human and murine liver. Dot-
ted arrows depict multi-step processes. Used abbreviations:
ER: endoplasmic reticulum; Mit: mitochondria; Cyt: cytosol;
Perox: peroxisomes.

The classic pathway

Bile acid synthesis occurs mainly in the liver [58] predominately driven
via the classic or ”neutral” pathway. In this pathway, modifications to the
steroid nucleus occur before side-chain oxidation by CYP27A1; wherefore,
most intermediaries do not have a carboxyl-side group until later in the
pathway.

Cholesterol 7α-hydroxylase (CYP7A1) is the microsomal enzyme respon-
sible for hydroxylating cholesterol at the C7 position, which is the first and
rate-limiting step of the pathway. The resulting 7α-hydroxycholesterol is
converted to 7α-hydroxy-4-cholesten-3-one (C4) by HSD3B7, a microso-
mal hydroxysteroid dehydrogenase. HSD3B7 also catalyzes the epimer-
ization of the 3β-hydroxyl group of cholesterol to the 3α-hydroxyl of BAs
[59].

C4 is the precursor for the synthesis of two primary BAs: CA and CDCA,
and its concentration in serum is used as a biomarker for the rate of BA
synthesis. Microsomal sterol 12α-hydroxylase (CYP8B1) metabolizes C4
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and converts it to CA, or if its action is absent, C4 is converted to CDCA.
Thus, the activity of CYP8B1 determines the ratio of CA to CDCA.

The hydroxylation of C4 at the C12 position by CYP8B1 produces 7α,12α-
dihydroxy-4-cholesten-3-one, which undergoes NADPH-dependent re-
ductions at the C5 and C3 positions by aldo-keto reductase 1D1 (AKR1D1)
and 1C4 (AKR1C4), respectively. Reduction of the C3 double bond by
AKR1C4 produces 3α,7α,12α-cholesten-5β-triol.

The intermediaries then have their side chains oxidized by CYP27A1 in
mitochondria (-OH → -COOH) to form 3α,7α,12α-trihydroxycholestanoic
acid or 3α,7α-dihydroxycholestanoic acid without CYP8B1 action, de-
pending on its presence or absence. These intermediaries are activated
to form BA-CoA thioesters by peroxisomal long-chain acyl-CoA synthase
(BACS), and then enter peroxisomes via an ATP-binding cassette (ABC)
D3 transporter for β-oxidation reactions to cleave a propionyl-CoA to form
cholyl-CoA and chenodeoxycholyl-CoA, respectively. Bile acid-acyl-CoAs
are then conjugated to the amino acids taurine or glycine by BA-CoA:
amino acid N-acyltransferase (BAAT) to form conjugated BAs, which are
secreted into bile. Fan et al. [60] have shown that human CYP8B1 can
directly convert CDCA to CA by catalyzing 12α-hydroxylation using a
fission yeast-based expression system. However, the relevance of this ob-
servation in vivo needs to be further examined.

The alternative pathway

The ”acidic” pathway, also known as the alternative pathway of BA syn-
thesis, differs from the classical or ”neutral” pathway in that it involves
cholesterol side-chain oxidation upstream of the pathway before mod-
ifications to the steroid nucleus. C27 BAs and oxysterols produced in
various cells are transported to the liver to produce C24 BAs in hepato-
cytes. The majority of 24-hydroxycholesterol in the liver originates from
the brain [58], while 27-hydroxycholesterol is the most abundant oxysterol
in mouse and human plasma [61; 62]. Sterol 27-hydroxylase synthesizes
27-hydroxycholesterol from cholesterol in multiple tissues, including the
liver.

The first step of the acidic pathway is catalyzed by mitochon-
drial/microsomal C24, C25, and C27 sterol hydroxylases that hydroxylate
cholesterol to form 24-, 25-, and 27-hydroxycholesterol, respectively. These
are then quickly hydroxylated at 7α-position by microsomal oxysterol 7-
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hydroxylase (CYP7B1) [63]. Sterol 24-hydroxylase (CYP46A1) hydroxy-
lates cholesterol to form 24-hydroxycholesterol in the membranes of the
smooth endoplasmic reticulum of neurons in the mammalian central ner-
vous system [64]. In studies of CYP46A1 and CYP27A1 knockout mice,
no alterations in BA synthesis could be observed. Moreover, cholesterol
7α-hydroxylase deficient mice show BA pool sizes half of wildtype mice
as these cannot convert cholesterol directly into BA [65; 66]. Based on ob-
servations in a human subject with cholesterol 7α-hydroxylase deficiency
[67], it is estimated that the alternative pathway in humans contributes
only 5%-10% to the overall BA pool, whereas in mice estimates are around
50%. Interestingly, female mice have little or no CYP7B1 but do not have
decreased BA levels [68].

The alternative pathway’s products feed into the downstream reactions
shared by the classic pathway. The alternative pathway for oxysterol
synthesis is present in numerous tissues, with side-chain oxidation fol-
lowed by 7α-hydroxylation of the sterol nucleus by CYP7B1 in most
tissues. Notably, CYP7A1 and CYP7B1 both add a 7-hydroxyl group
to their respective substrates, but CYP7A1 is a highly specific choles-
terol 7α-hydroxylase in the classic pathway, while CYP7B1 is an oxys-
terol 7α-hydroxylase in the alternative pathway. CYP7B1 prefers 25-
hydroxycholesterol and 27-hydroxycholesterol as substrates, whereas
CYP39A1 sterol 7α-hydroxylase is selective for 24-hydroxycholesterol
[58].

Synthesis of MCAs

CYP2C70 is responsible for converting CDCA (3α,7α) into β-MCA
(3α,6β,7α) through 6β-hydroxylation in mice. In addition, UDCA (3α,7β)
which is a primary BA in mice, is produced from CDCA through epimeri-
sation by CYP2C70.

The synthesis of β-MCA (3α,6β,7β) occurs through two pathways: the
epimerization of the hydroxyl-group on C7 (from 7α to 7β) of α-MCA and
the 6β-hydroxylation of UDCA [69; 70; 71]. CYP2C70 is responsible for
both reactions [71]. Previous studies have reported that CYP2C70 converts
CDCA to α-MCA and UDCA to β-MCA. Knockout mice models lacking
Cyp2c gene cluster were shown to have complete absence of both α-MCA
and β-MCA in the liver. The analysis of individual recombinant Cyp2c
genes expressed in HepG2 cells revealed that CYP2C70 produces α-MCA
from CDCA and β-MCA from UDCA [69]. These findings were further



2.1 Bile acids 21

validated by the generation of Cyp2a12 and Cyp2c70 single and double
knockout mice by Honda et al. [70]. They also demonstrated that murine
Cyp2A12 converts DCA, a secondary BA, to primary BAs as evidenced
by the accumulation of DCA in Cyp2A12-null mice. However, the accu-
mulation of UDCA was found to be much lower than CDCA in Cyp2C70
knockout mice, suggesting that most β-MCA is synthesized from CDCA
via α-MCA. Therefore, epimerization of α-MCA to produce β-MCA ap-
pears to be the predominant pathway rather than producing β-MCA di-
rectly from UDCA [70; 72]. Inactivation of liver-specific CYP2C70 function
resulted in mice with a human-like BA composition, including a decrease
in FXR antagonist β-MCA and an increase in FXR agonist CDCA, leading
to increased BA concentrations and even hepatotoxicity [73].

Conjugation

Bile acid synthesis involves eventually the addition of an amino acid,
typically glycine or taurine, to the C24 via an amide linkage. Conjugated
BAs show decreased cytotoxicity and are more soluble than their uncon-
jugated counterparts. Newly synthesized BAs as well as those recycled
to the liver via enterohepatic circulation are activated by reacting with
coenzyme A, forming a BA-coenzyme A thioester (BACO-SCoA). This
reaction is catalyzed by BACS (SLC27A5), and the BACO-SCoA then
reacts with either taurine or glycine to form conjugated BAs, which is
catalyzed by a cytosolic BA-CoA–amino acid N-acyltransferase (BAAT).
This reaction is very efficient. The two steps, shown briefly, proceed as
follows:

BA + CoA + ATP
BACS

BA CoA + AMP + PPi

BA CoA + Taurine/Glycine
BAAT

G BA/T BA + CoASH

Bile acid side chains in mammals are usually conjugated with either tau-
rine or glycine, resulting in notable species-specific differences in conju-
gation patterns. For instance, rabbits and guinea pigs primarily produce
glycine conjugates, while sheep, dogs, and mice mostly form taurine con-
jugates [17]. In mice, the BAAT enzyme is specific for taurine, explaining
the prevalence of taurine-conjugated BAs in mice [74]. On the other hand,
both glycine and taurine conjugates are formed in humans and rats. In-
terestingly, some primates like chimpanzees, baboons, and rhesus mon-
keys also exhibit a preference for taurine conjugation, whereas humans
tend to produce 70-75% glycine conjugates and 25-30% taurine conjugates
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[75; 76]. This difference may be attributed to the species-specific affinity of
the BAAT enzyme for either taurine or glycine.

Under physiological conditions, BA sulfation constitutes a minor process,
but during cholestasis, slowing or stalling of bile flow through the bil-
iary system, it plays a significant role in eliminating BAs through bile
and urine. The process of sulfation involves the transfer of a sulfonate
group (SO–

3) from a universal donor molecule called 3’-phosphoadenosine
5’-phosphosulfate (PAPS) to an acceptor molecule, such as a hydroxyl,
amino, or carboxylic acid group of the substrate, and is catalyzed by sulfo-
transferases (SULTs). The resulting conjugates are negatively charged and
highly water-soluble, which enhances their clearance. Although ”sulfona-
tion” is the more accurate chemical term, ”sulfation” is used for historical
reasons [77].

The pathway for the elimination of BA-sulfates is via urine or feces. BA-
sulfates may be exported from the liver into bile and subsequently ex-
creted in feces. This clearance is facilitated by the fact that BA-sulfates are
not efficiently absorbed from the intestine. Bile acid sulfates may also be
shuttled into the sinusoidal blood by multidrug resistance-associated pro-
tein (MRP) 3 and MRP4 for renal excretion [77]. In cholestasis, bile flow
decreases and sulfated BAs are excreted in larger amounts into the sinu-
soidal blood for renal excretion, indicating a cellular adaptive response
[78; 79].

Cytosolic SULTs catalyze BA sulfation, and over half of LCA present in
human bile is in sulfated form [80]. Previous studies have reported con-
flicting results regarding the proportion of BA-sulfate species in humans,
but it is now understood that in humans, the primary site for sulfation is
the 3α-OH, whereas in mice, it is the 7α-OH. This results in the forma-
tion of BA-3-sulfate and BA-7-sulfate species in humans and mice, respec-
tively [81; 82]. SULT2A1 is responsible for BA-3-sulfation in humans [83],
while SULT2A1 and 2A8 catalyze BA-7-sulfation in mice [84]. Bile acid-7-
sulfates are more resistant to hydrolysis and metabolism by the intestinal
microbiome than BAs sulfated at the C3 position which in turn prevents
their absorption from the intestine [85].
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Gut microbiome and bile acids

Bile acids undergo microbial transformation primarily in the distal part of
the small intestine and the large intestine [16; 17]. This process generates
secondary BA through various reaction pathways, including deconjuga-
tion, dehydrogenation, dehydroxylation, and epimerization. Bile salt hy-
drolase (BSH) catalyzes the deconjugation of BA, removing the amino acid
(taurine or glycine) and producing unconjugated BA (uBA). Hydroxy-
steroid dehydrogenases are bacterial enzymes that epimerize and oxi-
dize/reduce the 3-, 7-, and 12-OH groups of BAs. The 7-dehydroxylation
of primary BA by BA 7-dehydroxylating bacteria is particularly important
in generating 7-dehydroxylated secondary BAs (e.g., DCA and LCA). The
7-dehydroxylated BA, especially DCA and LCA, constitute the majority of
secondary BA [86] and DCA and LCA predominate in the feces. In mice,
ω-MCA is the major β-MCA metabolite produced by gut microbiota [87].
Unconjugated α-, β-, and ω-MCAs can be subjected to bacterial 7α or 7β-
dehydroxylation to yield HDCA or MDCA; however, this appears to be
a minor pathway compared with 7α-dehydroxylation of CA in the intes-
tine of rats [17]. In humans, CYP3A4 further metabolizes LCA into more
hydrophilic hyocholic acid (HCA) and UDCA in the intestine, which are
less toxic. Overall dehydrogenation, epimerization and oxidation reac-
tions can produce over 20 metabolites around C-3, C-7, and C-12 [16] and
are illustrated in figure 2.4.

Figure 2.4: Synthesis of secondary BAs. Overview of microbial reactions
in the gut yielding secondary BAs. If not otherwise stated, re-
actions occur both in human and murine intestine.
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Recirculated bile acids in the liver

Bile acids that are recirculated via EHC and transported to the liver are
taken up by hepatocytes through the sodium-taurocholate cotransport-
ing polypeptide (NTCP) and organic-anion-transporting polypeptides
(OATPs), as described in a later section of this chapter, thus completing
the enterohepatic circulatory cycle. Within hepatocytes, the deconjugated
BAs are subject to modification through reconjugation with glycine or
taurine. The extent of modification, particularly at position 7 for rehy-
droxylation, differs among species. In humans, DCA does not undergo 7-
rehydroxylation, whereas in mice and rats, it is converted to CA through
7-rehydroxylation, which is mediated by CYP2A12 in mice [70]. Bile acids
with a 3β-OH group are epimerized to 3α-OH BAs. The degree of reduc-
tion of oxo groups to α- and/or β-OH groups varies depending on the
species [16].

2.1.3 Enterohepatic circulation

The enterohepatic circulation acts as a recycling pathway for BA between
the liver and the intestine. This intricate process involves multiple essen-
tial steps:

(i) Bile salt export pump (BSEP) mediated BA efflux from liver into bile
canaliculi

(ii) Reabsorption of BA from the intestinal lumen into enterocytes by
active uptake through the apical sodium-dependent bile acid trans-
porter (ASBT) or passive diffusion.

(iii) Excretion from enterocytes into portal blood by the organic solute
transporter (OST) α/β heterodimer.

(iv) Uptake from blood into hepatocytes by NTCP and OATPs.

(v) This cycle of events repeats continuously, maintaining the balance of
BA pool, normal bile flow, and regulating BA and cholesterol levels.
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Figure 2.5 visually illustrates the enterohepatic circulation pathway and
table 2.2 highlights the main BA transporters involved. This intricate recy-
cling mechanism is vital for the maintenance of a healthy BA pool, normal
bile flow, and the overall regulation of bile acid and cholesterol homeosta-
sis.

In humans, this constant recycling of BA is very efficient. During each
cycle of the enterohepatic circulation, approximately 95% of bile acids are
recycled from the gut back to the liver, while the remaining 5% is elimi-
nated through feces. The lost 5% is replenished by the liver through the
synthesis of new BA from cholesterol. Overall the human BA pool under-
goes recycling around 4 to 12 times per day [88; 89]. On the other hand,
efficiency of EHC and recycling times of BA in mice are largely unknown.

Figure 2.5: Enterohepatic circulation of BA. Schematic overview illustrat-
ing the enterohepatic circulation (EHC) of bile acids. Depicted
is BA synthesis by CYP7A1, hepatic and microbial transforma-
tion, active transport processes via BSEP, ASBT, OST-α/β and
NTCP, as well as fecal and renal excretion.
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Table 2.2: Bile acid transporters. Names, localization and function of major bile acid transporters

Abbreviation (human

gene)

Name Localization Substrates

NTCP (SLC10A1) Sodium-taurocholate co-
transporter

Hepatocytes; basolateral
membrane

Mainly conjugated bile
salts

OATPs (SLCO1B1 and
SLCO1B3)

Organic-anion-
transporting polypeptides

Hepatocytes; basolateral
membrane

Bile salts, organic anions,
amphipathic organic so-
lutes

OSTα/β Organic solute transporter
alpha/beta

Enterocytes; basolateral
membrane. Hepatocytes;
basolateral (induced in
cholestasis). Cholangio-
cytes

Bile salts

BSEP (ABCB11) Bile salt export pump Canalicular membrane Bile salts

MRP3 (ABCC3) Multidrug-resistance-
associated protein 3

Hepatocytes; basolateral
membrane. Cholangio-
cytes

Bilirubin and bile acid glu-
curonides

MRP4 (ABCC4) Multidrug-resistance-
associated protein 4

Hepatocytes; basolateral
membrane (induced in
cholestasis)

Cyclic nucleotides and sul-
fated bile acid

ASBT (SLC10A2) Apical sodium-dependent
bile acid transporter

Mainly terminal ileal ente-
rocytes; apical brush bor-
der membrane

Mostly conjugated bile
salts
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Bile acid efflux from liver into bile canaliculi

Bile acids are transported by the bile salt export pump (BSEP, gene symbol
ABCB11 in humans, Abcb11 in mice) from hepatocytes into bile canaliculi.
Although BESP transports both conjugated and unconjugated BA, it has
a much higher affinity to conjugated BA [90]. From there, they are trans-
ported through bile ductules, bile ducts, and eventually reach the duode-
num either directly (in animals without a gallbladder, e.g., rats, horses,
deer, whales) or via the gallbladder (in animals with a gallbladder, such
as mice, humans), depending on the species. Interestingly, even in species
with a gallbladder, a significant portion of bile bypasses storage in the gall-
bladder and flows directly into the duodenum. Upon food intake, a hor-
monal response is triggered. Cholecystokinin is synthesized and secreted
by enteroendocrine cells in the duodenum and stimulates gallbladder con-
traction releasing its content into the duodenal lumen.

A study conducted by Strautnieks et al. [91] revealed that mutations in
the BSEP gene are responsible for the development of progressive familial
intrahepatic cholestasis type 2 (PFIC2) in humans. This finding strongly
suggests that BSEP serves as the primary mechanism for exporting con-
jugated BA from the liver into bile. When BSEP function is compromised
due to these mutations, hepatocytes experience an accumulation and over-
load of BA, leading to the manifestation of PFIC2 as well as the less severe
benign recurrent intrahepatic cholestasis type 2 (BRIC2) [92]. While PFIC2
can progress to cirrhosis and necessitates liver transplantation, BRIC2 is
characterized by recurring episodes of cholestasis.

Further investigations conducted by Kagawa et al. [93] shed light on the
phenotypic differences between PFIC2 and BRIC2, establishing a corre-
lation with the stability of the BSEP protein. In PFIC2, BSEP mutations
result in the rapid degradation of the BSEP protein, leading to impaired
secretion of BA. Both conditions, PFIC2 and BRIC2, are marked by liver
injury that can potentially progress to cirrhosis, hepatic failure, hepatocel-
lular carcinoma, and even mortality. The severity of the disease is closely
associated with the extent of functional impairment in BSEP. Furthermore,
the compromised function of BSEP also makes women more susceptible
to intrahepatic cholestasis of pregnancy (ICP) [94].
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Reabsorption of BA from the intestinal lumen into enterocytes

Reabsorption of BA from the intestinal lumen can be distinguished into
active transport mediated by ASBT and passive diffusion into the entero-
cytes. ASBT, a member of the SLC10 family of solute carrier proteins, facil-
itates the active uptake of BA into enterocytes and relies for its functional-
ity on sodium cotransport. ASBT (gene: SLC10A2 in human or Slc10a2 in
rodents) is expressed on the apical membrane of enterocytes and is most
abundant in the terminal ileum. Contrary to traditional believes that ac-
tive BA absorption is exclusive to the small intestine, it is more likely that
small amounts of BA are indeed actively reabsorbed in the colon as well.
Expression of ASBT, albeit at lower levels than in the ileum, were reported
in the colon of mice [95; 96] and human [97].

The mechanism and significance of BA transport in the proximal intes-
tine, compared to ileal absorption, are not as well-defined. In mice, bile
acids are primarily taurine-conjugated and hydrophilic, which restricts
their diffusion and requires a carrier to facilitate their transport across the
enterocyte apical brush border membrane. This was confirmed through
the study of ASBT null mice, where the absorption of bile acids in the
intestines was greatly reduced. An important finding was that feeding
ASBT null mice a diet containing cholestyramine did not lead to a fur-
ther increase in fecal bile acid excretion [98]. These findings support the
conclusion that non-ASBT mechanisms contribute minimally to bile acid
absorption in the mouse intestines. The presence of a bile acid binding
resin like cholestyramine would reduce alternative passive or active mech-
anisms for bile acid absorption.

Irrespective of how BA are taken up, as weak acids BA have the tendency
to become ionized within the neutral pH of the cytosolic compartment.
This ionization process can potentially result in the retention of BA within
the cell, emphasizing the need for efflux carriers.

Excretion from enterocytes into portal blood by OSTα/β

Subsequent to reabsorption from the intestinal lumen, BA are further
transported within the enterocyte from the apical to basolateral side.
Three intracellular lipid binding proteins are expressed in the small in-
testine: the liver fatty acid binding protein (LFABP; gene Fabp1), the in-
testinal fatty acid binding protein (IFABP; gene Fabp2), and the (IBABP;
gene Fabp6) [99]. While IBABP has the ability to bind both fatty acids and
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BA, it exhibits a higher affinity for the latter and thus plays an important
role in facilitating the apical-basolateral transport of BA.

The transfer of BA from enterocytes to the portal circulation relies on
a heterodimeric complex composed of OSTα and OSTβ (gene: SLC51A
and SLC51B in humans; Slc51a and Slc51b in rodents). Interestingly, the
OSTα/β heterodimer acts as an efficient transporter, whereas the homod-
imer does not exhibit this function [100]. The heterodimer was shown
to specifically transport substances such as taurocholate, estrone sulfate,
digoxin, and prostaglandin E2. Notably, this transport process occurs in-
dependently of sodium. Seward et al. identified potential human and
mouse OST homologs by analyzing data from genome sequencing of both
species and hypothetical proteins available in databases [101].

Within the small intestine, the basolateral membrane of enterocytes ex-
presses the OSTα/β heterodimer, playing a pivotal role in the efficient
efflux of BA from enterocytes into the portal circulation. This function is
vital for the maintenance of enterohepatic circulation [102; 103].

In addition to the OSTα/β heterodimer, MRP3 (gene: Abcc3) has been pro-
posed as a possible carrier for basolateral bile acid transport in the ileum,
supported by indirect evidence such as its localization on the basolateral
membrane and its demonstrated ability to transport BA in vitro. However,
studies utilizing MRP3-null mice did not reveal any apparent disruptions
in intestinal bile acid absorption [104].

Sinusoidal uptake into hepatocytes

Bile acids enter hepatocytes through the basolateral (sinusoidal) mem-
brane using two transporters: NTCP and OATP1B2. NTCP relies on
sodium ions for transport, while OATP1B2 functions independently of
sodium. However, the uptake of BA by hepatocytes in the enterohepatic
circulation is not completely efficient. Bile acids that are not immediately
taken up by hepatocytes escape into the systemic circulation. These BA are
then brought back to the liver through the hepatic arterial blood and/or
hepatic portal blood, where they can be eventually absorbed by hepato-
cytes. Therefore, the systemic blood contains BA that were initially not
absorbed by the liver.

NTCP (gene SLC10A1 in humans; Slc10a1 in rodents) serves as the primary
transporter responsible for the uptake of conjugated BA from the serum
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into hepatocytes across the hepatic sinusoidal membrane. Co-transporting
BA and Na+ in the same direction, NTCP acts as a symporter relying on
the presence of sodium ions. While glycine- and taurine-conjugated BA
are the transporters preferred substrates, it can also transport unconju-
gated BA, although their affinity as substrates is moderate to weak [105].

The initial characterizations of OATPs (SLCO gene in humans; Slco in ro-
dents, e.g., SLCO1B1, Slco1b2) involved the cloning of rat OATP1A1, pre-
viously known as OATP1. This transporter operates independently of
sodium ions and was demonstrated to have the ability to transport BA
in vitro [106]. When considering the orthologous relationships within
the OATP1A/1B gene family between humans and rodents, the pic-
ture becomes more complex. For example, humans possess only one
OATP1A isoform, namely OATP1A2, while rats and mice exhibit the pres-
ence of several OATP1A forms (OATP1A1, OATP1A4, OATP1A5, and
OATP1A6). In humans, there are two OATP1B isoforms, OATP1B1 and
OATP1B3, whereas rats and mice have a singular OATP1B2 [107]. In mice,
OATP1A1, OATP1A4, and OATP1B2 are predominantly expressed in the
liver, OATP1A5 is primarily expressed in gonads, and OATP1A6 shows
significant expression in the kidneys [108].

Cholehepatic shunt

In addition to the recycling of BA between the liver and intestine through
the enterohepatic circulation, there exists another pathway called the
cholehepatic shunt. This shunt enables a shorter recycling path for BA
between hepatocytes and cholangiocytes. Facing the bile flow, the apical
membrane of cholangiocytes are exposed to high BA concentrations. Spe-
cific transporters are located on their apical and basolateral membranes
that facilitate the uptake and efflux of bile acids. In humans, the uptake
transporters ASBT and OATP1A2 are expressed apically and Ostα/β and
MRP3 facilitate BA efflux on the basolateral side [109].

By utilizing these transporters, cholangiocytes transport bile acids and re-
cycle them back to the hepatocytes through the peribiliary plexus. This re-
cycling process prevents the harmful accumulation of bile acids in cholan-
giocytes, thereby protecting them from toxic effects.

The cholehepatic shunt also plays a vital role in promoting bile flow.
Within the bile ducts, unconjugated bile acids undergo protonation, re-
sulting in protonated bile acids and bicarbonate ions. The protonated bile
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acids, being more soluble in lipids, are absorbed by the epithelial cells of
the bile ducts and subsequently returned to the hepatocytes. These bile
acids are then resecreted into the bile, leading to an increase in bile flow
(choleresis). This process also stimulates the production and secretion of
fluid rich in bicarbonate [110].

An example of a bile acid that enhances bile flow is norUDCA, which is
secreted in an unconjugated form [34]. The cholehepatic shunt and the
mechanisms involved in bile acid recycling and protonation contribute to
the efficient regulation of bile acid levels and the prevention of their detri-
mental effects on cholangiocytes.

2.1.4 Bile acids in homeostasis and pathophysiological condi-
tions

Regulation of BA metabolism

The regulation of cholesterol and BA metabolism involves a dual mech-
anism consisting of feed-forward activation by oxysterols and feedback
repression by BAs. The liver-X-receptor (LXR) serves as the nuclear re-
ceptor responsible for the feed-forward activation triggered by oxysterols.
On the other hand, FXR, originally believed to be the receptor for farnesol
but later discovered to be a receptor for BA, functions as the nuclear re-
ceptor involved in the feedback repression. Despite its revised role, the
name FXR continues to be used for this receptor. A schematic overview of
regulation through LXR and FXR are illustrated in figure 2.6.
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Figure 2.6: Overview of BA regulation. Schematic overview of FXR and
LXR mediated regulation of BA homeostasis. Green arrows
indicate positive regulation, red arrows show inhibitory ac-
tion, black arrows show mass flow, conversion or transport.
Used abbreviations: cholesterol (Ch), oxysterols (Ox), acetyl-
CoA (Ac).

LXR Oxysterols serve as natural ligands for LXRs and are espically in-
creased when cholesterol levels are elevated. In rodents, this activation
specifically targets LXRα, working alongside the liver receptor homolog 1
(LRH-1), to induce Cyp7a1 transcription. This process, in turn, stimulates
the synthesis of BA and the excretion of cholesterol. Among the LXR fam-
ily members, LXRα and LXRβ, LXRα exhibits higher expression levels in
both murine and human liver and demonstrates a stronger binding affin-
ity to the LXR response element (LXRE) [111]. Consequently, the LXRE
present in the promoter region of the mouse Cyp7a1 gene is predominantly
activated by LXRα.

However, it is important to note that in contrast to findings in rats and
mice, treatment with LXRα agonists in primary human hepatocytes leads
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to the suppression of CYP7A1 expression [112]. This repression can be at-
tributed, at least in part, to the direct induction of the small heterodimer
partner, a gene that exerts a repressive effect on CYP7A1 through liver
receptor homolog 1 (LRH-1) [113]. These contrasting observations un-
derscore the presence of species-specific molecular strategies in regulat-
ing cholesterol homeostasis, underscoring the importance of employing
relevant experimental models for the development of pharmaceuticals in-
tended for human use.

Apart from its role in controlling BA synthesis, LXR also plays a significant
role in regulating BA catabolism. Recent studies have demonstrated that
ligand-activated LXRα upregulates the expression of the human UGT1A3
gene by binding to an LXRE-like sequence in the promoter [114]. UGT1A3
is among the highly active enzymes responsible for the glucuronide conju-
gation of BA, enabling their conversion into metabolites excreted in urine.
Based on these findings, it has been postulated that the activation of LXRα
may facilitate the elimination of cholesterol through the excretion of uri-
nary BA glucuronides.

FXR With increasing BA pool sizes, a feedback mechanism is initiated
from the intestine to inhibit hepatic de novo BA synthesis. This feedback
loop relies on FXR, which operates in two systems and their communi-
cation: one in the liver and the other in the intestine. While BA were in
general shown to act as specific ligands for FXR [1; 2; 3], different BAs and
salts show varying binding affinities. Studies of binding affinities to hu-
man FXR showed overall higher affinity for more hydrophobic BA (from
high to low: LCA > CDCA > T-CDCA > G-CDCA >> DCA > UDCA >>
CA > T-CA > G-CA)[11]. FXR can be activated by both free and conju-
gated BAs. On the other hand, T-βMCA, a highly hydrophilic BA, acts as
a strong antagonist to FXR [10].

Within the intestine, BA regulation functions through the FXR-FGF15/19
pathway. Upon activation by BA, intestinal FXR stimulates the expres-
sion of FGF15/19 in the enterocytes. FGF19 serves as the human coun-
terpart of FGF15 in mice. Interestingly, FGF15 and FGF19 exhibit a mere
53% amino acid identity, highlighting their evolutionary divergence [115].
Subsequently, FGF15/19 is released into the portal blood and travels to
the liver, where it binds to its specific hepatocyte membrane receptor
complex, known as the FGF receptor 4/β-klotho (FGFR4/β-KL). Bind-
ing of FGF15/19 to FGFR4/β-KL triggers downstream signaling path-
ways, orchestrating postprandial responses that include the suppression
of BA synthesis by reducing Cyp7a1 and Cyp8b1 gene expression [116].
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This downregulation is achieved in part by FGFR4-mediated activation of
the extracellular signal-regulated kinase 1/2 (ERK1/2) signaling pathway,
and to a lesser degree, the c-Jun N-terminal kinase 1/2 (JNK1/2) pathway
In essence, the interplay between ileal FGF15/19 and hepatic FGFR4/β-
KL establishes an endocrine axis that actively regulates BA synthesis in
the liver, thereby ensuring the maintenance of BA homeostasis [5; 6].

Within the liver, BAs activate the transcription factor FXR, a negative reg-
ulator of Cyp7a1, Cyp8b1, Cyp27a1, and Cyp7b1 expression [117] and trig-
gers the expression of SHP. As SHP lacks the DNA-binding domain, in-
creased SHP protein levels hinder LRH-1 activity by forming a nonfunc-
tional heterodimeric complex, ultimately leading to targeted repression of
both Cyp7a1 and Cyp8b1 gene expression [116]. For instance, when SHP
interacts with LRH-1 and/or LXRα, the resulting complex acts as an in-
hibitor, suppressing the transcription of the Cyp7a1 gene [113; 118]. The
repression of Cyp8b1 transcription by SHP involves the participation of
two factors: the fetoprotein transcription factor (FTF) and the hepatocyte
nuclear factor 4α (HNF-4α), with FTF likely playing a more prominent
role. When SHP binds to FTF and/or HNF-4α, it forms an inhibitory com-
plex that suppresses the transcription of Cyp8b1 [119; 120]. A recent study
also demonstrated that the activation of FXR leads to the expression of
various transcriptional repressors, including the musculoaponeurotic fi-
brosarcoma oncogene homolog G (MAFG). MAFG directly represses the
expression of the Cyp8b1 gene by binding to specific regions called MAFG
response elements (MAREs) within the promoter of the Cyp8b1 gene. This
mechanism further contributes to the downregulation of Cyp8b1 gene ac-
tivity [121].

FXR plays further a role in regulating the expression of various BA trans-
porters and enzymes involved in BA metabolism. These include BSEP,
NTCP, ASBT, OSTα/β, as well as BA conjugation enzymes such as BACS
and BAAT. Among these targets, the expressions of BSEP, OSTα/β het-
erodimer, BACS, and BAAT are induced by FXR activation, while NTCP
and ASBT expressions are repressed. Besides FXR mediated regulation,
BA transporters are regulated as well through other means.

Regulation of bile acid transporters The expression of NTCP is regu-
lated by various factors, including substrates, cytokines, liver injury, and
hormones [122; 123]. In different forms of cholestatic liver disease as-
sociated with inflammation, ethinylestradiol and pregnancy, obstruction,
as well as exposure to drugs or toxins, NTCP transcription is decreased.
This reduction in NTCP gene expression is part of a coordinated response
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aimed at minimizing liver injury [122]. Although the specific molecu-
lar mechanisms and transcription factors involved may vary, a common
theme among these regulatory pathways is the decreased expression of the
sinusoidal uptake transporter. This adaptive response aims to limit the en-
try of BA into hepatocytes. Under physiological conditions, the short-term
adjustment of NTCP activity to match the BA load and Na+-dependent
uptake is predominantly regulated by posttranscriptional mechanisms
[124].

Transcription of BSEP mRNA was shown to be increased when BA con-
centration in hepatocytes is elevated. This can occur after a dietary chal-
lenge with BA [125] or in certain cholestatic conditions [126; 127; 128]. Vi-
tamin A, specifically 9-cis retinoic acid, has been identified as a potential
regulator of BSEP. FXR forms a heterodimer with RXR, and in vitro stud-
ies suggest that activation of RXR by 9-cis retinoic acid inhibits the FXR-
induced transcription of human BSEP [129]. Besides transcriptional reg-
ulation, there is substantial evidence indicating posttranscriptional regu-
lation of BSEP protein localization to the canalicular membrane [92]. This
short-term regulation allows hepatocytes to quickly adjust BA secretion in
response to changes in BA flux and to pathophysiological conditions like
cholestasis [124].

The precise regulation of ASBT expression along the longitudinal axis
of the intestine is not yet as well understood; however, recent studies
have highlighted the crucial role of the transcription factor GATA4 in this
process. Interestingly, when GATA4 is specifically deactivated in the in-
testine of mice, there is a significant increase in ASBT expression in the
proximal intestine [130; 131]. Apart from BA, cholesterol also appears to
have a negative regulatory effect on ASBT mRNA expression. In vitro
studies using Caco-2 cells have demonstrated that sterols, such as 25-
hydroxycholesterol, downregulate both ASBT mRNA expression and pro-
moter activity [132]. This suggests that cholesterol plays a role in modulat-
ing ASBT expression, adding another layer of complexity to the regulatory
mechanisms governing BA absorption in the intestine.

The coordinated expression of both OSTα and OSTβ subunits is crucial for
their proper function [103; 133]. Consequently, the genes encoding these
subunits appear to be regulated in a coordinated manner. The promot-
ers of OSTα and OSTβ contain functional responsive elements for both
LRH-1 and FXR, providing a mechanism for both positive and negative
regulation by BA [134]. While the positive regulation by BA is dominant,
this dynamic push-pull regulation allows the cell to finely adjust the ex-
pression of OSTα/β to match the BA flux. The predominant positive reg-
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ulation ensures efficient export of BA, thereby preventing cellular injury
caused by intracellular accumulation. In addition to regulation by FXR,
OSTα and OSTβ expression may also be induced by LXR through an in-
verted repeat-1 element shared with FXR [135]. This suggests a potential
cross-talk between the LXR and FXR pathways in regulating OSTα and
OSTβ expression.

Bile acid mediated signalling and control

Bile acids themselves are not merely passive molecules but play a role in
a complex network of signalling pathways within the body. Bile acids
communicate with various receptors, including nuclear receptors and cell
surface receptors, to regulate an array of physiological processes. These
receptors receive and transmit signals from BAs, orchestrating responses
that influence lipid metabolism, inflammation, and even cell growth and
survival. Table 2.3 summarizes various receptors targeted by BAs.

Nuclear receptors Besides acting as ligands for FXR, it has become evi-
dent that additional nuclear receptors respond to BA: pregnane X recep-
tor/steroid and xenobiotic-sensing receptor (PXR/SXR; NR1I2) [4], con-
stitutive androstane receptor (CAR; NR1I3) [136; 137; 138] and the vita-
min D3 receptor (VDR; NR1I1) [139]. These receptors exhibit a prefer-
ence for secondary BA, often require elevated BA levels for stimulation
and activate the expression of genes involved in the later steps of BA
catabolism. This suggests that these receptors play a role in mitigating po-
tential harmful concentration of cytotoxic and hydrophobic secondary BA
in liver and intestine. In deed, both VDR and PXR were shown to induce

Table 2.3: Bile acid sensitive receptors. List of cell surface and nuclear
receptors that are responsive to BAs.

Receptors

Cell surface Nuclear

TGR5 FXR
S1PR2 VDR
FPR PXR/SXR

mAChR CAR
Integrins
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CYP-mediated detoxification and inhibit BA synthesis when LCA concen-
tration are high [4; 139; 140]. While CAR can regulate BA clearance and
bilirubin detoxification in interacting with PXR [141; 142; 143; 144; 145], it
is unclear if BA interact directly with CAR. Recent studies showed func-
tionalities of LCA-VDR axis beyond regulation BA detoxification includ-
ing influencing adaptive and innate immunity [146; 147; 148] and modu-
lating the gut microbiota [149].

Cell surface receptors In addition to nuclear receptors, BA are known
to interact with a number of cell surface receptors. Most of these func-
tion as GPCRs and include G-protein-coupled BA receptor (TGR5 or GP-
BAR1), sphingosine 1-phosphate receptor 2 (S1PR2), formyl-peptide re-
ceptors (FPRs), and muscarinic acetylcholine receptors (mAChRs). TGR5
belongs to the rhodopsin-like subfamily of GPCRs and is recognized as the
prototype receptor for BAs within this subclass [37]. Exhibiting the signal
amplification characteristic of GPCRs, TGR5 is expressed to a minimal to
moderate extent in nearly all tissues and cell types, except for the gallblad-
der epithelium, where its expression is abundant [150]. Both conjugated
and unconjugated BA can activate TGR5. Typically, more hydrophobic
BA species act as stronger agonist and taurine-conjugation of BA results
in increased TGR5 stimulation compared to glycine-conjugates or uncon-
juagted BA [151]. Upon activation, TGR5 interacts with Gαs proteins,
triggering the activation of adenylate cyclase and resulting in a transient
increase in cAMP [151]. This, in turn, initiates various downstream sig-
nalling pathways, including PKA [152; 153; 154] and the exchange protein
directly activated by cAMP (EPAC) [152; 153]. Furthermore, TGR5 acti-
vation was shown to induce MAPK signaling, primarily through ERK1/2
[155; 156; 157], proto-oncogene protein-tyrosine kinase (SRC) [158], and
the mechanistic target of rapamycin (mTOR) [159; 160].

Signalling through S1PR2 is mainly activated by sphingolipids, but T-
CA and other conjugated BA were also reported to be suitable ligands
[161]. Inhibition of S1PR2 has been shown to reduce portal vein pressure
and liver injury, indicating a pathological role for S1PR2 in cholestasis
[162; 163]. FPRs are expressed in neutrophils and monocytes [164] but
are believed to mainly play a role in pathological conditions. Elevated
CDCA [165] and DCA [166] levels can inhibit binding of an FPR ago-
nist that also serves as a potent chemoattractant in monocytes, suggesting
an anti-inflammatory effect of BA through FPRs. Lastly, mAChRs were
shown to interact with conjugated secondary BA and increase cancer cell
growth via EGFR signalling [167; 168] and are in general involved in nitric
oxide-induced vascular relaxation of the aorta [169] and contribute to the
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pathology of cholestasis-induced cardiac arrhythmia [170; 171].

Apart from GPCRs, other cell surface receptors are known to use BA as
ligands. For instance, binding of T-UDCA to the β1 subunit of the α5β1-
integrin pathway results in anti-apoptotic effects in hepatocytes [172; 173].
T-UDCA is further involved in other processes including osteoblast differ-
entiation from mesenchymal stem cells, which occurs through a similar
integrin-mediated pathway [174].

Microbiome Additionally, BA are believed to play a part in regulating
bacterial growth in the small intestine [18]. Due to their amphiphatic
nature, BA have been found to possess inhibitory properties against cer-
tain bacterial strains suppressing their growth. This inhibitory effect of
BA have been observed in species such as Bacteroides, Clostridia, Lacto-
bacillus, Bifidobacteria, Escherichia coli, Enterococcus fecalis, as well as 7α-
dehydroxylating bacteria like Clostridium scindens, Clostridium hylemonae,
and Clostridium hiranonis [19]. Bile acids enact their inhibitory effect by
disrupting bacterial cell membranes, damaging DNA, modifying protein
conformation, and chelating iron and calcium. Consequently, bacteria
present in the intestinal tract, such as Lactobacillus, Bifidobacterium, and
Bacillus, have mechanisms to repair damage caused by BA. Counteracting
adverse effects, bacteria that are exposed to BA for extended periods of
time overexpress BA efflux transporters as well as enzymes that modulate
metabolism globally [19]. In general, unconjugated BA exhibit stronger
antibacterial properties, and gram-positive bacteria tend to be more sus-
ceptible to the effects of BA [19].

FXR and TGR5 as regulators of intermediary metabolism Upon food
intake, BA are released from the gallbladder and result in postprandial os-
cillations of BA levels throughout the body. By doing so, BA can act as a
surrogate for the presence of nutrients. Consequently, enterocytes and var-
ious intestinal cell types, such as enteric neurons, smooth muscle cells, and
enteroendocrine cells, can detect BA levels to derive information about
nutrient availability and induce physiological responses. In this context,
BA induced FXR and TGR5 signalling play a significant role in regulating
the absorption and availability of nutrients, fluids, and ions throughout
the gastrointestinal tract. A number of processes are affected by FXR and
TGR5 signalling such as fluid transportation, hormone secretion, transport
protein expression, intestinal motility, and secretory reactions and are il-
lustrated in figure 2.7.
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Figure 2.7: Overview of BA mediated signalling through FXR and

TGR5. Schematic overview of BA mediated signalling through
FXR and TGR5. Physiological and environmental factors, as
well as disease or disease intervention can influence gut mi-
crobiome and BA pool size/composition which in turn control
TGR5 and FXR signaling. Green arrows indicate increased pro-
cesses, red arrows show inhibition of processes.

FXR, especially, functions as an important regulator of intermediary
metabolism. This nuclear receptor is known to promote and repress the
expression of multiple genes associated with glucose, lipid, and amino
acid metabolism within the liver. While several studies have identified
the significance of FXR integrating various nutritional and environmental
cues, its full complexity is not yet understood.
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Lipid metabolism BA signalling through FXR modulates lipid
metabolism by three main pathways. Signalling through the FXR-
SHP axis represses key regulators of hepatic de novo lipogenesis (sterol
regulatory binding protein-1c,SREBP-1c) [8] and of microsomal triglyc-
eride transfer protein (MTP) and ApoB expression (HNF4α), which
are important for very low-density lipoprotein (VLDL) secretion [175].
Thirdly, FXR interferes with ChREBP binding to the promoter of the
liver pyruvate kinase (LPK) [176]. Additionally, FXR influences several
apolipoproteins known to affect lipoprotein lipase activity [177; 178] and
reverse cholesterol transport [81; 179; 180], thereby contributing to the
beneficial modulation of lipid metabolism. On the other hand, the exact
mechanism by which FXR signaling regulates hepatic fat accumulation
is still not fully understood. While a comparative study using liver- and
intestine-specific Fxr−/− mice suggests that the liver is the primary site
where BA-mediated protection against lipid accumulation occurs [181],
other studies demonstrate that FGF15/19 alone is sufficient to inhibit
SREBP-1c and hepatic lipogenesis [182; 183]. However, a study by Jiang et
al. [184] indicates that intestinal FXR activation promotes SREBP-1c levels
and lipid buildup in the liver through ceramide-dependent mechanisms.
Further research is needed to determine which tissues dominate the
control of hepatic fat accumulation, including the contribution from the
immune system.

Glucose metabolism Activation of hepatic FXR works in concert with
insulin via SHP by reducing the transcription of enzymes involved in
gluconeogenesis, namely phosphoenolpyruvate carboxykinase (PEPCK)
and glucose 6-phosphatase (G6Pase). This inhibition is partially achieved
through the repression of nuclear receptors FOXO1 and HNF4α [185; 186;
187; 188]. On the other hand, intestinal FXR signalling and feedback
through FGF15/19 strongly downregulates glucose production in the liver
by opposing cAMP response element-binding protein (CREB) action, a key
gluconeogenic regulator [7]. This intestinal axis also lowers glycogen syn-
thase kinase 3 (GSK3) activity in the liver, supporting hepatic glycogen
synthesis following the decline of insulin signaling [189]. Additionally,
FXR directly influences glucose balance in the pancreas, where its activa-
tion stimulates insulin secretion in response to glucose in isolated pancre-
atic β-cells [190]. These findings underscore the complementary effects
of hepatic and intestinal FXR activation, redirecting glucose metabolites
from glycolysis towards glycogen synthesis.
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Amino acid metabolism Continuous stimulation of FXR was shown to
induce gene expression associated with amino acid catabolism and ammo-
nium detoxification [191; 192]. Studies in FXR KO mice demonstrated that
the expression of the rate-limiting enzyme in the urea cycle, carbamoyl
phosphate synthetase I, as well as other enzymes responsible for amino
acid degradation were reduced [191; 192]. Via signalling through the FXR-
FGF15/19 axis, intestinal activation of FXR stimulates de novo protein
synthesis [189].

Bile acids in disease

Given the broad role of BA receptors in coordinating bile homeostasis and
biliary physiology, it is not surprising that impaired signaling is associated
with the development of various diseases, affecting metabolic regulation
to immune modulation and even cancer progression. Among these dis-
ease and pathological conditions associated with dysregulation of BA are
primary sclerosing cholangitis (PSC), primary biliary cholangitis (previ-
ously known as primary biliary cirrhosis), nonalcoholic fatty liver (NAFL),
and nonalcoholic steatohepatitis (NASH) as well as obesity and insulin re-
sistance. Here, a short introduction of the relationship between BA and
BA-mediated signalling and diseased states are given for inflammation,
cholestasis, cancer as well as for conditions in non-EHC organs.

Bile acids and inflammation Initially, BAs were primarily classified as
proinflammatory agents due to their detergent properties and ability to
disrupt cellular membranes. This classification was reinforced by ob-
servations that elevated BA levels due to bile duct obstruction or liver
disease resulted in hepatic inflammation [193; 194], and systemic accu-
mulation of BAs could cause damage to extrahepatic tissues, the kid-
ney in particular [195]. Contrary to their proinflammatory role, BAs
were shown to possess strong anti-inflammatory properties. This was
first demonstrated in patients with jaundice as well as elevated systemic
BA levels experienced significant relief from rheumatic symptoms [196].
Moreover, emerging evidence suggests that the activation of BA recep-
tors exerts anti-inflammatory effects in various inflammatory diseases.
These include experimental autoimmune encephalomyelitis [197; 198],
atherosclerosis [154; 188; 199; 200; 201; 202; 203], and hepatic inflamma-
tion [204; 205; 206; 207; 208; 209; 210].
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Cholestasis The etiology of cholestasis can vary significantly, including
impaired bile secretion across the hepatocytes’ canalicular membrane (in-
trahepatic cholestasis) or impaired bile flow due to bile duct disorders
such as primary biliary cholangitis (PBC) and primary sclerosing cholan-
gitis (PSC) [23; 24; 25]. Immune system related genes have been found
to play a significant role in cholangitis-related conditions, as indicated
by genome-wide association studies conducted in PBC and PSC patients
[211]. Genetic variation in the TGR5 gene has been been identified in PSC
patients [212], and specific single-nucleotide polymorphisms in FXR have
been linked with increased risk of ICP [213] and progressive familial in-
trahepatic cholestasis [214]. In general, substantial evidence supports the
beneficial role of FXR agonism in various preclinical cholestasis models
[215; 216] underscoring the importance of intact FXR signaling in mitigat-
ing pathological BA overload. Activation of FXR mediated signaling was
shown to increase bile flow, inhibit BA synthesis, and enhances phospho-
lipid secretion, thereby reducing toxic BA levels in liver [217; 218; 219].

Extrahepatic diseases While BA signaling has been established as bene-
ficial for cardiometabolic homeostasis [154; 159; 203; 220], increased levels
of BA can have cardiotoxic effects, leading to progressive cardiomyopa-
thy [221]. Highlighting the potential detrimental actions of BA in disease,
conjugated BAs, particularly T-CA, have been found to induce arrhythmic
contractions in human atria [222]. Although cardiac expression of BA-
responsive receptors is evident, their exact contribution to human cardiac
disease remains incompletely understood. In cardiomyocytes, stimula-
tion of FXR induces apoptosis whereas inhibition of the nuclear recep-
tor appears to be protective against cardiac insults induced by ischemia
[223]. Further research is necessary to fully elucidate the underlying mech-
anisms involved. While less extensively studied, concerns regarding car-
diovascular implications have also been raised for TGR5. TGR5 has been
suggested to mediate cardiac hypertrophy in a mouse model of liver in-
jury [224], and reflex tachycardia, resulting from reduced vascular tone
and blood pressure, has been observed in dogs [225]. However, other
studies attribute a cardioprotective role to TGR5 [154; 226]. In order to
determine the precise impact of TGR5, as well as other noncanonical BA
receptors such as muscarinic receptors, on cardiovascular risk, dedicated
studies and clinical trials are needed.

Another example of extrahepatic diseases influenced by BAs is pruritus.
While itching in general can serve as a protective reflex to eliminate skin ir-
ritants as well as pathogens, chronic pruritus is linked to pathological con-
ditions and significantly affects quality of life. Peripheral neurons located
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in the dorsal root ganglia express TGR5 and its stimulation leads to the
release of neuropeptide transmitters associated with itch sensation. This
was demonstrated in vivo, as treatment with DCA induced spontaneous
scratching in mice with intact Tgr5 gene, while Tgr5-deficient mice did
not exhibit the same response [227]. However, the mechanism underlying
pruritus may be more intricate than simply stimulating TGR5 [228; 229].

Cancer The association between increased levels of BAs and a higher in-
cidence of cancer in various digestive organs has been well-established.
As early as 1940, experiments involving subcutaneous injection of DCA in
rodents demonstrated its carcinogenic properties [230], leading to the pre-
vailing belief that BAs, particularly hydrophobic species, act as promoters
of tumor development. Since then, extensive research has revealed several
pathways through which BAs contribute to cancer formation, including
the induction of oxidative stress, DNA damage, genomic instability, apop-
tosis, and interactions with the gut microbiota (as discussed in detail by
Jia et al. [28]).
These mechanisms can also arise as a result of external factors such
as dietary choices, lifestyle factors, and exposure to environmental tox-
ins. The impact of these mechanisms is most prominent in the hepato-
gastrointestinal tract, with a particular focus on the liver, biliary tract, and
colon (as extensively reviewed [28; 231; 232; 233]). Key underlying pro-
cesses involve the heightened generation of reactive oxygen and nitrogen
species within cells [234] and the dysregulation of genes involved in tumor
suppression and promotion [235]. The oncogenic potential of BAs is influ-
enced by their hydrophobicity, as evidenced by experiments demonstrat-
ing the hepatotoxicity of different BA concentrations in the liver: UDCA <
CA < CDCA < DCA < LCA [236]. Accordingly, spontaneous liver cancer
can be often seeen in Fxr-/- mice due to their constant elevated BA levels
[237]. Moreover, reduction of the BA pool in these mice through the use
of cholestyramine, a BA sequestrant, significantly inhibits tumor lesions
[237]. While intestine-restricted FXR agonists are generally regarded as
having beneficial therapeutic effects, it is important to acknowledge that
sustained elevation of circulating FGF19 has been associated with liver
cancer [238].
More recently, a direct correlation between BAs and cancer progression
has been demonstrated. Specifically, T-βMCA has been found to initiate
colorectal cancer by inducing DNA damage, while also actively promot-
ing the proliferation of cancer stem cells [233]. On the other hand, there
is also evidence suggesting oncoprotective properties of BAs. While most
studies focus on the direct impact of BA on cancer cells [239; 240; 241], a
recent study has shown that the gut microbiome can utilize BAs to modu-
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late immunity against liver cancer by enabling the recruitment of natural
killer T cells, resulting in selective suppression of tumors in the liver [193].

2.1.5 Species differences in BA metabolism

Mice are commonly used as animal models to investigate human
metabolism due to their homogeneous genetics, accessibility to mutant,
germ-free and/or transgenic models, comparable physiology, and rela-
tively low cost. Furthermore, the use of mouse models has been vital
in several groundbreaking studies that have identified the role of gut
microbiota in various diseases. Despite the clear advantages of mouse
models, there are concerns that may affect translatability, such as gross
anatomy, compositional differences of the gut microbiota between humans
and mice, and environmental factors that may complicate studies.

The BA composition is a strong indicator of the metabolic differences be-
tween mice and humans [12], that could play a significant role in poor pre-
dictions using preclinical models. Among other species, the highest sulfa-
tion of BAs was observed in humans and chimpanzees, whereas glycine
amidation is predominant in humans, minipigs, hamsters, and rabbits.
In contrast, taurine amidation is predominant in mice, rats, and dogs.
Bile acid profiles primarily consist of tri-hydroxyl BAs in hamsters, rats,
dogs, and mice, di-hydroxyl BAs in humans, rabbits, and minipigs, and
mono-hydroxyl BAs in chimpanzees. The profiles mostly comprise of hy-
drophilic and less toxic BAs in mice, rats, pigs, and hamsters, while they
consist mostly of hydrophobic and more toxic BAs in humans, rabbits, and
chimpanzees. As a result, the hydrophobicity index, a measure of the rel-
ative hydrophobicity, or how soluble a molecule is in water, is lowest in
minipigs and mice, while it is highest in rabbits, monkeys, and humans.
Glucuronidation and glutathione conjugation are low in all species and
across all BAs. The total concentration of BAs in urine is up to 10 times
higher and more hydrophilic than in plasma in most species, primarily
because of the presence of more tri-hydroxyl, amidated, sulfated, and pri-
mary BAs in urine compared to plasma. In general, the BA profiles of
chimpanzees and monkeys are most similar to those of humans, whereas
those of minipigs, rats, and mice are most dissimilar to humans [12].

Bile acids have been shown to regulate various processes including lipid
and carbohydrate metabolism, inflammation, fibrosis, and carcinogene-
sis through their interaction with nuclear and transmembrane G protein-
coupled receptors [242]. Therefore, the BA composition is an important
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factor in creating relevant mouse models of human diseases [243; 244].
While there are differences in BA metabolism between humans and mice
[17], the characteristic phenotype associated with the BA composition in
mice is determined by two reactions. Firstly, CDCA, which is an end
product in the human liver, is further metabolized to MCAs by CDCA
6β-hydroxylase in the liver of mice and rats. Secondly, CDCA is a cyto-
toxic BA [245; 246] and is the most potent physiological activator of FXR
mediated signalling [1; 2]. In contrast, MCAs are cytoprotective [246] and
have antagonistic effects on FXR [10], changing the murine BA pool to a
more hydrophilic, cytoprotective and FXR antagonistic state.

Besides differences in BA composition, there are several other relevant
differences between mice and human that complicate extrapolation from
studies of murine BA metabolism to a clinically relevant context.

Gut differences

The characteristics of the intestinal tract differ considerably between mice
and humans. While mice are exclusive herbivores, humans can consume a
variety of foods, and their intestinal tract reflects this versatility. Although
there are many anatomical, histological, and physiological similarities be-
tween the two species, there are also distinct differences that need to be
taken into account during experimental design and interpretation [247].

For instance, mice have a non-glandular forestomach that covers two-
thirds of their stomach, which is absent in humans. This forestomach has
no secretory activity and is used for food storage [248]. The remaining
third is the glandular stomach, which is similar to that of humans, how-
ever, food processing differs vastly. The gastric emptying rate of mice is
different from humans, as their foraging and feeding patterns are mostly
nocturnal and almost continuously, while humans consume most of their
food during the daytime when the stomach is empty. In human gastric
emptying occurs linearly with a half time of 30 min (emptying rate of
1.64% per min) whereas in mice an exponential decay with a constant of
77 ± 17 min and a half time of 34 min can be observed [247].

Mice and humans have vastly different small intestine lengths, with the
former measuring at approximately 33 cm and the latter at around 700
cm. When considering the length of the small intestine per kg of body
weight, mice have 1500 cm per kg while humans have 10 cm per kg. The
small intestine is divided into three parts - the duodenum, jejunum, and
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ileum. The duodenum is the closest region to the stomach, where bile and
pancreatic secretions enter the intestinal lumen. The jejunum and ileum
follow the duodenum, with the outer mucosa layer of the small intestine
displaying notable differences between mice and humans. In humans, the
mucosal layer contains circular folds, known as plicae circularis, to in-
crease the surface area. This allows for a niche for mucus-associated bac-
teria, which is not present in mice and could be an important difference in
microbial composition. Additionally, the villi shape and structure in the
small intestine varies significantly between mice and humans, with the
human jejunum featuring taller, frond-like villi and the ileum displaying
thinner, sparser villi. Conversely, the duodenal villi in both mice and hu-
mans have a leaf-like structure, but in mice, they change to a more cylin-
drical shape in the jejunum and ileum [247].

The length of the large intestine differs significantly between mice and hu-
mans, with mice having a relatively shorter large intestine of up to 14 cm,
while in humans, it can reach up to 105 cm and can be divided into the
cecum and colon. The cecum of mice, which is about 3-4 cm long, plays a
significant role as a microbial fermentation vessel, while in humans, it is
relatively smaller at 6 cm and of minor importance. When expressed rel-
ative to body weight, the length of the large intestine is 700 cm per kg in
mice and 1.5 cm per kg in humans. Similarly, the cecum is 175 cm per kg in
mice and 0.086 cm per kg in humans. This demonstrates that, in relation to
body weight, the large intestine is much larger in mice than in humans. Al-
though both humans and mice have a cecal appendix, it is not a prominent
separate section in mice, as it is in humans. Additionally, the human colon
has pouches called haustra, whereas the mouse colon appears smooth. In
the mouse, the proximal colon has a mucosa with transverse folds, the
colonic mucosa is flat halfway, and in the distal colonic mucosa, there are
longitudinal folds, while in humans, the colonic mucosa has transverse
folds throughout the colon.

The overall intestinal transit time also differs between mice and humans,
with mice having a much faster transit time than humans. In humans,
the transit time after a meal can range from 14 to 76 hours, depending on
dietary and population factors. The type of diet has a significant impact on
the transit time, and the consumption of resistant starch can increase the
transit time by almost 20 hours compared to fully digestible starch [249].
In contrast, the total transit time in mice is only between 6 and 7 hours,
which is up to ten times faster than in humans. This is consistent with the
total metabolic rate of mice, which is approximately seven times higher
than that of humans when corrected for body weight [247].
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Mice have lower intestinal pH values, oxygen tension levels, and a dif-
ferent glycan profile in the mucus than humans. These differences in in-
testinal characteristics are likely responsible, at least in part, for observed
differences in microbial composition and in turn introduce inter-species
variation in BA metabolism between mice and humans. [250; 251; 252].

Energy and eating

Small animals, due to their high metabolic rate, require a greater amount
of food per unit of body weight compared to larger animals. It has been
estimated that an average adult mouse has a metabolic rate about seven
times higher than that of an average adult human [253]. To meet their
high energy demands, mice need to consume food constantly, particu-
larly during their active time at night. This exposes their intestinal tissue
to different microbes and metabolites throughout the day, which can af-
fect the hosts circadian rhythm. Small animals need a shorter retention
time for their food, especially when the food is not easily digestible, to
maintain their high energy demands. The generation interval of gut mi-
crobiota, whether human or murine, should be 0.69 times the retention
time to maintain the same population size and avoid depletion [253]. Co-
prophagy, the ingestion of feces, is a behavior that mice practice to maxi-
mize the nutritional value of their diet. This allows them to absorb certain
nutrients, such as vitamin K, some B vitamins, and fatty acids produced
by microbiota in the cecum but also bile acids, which would otherwise be
lost through defecation [254]. Coprophagy is known to affect the intestinal
microbiota within litters and can be prevented by using cages equipped
with grids, but it remains a crucial difference between human and mouse
digestive systems [255].
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2.2 Computational modelling

In recent years, computational modeling has emerged as a powerful tool
that revolutionizes our understanding of complex biological systems and
their relation to human health. By leveraging mathematical and computa-
tional techniques, it is possible to simulate and analyze intricate biological
processes that are often difficult to observe directly but are fundamental
to diseases, drug responses and personalized medicine.

Computational modeling in biology and biomedicine involves the con-
struction of mathematical representations, or models, that capture the es-
sential features of biological systems. These models can range from simple
equations to highly sophisticated simulations, depending on the complex-
ity of the system under investigation. The models are built based on exist-
ing biological knowledge, experimental and clinical data, and theoretical
principles.

One of the key advantages of computational modeling is its ability to inte-
grate diverse data from various sources. By combining experimental and
clinical data with theoretical concepts, computational models provide a
framework for studying the behavior and dynamics of biological systems
and apply them to a clinically relevant context. This interdisciplinary and
integrative approach allows to gain insights into the underlying mecha-
nisms and predict how biological systems may respond under different
conditions such as in disease mechanisms, drug administration, and indi-
vidualized patient responses to treatments.

However, computational modeling comes with its own set of challenges
and limitations that researchers need to be aware of. Some of the key prob-
lems and limitations of computational modeling in biology include:

• Complexity and Incompleteness: Biological systems are usually in-
credibly complex, with numerous interacting components and path-
ways. Capturing the entirety of this complexity in a computational
model can be challenging and often results in simplifications and as-
sumptions. While these simplifications are necessary, they can lead
to potential biases and inaccuracies in model predictions. Addition-
ally, many biological processes and mechanisms are not fully under-
stood or characterized, leading to incomplete models that may not
accurately represent the real-world system.
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• Data Availability and Quality: Computational models rely heavily
on experimental data for parameterization, validation, and calibra-
tion. However, obtaining comprehensive and high-quality data can
be difficult in biology due to experimental limitations and the sheer
scale of biological processes. Inaccurate or incomplete data can lead
to unreliable model predictions.

• Parameter Uncertainty: Many biological processes involve parame-
ters that are challenging to measure precisely. The uncertainty as-
sociated with these parameters can significantly impact model out-
comes. Parameter sensitivity analysis and uncertainty quantifica-
tion techniques are often used to address this issue, but inherent un-
certainty remains. Parameters may be structural non-identifiable,
which manifest in functionally related model parameters or practi-
cal non-identifiable which might be caused by limited amount and
quality of experimental data. However, it is usually difficult to dis-
cern if the uncertainty arise due to the model structure or the data.

• Scale and Granularity: Biological systems span multiple scales in
vivo, from molecular interactions to cellular processes to whole-
organism behavior. Determining the appropriate level of granularity
for a computational model is crucial, as increasing complexity can
lead to computational challenges and data requirements that may
be difficult to manage.

• Model Validation and Testing: Validating computational models
against experimental data is critical for their reliability and rele-
vance. However, validation can be complex and resource-intensive,
especially for large-scale systems. Additionally, overfitting to spe-
cific datasets can limit the model’s ability to generalize to new sce-
narios.

• Lack of Standardization: Unlike some fields in engineering or
physics, biology lacks standardized models and model-building
practices. This lack of standardization can make it challenging to
compare and integrate different models or reproduce and validate
existing ones.

• Model Interpretability: Some computational models, especially
those based on machine learning and deep learning algorithms, can
be difficult to interpret. Understanding the underlying biological
mechanisms and causality from these black-box models might be
challenging, limiting their application in certain contexts.
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Despite these challenges, computational modeling plays a crucial role in
studying diverse biological phenomena, including genetic networks, cel-
lular processes, physiological systems, and even ecosystems. For example,
computational models can simulate and integrate the interactions between
genes and proteins within a cell, shedding light on how diseases develop
and progress. They can also be used to investigate the effects of drug treat-
ments, aiding in the design and optimization of new therapeutics. More-
over, they can predict the efficacy and potential side effects of drugs on
specific patient populations and predict the outcomes of different thera-
peutic interventions, facilitating personalized medicine and treatment se-
lection.

Furthermore, computational modeling enables hypothesis testing and ex-
ploration of complex biological systems that are challenging to study ex-
perimentally. It enables researchers to perform ’virtual experiments’ or
simulations, exploring a wide range of scenarios and parameter settings
that may be difficult, costly or ethically unfeasible to investigate in a lab-
oratory or clinical setting. Computational modeling may aid in the ex-
ploration of the complex interplay between genetic, environmental, and
lifestyle factors in disease development and progression. By simulating
disease processes at the molecular, cellular, and organ levels, these models
provide insights into the underlying mechanisms of a process or disease.

In summary, computational modeling is a vital tool in modern biology
and biomedicine, enabling researchers to bridge the gap between experi-
mental observations, clinical data and theoretical and mechanistic under-
standing. It provides a means to simulate, analyze, and predict the be-
havior of complex biological systems, offering valuable insights into fun-
damental biological processes, disease mechanisms, and potential ther-
apeutic strategies. By integrating diverse biomedical data and refining
models through iterative validation, computational modeling contributes
to advancing our knowledge of diseases, improving drug discovery, and
ultimately guiding personalized treatment strategies. As computational
techniques continue to advance, computational modeling in biology will
undoubtedly contribute to transformative discoveries and advancements
in the life sciences and improving patient outcomes.
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Model development

The development of such computational models is an iterative process
that involves a series of steps for refinement of the model and its useful-
ness and is illustrated in figure 2.8. This iterative approach allows to grad-
ually enhance the model’s representation of the biological system under
investigation, incorporating new data, refining assumptions, and validat-
ing predictions.

After initial model construction, experimental data is incorporated into
the model to refine and calibrate its parameters. This step involves com-
paring the model’s predictions with available data and adjusting the
model’s parameters to improve its fit to the observed experimental results.
Calibration may involve the use of optimization algorithms or statistical
methods to find parameter values that minimize the differences between
model predictions and experimental data.

Once the model is calibrated, it is necessary to validate its predictions
against independent datasets or experiments not used in the calibration
process. Model validation helps to assess the model’s ability to general-
ize and make accurate predictions beyond the data used for calibration. It
provides confidence in the model’s predictive capabilities and ensures its
reliability for further analyses.

Through model validation and analysis, areas of improvement and limita-
tions of the model can be analysed. These insights lead to refinements in
the model structure, parameter values, or assumptions. The model is then
iteratively updated and recalibrated based on new data or knowledge, en-
hancing its accuracy and robustness.

Once the model has undergone several iterations and validation, it can be
applied to address specific research questions or make predictions about
the behavior of the biological system. The model can be used to explore
scenarios, design experiments, optimize interventions, or guide decision-
making processes. The predictions generated by the model can be further
tested and validated through experimental or clinical studies, contributing
to a iterative cycle of model refinement and improvement.

The iterative process of model development is an ongoing and dynamic
cycle, as new experimental data, technological advancements, and scien-
tific insights emerge. This iterative approach allows for a continuous re-
finement of models, ensuring that they capture the complexity of biologi-
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cal systems and provide valuable insights into their behavior and regula-
tion. Ultimately, it leads to more accurate and reliable models that advance
our understanding of biology and contribute to scientific and medical ad-
vancements.

Figure 2.8: Illustration of the iterative model development process in

systems biology. The typical process for development of any
computational model with adequate level of complexity neces-
sitates a gradual and iterative refinement of the model. Start-
ing from a hypothesis or question, experiments are designed
that can generate data needed for model development. Once
an initial model is built, it is evaluated and tested against un-
seen data. By doing so, shortcomings of the model can be iden-
tified but also new questions and hypothesis can be generated.
For this, new data needs to be generated that can be fed again
into the model for further refinement, starting the iteration pro-
cess anew.
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Computational models in systems biology

Systems biology is an interdisciplinary field that seeks to understand bi-
ological systems as a whole, considering the interactions and behaviors
of their individual components. It integrates concepts and techniques
from biology, mathematics, physics, and computer science to study the
complexity and dynamics of biological processes at various levels, from
molecular interactions to cellular networks and entire organisms. Various
types of computational models are employed in biology, each tailored to
address specific research questions and capture different aspects of bio-
logical processes. These models can range between simple and complex,
deterministic and stochastic as well as data-driven and mechanistic. Each
type of computational model brings its own strengths and limitations to
biological and biomedical research. The choice of model depends on the
research question, the level of detail required, and the available data. Of-
ten, multiple types of models are integrated to provide a more comprehen-
sive understanding of biological systems. Here, some of the commonly
used computational models in biology are explained briefly.

Agent-Based models: Agent-based models (ABMs) simulate the behav-
ior of individual entities, known as agents, and their interactions within a
system. Each agent follows a set of predefined rules, and their collective
behavior gives rise to emergent properties of the system. ABMs are useful
for studying complex systems where individual-level interactions are cru-
cial, such as cellular processes, immune responses, and social behavior in
organisms.

Cellular Automata models: Cellular automata (CA) models are discrete
models that divide space into a grid of cells, each having a specific state.
The state of each cell evolves over time based on a set of rules and the
states of its neighboring cells. CA models are well-suited for studying
spatially distributed processes, such as tissue growth, pattern formation,
and ecological systems.

Network models: Network models represent biological systems as in-
terconnected networks, where nodes represent components (e.g., genes,
proteins, or individuals) and edges represent interactions between them.
Network models are used to study genetic regulatory networks, protein-
protein interaction networks, ecological food webs, and social networks.
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They provide insights into the structure, dynamics, and robustness of
complex biological systems.

Machine Learning models: Machine learning techniques, such as neu-
ral networks, decision trees, and support vector machines, are increasingly
used in biology and biomedicine. These models learn patterns and rela-
tionships from large datasets and can be applied to tasks like gene expres-
sion analysis, protein structure prediction, drug discovery, and medical di-
agnosis. Machine learning models can uncover hidden patterns and make
predictions based on complex data.

Systems of differential equations: Systems of differential equations de-
scribe how variables change over time based on their current values and
the rates of change. These models are particularly useful for studying
dynamic processes, such as biochemical pathways, gene regulatory net-
works, and physiological systems. They can capture and analyze the com-
plex, nonlinear relationships that are inherent in biological systems. Non-
linear dynamics allows for the representation of intricate phenomena such
as feedback loops, oscillations, bistability, bifurcations and chaos, which
are prevalent in biological systems.

Biological systems are often represented as systems of ordinary differen-
tial equations (ODEs), where the state of the system evolves over time
based on a set of mathematical equations or rules, based on known mech-
anisms or derived empirically, that describe the interactions between its
components. These components can vary from gene numbers, protein
levels, metabolite concentration to cell counts, and even to higher-level
entities such as tissue or organ mass. Such an ODE model then describes
the change of a state variable x over time:

dx

dt
= f(x, p, u) x(t = 0) = x0

Here, x0 represents the initial value of the state variable x, p denotes model
parameters and u describes the model input. Using a non-linear function f
with p and u, the change of state variable x over time can be described. In
biology, f is often modelled as mass action or Michaelis-Menten kinetics.
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2.2.1 PBPK modelling

Physiologically-based pharmacokinetic modeling is a computational ap-
proach used in pharmacology and toxicology to simulate the absorption,
distribution, metabolism, and excretion (ADME) of drugs and chemicals
in the human body. It combines physiological principles with mathemat-
ical equations to provide a detailed understanding of how substances are
processed within the body.

The main objective of PBPK modeling is to predict the concentration pro-
files of substances in different tissues and organs over time. Unlike sim-
pler models, PBPK models take into account the anatomical and physio-
logical characteristics of specific tissues, as well as the interplay of various
processes involved in drug disposition.

PBPK models consist of a series of interconnected compartments that
represent different tissues and organs. Each compartment is character-
ized by its specific blood flow, tissue volume, and physiological prop-
erties. Mathematical equations, often based on principles of mass bal-
ance and diffusion, govern the movement of substances between compart-
ments. The model incorporates specific parameters for absorption, distri-
bution, metabolism, and excretion processes, which can be derived from
experimental data or estimated from known physiological parameters. A
schematic representation of PBPK is shown in figure 2.9.

PBPK modeling has diverse applications in biomedical and pharmaceuti-
cal research (Figure 2.10). They can be used to optimize dosing regimens,
predict drug-drug interactions, and guide formulation strategies. PBPK
modeling also plays a crucial role in assessing the safety of chemicals, eval-
uating exposure levels, and estimating potential risks to human health in
occupational or environmental settings. By considering factors such as
body weight, age, sex, organ size, blood flow rates, and enzyme activity,
PBPK models can provide personalized predictions but also extrapolate
findings to special populations such as infants, pregnant people or elderly
as well as to other species.

Additionally, PBPK modeling can aid in understanding and interpreting
experimental data. By integrating in vitro data, preclinical studies, and
clinical observations, PBPK models provide a mechanistic framework for
interpreting complex pharmacokinetic data and gaining insights into the
underlying processes governing drug and chemical disposition.
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Figure 2.9: Illustration of PBPK modeling. PBPK models can be built for
various organism by using species specific physiological prop-
erties. In a PBPK model, all major organs are represented as
compartments that are interconnected by the systemic blood
flow and parameterized in a species-specific manner. Excre-
tion via feces and urine are included as a means of remov-
ing compounds from the system. Depending on the desired
complexity, each organ can additionally include subcompart-
ments representing the vascular space, such as blood cells and
plasma, the interstitium as well as the cells. Transport between
these subcompartments occurs via passive diffusion or active
transport if applicable. Figure was adapted from [256].

As computational tools and data availability continue to advance, PBPK
modeling is becoming an indispensable tool in the field of pharmacol-
ogy and toxicology. Its ability to incorporate physiological complexity,
individual-specific parameters, and experimental data enables researchers
and regulators to make informed decisions regarding drug safety, opti-
mize dosing strategies, and assess the potential risks associated with ex-
posure to chemicals.
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Figure 2.10: Illustration of applications of PBPK modeling. PBPK mod-
eling can be used for various applications, including extrap-
olation to other species, prediction of drug-drug interactions
(DDI), adaptation to special populations such as infants, el-
derly or pregnant people as well as personalization to indi-
viduals. Figure was adapted from [257].

2.2.2 Published models of BA metabolism

Given the intricate and interconnected network of mechanisms that reg-
ulate BA metabolism, there is a clear imperative to quantitatively charac-
terize the composition, distribution and dynamics of the BA pool. This
characterization stands as a crucial step toward unraveling the complex-
ities inherent in diseases associated with BAs, where imbalances or dys-
regulation can be symptomatic for underlying diseases or can even have
far-reaching consequences for health.

In this pursuit, physiologically-based/PBPK modeling emerges as a ro-
bust analytical tool, adept at untangling the heterogeneous physiological
and biological information that arises from a multitude of experimental
conditions. Building on this foundation, a variety of physiologically-based
models have been developed, each with the aim of encapsulating the in-
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tricate metabolism and EHC of BAs. Of note, all models described below
were developed within the human context. A brief overview of these pub-
lished models is illustrated here:

• Hofmann et al. [258; 259] and Molino et al. [260] In these stud-
ies, multicompartmental pharmacokinetic models were developed
on physiological principles and parameterized with experimental
data. Three individual models were developed describing either
CA [258], CDCA [260] or DCA [259] in their glyco-, tauro- and un-
conjugated forms. The nine compartments that were modeled were
liver, gallbladder, bile ducts, jejunum, ileum, colon, portal blood, si-
nusoidal blood and general circulation. No subcompartments were
considered. All reactions were modeled using zero order kinetics as
constant flows. Postprandial responses were included by providing
two different parameter values for the fasting and digestive state.

• Edwards et al. [261] Based on the model published by Molino et
al. [260], an analouges model was developed for obeticholic acid
(OCA). This semisynthetic BA, is a selective and potent FXR agonist
in development for the treatment of chronic nonviral liver diseases.

• Zuo et al. [262] The model developed by Zuo et al. was based on
the models developed by Hofmann et al. [258; 259]. This model
was developed to describe the metabolism and disposition of UDCA
and its conjugates in healthy subjects based on pharmacokinetic (PK)
data from published studies in order to study the distribution of oral
UDCA.

• Voronova et al. [263] Extending the model by Hofmann et al.
and Molino et al., the here published model simultaneously follows
CA, CDCA and DCA as well as their conjugated and unconjugated
forms. Voronova et al. further included regulation through the FXR-
FGF19 axis.

• Guiastrennec et al. [264] In this study, a non-linear mixed-effects
model with a simplified description of the EHC was developed to
study the effects of meal composition on the distribution of tBAs.

• Sips et al. [265] This model outlines the metabolism and conver-
sion of BAs in a cycle of 18 connected compartments that represent
the EHC. The range of BAs encompassed in this model includes CA,
CDCA, DCA, LCA, UDCA, and a collection of ”other” BAs, along
with their various conjugated, unconjugated, and sulfated forms.
Notably, this modeling approach places a particular emphasis on the
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intestinal transit, which is modeled in a temporally and spatially het-
erogeneous way. In response to the ingestion of a meal, this model
incorporates a transient acceleration in the speed of intestinal tran-
sit. This surge in transit speed propels the contents of the intestines
forward, accounting for the changes that occur during the digestive
process.

• de Bruijin et al. [266; 267] This model follows G-CA, G-CDCA, G-
DCA as well uBAs in gall bladder, upper and lower intestine, colon,
blood, rapidly perfused tissue, slowly perfused tissue,adipose tissue
and extra-and intracellular water in liver. While the model incorpo-
rates active transport via BSEP, ASBT and NTCP, active transport by
MRP3/4 and OSTα/β was not modeled. Most parameters of trans-
port processes could be derived experimentally.

• Woodhead et al. [268] This study aimed to develop a submodel of
BA homeostasis within DILISym, a mechanistic model of DILI (Sim-
ulations Plus). This model was constructed for rats and humans fol-
lowing tBA, CDCA and LCA as BA that are specifically implicated in
hepatotoxicity. The model incorporates bile acid synthesis, uptake,
recirculation, and efflux.

• Baier et al. [269] A whole body physiologically-based BA model that
follows the levels of G-CDCA as an exemplary BA. This model was
developed using the Open Systems Pharmacology Suite and is used
as a basis for the work presented here.
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Chapter 3

A physiologically-based model
of bile acid metabolism in mice
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Bile acid metabolism plays a vital role in maintaining the overall home-
ostasis of the liver and gastrointestinal system. Bile acids are not only
essential for the digestion and absorption of dietary fats but also serve
as signaling molecules involved in various physiological processes. Un-
derstanding the intricate dynamics of BA metabolism is crucial for eluci-
dating its impact on health and disease. The development of a compu-
tational model of murine BA metabolism involves the integration of di-
verse data sources, ranging from experimental measurements, including
BA measurements, transporter expression and microbiome characteriza-
tion, to prior physiological knowledge of the organism. Physiologically-
based pharmacokinetic modeling serves as a plausible approach for cap-
turing the intricate interplay between various compartments, including
the liver, gut, bloodstream, and other relevant tissues. By incorporating
physiological parameters, organ volumes, tissue composition, and trans-
port kinetics, PBPK models can provide a detailed representation of the
murine system.

The computational models presented in this chapter elucidate the sex-
related differences and kinetics influencing murine BA metabolism. By
considering the specificities of male and female mice, the models capture
variations in BA levels, transporters’ expression, microbiota composition,
and other key factors. Through the integration of physicochemical proper-
ties, distribution models, and available experimental data, the models can
provide insights into the mechanisms of BA metabolism and can facilitate
the exploration of novel therapeutic interventions.

This chapter illustrates at first the general development of the computa-
tional models of murine BA metabolism, the data generated for this and
their implication on necessary model simplifications. In the following sec-
tions, model variants are examined in more detail describing model cali-
bration, validation and predictions derived from the final models. Finally,
results of this chapter are discussed critically summarizing the capabilities
and limitations of the here presented models
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3.1 Model development and data

The computational models for murine BA metabolism are based on phys-
iological principles and encompasses various processes such as synthesis,
hepatic and microbial transformations, (re-)circulation, and excretion of
BAs. A diagram illustrating the overview of the mouse models (6BA and
murine conjugation model; described below) can be found in figure 3.1. To
develop these models, a PBPK modeling approach was used, as described
by Küpfer et al. [257], where the circulating molecules were represented
by BA metabolites. The PBPK models provides a comprehensive repre-
sentation of mouse physiology, incorporating detailed information on or-
gan volumes, tissue composition, organ surface areas, and blood perfusion
rates, based on prior knowledge [270; 271]. Importantly, the mechanistic
structure of the PBPK models allows for extrapolation to new scenarios
and conditions [270; 272].

Figure 3.1: Continued on the next page.
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Figure 3.1: Physiologically-based bile acid model. Schematic overview
of a PBPK model of BA biosynthesis via CYP7A1, hepatic and
microbial transformation, active transport processes via BSEP,
ASBT, OST-α/β and NTCP, as well as fecal and renal excre-
tion. In the computational model, excretion to the gallbladder
is neglected and BAs are directly secreted into the duodenum.
Reactions of BAs are located either in the intracellular space of
the liver or in the intestinal lumen. Reactions colored in white
are present in the murine conjugation model, those in black are
considered in the 6BA model.

To obtain precise physiological and kinetic parameters for BA metabolism
in mice, a comprehensive set of experimental data was gathered. This
dataset included measurements of BA levels and composition in various
tissues of specific pathogen-free (SPF) mice, as illustrated in figure 3.2.
Additionally, physiological parameters were assessed, as depicted in fig-
ure 3.3, along with the quantification of transporter gene expression in
different segments of the gut. Moreover, the diversity and composition
of the cecal microbiome were analyzed, as shown in figure 3.4. Upon
conducting an initial examination of BA levels, it was observed that fe-
male mice generally exhibited higher BA concentration compared to their
male littermates, which aligns with previously published studies [273].
The data consistently revealed increased total BA concentrations in female
mice across various tissues, including venous blood serum, liver, bile, and
intestinal tissues (Figure 3.2A-E, I, K, L). Furthermore, BA levels in the gut
lumen were higher in the small intestine (Figure 3.2F, H), while the large
intestine’s content did not present a clear pattern (Figure 3.2J, M). Notably,
only the ileal tissue exhibited higher BA concentrations in male mice com-
pared to female mice (Figure 3.2G).
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Figure 3.2: Bile acid levels in SPF mice. Concentration of total BAs (tBA),
tauro-conjugated BAs (T-BA), unconjugated BA (uBA), total
cholic acid (tCA), total muricholic acids (tMCA), total chen-
odeoxycholic acid (tCDCA), total deoxycholic acid (tDCA), to-
tal ursodeoxycholic acid (tUDCA) and total lithocholic acid
(tLCA) in various organs and samples from male (striped
bars) and female SPF mice (open bars). Statistical differences
were assessed by independent t-test. Statistical significance is
marked with asterisks and (ns) indicates non-significance after
correction for multiple testing using Benjamini-Hochberg cor-
rection.
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To accommodate the variations in BA metabolism related to sex, distinct
computational models were developed for male and female SPF mice.
By employing physiologically-based modeling, detailed information
regarding the organism’s physiology, as assessed in figure 3.3, could be
incorporated. Notably, male mice in this study exhibited an approximate
30% higher body weight (Figure 3.3A). Conversely, female mice displayed

Figure 3.3: Physiological differences between male and female mice.

Assessment of sex-related differences in body weight (A),
length of intestinal segments (B) as well as weight of the liver
and the kidneys (C) in SPF mice (male (blue bars), female (or-
ange bars)). Significant differences were tested by two-way, in-
dependent t-test and significance was marked with asterisks.

smaller liver and kidney sizes in proportion to their body weight (Fig-
ure 3.3C). Interestingly, irrespective of sex, the length of the intestine re-
mained relatively consistent; therefore, female mice possessed a compara-
tively longer intestine in relation to their body weight (Figure 3.3B).

The models incorporate four essential transport processes: (1) BSEP facil-
itates the excretion of BAs from the liver into the duodenum. (2) BAs are
taken up from the gut lumen by ASBT (3) Enterocytes excrete BAs to the
portal blood using OSTα/β. (4) Hepatocytes absorb BAs from portal blood
via NTCP. Expression levels of the transporters (ASBT, OSTα/β) along the
gut axis did not exhibit significant differences between male and female
mice overall. However, there were substantial variations observed among
different gut segments, as illustrated in figure 3.4A.
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In order to investigate potential variances in the microbiota between male
and female mice, the microbial diversity and composition within the ce-
cum was assessed. Initially, the within-sample taxonomic diversity was
analyzed by determining the α-diversity. The measurements of species
richness and Shannon effective counts revealed no significant differences
associated with sex, as demonstrated in figure 3.4B. Subsequently, the sim-
ilarities in microbial community structure, referred to as β-diversity, using
generalized UniFrac distances [274; 275] were evaluated. Notably, there
was no notable separation of mice based on sex, indicating a high overall
similarity among all samples (see figure 3.4C).

On the other hand, composition of the cecal microbiome between male
and female mice showed noteworthy differences. Specifically, the Lac-
tobacillaceae family showed higher abundance in female mice, while an
unidentified genus within the Muribaculacea family was more prevalent in
male mice (Figure 3.4D). It is worth noting that certain Lactobacilla species
have the capability to metabolize BAs [276]. However, the difference in
relative abundance between male and female mice, while only statistically
significant without p-value adjustment, was relatively minor. Addition-
ally, no available information connects the other significantly abundant
genus to BA metabolism. In conclusion, these findings indicate that there
are no substantial disparities in the expression of intestinal transporters or
the diversity and composition of the microbiota between male and female
mice.
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Figure 3.4: Sex-related differences in intestinal BA metabolism. Assess-
ment of sex-related differences in the intestine relevant to BA
metabolism: A) Expression of the BA transporters ASBT, OST-
α and OST-β (from left to right) along the gut axis in male and
female SPF mice measured by qPCR. Statistical significance
was assessed by Mann-Whitney U-test and statistical signifi-
cance is marked with asterisks (male (blue bars), female (or-
ange bars)). B) Analysis of the cecal microbiome in male and
female SPF mice by assessing observed species richness and
effective Shannon index as indices of α-diversity, and C) β-
diversity by hierarchical clustering of samples. D) The relative
abundance of the family of Lactobacillaceae and an unknown
genus of the Muribaculaceae, which significantly differed be-
tween male and female mice. Statistical significance was de-
termined using Kruskal-Wallis and Wilcoxon rank sum test (α
= 0.05).
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In addition to considering the organism’s physiology, physicochemical
properties such as molecular weight, solubility, lipophilicity (logP), and
plasma-protein binding (fraction unbound) constitute another crucial as-
pect of PBPK models [257]. These properties enable the determination of
organ-plasma partitioning and passive transport through the application
of suitable distribution models. For the PBPK models of BA metabolism,
the physicochemical properties of tauro-conjugated forms (Table 3.1) or of
MCAs (Table 3.2) were utilized to inform the compound properties within
the PBPK model for small molecules.

Table 3.1: Physicochemical properties of bile acids used. Overview of
physicochemical properties and their source that were used
to inform compound specific parameters in the PBPK model.
For the total BA (total CA: tCA, total CDCA: tCDCA, to-
tal UDCA: tUDCA, total DCA: tDCA, total LCA: tLCA, total
MCAs: tMCA) the corresponding physicochemical values of
the tauro-conjugated form (T-BA) were taken.

BA species Property Value Source

tCA MW [g/mol] 515.7 PubChem Identifier: CID 6675
tCA Solubility [g/l] 0.077 ALOGPS (HMDB [277])
tCA logP 0 Heuman et al. [278]
tCA pKa (acidic) -0.88 ChemAxon (HMDB [277])
tCA pKa (basic) -0.053 ChemAxon (HMDB [277])
tCA FU 0.359 Predicted [279]

tCDCA MW [g/mol] 499.7 PubChem Identifier: CID 387316
tCDCA Solubility [g/l] 0.00748 ALOGPS (HMDB [277])
tCDCA logP 0.46 Heuman et al. [278]
tCDCA pKa (acidic) -0.99 ChemAxon (HMDB [277])
tCDCA pKa (basic) 0.18 ChemAxon (HMDB [277])
tCDCA FU 0.0776 Predicted [279]

tUDCA MW [g/mol] 499.7 PubChem Identifier: CID 9848818
tUDCA Solubility [g/l] 0.0075 ALOGPS (HMDB [277])
tUDCA logP -0.94 Heuman et al. [278]
tUDCA pKa (acidic) -0.99 ChemAxon (HMDB [277])
tUDCA pKa (basic) 0.18 ChemAxon (HMDB [277])
tUDCA FU 0.0776 Predicted [279]

tDCA MW [g/mol] 499.7 PubChem Identifier: CID 2733768
tDCA Solubility [g/l] 0.0078 ALOGPS (HMDB [277])
tDCA logP 0.59 Heuman et al. [278]
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Continuation of table 3.1

BA species Property Value Source

tDCA pKa (acidic) -0.75 ChemAxon (HMDB [277])
tDCA pKa (basic) -0.2 ChemAxon (HMDB [277])
tDCA FU 0.0768 Predicted [279]

tLCA MW [g/mol] 483.7 PubChem Identifier: CID 439763
tLCA Solubility [g/l] 0.00028 ALOGPS (HMDB [277])
tLCA logP 1 Heuman et al. [278]
tLCA pKa (acidic) -0.63 ChemAxon (HMDB [277])
tLCA pKa (basic) -1.1 ChemAxon (HMDB [277])
tLCA FU 0.0618 Predicted [279]

tMCA MW [g/mol] 515.7 PubChem Identifier: CID 168408
tMCA Solubility [g/l] 0.075 ALOGPS (HMDB [277])
tMCA logP -0.81 Heuman et al. [278]
tMCA pKa (acidic) -0.98 ChemAxon (HMDB [277])
tMCA pkA (basic) 0.084 ChemAxon (HMDB [277])
tMCA FU 0.365 Predicted [279]

Table 3.2: Physicochemical properties of bile acids used. Overview of
physicochemical properties and their source that were used
to inform compound specific parameters in the PBPK model.
For the tauro-conjugated BA and unconjugated BA the corre-
sponding physicochemical values of MCAs were taken (tauro-
conjugated BA: T-BA, unconjugated BA: uBA).

BA species Property Value Source

T-BA MW [g/mol] 515.7 PubChem Identifier: CID 168408
T-BA Solubility [g/l] 0.075 ALOGPS (HMDB [277])
T-BA logP -0.81 Heuman et al. [278]
T-BA pKa (acidic) -0.98 ChemAxon (HMDB [277])
T-BA pkA (basic) 0.084 ChemAxon (HMDB [277])
T-BA FU 0.365 Predicted [279]

uBA MW [g/mol] 408.6 PubChem Identifier: CID 119473
uBA Solubility [g/l] 0.069 ALOGPS (HMDB [277])
uBA logP -0.69 Heuman et al. [278]
uBA pKa (acidic) 4.6 ChemAxon (HMDB [277])
uBA pKa (basic) -2.7 ChemAxon (HMDB [277])
uBA FU 0.0885 Predicted [279]
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In mice, the most abundant BA species are CA, (α/β/ω-)MCA, CDCA,
DCA, UDCA and LCA followed by traces of a plethora of secondary BA.
Each of these BA species can occur among others as free BAs, taurine
conjugated bile salts or 3’-sulfated BAs, resulting in a highly complex BA
pool. Given the here used modeling software, it was computationally not
feasible for a single model to capture the full complexity of the BA pool.
Therefore, two model variants were developed independently that cover
different important aspects of the BA pool. One variant follows the total
levels of the six most abundant BA species CA, MCAs (simplified α/β/ω-
MCAs), CDCA, DCA, UDCA and LCA is referred to as ”6BA model”. The
other variant describes the conjugation status of BAs and follows tauro-
conjugated BA or free/unconjugated BA and is called ”murine/mouse
conjugation model”.

For either model variant, de novo synthesis of BAs were modeled as a con-
stant formation rate within the intracellular space of the liver. To esti-
mate the magnitude of this synthesis rate, the excretion rates of BAs in
feces [98; 280; 281] and urine [282] were taken into account. Both excretion
processes were accounted for using passive transport or active clearance
mechanisms, respectively. Further hepatic and microbial transformations
were included dependent on the model variant and are shown in figure
3.1.
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3.2 6BA Model - describing the six most abundant

bile acids

The 6BA model incorporates subsequent to synthesis of CA and CDCA,
the formation of MCAs from CDCA or UDCA, as well as hepatic hy-
droxylation of DCA. Microbial metabolism of BAs was modeled as net
enzymatic reactions, with the relative abundance of the corresponding en-
zymes along the gut correlated to the activity of BSH [283]. The included
reactions encompassed dehydroxylation of CA to DCA, and CDCA and
UDCA to LCA, as well as epimerization of CDCA to UDCA. A schematic
overview of the 6BA model is illustrated in figure 3.5.

Figure 3.5: Physiologically-based bile acid model - 6BA. Schematic
overview of a PBPK model of bile acid biosynthesis via
CYP7A1, hepatic and microbial transformation, active trans-
port processes via BSEP, ASBT, OST-α/β and NTCP, as well
as fecal and renal excretion. In the computational model, ex-
cretion to the gallbladder is neglected and BAs are directly se-
creted into the duodenum. Reactions of BAs are located either
in the intracellular space of the liver or in the intestinal lumen.
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Model calibration to data from SPF mice

In a first step, the 6BA model was calibrated to BA measurements in SPF
mice. During parameter estimation, sex-related differences were only con-
sidered in active hepatic processes. Testing different combination of dif-
ferential parameters showed that the downregulation of BA synthesis and
the transporter sodium/taurocholate cotransporting polypeptide (NTCP)
in male mice was both necessary and sufficient to adequately accounted
for the observed sex differences in BA composition and levels SPF mice
(data not shown). These findings align with previous research indicating
an upregulation of BA synthesis enzymes (Cyp7a1, Cyp27a1) [284] and el-
evated expression of the basolateral uptake transporter NTCP in female
mice [285]. This remarkable concordance with prior findings provides
initial evidence of the computational model’s predictive capabilities and
instills confidence for further analyses.

After parameter estimation, utilizing the fitted parameters presented in
supplementary tables A.1-A.3, the final computational model effectively
captured the BA levels in various organs of both male and female SPF
mice (Figure 3.6A-B). Up to 60% of the predictions fell within one stan-
dard deviation (SD), while 92% were within a two-fold SD range. Only
12 out of 156 data points deviated by more than two SDs (Figure 3.6C-D).
Despite the complexity of the modeled system and the considerable vari-
ation observed in the measured data, particularly within the intestine, the
model demonstrated a strong agreement between the experimental data
and simulated results.
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Figure 3.6: Model fit to data from SPF mice. Model simulations of bile
acid concentration in male (A) and female mice (B) against cor-
responding data points used for fitting. Only data points with
a coefficient of variation below 1 are shown. Unity is repre-
sented by a solid black line, a two- and five-fold range between
predicted and observed values is indicated as a gray area or
with dotted lines, respectively. Error bars show the SD. Distri-
bution of the absolute standardized residuals between model
simulations and data of male (C) and female (D) mice (his-
togram) and the corresponding cumulative function (line). The
dotted and dashed lines indicate differences between model
simulation and measured data of one SD and two SD, respec-
tively. Cumulative proportions of predictions that are within
one SD (top left, residuals left of dotted line), between one and
two SD (top middle, residuals between dotted and dashed line)
and above two SD (top right, residuals right of dashed line) of
measured data are stated at the top of the panel.
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In order to evaluate the behavior of the model, a sensitivity analysis was
conducted to determine the impact of the fitted parameters on various
experimentally measured BA concentrations (Supplementary Tables A.4-
A.12). Changes in BA synthesis exhibited an influence on all assessed BA
levels. The activity of the BSEP showed the strongest effects on BA con-
centrations in the liver and intestinal content. Parameters related to ASBT
primarily influenced the concentrations of all BA species in the intestine,
with ASBT parameters for secondary BAs affecting the concentration of
corresponding secondary BAs beyond the gut. The transport processes
mediated by OSTα/β had the most significant control over BA levels
in intestinal tissues, although their coefficients remained below the cho-
sen threshold (data not shown). Concentrations of BAs in venous blood
plasma and the kidney exhibited sensitivity to both BA uptake from portal
blood through NTCP and excretion via urine. Overall, the sensitivity coef-
ficients of all model parameters demonstrated a high correlation between
the two models. Some differential sensitivities were observed; however,
these corresponding parameters lacked physiological relevance (Supple-
mentary Figure A.4).

Model qualification to germ-free mice

The physiologically-based computational model of murine BA
metabolism, due to its mechanistic structure, offers the possibility of
considering new scenarios. To validate the model, BA levels in germ-free
(GF) mice were simulated. As a first approach, any microbial activity in
the SPF model was disabled by setting the corresponding rates to zero.
The resulting predictions reasonably reproduced the BA concentrations
observed in male and female GF mice (Figure 3.7A and Supplemen-
tal Figure A.1). Approximately 59% of the predicted concentrations
were recapitulated within one standard deviation, while 80% were
within a two-fold variation. Fifteen predicted BA levels deviated more
significantly from the measured values (Figure 3.7B).
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Figure 3.7: Model prediction of germ-free mice. Model predictions of
concentration of bile acids in both male and female, germ-free
mice against corresponding data points used for fitting (A).
Only data points with a coefficient of variation below 1 are
shown. Unity is shown as a solid black line shows unity, a two-
and five-fold range between predicted and observed values is
indicated as a gray area or with dotted lines, respectively. Error
bars represent the standard deviation. B) Distribution of the
absolute standardized residuals model predictions (histogram)
and the corresponding cumulative function (line). The dotted
and dashed lines indicate differences between model simula-
tion and measured data of one SD and two SDs, respectively.
Cumulative proportions of predictions that are within one SD
(top left, residuals left of dotted line), between one and two
SDs (top middle, residuals between dotted and dashed line)
and above two SDs (top right, residuals right of dashed line)
of measured data are stated at the top of the panel.

Subsequently, additional information concerning the physiology and ex-
pression of intestinal transporters were included (Supplementary Figure
A.2 and A.3) assessing whether this would enhance the agreement be-
tween model simulations and experimentally measured BA concentra-
tions. Surprisingly, the inclusion of this information led to a slight de-
terioration in the model predictions. Fewer predictions fell within one
standard deviation, although 80% still remained within two standard de-
viations (Figure 3.8A). These findings suggest the existence of additional
disparities in BA metabolism between SPF and GF mice. Previous stud-
ies [10; 286; 287] have indeed demonstrated elevated expression levels of
the synthesizing enzymes CYP7A1, CYP27A1, and CYP7B1 in GF mice.
However, improving model predictions by solely increasing BA synthesis
required considering differential regulation of other hepatic enzymes and
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processes. Specifically, enhancing the expression of BSEP, reducing the
expression of NTCP and the production of muricholic acid (MCA) from
chenodeoxycholic acid (CDCA) yielded only marginal improvements in
predictions (Figure 3.8B). The most accurate predictions of BA levels in
GF mice were achieved by incorporating reduced BA synthesis alongside
differential regulation of hepatic processes. With this combined approach,
approximately 57% of the predicted concentrations fell within one stan-
dard deviation, more than 80% fell within two standard deviations, and
only 12% exhibited poor agreement with the measured data (Figure 3.8C).

Figure 3.8: Model prediction of changes in germ-free mice. Compari-
son of different model variants for describing BA metabolism
in germ-free mice by comparing the distribution of the abso-
lute standardized residuals (histograms) and their correspond-
ing cumulative function (lines). The dotted and dashed lines
indicate differences between model simulation and measured
data of one SD and two SDs, respectively. Cumulative pro-
portions of predictions that lie within one SD (top left, resid-
uals left of dotted line), between one and two SDs (top mid-
dle, residuals between dotted and dashed line) and above two
SDs (top right, residuals right of dashed line) of measured data
are stated at the top of the panel. A) Comparison of a sim-
ple extrapolation of the base model by disabling any microbial
reaction (grey) against a model variant with additional infor-
mation about physiology and intestinal transporter expression
(green). The latter was also tested against model variants that
introduce further expressional changes in the liver (B) accord-
ing to literature (pink) or (C) as suggested by the model itself
(yellow).
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Model analyses

After calibration and validation, the developed computational model suc-
cessfully captured BA metabolism in both male and female mice, demon-
strating good agreement with experimental data. Consequently, the mod-
els can be applied to comprehensively characterize the distribution and
pool sizes of BAs throughout the body (Figure 3.9 and 3.10). The model
simulations revealed that BA levels were highest in the small intestine (SI)
tissue, liver, and intestinal lumen. Significant amounts of BAs were also
predicted in muscle, fat, and skin, with levels comparable to those ob-
served in organs involved in the EHC (Figure 3.9A, Supplementary Figure
A.5). The BA pool was estimated to be recycled within the EHC approxi-
mately 4.8 times per day in females and 4.1 times per day in males.

Figure 3.9: 6BA model prediction of BA pool sizes. Simulated bile acid
pool sizes as total levels (A), per 100g organ weight (B) and per
organ weight (C) in different organs in male and female mice.
See also supplementary figure A.5.

In addition to pool sizes, the model enabled the simulation of BA com-
position at a sub-organ level. For instance, the liver predominantly con-
tained CA, while other organs were primarily composed of MCAs (Sup-
plementary Figure A.6). Furthermore, the model was utilized to simulate
BA pools along the EHC and the gut axis (Figure 3.10C, Supplementary
Figure A.7). The model indicated a relative accumulation of BAs in the
liver and intestinal lumen, consistent with previous findings in other ro-
dents where 70-95% of BAs are located in the lumen [29; 30]. Along the
gut axis, BAs exhibited pronounced accumulation in the cecum, leading
to higher levels throughout the large intestine. This observation aligns
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with reduced transporter expression (Figure 3.4A) and a slower intestinal
transit rate in the cecum compared to the ileum (data not shown).

Figure 3.10: 6BA model prediction of BA pool distribution. Simulated
bile acid pools along the EHC and gut axis in female (left col-
umn: A, C and E) and male (right column: B, D, F) mice. For
EHC axis (A, B), BA level and composition are shown in liver,
the intestinal lumen, small and large intestinal tissue (SI and
LI) as well as portal blood plasma (PV). Along the gut axis (lu-
men C, D; tissue E, F), duodenum (Duo), jejunum (Jej), ileum
(Ile), cecum (Ce), proximal and distal colon (Colon) and rec-
tum (Rec) are shown and the separation of SI and LI are indi-
cated by a vertical black line. See also supplementary figure
A.7.

In addition to functional analyses of BA metabolism, the computational
model also allows for extrapolation to other physiological scenarios.
Exemplifying this, the impact of pathophysiological alterations on BA
metabolism were predicted for BAM (Figure 3.11) and impaired intestinal
barrier function (Figure 3.12 on BA levels.

For BAM, different possible explanations have been proposed [288]. Here,
impaired reabsorption in the terminal ileum (Figure 3.11A and D), in-
creased BA synthesis (Figure 3.11B and E) as well as reduced activity of
ASBT (Figure 3.11C and F) were considered. The defective uptake of BAs
by the ileal mucosa had relatively minor effects on BA pool sizes, except
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for observed increases in both tissue and lumen concentrations within the
LI. On the other hand, increased BA synthesis resulted in elevated BA lev-
els overall, with the most significant effects observed in the lumen of the
SI, LI, and liver. Predictions for the disruption of intestinal barrier func-
tion suggested depletion of BA pools within the gut lumen. However,
there was an accumulation of BAs in the liver, venous blood plasma, and
portal blood plasma, reaching 14-fold and 10-fold increases, respectively.
While a similar trend was observed in male mice, the accumulation of BAs
was less pronounced compared to female mice, displaying a four-fold and
three-fold difference, respectively. Impairment in ASBT function, showed
overall minor effects except for a reduction of BA level in gut tissue and
portal blood by up to 100-fold.

Figure 3.11: 6BA model prediction of BA pool sizes in BA malabsorp-

tion. Predicted changes in bile acid pool sizes in different or-
gans in female (upper row) and male (lower row) mice for
decreasing BA absorption in the terminal ileum (A, D), for
increasing BA synthesis (B, E) as well as decreasing ASBT ac-
tivity (C, F).
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For impaired intestinal barrier function, changes in paracellular (Figure
3.12A and D), transcellular (Figure 3.12B and E) and total (Figure 3.12C
and F). All disruptions of the intestinal barrier function depleted BA pools
within the gut lumen, whereas in liver as well as venous and portal blood
plasma BAs accumulated strongly. For paracellular permeability, hepatic
and blood BA level increased by 14- and 10-fold, respectively, whereas for
transcellular and total permeability BA concentration could rise 100-fold.
In general, while the same trend was present in male mice, the accumula-
tion of BAs was not as pronounced as in female mice.

Figure 3.12: 6BA model prediction of BA pool sizes in impaired intesti-

nal barrier function. Predicted changes in bile acid pool sizes
in different organs in female (A, B, C) and male (D, E, F) mice
in increasing paracellular (A,D), transcellular (B,E) or total
(C,F) intestinal permeability.
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3.3 Murine Conjugation Model - describing the con-

jugation status of bile acids

The mouse conjugation model incorporates subsequent to synthesis of
uBA, conjugation with taurine to form T-BA. Microbial deconjugation by
BSH activity was modeled as net enzymatic reactions. Activity along
the gut was derived from a study by Tannock et al. [283]. A schematic
overview of the murine conjugation model is illustrated in figure 3.13.

Figure 3.13: Physiologically-based bile acid model - murine conjugation

model. Schematic overview of a PBPK model of bile acid
biosynthesis via CYP7A1, hepatic and microbial transforma-
tion, active transport processes via BSEP, ASBT, OST-α/β and
NTCP, as well as fecal and renal excretion. In the computa-
tional model, excretion to the gallbladder is neglected and
BAs are directly secreted into the duodenum. Reactions of
BAs are located either in the intracellular space of the liver or
in the intestinal lumen.
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Model calibration to data from SPF mice

The first step in model development involved calibrating the conjugation
model to BA measurements in SPF mice. During parameter estimation,
only active hepatic processes were considered in relation to sex-related
differences. Various combinations of differential parameters were tested,
revealing that the downregulation of BA synthesis in male mice was both
necessary and sufficient to account for the observed sex differences in BA
composition and levels in SPF mice (data not shown).

After conducting parameter estimation and utilizing the fitted parameters
as presented in supplementary tables A.13- A.14, the final computational
model proved highly effective in accurately representing the BA levels in
various organs of both male and female SPF mice (Figure 3.14A-B). Re-
markably, up to 63% of the predictions (with breakdowns of 58% for males
and 69% for females) fell within one SD of the experimental data, while
30% (with divisions of 42% for males and 19% for females) lay within a
two-fold SD range. Only a small portion, 6% of the data (with no in-
stances for males and 12% for females), deviated by more than two SDs
(Figure 3.14C-D). Despite the intricate nature of the modeled system and
the considerable variability observed in the measured data, particularly
within the intestine, the model exhibited a robust agreement between the
experimental data and the simulated results.
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Figure 3.14: Murine conjugation model fit to data from SPF mice. Model
simulations of bile acid concentration in male (A) and female
mice (B) against corresponding data points used for fitting.
Only data points with a coefficient of variation below 1 are
shown. Unity is represented by a solid black line, a two- and
five-fold range between predicted and observed values is in-
dicated as a gray area or with dotted lines, respectively. Error
bars show the SD. Distribution of the absolute standardized
residuals between model simulations and data of male (C)
and female (D) mice (histogram) and the corresponding cu-
mulative function (line). The dotted and dashed lines indicate
differences between model simulation and measured data of
one SD and two SD, respectively. Cumulative proportions of
predictions that are within one SD (top left, residuals left of
dotted line), between one and two SD (top middle, residuals
between dotted and dashed line) and above two SD (top right,
residuals right of dashed line) of measured data are stated at
the top of the panel.
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To assess the model’s behavior, a sensitivity analysis was performed to
gauge the impact of fitted parameters on experimentally measured con-
centrations of various BA species (see Supplementary Tables A.15 to A.23).
The activity of the hepatic export transporter BSEP showed significant ef-
fects on BA levels throughout the body. Moreover, BAAT activity strongly
influenced conjugated BA levels in all evaluated organs. Parameters re-
lated to ASBT and OSTα/β primarily affected the concentrations of BA
species in intestinal tissue, while BSEP activity had a substantial impact
on gut content. In venous blood plasma and the kidney, sensitivity to both
BA uptake from portal blood through NTCP and excretion via urine was
observed. Notably, the sensitivity coefficients of all model parameters dis-
played a high correlation between the two models (refer to Supplementary
Figure A.8).

Model qualification to germ-free mice

Thanks to its mechanistic structure, the physiologically-based computa-
tional model of murine BA metabolism offers the potential to explore
novel scenarios. To validate the model, simulations were conducted on
germ-free (GF) mice to assess BA levels. In the first step, all microbial
activity in the SPF model was deactivated by setting the corresponding
rates to zero. The resulting predictions demonstrated reasonable agree-
ment with the observed BA concentrations in both male and female GF
mice (see Figure 3.15 and Supplemental Figure A.1). Notably, around 40%
of the predicted concentrations fell within one standard deviation of the
measured values, while approximately 65% showed a two-fold variation.
However, a third of the predicted BA levels displayed more significant
deviations from the measured values (see Figure 3.15B).
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Figure 3.15: Murine conjugation model prediction of germ-free mice.

A) Model predictions of concentration of bile acids in both
male and female, germ-free mice against corresponding data
points used for fitting. Only data points with a coefficient
of variation below 1 are shown. Unity is shown as a solid
black line shows unity, a two- and five-fold range between
predicted and observed values is indicated as a gray area or
with dotted lines, respectively. Error bars represent the stan-
dard deviation. B) Distribution of the absolute standardized
residuals model predictions (histogram) and the correspond-
ing cumulative function (line). The dotted and dashed lines
indicate differences between model simulation and measured
data of one SD and two SDs, respectively. Cumulative pro-
portions of predictions that are within one SD (top left, resid-
uals left of dotted line), between one and two SDs (top mid-
dle, residuals between dotted and dashed line) and above two
SDs (top right, residuals right of dashed line) of measured
data are stated at the top of the panel.

Afterward, additional information on the physiology and expression of
intestinal transporters was integrated (see Supplementary Figure A.2 and
A.3), aiming to improve the agreement between model simulations and
experimentally measured BA concentrations. Similar to the findings in
the 6BA model, this inclusion resulted in a deterioration of the model pre-
dictions. Only less than half of the predictions could be explained within
two standard deviations (see Figure 3.16A).

Parallel to the results of the 6BA model, increased BA synthesis in fe-
male mice [10; 286; 287] was not sufficient to improve model predictions
but also necessitated considering the differential regulation of other hep-
atic enzymes and processes. Specifically, reducing the expression of BSEP
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and NTCP while increasing BA conjugation resulted in only marginal im-
provements in predictions (see Figure 3.16B). The most accurate predic-
tions of BA levels in GF mice were achieved by combining reduced BA
synthesis with the differential regulation of hepatic processes. With this
approach, approximately 50% of the predicted concentrations fell within
one standard deviation, more than 77% were within two standard devia-
tions, and only 23% showed poor agreement with the measured data (see
Figure 3.16C).

Figure 3.16: Murine conjugation model prediction of changes in germ-

free mice. Comparison of different model variants for
describing BA metabolism in germ-free mice by compar-
ing the distribution of the absolute standardized residuals
(histograms) and their corresponding cumulative function
(lines). The dotted and dashed lines indicate differences be-
tween model simulation and measured data of one SD and
two SDs, respectively. Cumulative proportions of predictions
that lie within one SD (top left, residuals left of dotted line),
between one and two SDs (top middle, residuals between dot-
ted and dashed line) and above two SDs (top right, residuals
right of dashed line) of measured data are stated at the top
of the panel. A) Comparison of a simple extrapolation of the
base model by disabling any microbial reaction (grey) against
a model variant with additional information about physiol-
ogy and intestinal transporter expression (green). The latter
was also tested against model variants that introduce further
expressional changes in the liver (B) according to literature
(pink) or (C) as suggested by the model itself (yellow).
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Model analyses

Following calibration and validation, the computational model success-
fully captured the BA level in both male and female mice, demonstrating
excellent agreement with experimental data. As a result, these models can
now be employed to comprehensively characterize the distribution and
pool sizes of BAs throughout the body (see Figure 3.17 and Figure 3.18).
The simulations revealed that BA levels were highest in the intestinal lu-
men, liver as well as small and large intestinal tissue. Additionally, sub-
stantial amounts of BAs were predicted in muscle and skin, comparable
to the levels observed in organs involved in the enterohepatic circulation
(EHC) (Figure 3.17A, Supplementary Figure A.9). Based on the model, it
was estimated that the BA pool is recycled within the EHC approximately
2.7 times per day in females and 2.6 times per day in males.

Figure 3.17: Murine conjugation model based BA pool sizes. Simulated
bile acid pool sizes per organ weight in different organs in
male and female mice (A) and model-based bile acid compo-
sition in liver, portal blood plasma and skin in female mice
(B) as well as simulated bile acid pools along the EHC and
gut axis (C). For the EHC axis, BA level and composition are
shown in liver, the intestinal lumen, small and large intestinal
tissue (SI and LI) as well as portal blood plasma (PV). Along
the gut axis, duodenum (Duo), jejunum (Jej), ileum (Ile), ce-
cum (Ce), proximal and distal colon (Colon) and rectum (Rec)
are shown and the transition of SI and LI are indicated by a
vertical black line. See also Supplementary Figure A.9.
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Moreover, the model allowed for the simulation of BA composition at a
more detailed sub-organ level. Notably, in liver, portal blood and skin,
unconjugated BA were more abundant than conjugated BA; however,
EHC organs showed overall higher proportions of conjugated BA than
unconjugated BA. (Supplementary Figure A.10). Furthermore, the model
was employed to simulate the distribution of BA pools along the EHC
(Figure 3.18A,B) and the gut axis (Figure 3.18C-F). The results indicated
a relative accumulation of BAs in the liver and intestinal lumen, which
is consistent with previous findings in other rodents where 70-95%
of BAs are localized in the lumen [29; 30]. Along the gut axis, there
was a pronounced accumulation of BAs in the cecum, leading to higher
levels throughout the large intestine. This observation aligns with reduced

Figure 3.18: Murine conjugation model based BA pool distribution.

Simulated bile acid pools along the EHC and gut axis in fe-
male (left column: A, C and E) and male (right column: B, D,
F) mice. For EHC axis (A, B), BA level and composition are
shown in liver, the intestinal lumen, small and large intestinal
tissue (SI and LI) as well as portal blood plasma (PV). Along
the gut axis (lumen C, D; tissue E, F), duodenum (Duo), je-
junum (Jej), ileum (Ile), cecum (Ce), proximal and distal colon
(Colon) and rectum (Rec) are shown and the separation of SI
and LI are indicated by a vertical black line.
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transporter expression (Figure 3.4A) and a slower intestinal transit rate in
the cecum compared to the ileum (data not shown).

In a next step, the murine conjugation model was applied for the same
extrapolation to pathophysiological alterations as the 6BA model, namely
BAM (Figure 3.19) and impaired intestinal barrier function (Figure 3.20).
Regarding BAM, the model considered impaired reabsorption in the ter-
minal ileum (Figure 3.19A and D), increased BA synthesis (Figure 3.19B
and E), as well as reduced activity of ASBT (Figure 3.19C and F). The de-
fective uptake of BAs by the ileal mucosa had relatively minor effects on
BA pool sizes, except for observed increases in both tissue and lumen con-
centrations within the large intestine (LI). On the other hand, increased BA
synthesis resulted in elevated BA levels overall, with the most significant
effects observed in the lumen of the SI and LI, and liver. Impairment in
ASBT function, showed overall minor effects except for a 10-fold reduc-
tion of BA level in gut tissue.

Figure 3.19: Murine conjugation model prediction of BA pool sizes in

BA malabsorption and loss of intestinal barrier function.

Predicted changes in bile acid pool sizes in different organs
in female (upper row) and male (lower row) mice for decreas-
ing BA absorption in the terminal ileum (A, D), for increasing
BA synthesis (B, E) as well as increasing paracellular perme-
ability along the whole gut (C, F).
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Regarding impaired intestinal barrier function, alterations in paracellu-
lar permeability (Figure 3.20A and D), transcellular permeability (Figure
3.20B and E), and total permeability (Figure 3.20C and F) and their effects
on BA level were simulated. All disruptions of the intestinal barrier func-
tion led to depletion of BA pools within the gut lumen, while BAs accu-
mulated significantly in the liver, venous blood plasma, and portal blood
plasma. Specifically, for paracellular permeability, hepatic and blood BA
levels increased by 14- and 10-fold, respectively, whereas for transcellular
and total permeability, BA concentrations could rise up to 100-fold. Al-
though a similar trend was observed in male mice, the accumulation of
BAs was not as pronounced as in female mice.

Figure 3.20: Model prediction of BA pool sizes in impaired intestinal

barrier function. Predicted changes in bile acid pool sizes in
different organs in female (A, B, C) and male (D, E, F) mice in
increasing paracellular (A,D), transcellular (B,E) or total (C,F)
intestinal permeability.
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3.4 Discussion of physiologically-based models of

murine bile acid metabolism

In this work, physiologically-based models of BA metabolism in mice
were developed. Due to technical limitations, it was necessary to re-
duce model complexity by considering only partial aspects of the com-
plex BA pool and developing specialized model variants. In this con-
text, one model variant describes BA levels of the six most abundant BAs,
i.e. MCA, CA, CDCA, DCA, LCA and UDCA, (6BA model) whereas the
other captures conjugation status of BA by distinguishing between (tauro-
)conjugated and unconjugated BA (murine conjugation model).

The models encompass various aspects such as systemic circulation, syn-
thesis, hepatic and microbial conversions, and excretion of the modeled
BAs. Additionally, the models specifically account for sex differences in
BA concentration and composition, which have been previously docu-
mented in the literature and were also evident in the experimental data
specifically generated for this work. To ensure the models’ accuracy, they
were established and validated carefully using a comprehensive dataset
collected from both male and female SPF mice. This dataset incorporates
diverse information, including BA concentrations in different organs, ex-
pression of transporters along the gut segments, physiological parame-
ters, and microbial composition in the cecum. Notably, it was required for
both models that female SPF mice exhibit an upregulation of BA synthe-
sis. However, while this differential regulation of the synthesizing step
was sufficient for the murine conjugation model, the 6BA model also re-
quired upregulation of NTCP in female mice. This aligns with previous
findings from other studies [284; 285] showing increased expression of en-
zymes related to BA synthesis and the transporter NTCP. Importantly, this
observation was an independent outcome of model development process
and was not considered as prior knowledge when building the models.

Moreover, the final models developed for SPF mice were shown to be able
to predict BA measurements in germ-free mice by specifically excluding
microbial processes. Both models recapitulated the BA levels in GF mice
reasonably well; however, the 6BA model showed overall better agree-
ment with the data than the murine conjugation model. Aiming to further
refine the models, additional information regarding physiological param-
eters and intestinal transporter expression were incorporated resulting in
worse predictions of either variant. Considering upregulation of BA syn-
thesis in GF mice, as reported in the literature [10; 286; 287], was also insuf-
ficient on its own to improve predictions but required additional expres-
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sional changes in the liver. Both variants agreed on the downregulation
of the uptake transporter NTCP, but disagreed on regulation of BSEP. On
the other hand, unrestricted predictions propose the possibility of down-
regulation of BA synthesis in GF mice. This discrepancy warrants further
investigation to determine whether it results from potential model inaccu-
racies, inherent strain differences or more complex interactions between
BA species and their conjugation status. Overall, these results serves as a
strong indication of the overall quality of the model, instilling confidence
in its applicability for further analyses and predictions.

The ability of the models to handle extrapolation to previously unseen sce-
narios and contextualization of existing knowledge in a systemic manner
is evident. For instance, it can be effectively applied to predict outcomes in
disease contexts or extrapolate findings across different species. Numer-
ous diseases have been linked to changes in BA composition and dynam-
ics. Inflammatory bowel disease, ulcerative colitis, Crohn’s disease, liver
cirrhosis, liver cancer, irritable bowel syndrome, short bowel syndrome,
and obesity have all been associated with alterations in BA composition
[20; 21; 22]. Moreover, impairments in the EHC of BA have been linked
to cholestatic drug-induced liver injury, chronic liver disease, choles-
terol gallstone disease, malabsorption, dyslipidemia, and atherosclerosis
[289; 290; 291; 292; 293; 294].

In this work, both models were employed to predict the effects of BA mal-
absorption as a potential cause for idiopathic BA diarrhea (BAD), as pro-
posed in [288], and the impairment of intestinal barrier function observed
in celiac disease [295; 296; 297; 298], IBD [26; 27], and metabolic-associated
fatty liver disease (MAFLD) [299; 300; 301] on BA metabolism. Consistent
with other studies, both models demonstrated that an increase in BA syn-
thesis [292; 302; 303] and overflow of reabsorption resulted in a significant
accumulation of BAs in the large intestinal lumen. In contrast, malabsorp-
tion in the terminal ileum, without any obvious gastrointestinal disease,
as well as reduced functionality of the transporter ASBT were insufficient
to induce BAD [304].

To assess ’leaky gut’ conditions, the intestinal permeability was altered
equally in all gut segments. Impairment of gut barrier function can affect
transport across epithelial cell (transcellular permeability) or through the
spaces between those cells (paracellular permeability) or a combination of
both. Testing these different mechanisms, both model variants suggested
similar behaviour of BA pool sizes:



3.4 Discussion of physiologically-based models of murine BA metabolism 95

• Depletion of BA in the gut lumen

• Relative accumulation within the liver

• Increasing transcellular permeability with stronger effect on BA level

However, this assessment of impaired gut barrier function is limited due
to a lack of data and the default model structure within the OSP suite.
Without providing additional information, PBPK model developed with
the OSP suite consider by default only transcellular permeability that is
derived from a molecule’s molecular weight and lipophilicity; thus, it was
necessary to use the calculated transcellular permeability for the paracel-
lular one as well. Furthermore, there was no information available for
the relative increase of permeability in ’leaky gut’ conditions, especially
in relation to BAs. This introduces a systemic bias to the analysis and it
is unclear if the results are with physiological relevance. These concerns
can only be addressed by experimental measurements if the model is to be
applied for predictions concerning impaired gut barrier function. Future
computational analyses could explore regional differences in permeability,
as demonstrated by Thomson et al. [305]. In summary, these predictions
were made possible due to the detailed model of the gastrointestinal tract
contained within the fundamental model structure of OSP suite models
[306; 307]. The results highlight how the these models can shed light on
the intricate interactions between pathophysiological alterations, includ-
ing physiological or expressional changes, microbial dysbiosis, and drug
administration, within the context of BA metabolism.

To investigate the connection between BA metabolism and their role in
human disease, various animal models have been utilized, including lam-
prey, skate, zebrafish, rat, mouse, hamster, rabbit, prairie dog, and mon-
key [308; 309; 310]. Among the small animal models, hamsters display the
closest similarity to humans concerning BA metabolism [311; 312; 313];
however, mice remain the most commonly used animal model to investi-
gate human metabolism [314; 315]. A notable difference between humans
and mice lies in their BA composition [12; 17]. The murine BA pool is
significantly influenced by MCAs, leading to increased hydrophilicity, re-
duced cytotoxicity, and a shift towards a more antagonistic FXR-signaling
regime [12]. Additionally, there are relevant differences in gastrointestinal
tract physiology [247; 248; 250; 251; 252], energy homeostasis [253], and
nutrient and BA recycling through coprophagy [254; 255]. Consequently,
extrapolating from mouse studies to humans concerning BA signaling or
BA-related diseases is challenging. As an initial assessment of species dif-
ferences between mice and humans, both mouse models were used to esti-
mate the recycling times of the BA pool per day. In humans, the complete
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BA pool is recycled four to twelve times a day [89]. This number is often
assumed and cited even for other species although it has never been as-
sessed. Although the model variants disagree on the exact number (6BA:
4-5 times, conjugation: 2-3 times), the models’ predictions suggest that the
murine BA pool is recycled less often than the human one. This provides
an initial assessment of species differences between mice and humans.

To address concerns of cross-species differences, a recent study utilized
mouse models with a more human-like BA composition [316]. These ”hu-
manized” mice have single or double knock-out (KO) in Cyp2a12 and
Cyp2c70, resulting in much more hydrophobic BA pools [70; 73]. This
alteration occurs because hepatic DCA cannot be rehydroxylated to CA
(Cyp2a12), and MCAs cannot be synthesized (Cyp2c70). Within the frame-
work of the 6BA model, it is possible to recapitulate these gene KO and
to simulate BA levels in ’humanized’ mice. Initial model predictions
for Cyp2a12 KO mice revealed a substantial accumulation of DCA, while
Cyp2c70 KO mice showed an absence of MCAs and an increase in hepa-
tobiliary CDCA. In mice with double KO, DCA, CDCA, and LCA were
strongly increased (data not shown). These initial findings align well with
the reported BA composition in these mice [70]. This demonstrates that
the developed computational model in this study has the potential to sup-
port cross-species extrapolation due to the mechanistic structure of the
underlying PBPK model [270]).

Lastly, the models’ utility extends to optimizing experimental designs for
mouse studies aimed at understanding the complex behavior of BAs in
health and disease. This application is particularly significant in the con-
text of adhering to the ”3R” principles proposed by Russel and Burch in
1959 [317], which emphasize Reduction, Refinement, and Replacement of
animal testing. Within this context, this work demonstrated the models’
ability to predict BA levels and composition throughout the body, even
in experimentally challenging-to-access organs such as the liver or portal
blood, under both physiological and pathophysiological conditions. Im-
portantly, all these predictions were made without necessitating any fur-
ther animal sacrifice. The models presented here can serve as a valuable
platform for conducting model-assisted investigations of BA metabolism
in prospective studies, thereby promoting the reduction and refinement of
animal experiments in line with the ”3R” principles.

In this study, two distinct model variants were formulated in response to
technical constraints. This approach allowed for the examination of dif-
ferent aspects of the BA pool. The murine conjugation model specifically
accounts for the increased solubility and polarity observed when BAs are
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conjugated with taurine. Consequently, it provides a more precise rep-
resentation of passive diffusion since conjugated BAs exhibit high polar-
ity and necessitate active transporters for passage, whereas unconjugated
BAs can traverse cell membranes more easily and are more readily reab-
sorbed by the intestine. Additionally, this model benefits from a higher
level of confidence in microbial activity data, as it directly incorporates
measurements of BSH activity. Conversely, the 6BA Model offers a more
accurate depiction of the diversity within the BA pool. It distinguishes not
only between primary and secondary BAs but also between MCAs (and
UDCA) and the remaining BAs. This differentiation is particularly signif-
icant for future model iterations aiming to incorporate FXR-mediated sig-
naling. However, there are noteworthy qualitative considerations. Both
variants adequately explained the datasets for SPF and GF mice. While
the murine conjugation model demonstrated superior performance in re-
capitulating the SPF data, the 6BA Model exhibited greater accuracy in
predicting BA level in GF mice. For the remaining predictions, the two
models yielded similar results. Notably, during the development of the
6BA Model, achieving alignment with the data necessitated not only a re-
duction in BA synthesis but also an additional upregulation of NTCP in
female mice, a phenomenon supported by existing literature [285]. Con-
versely, the murine conjugation model only required a reduction in BA
synthesis to match the data. If this represents an actual model inaccuracy
or an artifact from developing two model variants only partially explain-
ing the BA pool is unclear.

Limitation of the models

In future analyses, the physiologically-based models may undergo struc-
tural revisions to address some of its limitations. The current version of
the computational models include only the most abundant BA species but
disregard sulfation and the distinction of α/β/ω-MCA. Consequently, the
models cannot fully capture the complexity of the BA pool, potentially in-
troducing a systemic bias in the predictions due to variations in kinetics
among different BA species [9]. Another simplification relates to the dy-
namic behavior of BA circulation. In the computational models, all BAs
are directly secreted into the duodenum, omitting the gallbladder. As a
result, postprandial responses and the impact of coprophagy on BA recy-
cling [254; 255] were neglected, as these effects are challenging to describe
in mice. Consequently, the models cannot account for circadian rhythm
effects as observed in other rodents [29; 30; 31; 32]. Additionally, the mi-
crobiota was only assessed in the cecum, which functions as a large micro-
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bial fermentation vessel in mice [247]. However, variations in microbial
composition in other gut segments might contribute to the observed sex
differences. Previous studies have shown that similar microbial communi-
ties may be enriched for different functions [318]. Besides compositional
variation, there might be differences in microbial density between male
and female mice, which were not assessed in this study. Despite these lim-
itations, the models successfully recapitulated BA composition and levels
at the whole-body level and accurately accounted for sex-related differ-
ences in BA metabolism.



99

Chapter 4

A physiologically-based model
of bile acid metabolism in
humans.

Contributions:

B. Kister developed the model, performed the simulations, compiled the literature data,

analyzed the data, created the figures, and wrote the chapter. T. Wirtz provided the patient

data. T. Wirtz and L. Kuepfer discussed the data. L.M. Blank and L. Kuepfer reviewed the

chapter.





4.1 Model development and data 101

Bile acid metabolism holds a fundamental role in upholding the overall
homeostasis of both the liver and the gastrointestinal system. Beyond their
function in processing and emulsifying dietary fats, BAs also function as
signaling molecules that participate in a multitude of physiological pro-
cesses. Unraveling the dynamics of BA metabolism stands as a pivotal
endeavor for comprehending its implications on both health and disease.

The creation of a computational framework to model human BA
metabolism entails the integration of a broad spectrum of data sources,
spanning from measurements of BAs levels and flows to existing physio-
logical characteristics, such as body weight and blood flows. The utiliza-
tion of PBPK modeling stands out as a promising strategy for capturing
the intricate interplay among various compartments like the liver, gas-
trointestinal tract, bloodstream, and other pertinent tissues. By integrating
physiological parameters, e.g. organ sizes or tissue composition, as well as
transport kinetics, PBPK models can represent the human system/body.

This chapter illustrates at first the general development of the computa-
tional models of human BA metabolism, the data collected from literature
and provided by clinical partners and necessary preparatory steps for this
and their implication on simplifications necessary. In the following sec-
tions, model variants are examined in more detail describing model cali-
bration, validation and predictions derived from the final models. Finally,
results of this chapter are discussed critically summarizing the capabilities
and limitations of the here presented models.

4.1 Model development and data

The computational models of human BA metabolism are constructed on
a physiologically detailed representation of the organism, encompassing
a range of processes including synthesis, hepatic and microbial transfor-
mations, systemic and enterohepatic circulation, and the elimination of
BAs from the system. An diagram outlining the overall structure of the
human model can be seen in figure 4.1. For the creation of this model,
a methodology rooted in PBPK modeling was employed [257]. Within
this framework, the metabolites of BAs represented the molecules circu-
lating in the system. The PBPK model offers a comprehensive depiction
of human physiology by incorporating detailed information regarding or-
gan volumes, tissue composition, organ surface areas, and blood perfusion
rates. These details are established based on prior knowledge [270; 271].
An essential feature of the mechanistic structure of the PBPK model is
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its capability to extend its applicability to novel situations and conditions
[270; 272].

Figure 4.1: Physiologically-based bile acid model. Schematic overview
of a PBPK model of BA biosynthesis via CYP7A1, hepatic and
microbial transformation, active transport processes via BSEP,
ASBT, OST-α/β and NTCP, as well as fecal and renal excretion.
Reactions of BAs are located either in the intracellular space of
the liver or in the intestinal lumen. Reactions colored in white
are present in the human conjugation model, those in black are
considered in the 5BA model.

In order to inform the kinetic parameters of a computational model of BA
metabolism in human, an extensive dataset is needed. To this end, an
exhaustive literature research was conducted and reported BA measure-
ments from 39 studies were collected (Table 4.1. This dataset included
various baseline measurements in venous and portal blood, liver, feces
and bile, but also postprandial responses in blood as well as synthesis,
excretion and flow rates. Addressing variability between measurements
from different studies, effect sizes were synthesized using a meta-analysis
approach applying a Bayesian mixed-effect model with weakly informa-
tive priors [319; 320; 321]. Postprandial responses were each normalized
to the initial fasting time point and scaled to the synthesized basal BA con-
centration in venous blood (Supplementary Figure B.1). Resulting values
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that were used for model establishment are summarized in supplemen-
tary tables B.1-B.8.

Table 4.1: Overview of the literature data set. Shown are the number of
studies that could be found reporting bile acid measurements in
specific organs or for processes. See also supplementary tables
B.1-B.8.

Organ Number of studies

Systemic circulation 18
Portal blood 4

Liver 4
Synthesis rate 5

Renal excretion 4
Feces 2
Bile 1

Intestinal bile flow 2
Single meal studies 5

Multiple meal studies 2

Based on the literature dataset and subsequent meta-analysis, it is possible
to provide a more detailed characterization of the ’healthy’ reference state
for BA metabolism:

• Systemic circulation The baseline BA levels in systemic circulation
were found to be approximately 2.83 µM, with CDCA being the most
abundant BA species. Conjugated BAs accounted for about 61% of
the total, with glycine-conjugates making up approximately 87% of
this fraction. Following food intake, single-meal studies reported
an increase of up to 4.3-fold, while multiple-meal studies showed
increases of up to 6.3-fold (Supplementary Table B.1).

• Liver and portal blood Concentrations in portal blood were re-
ported for CA, CDCA, and DCA, with primary BAs being nearly
twice as abundant as secondary BAs. CA and CDCA together com-
prised about 42% of the total BA pool, approximately 61 µM. Un-
fortunately, information on the conjugation status of BAs in these
organs could not be obtained (Supplementary Tables B.2 and B.3). In
all three organs (systemic circulation, portal blood, and liver), DCA
was the most abundant secondary BA, while LCA and UDCA were
equally abundant.

• Biliary composition Biliary composition of BAs exhibited high vari-
ability, but CAs, CDCAs, and DCAs each comprised approximately
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30% of the BA pool in bile. Glycine-conjugated BAs were more abun-
dant than T-BAs, and uBAs, as well as LCAs and UDCAs, together
accounted for less than 3% (Supplementary Table B.6).

• Intestinal BA flow Basal intestinal BA flow through the SI was high-
est in the duodenum, at 7.44 µmol/min, and decreased along the
gut axis (jejunum: 5.29 µmol/min; ileum: 2.66 µmol/min). In con-
trast, the most significant postprandial increase was observed in the
ileum and diminished towards the duodenum (ileum: 40-fold; je-
junum: 22-fold; duodenum: 9-fold). See also supplementary tables
B.7 and B.8.

It is important to note that while this dataset serves as a comprehensive
foundation for model development, there are both qualitative and quanti-
tative differences among the various BA data points characterizing this
’healthy’ reference state. The BA levels, especially in systemic circula-
tion, have a strong statistical basis and encompass all relevant BA species.
However, data from other organs are based on fewer studies and individ-
uals and only partially cover the BA pool. Additionally, there is limited
information regarding the conjugation status of BAs outside of systemic
circulation.

The models encompass four fundamental transportation mechanisms: (1)
BSEP enables the removal of BAs from the liver to either bile or the duo-
denum. (2) ASBT is responsible for the uptake of BAs from the intesti-
nal lumen. (3) Enterocytes release BAs into the portal bloodstream using
OSTα/β. (4) NTCP facilitates the absorption of BAs from the portal blood-
stream into hepatocytes. Unfortunately, no data on expression of ASBT
and OSTα/β along the gut segments was available. Thus, it was assumed
that ASBT is equally expressed in the small intestine, with no expression
in the large intestine whereas OSTα/β is expressed in both at a constant
level but more strongly in the large intestine. Additionally, in humans
it is possible to observe postprandial responses in BA level and several
studies measuring BA concentration after a meal are available. Therefore,
postprandial dynamics and food intake was included in the models with
varying number of meals per day and different times between meals. For
model establishment, three meals per day with 4 h breaks between meals
(0h-4h-8h) were considered. This is possible as the here used modeling
software provides a function that triggers gallbladder emptying into the
duodenal lumen upon food intake. Parameters defining the kinetics of
the process had to be adjusted to the experimental data but was restricted
within physiological reasonable ranges.
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Apart from accounting for the organism’s physiological aspects, crucial
elements of PBPK models also encompass physicochemical attributes like
molecular weight, solubility, lipophilicity, and the binding to plasma pro-
teins [257]. These characteristics play a pivotal role in determining the
distribution between organs and plasma, as well as passive transport,
achieved through appropriate distribution models. In the context of
PBPK models related to BA metabolism, the physicochemical properties of
glyco-conjugated forms (Table 4.2) or of CDCA (Table 4.3) were employed
to establish the compound attributes within the PBPK model designed for
small molecules.

Table 4.2: Physicochemical properties of bile acids used. Overview of
physicochemical properties and their source that were used to
inform compound specific parameters in the PBPK model. For
the total BA (total CA: tCA, total CDCA: tCDCA, total UDCA:
tUDCA, total DCA: tDCA, total LCA: tLCA) the corresponding
physicochemical values of the glyco-conjugated form (G-BA)
were taken.

BA species Property Value Source

tCA MW [g/mol] 465.6 PubChem Identifier: CID 6675
tCA Solubility [g/l] 0.025 ALOGPS (HMDB [277]
tCA logP 0.07 Heuman et al. [278]
tCA pKa (acidic) 3.77 ChemAxon (HMDB [277])
tCA pKa (basic) -0.17 ChemAxon (HMDB [277])
tCA FU 0.3247 Predicted [279]

tCDCA MW [g/mol] 449.6 PubChem Identifier: CID 387316
tCDCA Solubility [g/l] 0.0079 ALOGPS (HMDB [277])
tCDCA logP 0.51 Heuman et al. [278]
tCDCA pKa (acidic) 3.77 ChemAxon (HMDB [277])
tCDCA pKa (basic) -0.29 ChemAxon (HMDB [277])
tCDCA FU 0.0966 Predicted [279]

tUDCA MW [g/mol] 449.6 PubChem Identifier: CID
tUDCA Solubility [g/l] 0.00135 ALOGPS (HMDB [277])
tUDCA logP -0.89 Heuman et al. [278]
tUDCA pKa (acidic) 3.77 ChemAxon (HMDB [277])
tUDCA pKa (basic) -0.49 ChemAxon (HMDB [277])
tUDCA FU 0.0966 Predicted [279]
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Continuation of table 4.2

BA species Property Value Source

tDCA MW [g/mol] 449.6 PubChem Identifier: CID 2733768
tDCA Solubility [g/l] 0.072 ALOGPS (HMDB [277])
tDCA logP 0.65 Heuman et al. [278]
tDCA pKa (acidic) 3.29 ChemAxon (HMDB [277])
tDCA pKa (basic) -0.61 ChemAxon (HMDB [277])
tDCA FU 0.0965 Predicted [279]

tLCA MW [g/mol] 433.6 PubChem Identifier: CID 439763
tLCA Solubility [g/l] 0.0015 ALOGPS (HMDB [277])
tLCA logP 1.05 Heuman et al. [278]
tLCA pKa (acidic) 3.77 ChemAxon (HMDB [277])
tLCA pKa (basic) -1.1 ChemAxon (HMDB [277])
tLCA FU 0.0682 Predicted [279]

Table 4.3: Physicochemical properties of bile acids used. Overview of
physicochemical properties and their source that were used
to inform compound specific parameters in the PBPK model.
For the conjugated and unconjugated BAs the corresponding
physicochemical values of CDCA were taken (glyco-conjugated
BA: G-BA, tauro-conjugated BA: T-BA, unconjugated BA: uBA)

BA species Property Value Source

G-BA MW [g/mol] 449.6 PubChem Identifier: CID 387316
G-BA Solubility [g/l] 0.0079 ALOGPS (HMDB [277])
G-BA logP 0.51 Heuman et al. [278]
G-BA pKa (acidic) 3.77 ChemAxon (HMDB [277])
G-BA pKa (basic) -0.29 ChemAxon (HMDB [277])
G-BA FU 0.0966 Predicted [279]

T-BA MW [g/mol] 499.7 PubChem Identifier: CID 168408
T-BA Solubility [g/l] 0.00748 ALOGPS (HMDB [277])
T-BA logP 0.46 Heuman et al. [278]
T-BA pkA (acidic) -0.99 ChemAxon (HMDB [277])
T-BA pkA (basic) 0.18 ChemAxon (HMDB [277])
T-BA FU 0.0776 Predicted [279]
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Continuation of table 4.3

BA species Property Value Source

uBA MW 392.6 PubChem Identifier: CID 119473
uBA Solubility [g/l] 0.02 ALOGPS (HMDB [277])
uBA logP 0.59 Heuman et al. [278]
uBA pKa (acidic) 4.6 ChemAxon (HMDB [277])
uBA pKa (basic) -0.54 ChemAxon (HMDB [277])
uBA FU 0.0608 Predicted [279]

Within the human system, the dominant BA species comprise CA, CDCA,
DCA, UDCA, and LCA, with additional small quantities of various sec-
ondary BAs. These BA species can manifest in diverse forms, including
unconjugated BAs, bile salts conjugated with taurine or glycine, and 3’-
sulfated BAs, collectively creating a complex BA pool. Due to the con-
straints imposed by the utilized modeling software, creating a singular
model to encompass the entire intricacy of the BA pool proved compu-
tationally unfeasible. Consequently, two distinct model variations were
separately developed, each addressing specific significant aspects of the
BA pool. The first variant focuses on the cumulative levels of the five
most abundant BA species – CA, CDCA, DCA, UDCA, and LCA – and
is termed the ”5BA model.” The second variant characterizes the conju-
gation patterns of BAs, encompassing glyco- and tauro-conjugated BAs
as well as free/unconjugated BAs, and is named the ”human conjugation
model.”

For each of the model variations, BA synthesis was modeled as a constant
formation rate within the liver’s intracellular compartment. The magni-
tude of this synthesis rate and the rate of renal excretion were guided by
data available in literature (Supplementary Table B.4). While the rate of
fecal excretion was not explicitly provided, the model ensured a state of
equilibrium over an extended period. As a result, the collective rates of ex-
cretion were balanced against the summation of all synthesis rates. These
excretion processes were modeled by either passive transport or active
clearance, depending on the specific process. To achieve system stabil-
ity, the models necessitated simulation spanning several hundred hours
and numerous meal events. Additionally, the models integrated further
transformations within the liver and by microorganisms, dependent on
the chosen model variant, as depicted in figure 4.1. The overall microbial
activity was correlated to the approximated bacterial density as proposed
by Gorkiewicz et al. [322].
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In a next step, the established models were to be applied to analyze BA lev-
els in patients treated with liver transplantation (LTX) or transjugular in-
trahepatic portosystemic shunt (TIPS). Both patient cohorts were collected
at the University Hospital RWTH Aachen including samples of blood, bile
and feces up to 6 months post surgical intervention. Bile acid levels were
measured at the University of Gothenburg and were provided by Theresa
Wirtz. Initial analysis of the available data showed for LTX patients a cu-
rative effect after surgical intervention by reducing average BA levels over
time (Supplementary Figure B.2). Stratification of patients with and with-
out complications showed that this reduction over time was stronger for
patients with any complication event; however, due to the number of pa-
tients without complications and the high variability, no significant differ-
ence could be observed. For patients undergoing TIPS treatment, no cu-
rative effect could be observed on tBA level (Supplementary Figure B.3).
To increase the number of data points per time point, time points were
pooled to describe BA levels before intervention, within one week, within
one month and up to six months post intervention. In order to recapitulate
these various time points post intervention, it was necessary in a first step
to extrapolate the models to the diseased state. Comparing BA levels of
LTX and TIPS patients pre-intervention showed no significant differences
between the cohorts (Supplementary Figure B.4); wherefore, BA levels of
both were pooled to represent concentration in a liver disease state (Sup-
plementary Figure B.5).

Comparisons between healthy reference levels derived from literature and
the measurements within both cohorts showed strongly elevated BA con-
centration in blood plasma of patients with liver disease (Figure 4.2). Av-
erage tBA were elevated 26-fold, with primary BA being increased by up
to 39-fold (tCA: 39, tCDCA: 30), whereas secondary BA showed overall
similar level (tDCA: 2.8, tLCA: 1.1). In contrast, tUDCA were by 73-folds
higher in liver disease patients as this BA is often administered to pre-
vent or delay liver damage. Conjugated BA were much more strongly el-
evated than uBA (Conj-BA: 41, uBA: 2.9) and tauro-conjugates were more
severely altered than glyco-conjugates (T-BA: 106, G-BA: 31).
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Figure 4.2: Comparison of bile acid levels in venous blood plasma, bile

and feces between healthy subjects and liver diseased pa-

tients. Comparison of BA levels in venous blood plasma
(A) and BA composition in bile (B) and feces (C) between
healthy reference subjects (clear bars) and liver diseased pa-
tients (striped bars). Shown are the interquartile ranges (IQR)
of the provided patient data and calculated IQR from literature
data.
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4.2 5BA Model - describing the five most abundant

bile acids

Within the 5BA model, BA metabolism is initiated by synthesis of CA and
CDCA as a constant flow within hepatocytes. Microbial metabolism of
BAs within the gut lumen was modeled as net enzymatic reactions, with
the relative abundance of the corresponding enzymes along the gut corre-
lated to the approximated bacterial density [322]. The included reactions
encompassed dehydroxylation of CA to DCA, and CDCA and UDCA to
LCA, as well as epimerization of CDCA to UDCA. A schematic overview
of the 5BA model is illustrated in figure 4.3.

Figure 4.3: Physiologically-based bile acid model - 5BA model.

Schematic overview of a PBPK model of bile acid biosyn-
thesis via CYP7A1, hepatic and microbial transformation,
active transport processes via BSEP, ASBT, OST-α/β and
NTCP, as well as fecal and renal excretion. Reactions of BAs
are located either in the intracellular space of the liver or in the
intestinal lumen.
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Model calibration and validation to literature data

In a first step, the 5BA model was calibrated to BA measurements collected
from literature. By doing so, the model was able to recapitulate the BA
levels reasonably well (Figure 4.4). A list of final model parameters are
summarized in Supplementary Tables B.9-B.11.

Figure 4.4: 5BA model fit to literature data. Model simulations of bile acid
concentration in human against corresponding data points
used for fitting. Shown are concentration in a fasting state
against data points synthesized by meta-analysis of various
studies published in literature (A), postprandial total BA flows
in the small intestine (B; from top to bottom: duodenum, je-
junum, ileum), as well as postprandial responses of tBA (C) as
well as tCA, tCDCA and tDCA (D, from top to bottom) in ve-
nous blood plasma. Error bars show the SD. In panel A, the
black line represents unity, the gray area the two-fold range
and the dashed lines the five-fold range.

All but one of the baseline measurements in the fasting state (Figure 4.4A)
were predicted within a five-fold range considering the variation within
the data. On the other hand, postprandial flow of tBAs within the small
intestinal lumen was consistently underpredicted by the model but the dy-
namics followed overall the same trend (Figure 4.4B). This was accepted
as sufficient because the corresponding data was collected only from one
individual with no replicates in the 1970s [323] raising concerns regard-
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ing reliability. In contrast, the dynamics of gallbladder emptying and
postprandial BA levels in blood plasma (Figure 4.4C-D) were captured
very well. The magnitude and dynamics of the postprandial responses
were predicted with good accuracy for tBA, tCA and tDCA; however, for
tCDCA the response was overall underpredicted.

Despite the intricacies inherent in the modeled system and the consider-
able scarcity of data, particularly in regions beyond the bloodstream, the
model displayed a robust concurrence between the experimental data and
the outcomes generated through simulation.

In order to evaluate the behavior of the model, a sensitivity analysis was
conducted to determine the impact of the fitted parameters on various BA
concentrations that were derived from literature (Supplementary Tables
B.12-B.16). All assessed BA levels, especially of secondary BA, were sen-
sitive to changes in intestinal pH. Changes in BA synthesis, BSEP activity
and plasma protein concentration had strong effects on BA concentration
in venous and portal blood plasma as well as in the liver. Variation of
the functional liver volume affected mostly BA in liver and venous blood
plasma, the latter also displaying sensitivity towards NTCP activity. Fecal
BA composition was most strongly influenced by parameters related to
microbial activity, ASBT transporter activity and intestinal transit time.

The accuracy and reliability of any computational model rely upon its abil-
ity to replicate real-world observations and experimental data. In this con-
text, the 5BA model was tested against literature data that was withheld
from model calibration including postprandial and fasting tBA flow in the
duodenum [324; 325] and postprandial responses in blood plasma for mul-
tiple meal studies [326; 327]. The comparison of simulated outcomes and
actual, before unseen measurements are displayed in figure 4.5. Similar
to the observations made during model calibration, predictions of duo-
denal tBA flow were too low (Figure 4.5A). Recapitulating postprandial
responses after a second and third meal (Figure 4.5B) yielded BA levels
that were slightly underpredicted, whereas responses after six meals in
1.5 days were too high (Figure 4.5C). This was expected since both of these
studies reported BA levels that were either too high or too low and consid-
ered not compatible with the remaining studies used in this work (Supple-
mentary Figure B.1). While the absolute values of either studies cannot be
explained while also considering the data used for calibration, the general
trend was captured very well.
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Figure 4.5: 5BA model validation to literature data. Model predictions of
duodenal tBA flow (A) and postprandial tBA concentration in
venous blood plasma (B and C) in human against correspond-
ing data points from literature. For postprandial responses,
the model was simulated with 3 meals per day with 3 h be-
tween meals (0-3-6) to recapitulate the data from Dirksen et al.
([326], B) or with 4 meals per day at 0-4.5-9.5-12 h for data from
Al-Khaifi et al. ([327], C) Error bars show the SD and arrows
indicate a meal event.

For a more comprehensive approach to model validation, a population
simulation involving a virtual cohort of 1,000 healthy individuals was exe-
cuted within PK-Sim. The work by Baier et al. [269] already demonstrated
the need for population simulations to adequately address the variability
observed in the data. This cohort exhibited diverse anthropometric at-
tributes, spanning ages from 20 to 60 years and encompassing an equal
sex distribution (50% females). The individuals’ body mass index (BMI)
ranged from 19 to 25 kg/m2. Within the context of this simulation, refer-
ence concentrations for all relevant transporters, enzymes, and gallblad-
der emptying kinetics were varied within a 10% range.
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In this context, a special emphasis was put on postprandial responses of
BAs (in blood) as most data was available that also showed the strong
variability in BA levels. Its results are illustrated in figure 4.6. Similar
to previous results, population level tBA flows in the SI were underpre-
dicted (Figure 4.6A). In contrast, variation in tBA levels in blood plasma
after a meal were captured very well for a single meal (Figure 4.6B, C) and
for multiple meals (Figure 4.6D, E). Despite contending with the intrica-
cies inherent in the modeled system, the limited availability of data, and
the challenge of reconciling conflicting data points, the model exhibited a
commendable level of agreement between the experimental data and the
outcomes generated through simulation.

Figure 4.6: Population simulation of the 5BA model for the prediction

of postprandial responses. Model simulation of postprandial
total BA flows in the small intestine (A; from top to bottom:
duodenum, jejunum, ileum), as well as postprandial responses
of tBA (B, D and E) as well as tCA, tCDCA and tDCA (C, from
top to bottom) in venous blood plasma in a virtual popula-
tion of 1,000 individuals. Shown are the median (thick line),
mean (thin line), IQR (area) as well as the 2.5 and 97.5 per-
centile (dashed lines) of the population simulations. Error bars
show the SD and arrows indicate a meal event.
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Parameter scan for pathophysiological conditions

Following calibration and validation, the constructed computational
model adeptly captured the dynamics of BA metabolism in healthy in-
dividuals across both fasting and postprandial scenarios, displaying con-
cordance with empirical data. As a result of this, the model’s mechanistic
structure renders it suitable for extrapolation to novel scenarios such as
diseased states. In this particular context, the model served as a tool for
analyzing BA measurements in patients with liver disease. The initial step
aimed to detect potential modifications within the established model that
could account for the notably elevated BA levels observed within this spe-
cific patient group.

The outcomes of the sensitivity analysis highlighted that the concentra-
tion of BAs in venous blood plasma (Supplementary Table B.14), as well
as their composition in bile (Supplementary Table B.16) and feces (Sup-
plementary Table B.15), were primarily influenced by factors including
plasma protein concentration, functional liver volume, intestinal pH, mi-
crobial activity, and the expression levels of the transporters NTCP, BSEP,
ASBT, and OSTα/β. By varying these parameters within a physiologically
reasonable range (Supplementary Figure B.6-B.13), the analysis revealed
that only the reduction in plasma protein levels, the functional liver vol-
ume, and NTCP expression could induce the necessary elevation in BA
concentration (Figure 4.7). This result was consistent for all assessed BA
species (Supplementary Figures B.6, B.13 and B.7).

Figure 4.7: Parameter scan for extrapolation of the 5BA model to liver

diseased patients. Continued on the next page.
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Figure 4.7: Parameter scan for extrapolation of the 5BA model to liver

diseased patients. Parameters identified by sensitivity anal-
ysis and filtered for strong effect on bile acid level in venous
blood plasma were scanned to see if the model can recapitulate
the high bile acid levels in blood observed in liver diseased pa-
tients (A, shown is IQR of total bile acid concentration). Only
variation of plasma protein concentration (B), functional liver
volume (C) and relative NTCP expression (D) could alter the
model predictions enough to reflect the strongly elevated bile
acid levels. For reference, vertical dashed lines indicate the pa-
rameter value in the healthy reference model and horizontal
dotted line shows blood bile acid level in the healthy reference
model. See also supplemental figures B.6-B.13.

It is noteworthy that while diminished plasma protein concentration and
reduced functional liver volume are anticipated outcomes in liver diseased
patients, the downregulation of NTCP expression is not a topic widely
discussed within the existing literature.

To further demonstrate the capabilities of the model established here,
the prediction of BA concentrations was extended to organs that were
not sampled within the patient cohort (Supplementary Figures B.14-B.16).
Specifically, these organs include the portal blood, liver, SI and LI tissue,
as well as gut content. This predictive assessment was conducted using
the same parameter scan methodology detailed earlier.

These organs typically present challenges for routine clinical assessment
due to ethical and practical considerations, while measurements in blood
typically encounter fewer obstacles. However, whether variations in
blood BA levels accurately reflect those occurring within internal organs
remains unclear. To address this uncertainty, the predictions of BA concen-
trations in these organs were compared to their corresponding predictions
in (venous) blood plasma for a range of parameter values (Table 4.4).



4.2 5BA Model 117

Table 4.4: Changes of BAs level in unobserved organs for parameter

scans within the 5BA model. Changes in bile acid levels in
unobserved organs, namely portal blood, liver, small and large
intestinal tissue and gut content, for varying parameters identi-
fied by sensitivity analysis were compared to the same changes
in venous blood plasma. Similar trend in fold changes are de-
noted with ∼, and if additionally | log2 FCorgan/FCblood| < 2 as
=, and divergent responses to parameter variation with ̸=. See
also supplemental figures B.14-B.16.

Parameter Portal blood Liver SI Tissue LI Tissue Gut content

Plasma protein concentration = = ̸= = ̸=
Functional liver volume ∼ ∼ ̸= ∼ ̸=
NTCP expression = ̸= ̸= ̸= ̸=
BSEP expression = ̸= ∼ = ̸=
ASBT expression = ̸= ∼ = ̸=
OSTα/β expression = ̸= ̸= ̸= ∼
Intestinal pH = ∼ ∼ ∼ ∼
Microbial activity = = = = =

The alterations observed in the gut content exhibited the greatest dissimi-
larity compared to those detected in the bloodstream. Notably, the varia-
tions within the portal blood closely mirrored the changes observed in the
systemic blood (gut content < SI tissue < liver < LI tissue < portal blood).
Modifications in microbial activity and intestinal pH had a congruent im-
pact on BA levels across the body, although the latter’s effect was compar-
atively milder. Conversely, fluctuations in OSTα/β expression generally
yielded distinct BA changes within the internal organs, apart from the in-
testinal lumen. Notably, variations in both BSEP and ASBT expression led
to differential behavior within the liver and gut content. The parameters
identified as potential contributors to liver disease, namely NTCP expres-
sion, functional liver volume, and plasma protein concentration, predom-
inantly influenced BA changes in divergent ways. Notably, only the latter
exhibited significant alignment in terms of BA changes across the portal
blood, liver, and LI tissue.

In conclusion, the variation in microbial activity generated the most
comparable responses, whereas shifts in NTCP and OSTα/β expression
elicited the most dissimilar effects on BA levels in systemic blood com-
pared to those within internal organs (NTCP < functional liver volume,
and OSTα/β < BSEP, and ASBT < plasma protein concentration, and in-
testinal pH < microbial activity).
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4.3 Human Conjugation Model - describing the con-

jugation status of bile acids

Within the (human) conjugation model, BA metabolism is initiated by
synthesis of uBA as a constant flow within hepatocytes. Subsequent to
synthesis, uBA are conjugated with either glycine or taurine by BSH to
form G-BA or T-BA, respectively. Microbial metabolism of BAs within
the gut lumen was modeled as net enzymatic reactions, with the rela-
tive abundance of the corresponding enzymes along the gut correlated to
the approximated bacterial density [322]. The included reactions encom-
passed deconjugation of both T-BAs and G-BAs to unconjugated BAs. A
schematic overview of the conjugation model is illustrated in figure 4.8.

Figure 4.8: Physiologically-based bile acid model - human conjugation

model. Schematic overview of a PBPK model of bile acid
biosynthesis via CYP7A1, hepatic and microbial transforma-
tion, active transport processes via BSEP, ASBT, OST-α/β and
NTCP, as well as fecal and renal excretion. Reactions of BAs
are located either in the intracellular space of the liver or in the
intestinal lumen.
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Model calibration and validation to literature data

As an initial step, the (human) conjugation model underwent calibration
using BA measurements obtained from relevant literature sources. This
calibration process effectively allowed the model to reasonably replicate
the observed BA levels, as indicated by the convergence of simulated and
actual data (Figure 4.9). The parameters that underpinned the finalized
model configuration are summarized in supplementary tables B.17-B.18.

Figure 4.9: Human conjugation model fit to literature data. Model simu-
lations of bile acid concentration in human against correspond-
ing data points used for fitting. Shown are concentration in a
fasting state against data points synthesized by meta-analysis
of various studies published in literature (A), postprandial to-
tal BA flows in the small intestine (B; from top to bottom: duo-
denum, jejunum, ileum), as well as postprandial responses of
tBA (C) as well as conjugated and unconjugated BA and glyco-
and tauro-conjugated BA (D, from top to bottom) in venous
blood plasma. Error bars show the SD. In panel A, the black
line represents unity, the gray area the two-fold range and the
dashed lines the five-fold range.

Regarding the baseline measurements during fasting conditions (Figure
4.9A), all but two instances fell within a five-fold range when accounting
for the inherent variability within the dataset. Conversely, during the post-
prandial state, the model exhibited an initial overprediction of the flow of
tBAs within the duodenal lumen; however, it aptly captured the dynam-
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ics at later time points (Figure 4.9B, upper panel). The model’s predictions
for tBA flow within the jejunum (Figure 4.9B, middle panel) and ileum
(Figure 4.9B, lower panel) showcased reasonable accuracy. This was con-
sidered acceptable, given that the corresponding data originated from a
solitary individual without replicates in the 1970s [323], which inherently
raises concerns regarding its reliability. In contrast, the model remarkably
captured the dynamics of gallbladder emptying and the postprandial BA
levels in blood plasma (Figure 4.9C-D). The magnitude and patterns of
the postprandial responses were accurately predicted for all the various
BA species. In light of the complexities within the modeled system and
the limitations stemming from insufficient data, particularly concerning
regions beyond the bloodstream, the model exhibited a robust alignment
between the experimental data and the simulation results.

In order to evaluate the behavior of the model, a sensitivity analysis was
conducted to determine the impact of the fitted parameters on various BA
concentrations that were derived from literature (Supplementary Tables
B.19-B.23). All assessed BA levels were sensitive to changes in intestinal
pH. Modifications in BA synthesis, BSEP activity, and plasma protein con-
centration wielded significant impacts on the concentration of BAs in both
venous and portal blood plasma, as well as within the liver. The levels of
BAs within the liver exhibited pronounced susceptibility to changes in the
expression of BSEP, ASBT, and OSTα/β, along with variations in the func-
tional volumes of the liver and the SI. On the other hand, fluctuations in
NTCP expression, plasma protein concentration, and the volumes of the
liver and SI exerted strong influences on the BA concentrations within the
bloodstream. When considering fecal BA composition, it became evident
that parameters tied to the activity of the transporters ASBT, OSTα/β, and
BSEP, in conjunction with enzymatic reactions involving BAAT (uBAs),
BSH (cBAs), and BA synthesis, as well as changes in the rate of intestinal
transit, and the volumes of the SI and LI, played pivotal roles in shaping
the composition of fecal BAs.

The fidelity and dependability of any computational model rest upon its
capability to faithfully replicate real-world observations and empirical
data. In this context, the conjugation model underwent testing against
literature data that had been withheld from the model calibration pro-
cess. This encompassed assessments of postprandial and fasting tBA
flow within the duodenum [324; 325], as well as postprandial responses
in blood plasma from multiple meal studies [326; 327]. The comparison
between the outcomes generated by simulation and the actual measure-
ments is showcased in figure 4.10.
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In contrast to the findings from model calibration, predictions pertaining
to duodenal tBA flow were notably lower than the observed values (Fig-
ure 4.10A). When simulating postprandial responses after a second and
third meal (Figure 4.10B), the resulting BA levels were slightly underes-
timated and exhibited a time delay. Conversely, responses following six
meals within a span of 1.5 days were overestimated (Figure 4.10C). These
disparities were anticipated, given that both of these studies reported BA
levels that were not aligned with the remaining studies employed in this
work (Supplementary Figure B.1). Although the absolute values of these
studies are in disagreement with the calibration data, the general trends
were closely captured by the model.

Figure 4.10: Human conjugation model validation to literature data.

Model predictions of duodenal tBA flow (A) and postpran-
dial tBA concentration in venous blood plasma (B and C)
in human against corresponding data points from literature.
For postprandial responses, the model was simulated with 3
meals per day with 3 h between meals (0-3-6) to recapitulate
the data from Dirksen et al. ([326], B) or with 4 meals per day
at 0-4.5-9.5-12 h for data from Al-Khaifi et al. ([327], C). Error
bars show the SD and arrows indicate a meal event.
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To achieve a more thorough model validation, a population simulation
was conducted using PK-Sim, involving a virtual cohort comprising 1,000
healthy individuals. This cohort showcased a wide array of anthropomet-
ric characteristics, with ages spanning from 20 to 60 years, and an equal
distribution between sexes (50% females). The individuals’ BMI spanned
from 19 to 25 kg/m2. Within the framework of this simulation, reference
concentrations associated with all pertinent transporters, enzymes, and
gallbladder emptying kinetics were subjected to variations within a 10%
range.

This analysis placed particular emphasis on the postprandial responses of
BA (in blood), and the findings are visually presented in figure 4.11. Con-
sistent with previous observations, the population-level tBA flows within
the duodenum were predicted to be higher than the actual values (Figure
4.11A, upper panel). In contrast, predictions for tBA flow in the jejunum

Figure 4.11: Population simulation of the human conjugation model for

the prediction of postprandial responses. Model simulation
of postprandial total BA flows in the small intestine (A; from
top to bottom: duodenum, jejunum, ileum), as well as post-
prandial responses of tBA (B, D and E) as well as conjugated
and unconjugated BA and glyco- and tauro-conjugated BA
(C, from top to bottom) in venous blood plasma in a virtual
population of 1,000 individuals. Shown are the median (thick
line), mean (thin line), IQR (area) as well as the 2.5 and 97.5
percentile (dashed lines) of the population simulations. Error
bars show the SD and arrows indicate a meal event.
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and ileum demonstrated better alignment with the observed data (Figure
4.11A, middle and lower panel). Conversely, the model adeptly captured
the variation in tBA levels within blood plasma following a meal, display-
ing a strong match for both single meals (Figure 4.11B, C) and multiple
meals (Figure 4.11D, E). However, these predictions tended to lie toward
the upper limit of the experimental data.

Despite grappling with the intricacies inherent in the modeled system,
contending with limited data availability, and navigating the challenge of
reconciling conflicting data points, the model exhibited an acceptable level
of agreement between the experimental data and the simulation results.

Parameter scan for pathophysiological conditions

Upon successful calibration and validation, the developed computational
model adeptly captured the intricate dynamics of human BA metabolism
in both fasting and postprandial scenarios, consistently demonstrating
alignment with empirical data. Consequently, owing to its mechanistic
foundation, the model holds promise for extrapolating to novel scenar-
ios, including diseased conditions. In this specific context, the model was
applied for assessing BA measurements in individuals afflicted with liver
disease. The initial phase of this assessment aimed to identify potential
changes within the established model that could explain the notably ele-
vated levels of BAs observed within this particular patient cohort.

The outcomes of the sensitivity analysis suggested potential factors influ-
encing the concentrations of BAs in venous blood plasma (Supplemen-
tary Table B.21), as well as their compositions in bile (Supplementary Ta-
ble B.23) and feces (Supplementary Table B.22). These influencing fac-
tors encompassed elements such as plasma protein concentration, func-
tional liver volume, intestinal pH, microbial activity, and the expression
levels of pivotal transporters including NTCP, BSEP, ASBT, and OSTα/β.
By subjecting these parameters to controlled variations within a reason-
able range (Supplementary Figure B.17-B.25), the analysis unveiled that
only the reduction of plasma protein levels, functional liver volume, and
NTCP expression could drive the required elevation in BA concentration
(Figure 4.12), as already shown for the 5BA model. This result was con-
sistent for all assessed BA species for variation in functional liver volume;
however, lowering NTCP expression and plasma protein concentration af-
fected mostly T-BA and uBA level.
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Figure 4.12: Parameter scan for extrapolation of the human conjugation

model to liver diseased patients. Parameters identified by
sensitivity analysis and filtered for strong effect on BA level
in venous blood plasma were scanned to see if the model
can recapituale the high BA levels in blood observed in liver
diseased patients (A, shown is IQR of total BA level). Only
variation of plasma protein concentration (B), functional liver
volume (C) and relative NTCP expression (D) could alter the
model predictions enough to reflect the strongly elevated BA
levels. For reference, vertical dashed lines indicate the param-
eter value in the healthy reference model and horizontal dot-
ted line shows blood BA level in the healthy reference model.
See also supplemental figures B.17-B.25.

To further underscore the model’s capabilities established in this study,
the prediction of BA concentrations was expanded to encompass organs
that were not sampled within the patient cohort (Supplementary Figures
B.26-B.28). Specifically, these organs comprise the portal blood, liver, small
intestine (SI) and large intestine (LI) tissue, along with the gut content.
This predictive assessment was executed using the identical parameter
scan methodology as outlined earlier.

These organs often pose challenges when considering routine clinical as-
sessment, mainly due to ethical and practical constraints. In contrast, ob-
taining measurements from blood encounters fewer obstacles. Nonethe-
less, whether fluctuations in blood BA levels faithfully mirror those within
internal organs remains a subject of uncertainty. To address this ambi-
guity, the model’s predictions of BA concentrations within these organs
were compared against the corresponding predictions in (venous) blood
plasma, employing a range of parameter values (Table 4.5).
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Table 4.5: Changes of BAs level in unobserved organs for parameter

scans within the human conjugation model. Changes in
BA levels in unobserved organs, namely portal blood, liver,
small and large intestinal tissue and gut content, for vary-
ing parameters identified by sensitivity analysis were com-
pared to the same changes in venous blood plasma. HSimilar
trend in fold changes are denoted with ∼, and if additionally
| log2 FCorgan/FCblood| < 2 as =, and divergent responses to pa-
rameter variation with ̸=. See also supplemental figures B.26-
B.28.

Parameter Portal blood Liver SI Tissue LI Tissue Gut content

Plasma protein concentration ∼ = ̸= ∼ ̸=
Functional liver volume ∼ ∼ ̸= ∼ ̸=
NTCP expression ∼ ̸= ̸= = ̸=
BSEP expression = ̸= ∼ = ̸=
BAAT activity = = ∼ ̸= ̸=
ASBT expression ∼ ∼ ∼ ∼ ≠
OSTα/β expression = ̸= ̸= ̸= ̸=
Intestinal pH = = = = =
Microbial activity = = = = =

The deviations observed in the composition of gut content stood out as the
most pronounced disparities compared to the alterations detected in the
bloodstream. Notably, the fluctuations observed within the portal blood
closely mirrored the changes seen in the systemic blood (gut content < SI
tissue < LI tissue < liver < portal blood). Adjustments in microbial activ-
ity and intestinal pH exhibited a coherent impact on BA levels throughout
the body. Conversely, variations in OSTα/β expression generally gave rise
to distinct BA changes within the internal organs. The parameters identi-
fied as potential contributors to liver disease – namely, NTCP expression,
functional liver volume, and plasma protein concentration – primarily in-
fluenced BA alterations in divergent ways. It’s worth noting that only the
latter parameter exhibited noteworthy alignment in terms of BA changes
across the portal blood, liver, and LI tissue.

In summary, the variations in microbial activity and intestinal pH yielded
the most comparable responses, whereas shifts in NTCP and OSTα/β ex-
pression resulted in the most disparate effects on BA levels in systemic
blood when compared to those within internal organs (OSTα/β < NTCP,
and functional liver volume < ASBT, and plasma protein concentration <
BSEP, and BAAT < microbial activity, and intestinal pH).
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4.4 Discussion of physiologically-based models of

human bile acid metabolism

This work focused on the construction of physiologically-based models of
BA metabolism in humans. Owing to technical constraints, the complex-
ity of the model needed to be streamlined, leading to the development
of specialized model variants that capture specific facets of the intricate
BA pool. In this regard, one model variant - the 5BA model - centers on
quantifying BA levels for the five most predominant BAs — CA, CDCA,
DCA, LCA, and UDCA — while the other variant - the human conju-
gation model - characterizes BA conjugation status, discerning between
glyco- and tauro-conjugated as well as unconjugated BAs. These models
encompass a range of fundamental processes, such as systemic circula-
tion, synthesis, hepatic and microbial conversions, gallbladder emptying
in response to meals, and excretion via feces and urine.

To ensure the precision of the models, they were established and validated
carefully using a dataset compiled from 39 published studies character-
izing the ”healthy” reference. This comprehensive dataset encompasses
a diverse array of information, ranging from various baseline measure-
ments in venous and portal blood, liver, feces, and bile, to postprandial
responses in blood and the SI, as well as synthesis, excretion, and flow
rates. Despite the incorporation of numerous studies and the availability
of many data points for model development, challenges arose due to data
scarcity and the need to reconcile different study findings. Most studies
reporting BA measurements focused on a specific type of investigation,
namely postprandial responses in blood plasma within a four hour time
frame post-meal. While this enhances confidence in this particular dataset,
information regarding BA levels in other organs is markedly limited, and
their reliability remains uncertain.

This limitation was particularly evident in data regarding postprandial BA
flow within the SI, measured in either seven [324], three [325], or even a
single individual [323], raising valid concerns about statistical robustness.
Due to ethical constraints, sampling internal organs from healthy sub-
jects is infeasible. Consequently, data from patients undergoing surgery
for diseases not directly related to BA metabolism had to be used. Por-
tal vein measurements were obtainable from studies in patients undergo-
ing elective cholecystectomy [328; 329; 330; 331]. Hepatic BA levels were
informed by liver studies in cancer patients who underwent laparotomy
[332; 333; 334]. While this approach provided the only means of inform-
ing BA concentration outside of systemic blood circulation, the question
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remains whether these measurements accurately represent the ”healthy”
context. Furthermore, only two studies involving multiple meals were
identified, and these studies could not be harmonized with the plethora of
single meal studies. Dirksen et al.’s study [326] reported postprandial re-
sponses for three meals, with the first meal showing no notable increase in
blood BA levels. This was attributed to a systematic measurement error,
prompting the exclusion of initial time points in this study. The second
and third responses exhibited more reasonable dynamics overall, albeit
reported levels were notably high. Conversely, the five meal study by
Al-Khaifi et al. [327] reported consistent BA levels within the study, sup-
ported by robust statistics involving 73 individuals. However, when com-
pared to other studies, the postprandial dynamics in this case remained
relatively mild. Despite these limitations, both model variants captured
the literature data reasonably well.

Bile acids stand out as endogenous metabolites characterized by signif-
icant inter- and intra-individual variability [13; 14; 15]. This variability
is noticeable in both fasting and postprandial states; however, the lat-
ter illustrates this particularly pronounced. To address this complexity
at least in part, a meta-analysis of various studies was conducted to es-
timate variations between studies and within the population. Further-
more, a more in-depth exploration of the variability in BA metabolism
was achieved through population simulation, a robust approach for un-
raveling the multifaceted behaviors of intricate biological and physiologi-
cal systems. This simulation enabled the models to closely align with the
distribution patterns of reported data, particularly in the context of post-
prandial responses in the blood stream. Collectively, these outcomes serve
as compelling evidence of the models’ high quality, instilling confidence
in their suitability for subsequent analyses and predictions.

Due to their underlying mechanistic framework, the models exhibit the
potential for extrapolation to unknown conditions, encompassing scenar-
ios marked by disease. Within this context, both model variants were uti-
lized to predict potential mechanisms elucidating the observed BA mea-
surements in patients afflicted with liver disease. This patient group was
combined from two cohorts distinguished by their surgical interventions
— LTX and TIPS. Intriguingly, no significant distinctions could be iden-
tified in the pre-intervention time points between these cohorts. In the
TIPS cohort, blood plasma and fecal samples were collected, and addi-
tional bile samples were accessible for LTX patients. However, due to
the inherent structure of models within the OSP suite, fecal and bile data
could solely be employed in a relative manner. When contrasting the com-
position of BAs in feces and bile between subjects with liver disease and
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”healthy” individuals, no significant distinctions emerged. Conversely,
the concentration of BAs in blood exhibited a marked elevation within
the patient cohort. Model predictions from either variant concurred in in-
dicating that only reductions in plasma protein concentration, functional
liver volume, and NTCP expression were able to generate the observed
elevation of BA in the blood stream. This is a strong indication for the
robustness of the predictions and increases confidence in the both mod-
els. Noteworthy, the downregulation of NTCP expression as a factor in-
fluencing BA levels in liver disease is not commonly discussed within ex-
isting literature - but has been recently reported in chronic liver disease
in human and mice [335] - contrasting with the predictable outcomes of
decreased plasma protein concentration and diminished functional liver
volume — a well-anticipated consequence in liver disease. These results
illustrate the models’ potential to shed light upon the intricate interplay
between pathophysiological alterations, inclusive of physiological or ex-
pressional changes, alongside the perturbation of microbial homeostasis,
and BA metabolism.

Due to the intricate nature of the mechanisms governing BA metabolism,
several computational models have been developed to encapsulate these
complexities. Although numerous models for the human system have
been proposed, each comes with its own limitations and none can com-
prehensively encompass the entire spectrum of BA metabolism complexi-
ties. The most comprehensive representation of the BA pool can be found
in the work of Sips et al. [265]. This model includes a wide range of BA
species, i.e. CA, CDCA, DCA, LCA, UDCA, as well as ”other” BAs, includ-
ing their various conjugated, unconjugated, and sulfated forms. Notably,
this model focuses on modeling intestinal transit with temporal and spa-
tial heterogeneity, allowing for more accurate predictions of the impact of
diet on BA metabolism. The model by Voronova et al. [263] extends previ-
ous models by Hofmann et al. [258; 259] and Molino et al. [260], being the
sole model that considers regulation through the FXR-FGF19 axis. How-
ever, it is limited to only three BA species - CA, CDCA, and DCA - along
with their conjugated forms. While this model’s feedback regulation en-
hances predictions, its narrow BA pool restricts its applicability in clinical
scenarios where LCA and UDCA levels hold greater significance. More
simplified BA pools are seen in the models by Guiastrennec et al. [264] and
Woodhead et al. [268], tailored for specific purposes - studying meal ef-
fects on total BAs distribution and modeling of drug-induced liver injury,
respectively. However, their specialized focus limits their usefulness be-
yond their intended applications. Another model, developed by de Bruijin
et al. [266; 267], incorporates G-CA, G-CDCA, G-DCA as well uBAs, yet
it overlooks tauro-conjugated forms. This model utilizes separate models
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for different BA species, assuming almost instantaneous conjugation and
deconjugation rates. Such simplifications may introduce bias in predic-
tions and mask nonlinear interactions between BA species. While many
parameters in this study were experimentally determined, the absence of
modeling active transport via OSTα/β due to lack of measurement ren-
ders the model incomplete. In general, the aforementioned models typ-
ically incorporate only a limited number of compartments, often lacking
sub-compartments. These are also derived from physiological concepts
rather than utilizing a comprehensive physiologically-based representa-
tion of the entire body, as done in this study. Moreover, this wholistic rep-
resentation is based on pre-existing knowledge and does not require addi-
tional parametrization of physiological parameters. Notably, among these
models, only the one proposed by Sips et al. [265] encompasses UDCA.
This is usually sufficient under physiological circumstances; however, in
cases of cholestatic liver disease, UDCA administration is a common ap-
proach [336; 337]. Likewise, LCA, a potentially toxic secondary BA associ-
ated with cholestatic conditions, is accounted for only in the works by Sips
et al. [265] and Woodhead et al. [268]. Models excluding these secondary
BAs might introduce biases when applied to such conditions.

In this thesis, two distinct model variations were developed due to tech-
nical limitations. This enabled an exploration of diverse facets within the
BA pool. The human conjugation model can account for the heightened
solubility and polarity exhibited by BAs when conjugated with glycine or
taurine. Consequently, it offers a more precise representation of passive
diffusion. Conjugated BAs, characterized by their high polarity, neces-
sitate active transporters for passage, while unconjugated BAs can more
readily traverse cell membranes and be reabsorbed by the intestine. Con-
versely, the 5BA model portrays the diversity within the BA pool more
closely. It discriminates between primary and secondary BAs and en-
compasses clinically significant BAs, such as the cytotoxic LCA and the
therapeutically-relevant UDCA. In qualitative terms, both model variants
performed equally well during the development process. However, the
human conjugation model recapitulated postprandial BA flow in the in-
testine more closely. Both variants concurred in its predictions regarding
patients with liver diseases.

In summary, this work highlighted the models’ capacity in predicting BA
levels and their composition across the entirety of the body. This includes
anatomical locations that pose practical and ethical challenges for access,
such as the liver or portal blood, all within the context of both physiologi-
cal and pathophysiological conditions.
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Limitation of the models

In further analyses, the physiologically-based models might undergo
structural refinements aimed at addressing inherent limitations. The cur-
rent rendition of the computational models encompasses solely the most
prevalent BA species, overlooking the inclusion of sulfated and less com-
mon secondary BAs. Consequently, the models are unable to encompass
the full intricacies of the complex BA pool, which could potentially intro-
duce a systemic bias in predictions due to differing kinetics among var-
ious BA species [9]. The most pronounced limitation lies in the scarcity
of available data. Particularly within the gut, there exists only little in-
formation pertaining to BA levels and microbial density. Therefore, any
predictions regarding intestinal BAs should be handled with utmost cau-
tion. Notwithstanding these constraints, the models adeptly recreated BA
composition and levels across the entirety of the body, accurately captur-
ing inter-individual variability in postprandial responses.
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Bile acids occupy an important role within a multitude of physiologi-
cal processes. They have captured substantial attention in the scientific
community due to their multifaceted functions, encompassing roles from
facilitating the digestion and absorption of dietary fats to orchestrating
signaling cascades that govern metabolic pathways and gene expression.
The reach of BAs extends across a diverse spectrum of physiological and
pathological contexts. They have been implicated in an array of condi-
tions, spanning metabolic disorders, liver diseases, inflammatory bowel
diseases, and more. The intricate interplay of BAs with a wide array of
physiological systems underscores their importance in maintaining over-
all health, thereby prompting in-depth investigations into their intricate
behaviors. However, studies of BAs encounter various challenges owing
to the inherent intricacies of the system. Bile acid metabolism navigates
through a complex network of interconnected pathways that span multi-
ple organs, tissues, and cellular processes. This dynamic interplay is in-
fluenced by an abundance of factors, encompassing genetics, enzymatic
reactions, transporters, gut microbiota, and dietary influences. Complex-
ity is even further increased, as the BA pool consists of a mix of various
different BA species, each with their distinct physico-chemical properties
and metabolic behaviors.

The application of computational modeling has emerged as a valuable
strategy for untangling the intricate facets of BA metabolism and its rami-
fications on health and disease. In alignment with this objective, this study
has undertaken the development and presentation of physiologically-
based models describing BA metabolism both in mice and humans. The
careful construction and validation of these models against existing data,
coupled with the exploration of initial predictions, underscore their poten-
tial as a framework for further investigations into BA metabolism, aiding
in the generation of insights into its dynamics across species and shedding
light on its implications for health and disease states.

These models encompass fundamental processes of BA metabolism such
as synthesis, hepatic and microbial conversions, circulation throughout
the body, enterohepatic (re-)circulation, and renal and fecal excretion.
Within the human context, gallbladder emptying in response to a meal
could be included as well; therefore, enabling postprandial responses in
BA level. Due to technical limitations, the models’ complexity were sim-
plified, leading to specialized model variants that capture specific aspects
of the intricate BA pool. One variant quantifies the levels of the predomi-
nant BAs (human: 5BA model; mouse: 6BA model), while the other char-
acterizes conjugation status (human/murine conjugation model).
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Because of the intricate complexities involved in regulating BA
metabolism, various computational models have been created to repre-
sent these intricacies. While there have been numerous models proposed
for the human system, each one is associated with its unique set of con-
straints and shortcomings. In contrast to this work, the published models
were not based on preexisting knowledge; thus, physiological parameters
needed to be derived de novo. All model parameters in this study are as-
sociated with specific physiological functions and do not merely describe
processes empirically; therefore, enabling extrapolation to new scenarios.
Consequently, the models introduced in this study possess the capabil-
ity to describe BA levels across the whole body, making them well-suited
for predicting outcomes in clinically significant contexts. Importantly, it’s
worth noting that all previously published models focused on describing
BA metabolism within the human system. The here developed model of
murine BA metabolism marks the first publicly available model dedicated
to mice.

Mouse models The murine models were carefully established and vali-
dated using data from both male and female SPF mice, thereby address-
ing sex differences in BA concentration and composition. The models
were able to predict BA levels in GF mice by excluding microbial pro-
cesses. Incorporating additional physiological information resulted in var-
ied predictions, indicating model refinement potential. Introducing fur-
ther changes to the system only improved replicated BA composition and
levels when these were not confined to those reported in literature. These
models demonstrated the ability to predict outcomes in disease contexts
and across-species. Exploring the effects of BA malabsorption and intesti-
nal barrier impairment on BA metabolism, the models’ capacity for extrap-
olation was illustrated, particularly for understanding BA metabolism in
diseases. As a first indication of species differences, the models also esti-
mated that the murine BA pool is recycled less frequently than in humans.
In summary, the presented models robustly predicted BA levels and be-
haviors, providing insights into complex interactions of BA metabolism.
The models’ limitations can be found in focusing on prevalent BAs and
the exclusion of the gallbladder. Nevertheless, the models can be applied
in model-assisted investigations of BA metabolism in prospective studies
and in assessments of differences across species.

Human models The human models were carefully established and val-
idated using data from 39 studies from literature. However, challenges
arose due to data scarcity and reconciling different findings. Studies
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mostly focused on postprandial blood measurements within a limited
time frame, leading to limited knowledge of BA levels in other organs. De-
spite these limitations, both model variants captured literature data well.
Bile acid concentration exhibit significant variability between and within
individuals. A meta-analysis and population simulation were conducted
to estimate variations, resulting in models aligning closely with reported
data. The models’ mechanistic framework allows extrapolation to un-
known conditions, including disease scenarios. The models were used
to predict mechanisms underlying observed BA measurements in liver
disease patients, indicating potential interactions between pathophysio-
logical alterations, expression changes, and BA metabolism. In conclu-
sion, this study demonstrates the models’ capability to predict BA levels
and composition across the body, even in challenging-to-access locations.
While the models have limitations, such as focusing on prevalent BAs and
data scarcity, they accurately capture BA dynamics and variability, making
them valuable tools for understanding complex BA metabolism.

Outlook and future work Prospective studies employing the models
presented herein could potentially lead to structural refinements. Both
human and murine models would gain advantages from incorporating
feedback regulation, particularly emphasizing FXR signaling, which holds
a pivotal role in BA homeostasis (as previously discussed). This regula-
tory pathway oversees the synthesis of BAs as well as the expression of
transporters. Integration of this regulatory axis would yield more intri-
cate predictions, particularly in scenarios involving cholestatic conditions.
Additionally, it would facilitate predictions of therapeutic impacts when
targeting components of this signaling cascade. Including this regulatory
mechanism would further allow for a more comprehensive representation
of the complex BA pool and the nuanced nonlinear interactions. Bile acid-
mediated signaling takes place in enterocytes and hepatocytes, exerting
mutual influence through the secretion of BAs and FGF15/19. Moreover,
distinct BA species exert varying effects on FXR signaling; while the ma-
jority acts as activators, UDCA and MCAs inhibit FXR signaling. This
complexity is particularly noteworthy in mice, given their abundance of
MCAs, but also in the treatment of patients with UDCA in cholestatic liver
disorders.

Subsequent investigations using the murine models could delve more
deeply into the role of the intestinal microbiome in BA metabolism. This
could involve more extensive measurements of bacterial density along
the gut, a potential factor contributing to sex-related differences in BA
metabolism. Similar to extrapolating to germ-free mice, these models
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could also be employed to simulate BA levels in gnotobiotic mice – a
mouse model characterized by a defined microbial community, consist-
ing of either 12 (OMM12) strains [338] or 19 (OMM19.1) strains [339]. In
the OMM12 system, BAs cannot be metabolized, thereby precluding the
production of secondary BAs. In contrast, OMM19.1 mice possess a lim-
ited capacity for BA metabolism, attributed to Extibacter muris which can
generate secondary BAs through 7α-dehydroxylation [340]. Compara-
tive analyses involving germ-free, specific pathogen-free, and gnotobi-
otic mice could help quantify and characterize the microbiota’s metabo-
lizing role in BA metabolism. Furthermore, the integration of the models
developed here with a genome-scale metabolic model of the murine mi-
crobiome could offer an even more comprehensive understanding. These
sub-models would continually exchange information, potentially creating
a comprehensive depiction of BA metabolism and its intricate interactions
within the gut-liver and the host-microbiome axis.

The human models possess the potential for extended utilization in the
comprehensive analysis of the remaining patient dataset. In this regard, an
initial extrapolation of the ”healthy” models into the context of liver dis-
ease was executed. These adapted ”diseased” models lay the groundwork
for integrating longitudinal patient measurements, thereby enabling the
reconstruction of the temporal progression of BA levels post-intervention.
In this manner, the models may offer insights into the relationship be-
tween BA metabolism and liver disease, potentially contributing to the
identification of biomarkers indicative of emerging complications in pa-
tients.

To conclude, comprehensive whole-body physiologically-based models
were constructed to elucidate BA metabolism in both mice and humans.
The murine models were employed to address sex-related differences on
BA levels, as well as to initiate predictions concerning species variations
and the impact of pathophysiological conditions such as BA malabsorp-
tion and impaired intestinal barrier function. Conversely, the human mod-
els demonstrated applicability in replicating the reported inter-individual
variability in BA levels and suggesting potential mechanisms underly-
ing the elevated BA levels evident in patients with liver disorders. The
models presented in this study offer a valuable framework for conduct-
ing model-assisted investigations into BA metabolism within prospective
studies. Their potential contributions align with the principles of the ’3Rs’
(Reduction, Refinement, and Replacement) and hold promise for enhanc-
ing patient care through improved understanding and prediction of BA-
related dynamics.
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Mouse housing conditions and sampling

Specimens were procured from two distinct groups of mice: germ-free
(GF) and specific-pathogen free (SPF) C57BL/6N mice (50% females).
These mice were euthanized for scientific purposes, following the guide-
lines of the German Animal Protection Law (TierSchG). The Internal An-
imal Care and Use Committee (IACUC) at the University Hospital of
RWTH Aachen granted approval for the collection of gut content, body
fluids, and organs from donor mice that had not been subjected to any
experimental interventions (internal approval number: 70018A4). The GF
mice were housed in isolators (NKPisotec, Flexible film isolator type 2D)
under sterile conditions. To establish SPF mice with a C57BL/6N genetic
background, mice were removed from the isolators and passively colo-
nized with a complex microbiota through cohousing with SPF mice. The
mice used for this study were from the initial generations of C57BL/6N
SPF mice bred for research purposes. The room temperature was main-
tained between 21-24 °C with humidity levels ranging from 25-40%, and
the mice were subjected to a 12-hour day and night cycle. All mice were
provided with unrestricted access to standard chow (GF mice: γ-irradiated
standard chow, V1124-927; SPF mice: autoclaved standard chow, ssniff
V1124-300) and autoclaved tap water with a pH of 7. The mice were
housed in single-sex cages furnished with Tek-Fresh bedding (ENVIGO).
To confirm the GF status of the mice, fecal samples from GF mice were
examined using microscopic observation after Gram-staining and plating
on both anaerobic and aerobic agar plates. The mice were euthanized at
12 to 13 weeks of age in the afternoon and with free access to food, and
various tissues and bodily fluids, including blood, urine, gut tissue and
content, liver, gall bladder, and kidneys, were collected. Systemic blood
was obtained from the vena cava, placed on ice for 5-10 minutes, and sub-
sequently centrifuged at 4,500 rpm for 15 minutes to isolate serum. The
small intestine was divided by length into the duodenum (proximal 16%),
jejunum (middle 74%), and ileum (distal 10%). The colon was also divided
into proximal (50%) and distal (50%) segments. All collected samples were
promptly frozen and stored at -80°C.



140 6 Material and Methods

Bile acid measurements

Sample preparation

To start, x milligrams of a solid matrix were combined with five times
the volume of acetonitrile (ACN):water mixture (1:1, v/v) and thoroughly
mixed using a TissueLyser II at 30 Hz for 10 minutes (Retsch Qiagen). Fol-
lowing a brief centrifugation step lasting 2 minutes at 14,000 rpm, 100 µl of
the resulting supernatant were introduced to a solution consisting of 500
µl of ACN:water:methanol (3:1:2, v/v/v), and the sample was vortexed
for 5 minutes. After subjecting it to sonication for 5 minutes and another
round of centrifugation (14,000 rpm, 4°C, 5 minutes), 550 µl of the super-
natant were carefully transferred into a new tube and evaporated until
dryness was achieved. The resulting pellet was then reconstituted using
100 µl of a solution containing 50% concentration, and 10 µl of this recon-
stituted sample were utilized for subsequent analysis. For serum samples,
10 µl were similarly used for analysis.

LC-MS analysis

The analysis was conducted using the validated Bile Acid Kit from
Biocrates Life Sciences in Innsbruck, Austria, as outlined in Pham et al.’s
work [341]. In this process, 10 µl of the native samples or sample ex-
tract were pipetted onto a 96-well sandwich filter plate and prepared
in accordance with the manufacturer’s instructions. For quantification,
seven external calibration standards, each containing all 19 BAs, were uti-
lized alongside ten isotope-labeled internal standards. A comprehensive
list of metabolites can be found on the manufacturer’s website (Biocrates
Life Sciences AG, Innsbruck, Austria). The LC-MS/MS analysis was per-
formed using a Waters Acquity UPLC System coupled with a QTRAP
5500 instrument (AB Sciex, Concord, Canada). Mobile phase A (MP A)
consisted of a solution containing 10 mM ammonium acetate and 0.015%
formic acid, while mobile phase B (MP B) was composed of a mixture of
acetonitrile, methanol, and water in a ratio of 65/30/5 (v/v/v), 10 mM
ammonium acetate, and 0.015% formic acid. Data processing was car-
ried out using the quantitation method provided by the Bile Acid Kit from
Biocrates Life Sciences AG in Innsbruck, Austria.
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Bile acid transporter expression

RNA extraction from homogenized tissue samples was carried out using
TRIzol reagent. The tissue homogenization process utilized the FastPrep-
24TM 5G equipment from MP BiomedicalsTM. The isolated RNA was
subsequently transcribed into cDNA using ReverseAid (Thermo Fisher) in
conjunction with RiboLock Inhibitor (Thermo Fisher). Quantitative PCR
was conducted employing taqman probes (Thermo Fisher) designed for
the specific gene of interest (GOI). The expression of the GOI was then
normalized relative to that of a housekeeping gene.

Microbiota analysis by high-throughput sequencing

Isolation of metagenomic DNA

To isolate DNA, we followed a modified protocol based on Godon et al.
[342]. Initially, frozen samples were combined with 600 µl of stool DNA
stabilizer (Stratec biomedical) and allowed to thaw at room temperature.
These samples were then transferred to autoclaved 2-ml screw-cap tubes
containing 500 mg of 0.1 mm-diameter silica/zirconia beads. To this mix-
ture, 250 µl of 4 M guanidine thiocyanate in 0.1 M Tris (pH 7.5) and 500
µl of 5% N-lauroyl sarcosine in 0.1 M PBS (pH 8.0) were added. Sub-
sequently, the samples were incubated at 70°C at 700 rpm for 60 min-
utes. Cell disruption was performed using a FastPrep® instrument (MP
Biomedicals) equipped with a 24 × 2 ml cooling adaptor filled with dry
ice. This step involved three rounds of 40-second pulses at a speed of 6.5
M/s. To the disrupted samples, 15 mg of Polyvinylpyrrolidone (PVPP)
was added, followed by vortexing and a 3-minute centrifugation at 15,000
x g and 4°C. Approximately 650 µl of the resulting supernatant was care-
fully transferred into a new 2 ml tube, which underwent a subsequent 3-
minute centrifugation at 15,000 x g and 4°C. Of the supernatant obtained,
500 µl was transferred to another 2 ml tube, and 50 µg of RNase was in-
troduced before incubating the mixture for 20 minutes at 37°C with agita-
tion at 700 rpm. Following this step, genomic DNA (gDNA) was isolated
using the NucleoSpin® gDNA Clean-up Kit from Macherey-Nagel, fol-
lowing the manufacturer’s instructions. The elution of DNA was carried
out twice using 40 µl of Elution buffer, and the concentration of DNA was
determined using a NanoDrop® instrument (Thermo Scientific). The re-
sulting samples were stored at -20°C for future use.
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Illumina sequencing of 16S rRNA gene amplicons

The process of library preparation and sequencing closely followed the
procedures previously outlined [343]. This entire workflow was con-
ducted using an automation platform (Biomek400, Beckman Coulter). In
summary, the V3-V4 region of the 16S rRNA genes was amplified in dupli-
cate with 25 cycles, adhering to a two-step protocol [344] and utilizing the
341F-785R primers [345]. For purification, the AMPure XP system from
Beckman Coulter was employed, after which sequencing was performed
on a MiSeq system (Illumina, Inc.) in paired-end mode (PE300). In accor-
dance with the manufacturer’s guidelines, this sequencing run was car-
ried out with pooled samples, and 25% (v/v) of the PhiX standard library
was included.

Computational methods

PBPK modelling

PBPK models include a highly detailed portrayal of an organism’s physi-
ology. These models explicitly depict individual organs and establish con-
nections between them through systemic vascular circulation. In PBPK
models, it becomes feasible to simulate tissue concentrations, even when
they cannot be accessed experimentally. The parameters within PBPK
models are explicit representations of specific physiological functions,
and they are drawn from meticulously curated collections of data, en-
compassing details like organ volumes, surface areas, tissue composi-
tion, and blood perfusion rates. Consequently, the identification of pa-
rameters in PBPK models is typically limited to a small subset, primarily
focused on the active processes governing the distribution and elimina-
tion of compounds. PBPK models, therefore, rely heavily on substantial
prior knowledge, which encompasses intricate descriptions of physiolog-
ical processes, such as enterohepatic circulation and intestinal absorption.

Kinetic rate laws

Describing BA synthesis, a constant flux within the intracellular space of
the liver was assumed. The following rate law was applied in mice:

vsynth = sGF ∗ ssex ∗ EM ∗ ksynth
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and in human simplified to:

vsynth = EM ∗ ksynth

where sGF and ssex represent scaling factors adjusting the overall activity
between SPF and GF as well as male and female mice, EM the amount
of catalyzing enzyme and ksynth the absolute synthesis rate. For the re-
maining enzymatic reactions and transport processes, Michaelis-Menten
kinetics were applied, following in mice:

v = sGF ∗ ssex ∗ EM ∗ kcat ∗Kwater ∗ C/(Km +Kwater ∗ C)

and in humans:

v = EM ∗ kcat ∗Kwater ∗ C/(Km +Kwater ∗ C)

with Kwater describing the partition coefficient of the BA between water
and the source compartment of the BA, Km the Michaelis-Menten constant
and C the BA concentration in the source compartment. kcat represents
the number of substrate BA each enzyme site converts to product per unit
time, and in which the enzyme is working at maximum efficiency and is
calculated as

kcat = vmax/Cref

with vmax being the maximum rate of reaction and Cref the enzyme ref-
erence concentration of 1 µM. For renal excretion, tubular excretion with
Michaelis-Menten kinetic was selected within PKSim:

v = fu ∗ TSmax ∗ Ckid−pls/(Km +fu ∗ Ckid−pls)

with TSmax describes the intrinsic maximum rate for tubular secretion,fu
the fraction unbound BA in blood plasma and Ckid−pls the BA concentra-
tion within the plasma sub-compartment of the kidney.

Software and calculations

The PBPK model concerning bile acid metabolism was initially established
within PK-Sim®, with subsequent refinements and adjustments carried
out using MoBi® (Open Systems Pharmacology suite Version 11.150).
Model simulations were executed utilizing the ospsuite-R package in R
(version 11.0.123). Parameter fitting was conducted employing the Monte
Carlo algorithm, implemented within the Open Systems Pharmacology
Suite. The calculation of residuals was set to be linear, and the weights
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were determined based on the measured standard deviations. The major-
ity of reactions were characterized by simple Michaelis-Menten kinetics,
while a constant flux was presumed for bile acid synthesis. Plotting and
statistical analyses were performed using custom Python scripts. In cases
where applicable, p-value adjustments for multiple testing were imple-
mented through the Benjamini-Hochberg correction method, facilitated
by the statannotations package [346]. To evaluate impaired gut barrier
function, the unperturbed paracellular permeability of bile acids was set
to correspond with their transcellular permeability, which had been com-
puted by MoBi based on their physicochemical properties.

Meta-analysis

Information from various published studies were combined using a
Bayesian meta-analysis approach as described in [319; 320]. This approach
relies on the functionalities of the brms package [347] for fitting of the
Bayesian model and on the meta [348], metafor [349] and dmetar package
[319] for the meta-analysis itself. For the Bayesian model, weakly infor-
mative priors were used.

Population simulation

For population simulation a virtual population of 1000 individuals (50%
female, age 20 to 60, BMI 19 to 25) was created. For all relevant trans-
porters and enzymes, normalized expression were drawn from a standard
normal distribution with standard deviation 0.1. Fitted parameters de-
scribing gallbladder ejection half-time, ejection fraction and time for gall-
bladder refilling and lag time as well as EHC continuous fraction were
varied by 10% around the fitted values following a normal distribution.

16S rRNA amplicon data analysis

An updated version of the workflow previously outlined by Lagkouvar-
dos et al. [343] was employed for data analysis. The process began with
the processing of raw reads utilizing the Integrated Microbial Next Gen-
eration Sequencing platform (www.imngs.org) [350], which is rooted in
UPARSE [351]. In this initial step, sequences were demultiplexed and
trimmed to retain only those with a quality score of at least 10 for their
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first base. Subsequent operations involved pairing, chimera filtering, and
OTU clustering at a 97% identity threshold, all of which were carried out
using USEARCH 11.0 [352]. Reads that fell below 350 nucleotides or ex-
ceeded 500 nucleotides in length, as well as paired reads with an expected
error surpassing 2, were excluded from further analysis. To mitigate GC
bias and non-random base composition, the remaining reads were sub-
jected to a fifteen-nucleotide trimming on both ends. The clustering of
operational taxonomic units (OTUs) maintained a 97% sequence similar-
ity cutoff, and only those with a relative abundance exceeding 0.25% in
at least one sample were retained for further analysis. The subsequent
steps involved sequence alignment and taxonomic classification, which
were performed using SINA 1.6.1, employing the SILVA release 138 tax-
onomy [353].

For the assessment of microbial richness, diversity, and community struc-
ture, the Rhea pipeline was harnessed [354] Detailed descriptions of the
statistical tests applied can be found in the Rhea support information and
in the corresponding scripts (https://lagkouvardos.github.io/Rhea). To
normalize sequence counts, a simple division was executed based on their
respective sample sizes, followed by multiplication to match the size of
the smaller sample. Subsequently, alpha-diversity parameters were cal-
culated. Beta-diversity analyses relied on the computation of unweighted
and generalized UniFrac distances [274; 275].
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Appendix A

A physiologically-based model
of bile acid metabolism in mice
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Figure A.1: Bile acid levels in GF mice. Concentration of total BAs (tBA),
tauro-conjugated BAs (T-BA), unconjugated BA (uBA), total
cholic acid (tCA), total muricholic acids (tMCA) and total
chenodeoxycholic acid (tCDCA) in various organs in male and
female GF mice (saturated coloration). Statistical differences
were assessed by independent t-test. Statistical significance is
marked with asterisks.
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Figure A.2: Sex-related differences in intestinal BA transporter expres-

sion. Assessment of sex-related differences in the expression
of the BA transporters ASBT, OST-α and OST-β (from left to
right) along the gut axis in male and female GF mice mea-
sured by qPCR. Statistical significance was assessed by Mann-
Whitney U-test and statistical significance is marked with as-
terisks.

Figure A.3: Physiological differences between male and female GF

mice. Assessment of sex-related differences in body weight
(A), length of intestinal segments (B) as well as weight of
the liver and the kidneys (C) in GF mice. Significant dif-
ferences were tested by two-way, independent t-test and
significance was marked with asterisks and (ns) indicates
non-significance after correction for multiple testing using
Benjamini-Hochberg correction.
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Figure A.4: Assessment of sensitivity coefficient in male and female

6BA mouse model]. Plotted are sensitivity coefficient of all
parameters in the male and female 6BA model. ]
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Figure A.5: Model based intracellular BA pool sizes at the whole body

level. Simulated intracellular bile acid pool sizes as total levels
(A), per 100g organ weight (B) and per organ weight (C) in
different organs in male and female mice.

Figure A.6: Model based BA pool composition in various organs. Sim-
ulated bile acid composition in liver, portal blood plasma and
skin in female mice (top row) and male mice (bottom row).
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Figure A.7: Model based BA pool distribution and composition along

the EHC and gut axis. Bile acid pools of total MCAs (A), total
CA (B), total CDCA (C), total DCA (D), total LCA (E) and to-
tal UDCA (F) along the EHC and gut axis. For EHC axis, BA
level and composition are shown in liver, the intestinal lumen,
small and large intestinal tissue (SI and LI) as well as portal
blood plasma (PV). Along the gut axis, duodenum (Duo), je-
junum (Jej), ileum (Ile), cecum (Ce), proximal and distal colon
(Colon) and rectum (Rec) are shown and the separation of SI
and LI are indicated by a vertical black line.
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Figure A.8: Assessment of sensitivity coefficient in male and female

murine conjugation model]. Plotted are sensitivity coefficient
of all parameters in the male and female murine conjugation
model. ]
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Figure A.9: Model based intracellular BA pool sizes at the whole body

level. Simulated intracellular bile acid pool sizes as total levels
(A), per 100g organ weight (B) and per organ weight (C) in
different organs in male and female mice.

Figure A.10: Model based BA pool composition in various organs. Sim-
ulated bile acid composition in liver, portal blood plasma and
skin in female mice (top row) and male mice (bottom row).



156 A A physiologically-based model of bile acid metabolism in mice

Table A.1: Fitted parameter values of enzymatic reactions in the 6BA

model.

Parameter Sex Value Unit

Synthesis rate (tCA) f 2.3E-05 1/min
Synthesis rate (tCDCA) f 9.6E-05 1/min
Synthesis rate (tCA) m 9.0E-06 1/min
Synthesis rate (tCDCA) m 8.1E-05 1/min
Renal Clearance (Km) f+m 1.0E+05 µmol/l
Renal Clearance (TSmax) f+m 9.3E+02 µmol/l/min
tCA → tDCA (Km) f+m 4.4E+01 µmol/l
tCA → tDCA (vmax) f+m 2.5E+00 µmol/l/min
tCDCA → tLCA (Km) f+m 8.1E+03 µmol/l
tCDCA → tLCA (vmax) f+m 1.5E+05 µmol/l/min
tCDCA → tMCA (Km) f+m 5.0E+01 µmol/l
tCDCA → tMCA (vmax) f+m 7.5E+03 µmol/l/min
tCDCA → tUDCA (Km) f+m 3.7E+02 µmol/l
tCDCA → tUDCA (vmax) f+m 2.9E+04 µmol/l/min
tDCA → tCA (Km) f+m 2.5E+04 µmol/l
tDCA → tCA (vmax) f+m 1.8E+05 µmol/l/min
tUDCA → tLCA (Km) f+m 5.7E+04 µmol/l
tUDCA → tLCA (vmax) f+m 3.8E+04 µmol/l/min
tUDCA → tMCA (Km) f+m 2.7E+04 µmol/l
tUDCA → tMCA (vmax) f+m 5.4E+03 µmol/l/min

Table A.2: Fitted parameter values of hepatic transport reactions in the

6BA model.

Parameter Sex Value Unit

BSEP (tCA; Km) f+m 1.0E+05 µmol/l
BSEP (tCDCA; Km) f+m 1.6E+04 µmol/l
BSEP (tDCA; Km) f+m 8.1E+04 µmol/l
BSEP (tLCA; Km) f+m 4.9E+03 µmol/l
BSEP (tMCA; Km) f+m 1.0E+05 µmol/l
BSEP (tUDCA; Km) f+m 2.3E+04 µmol/l
BSEP (tCA; vmax) f+m 1.7E+02 µmol/l/min
BSEP (tCDCA; vmax) f+m 7.0E+02 µmol/l/min
BSEP (tDCA; vmax) f+m 2.6E+04 µmol/l/min
BSEP (tLCA; vmax) f+m 1.2E+02 µmol/l/min
BSEP (tMCA; vmax) f+m 3.2E+03 µmol/l/min
BSEP (tUDCA; vmax) f+m 9.0E+04 µmol/l/min
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Continuation of table A.2

Parameter Sex Value Unit

NTCP (tCA; Km) f+m 9.5E+02 µmol/l
NTCP (tCDCA; Km) f+m 1.2E+00 µmol/l
NTCP (tDCA; Km) f+m 1.9E+03 µmol/l
NTCP (tLCA; Km) f+m 3.2E+02 µmol/l
NTCP (tMCA; Km) f+m 5.3E+02 µmol/l
NTCP (tUDCA; Km) f+m 9.8E+04 µmol/l
NTCP (tCA; vmax) f+m 1.7E+03 µmol/l/min
NTCP (tCDCA; vmax) f+m 1.1E+00 µmol/l/min
NTCP (tDCA; vmax) f+m 1.4E+05 µmol/l/min
NTCP (tLCA; vmax) f+m 5.2E+02 µmol/l/min
NTCP (tMCA; vmax) f+m 6.8E+00 µmol/l/min
NTCP (tUDCA; vmax) f+m 1.1E+05 µmol/l/min
NTCP expression in male mice m 1.0E-01

Table A.3: Fitted parameter values of intestinal transport reactions in

the 6BA model.

Parameter Sex Value Unit

ASBT (tCA; Km) f+m 5.7E+04 µmol/l
ASBT (tCDCA; Km) f+m 1.2E+00 µmol/l
ASBT (tDCA; Km) f+m 3.3E+04 µmol/l
ASBT (tLCA; Km) f+m 7.3E+01 µmol/l
ASBT (tMCA; Km) f+m 6.8E+02 µmol/l
ASBT (tUDCA; Km) f+m 7.3E+03 µmol/l
ASBT (tCA; vmax) f+m 2.2E+03 µmol/l/min
ASBT (tCDCA; vmax) f+m 7.4E+03 µmol/l/min
ASBT (tDCA; vmax) f+m 6.0E+01 µmol/l/min
ASBT (tLCA; vmax) f+m 3.5E+00 µmol/l/min
ASBT (tMCA; vmax) f+m 1.5E+00 µmol/l/min
ASBT (tUDCA; vmax) f+m 2.3E+05 µmol/l/min

OSTα/β (tCA; Km) f+m 8.9E+04 µmol/l
OSTα/β (tCDCA; Km) f+m 2.4E+03 µmol/l
OSTα/β (tDCA; Km) f+m 3.5E+04 µmol/l
OSTα/β (tLCA; Km) f+m 5.1E+04 µmol/l
OSTα/β (tMCA; Km) f+m 5.3E+04 µmol/l
OSTα/β (tUDCA; Km) f+m 9.0E+04 µmol/l
OSTα/β (tCA; vmax) f+m 3.7E+03 µmol/l/min
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Continuation of table A.3

Parameter Sex Value Unit

OSTα/β (tCDCA; vmax) f+m 1.9E+00 µmol/l/min
OSTα/β (tDCA; vmax) f+m 3.0E+04 µmol/l/min
OSTα/β (tLCA; vmax) f+m 4.3E+03 µmol/l/min
OSTα/β (tMCA; vmax) f+m 9.3E+02 µmol/l/min
OSTα/β (tUDCA; vmax) f+m 1.4E+05 µmol/l/min

Table A.4: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in liver. Shown are only parameters with sensi-
tivity coefficient above 1 or below -1.

Liver concentration [µM] Parameter Sensitivity coefficient
female male

tDCA tDCA-ASBT-Vmax 1.18 1.19
tCA CA synthesis 1.01 1.00
tUDCA CDCA synthesis 1.00 0.49
tCDCA CDCA synthesis 1.00 0.99
tCDCA CDCA to MCA-Km 1.00 0.99
tCA tCA-BSEP-Km 1.00 0.98
tDCA CA synthesis 1.00 1.00
tCA CA Synthesis-Sex-Scale 1.00
tMCA CDCA synthesis 0.58 1.00
tUDCA CDCA Synthesis-Sex-Scale 1.00
tDCA CA Synthesis-Sex-Scale 1.00
tDCA tDCA-ASBT-Km -1.18 -1.20
tCDCA CDCA to MCA-Vmax -1.00 -1.00
tCA tCA-BSEP-Vmax -1.00 -0.99
tLCA CDCA to MCA-Vmax -0.98 -1.00
tLCA tCDCA-BSEP-Km -0.98 -1.00

Table A.5: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in venous blood plasma. Shown are only pa-
rameters with sensitivity coefficient above 1 or below -1.

VB concentration [µM] Parameter Sensitivity coefficient
female male

tDCA tDCA-ASBT-Vmax 1.18 1.19
tCA CA synthesis 1.02 1.01
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Continuation of table A.5

VB concentration [µM] Parameter Sensitivity coefficient
female male

tDCA CA synthesis 1.00 1.00
tDCA tDCA-NTCP-Km 0.99 1.00
tCDCA tCDCA-NTCP-Km 0.99 0.93
tDCA tDCA-ASBT-Vmax 1.18 1.19
tCA CA synthesis 1.02 1.01
tCA CA Synthesis-Sex-Scale 1.01
tUDCA CDCA Synthesis-Sex-Scale 1.00
tDCA CA synthesis 1.00 1.00
tDCA CA Synthesis-Sex-Scale 1.00
tDCA tDCA-NTCP-Km 0.99 1.00
tBA BA-Renal clearance-TSmax -0.99 -2.39
tDCA tDCA-ASBT-Km -1.18 -1.20
tLCA tLCA-ASBT-Km -1.11 -0.094
tDCA tDCA-NTCP-Vmax -1.00 -1.01
tCDCA tCDCA-NTCP-Vmax -1.00 -0.94
tDCA tDCA-NTCP-Vmax -1.00 -1.01
tLCA CDCA to MCA-Vmax -0.98 -1.00
tLCA tCDCA-BSEP-Km -0.98 -1.00

Table A.6: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in kidney. Shown are only parameters with
sensitivity coefficient above 1 or below -1.

Kidney concentration [µM] Parameter Sensitivity coefficient
female male

tDCA tDCA-ASBT-Vmax 1.18 1.19
tCA CA synthesis 1.02 1.01
tMCA tMCA-ASBT-Vmax 1.01 1.00
tUDCA CDCA synthesis 1.00 1.00
tUDCA tCDCA-BSEP-Vmax 1.00 1.00
tUDCA CDCA to MCA-Km 1.00 1.00
tDCA CA synthesis 1.00 1.00
tCA CA Synthesis-Sex-Scale 1.01
tUDCA CDCA Synthesis-Sex-Scale 1.00
tDCA CA Synthesis-Sex-Scale 1.00
tDCA tDCA-NTCP-Km 0.99 1.00
tDCA tDCA-ASBT-Km -1.18 -1.20
tBA BA-Renal clearance-TSmax -1.00 -2.40
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Continuation of table A.6

Kidney concentration [µM] Parameter Sensitivity coefficient
female male

tUDCA CDCA to MCA-Vmax -1.00 -1.01
tUDCA tCDCA-BSEP-Km -1.00 -1.01
tDCA tDCA-NTCP-Vmax -1.00 -1.01
tCDCA tCDCA-NTCP-Vmax -1.00 -0.94

Table A.7: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in SI content. Shown are only parameters with

sensitivity coefficient above 1 or below -1.

SI content Parameter Sensitivity coefficient
concentration [µM] female male

Ile-CDCA tCDCA-ASBT-Km 3.37 3.52
Ile-UDCA tUDCA-ASBT-Km 1.80 2.01
DuoJej-LCA tLCA-ASBT-Vmax 1.09 0.08
Ile-CA CA synthesis 1.01 1.00
DuoJej-CA CA synthesis 1.01 1.00
Ile-DCA CA synthesis 1.00 1.00
DuoJej-DCA CA synthesis 1.00 1.00
Ile-CDCA CDCA synthesis 1.00 1.00
DuoJej-CDCA CDCA synthesis 1.00 1.00
DuoJej-CDCA tCDCA-BSEP-Vmax 1.00 1.00
DuoJej-CDCA CDCA to MCA-Km 1.00 1.00
Ile-CDCA tCDCA-BSEP-Vmax 1.00 1.00
Ile-CDCA CDCA to MCA-Km 1.00 1.00
Ile-UDCA CDCA synthesis 1.00 1.00
DuoJej-UDCA CDCA synthesis 1.00 1.00
Ile-UDCA tCDCA-BSEP-Vmax 1.00 1.00
Ile-UDCA CDCA to MCA-Km 1.00 1.00
DuoJej-UDCA tCDCA-BSEP-Vmax 1.00 1.00
DuoJej-UDCA CDCA to MCA-Km 1.00 1.00
DuoJej-LCA NTCP-Sex-Scale 1.03
Ile-LCA NTCP-Sex-Scale 1.03
Ile-CA CA Synthesis-Sex-Scale 1.00
DuoJej-CA CA Synthesis-Sex-Scale 1.00
Ile-DCA CA Synthesis-Sex-Scale 1.00
Ile-CDCA CDCA Synthesis-Sex-Scale 1.00
DuoJej-CDCA CDCA Synthesis-Sex-Scale 1.00
DuoJej-DCA CA Synthesis-Sex-Scale 1.00
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Continuation of table A.7

SI content Parameter Sensitivity coefficient
concentration [µM] female male

Ile-UDCA CDCA Synthesis-Sex-Scale 1.00
DuoJej-UDCA CDCA Synthesis-Sex-Scale 1.00
Ile-CDCA tCDCA-ASBT-Vmax -3.41 -3.61
Ile-UDCA tUDCA-ASBT-Vmax -1.81 -2.04
DuoJej-LCA tLCA-ASBT-Km -1.09 -0.08
Ile-CDCA CDCA to MCA-Vmax -1.00 -1.01
DuoJej-CDCA CDCA to MCA-Vmax -1.00 -1.01
DuoJej-CDCA tCDCA-BSEP-Km -1.00 -1.01
Ile-CDCA tCDCA-BSEP-Km -1.00 -1.01
Ile-UDCA CDCA to MCA-Vmax -1.00 -1.01
DuoJej-UDCA CDCA to MCA-Vmax -1.00 -1.01
Ile-UDCA tCDCA-BSEP-Km -1.00 -1.01
DuoJej-UDCA tCDCA-BSEP-Km -1.00 -1.01
Ile-LCA CDCA to MCA-Vmax -0.98 -1.00
Ile-LCA tCDCA-BSEP-Km -0.98 -1.00
DuoJej-LCA CDCA to MCA-Vmax -0.98 -1.00
DuoJej-LCA tCDCA-BSEP-Km -0.98 -1.00

Table A.8: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in SI tissue. Shown are only parameters with

sensitivity coefficient above 1 or below -1.

SI tissue Parameter Sensitivity coefficient
concentration [µM] female male

Ileum-LCA tLCA-ASBT-Vmax 1.9 0.7
Ileum-DCA tDCA-ASBT-Vmax 1.5 1.3
Jejunum-CA tCA-ASBT-Vmax 1.3 1.0
Ileum-CA tCA-ASBT-Vmax 1.3 1.2
Duodenum-UDCA tUDCA-ASBT-Vmax 1.2 0.8
Duodenum-DCA tDCA-ASBT-Vmax 1.2 1.2
Jejunum-DCA tDCA-ASBT-Vmax 1.2 1.2
Ileum-MCA tMCA-ASBT-Vmax 1.0 1.0
Duodenum-CA CA synthesis 1.0 1.0
Jejunum-CA CA synthesis 1.0 1.0
Ileum-CA CA synthesis 1.0 1.0
Ileum-DCA CA synthesis 1.0 1.0
Jejunum-CDCA CDCA synthesis 1.0 1.0
Jejunum-CDCA CDCA to MCA-Km 1.0 1.0
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Continuation of table A.8

SI tissue Parameter Sensitivity coefficient
concentration [µM] female male

Jejunum-CDCA tCDCA-BSEP-Vmax 1.0 1.0
Jejunum-MCA tMCA-ASBT-Vmax 1.0 1.0
Jejunum-DCA CA synthesis 1.0 1.0
Duodenum-DCA CA synthesis 1.0 1.0
Duodenum-MCA tMCA-ASBT-Vmax 1.0 1.0
Duodenum-CA CA Synthesis-Sex-Scale 1.0
Jejunum-CA CA Synthesis-Sex-Scale 1.0
Ileum-CA CA Synthesis-Sex-Scale 1.0
Jejunum-CDCA CDCA Synthesis-Sex-Scale 1.0
Ileum-DCA CA Synthesis-Sex-Scale 1.0
Jejunum-DCA CA Synthesis-Sex-Scale 1.0
Duodenum-DCA CA Synthesis-Sex-Scale 1.0
Ileum-LCA tLCA-ASBT-Km -1.9 -0.7
Ileum-DCA tDCA-ASBT-Km -1.5 -1.4
Jejunum-CA tCA-ASBT-Km -1.3 -1.0
Ileum-CA tCA-ASBT-Km -1.3 -1.2
Duodenum-UDCA tUDCA-ASBT-Km -1.2 -0.8
Duodenum-DCA tDCA-ASBT-Km -1.2 -1.2
Jejunum-DCA tDCA-ASBT-Km -1.2 -1.2
Jejunum-CDCA CDCA to MCA-Vmax -1.0 -1.0
Jejunum-CDCA tCDCA-BSEP-Km -1.0 -1.0
Duodenum-DCA tDCA-NTCP-Vmax -1.0 -1.0
Ileum-LCA CDCA to MCA-Vmax -1.0 -1.0
Ileum-LCA tCDCA-BSEP-Km -1.0 -1.0
Jejunum-LCA CDCA to MCA-Vmax -1.0 -1.0
Jejunum-LCA tCDCA-BSEP-Km -1.0 -1.0
Duodenum-LCA CDCA to MCA-Vmax -1.0 -1.0
Duodenum-LCA tCDCA-BSEP-Km -1.0 -1.0

Table A.9: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in cecal content. Shown are only parameters
with sensitivity coefficient above 1 or below -1.

Cecal content concentration [µM] Parameter Sensitivity coefficient
female male

tCDCA tCDCA-ASBT-Km 5.44 5.76
tUDCA tUDCA-ASBT-Km 3.78 4.07
tCA CA to DCA-Km 1.15 1.09
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Continuation of table A.9

Cecal content concentration [µM] Parameter Sensitivity coefficient
female male

tCA CA synthesis 1.03 1.01
tCDCA CDCA synthesis 1.00 1.00
tCDCA tCDCA-BSEP-Vmax 1.00 1.00
tCDCA CDCA to MCA-Km 1.00 1.00
tUDCA CDCA synthesis 1.00 1.00
tUDCA tCDCA-BSEP-Vmax 1.00 1.00
tUDCA CDCA to MCA-Km 1.00 1.00
tUDCA UDCA to LCA-Km 1.00 0.82
tDCA CA synthesis 1.00 1.00
tLCA NTCP-Sex-Scale 1.03
tMCA CDCA synthesis 0.88 1.03
tMCA CDCA Synthesis-Sex-Scale 1.03
tCA CA Synthesis-Sex-Scale 1.01
tCDCA CDCA Synthesis-Sex-Scale 1.00
tUDCA CDCA Synthesis-Sex-Scale 1.00
tDCA CA Synthesis-Sex-Scale 1.00
tCDCA tCDCA-ASBT-Vmax -5.52 -6.00
tUDCA tUDCA-ASBT-Vmax -3.82 -4.19
tCA CA to DCA-Vmax -1.18 -1.12
tLCA CDCA to MCA-Vmax -1.00 -1.01
tMCA tCDCA-BSEP-Km -1.00 -1.01
tMCA CDCA to MCA-Vmax -1.00 -1.01
tCA tCDCA-BSEP-Km -1.00 -1.01
tCA UDCA to LCA-Vmax -1.00 -0.83
tCDCA CDCA to MCA-Vmax -0.99 -1.00
tCDCA tCDCA-BSEP-Km -0.99 -1.00

Table A.10: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in cecal tissue. Shown are only parameters
with sensitivity coefficient above 1 or below -1.

Cecal tissue concentration [µM] Parameter Sensitivity coefficient
female male

tDCA tDCA-ASBT-Vmax 1.40 1.44
tCA CA to DCA-Km 1.15 1.08
tCA CA synthesis 1.03 1.01
tMCA tMCA-ASBT-Vmax 1.00 1.00
tDCA CA synthesis 1.00 1.00
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Continuation of table A.10

Cecal tissue concentration [µM] Parameter Sensitivity coefficient
female male

tCA CA Synthesis-Sex-Scale 1.01
tDCA CA Synthesis-Sex-Scale 1.00
tDCA tDCA-ASBT-Km -1.41 -1.46
tCA CA to DCA-Vmax -1.18 -1.10
tCDCA tCDCA-NTCP-Vmax -1.00 -0.94
tLCA CDCA to MCA-Vmax -0.98 -1.00
tLCA tCDCA-BSEP-Km -0.98 -1.00

Table A.11: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in LI content. Shown are only parameters with
sensitivity coefficient above 1 or below -1.

LI content concentration [µM] Parameter Sensitivity coefficient
female male

tCDCA tCDCA-ASBT-Km 6.51 7.00
tUDCA tUDCA-ASBT-Km 4.81 5.19
tCA CA to DCA-Km 1.49 1.38
tMCA CDCA synthesis 1.10 1.43
tCA CA synthesis 1.03 1.01
tLCA tLCA-ASBT-Km 1.02 2.13
tUDCA UDCA to LCA-Km 1.01 0.83
tCDCA CDCA synthesis 1.00 1.00
tCDCA tCDCA-BSEP-Vmax 1.00 1.00
tCDCA CDCA to MCA-Km 1.00 1.00
tDCA CA synthesis 1.00 1.00
tUDCA CDCA synthesis 1.00 1.00
tUDCA tCDCA-BSEP-Vmax 1.00 1.00
tUDCA CDCA to MCA-Km 1.00 1.00
tMCA CDCA Synthesis-Sex-Scale 1.43
tLCA NTCP-Sex-Scale 1.03
tCA CA Synthesis-Sex-Scale 1.01
tCDCA CDCA Synthesis-Sex-Scale 1.00
tUDCA CDCA Synthesis-Sex-Scale 1.00
tDCA CA Synthesis-Sex-Scale 1.00
tCDCA tCDCA-ASBT-Vmax -6.63 -7.36
tUDCA tUDCA-ASBT-Vmax -4.88 -5.39
tCA CA to DCA-Vmax -1.53 -1.41
tLCA tLCA-ASBT-Vmax -1.02 -2.17
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Continuation of table A.11

LI content concentration [µM] Parameter Sensitivity coefficient
female male

tUDCA UDCA to LCA-Vmax -1.01 -0.83
tCDCA CDCA to MCA-Vmax -1.00 -1.01
tCDCA tCDCA-BSEP-Km -1.00 -1.01
tUDCA CDCA to MCA-Vmax -1.00 -1.01
tUDCA tCDCA-BSEP-Km -1.00 -1.01
tLCA CDCA to MCA-Vmax -0.99 -1.00
tLCA tCDCA-BSEP-Km -0.99 -1.00

Table A.12: Sensitivity analysis of fitted 6BA model parameters on BA

concentration in LI tissue. Shown are only parameters with
sensitivity coefficient above 1 or below -1.

LI tissue concentration [µM] Parameter Sensitivity coefficient
female male

Proximal-DCA tDCA-ASBT-Vmax 1.12 1.10
Distal-CA CA synthesis 1.02 1.01
Proximal-MCA tMCA-ASBT-Vmax 1.00 1.00
Proximal-DCA CA synthesis 1.00 1.00
Proximal-CA CA Synthesis-Sex-Scale 1.01
Distal-CA CA Synthesis-Sex-Scale 1.01
Proximal-MCA tMCA-ASBT-Vmax 1.00 1.00
Distal-DCA CA Synthesis-Sex-Scale 1.00
Proximal-DCA CA Synthesis-Sex-Scale 1.00
Proximal-DCA tDCA-ASBT-Km -1.12 -1.11
Proximal-CDCA tCDCA-NTCP-Vmax -1.00 -0.94
Proximal-LCA CDCA to MCA-Vmax -0.98 -1.00
Proximal-LCA tCDCA-BSEP-Km -0.98 -1.00

Table A.13: Fitted parameter values of enzymatic reactions in the

murine conjugation model.

Parameter Sex Value Unit

Parameter Sex Value Unit
Synthesis rate (uBA) 1.39E-04 f µmol/min
Synthesis rate (uBA) 1.14E-04 m µmol/min
Renal Clearance (Km) 9.68E+04 f+m µmol/l
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Continuation of table A.13

Parameter Sex Value Unit

Renal Clearance (TSmax) 3.41E+03 f+m µmol/l/min
BAAT (Km) 8.22E+03 f+m µmol/l
BAAT (vmax) 1.97E+01 f+m µmol/l/min
BSH (Km) 9.99E+04 f+m µmol/l
BSH (vmax) 1.00E+00 f+m µmol/l/min

Table A.14: Fitted parameter values of transport reactions in the murine

conjugation model.

Parameter Sex Value Unit

ASBT (T-BA; Km) f+m 2.33E+03 µmol/l
ASBT (uBA; Km) f+m 7.11E+02 µmol/l
ASBT (T-BA; vmax) f+m 1.00E+00 µmol/l/min
ASBT (uBA; vmax) f+m 8.05E+00 µmol/l/min

f+m
BSEP (T-BA; Km) f+m 9.99E+04 µmol/l
BSEP (uBA; Km) f+m 2.55E+03 µmol/l
BSEP (T-BA; vmax) f+m 1.26E+01 µmol/l/min
BSEP (uBA; vmax) f+m 7.05E+01 µmol/l/min

f+m
NTCP (T-BA; Km) f+m 5.86E+04 µmol/l
NTCP (uBA; Km) f+m 1.08E+04 µmol/l
NTCP (T-BA; vmax) f+m 3.35E+03 µmol/l/min
NTCP (uBA; vmax) f+m 1.07E+04 µmol/l/min
NTCP expression in male mice f+m 1.00E+00

f+m
OSTα/β (T-BA; Km) f+m 9.43E+04 µmol/l
OSTα/β (uBA; Km) f+m 1.00E+05 µmol/l
OSTα/β (T-BA; vmax) f+m 9.12E+01 µmol/l/min
OSTα/β (uBA; vmax) f+m 2.28E+02 µmol/l/min
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Table A.15: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in liver. Shown are only pa-
rameters with sensitivity coefficient above 0.5 or below -0.5.

Liver concentration [µM] Parameter Sensitivity coefficient
female male

T-BA uBA-BAAT Vmax 0.919609862 0.919472571
T-BA uBA BSEP Km 0.912810122 0.913221725
uBA uBA BSEP Km 0.912215743 0.91182683
T-BA T-BA BSEP Km 0.635415636 0.642836723
T-BA T-BA BSEP Vmax -0.637277851 -0.644624627
uBA uBA BSEP Vmax -0.920326323 -0.919161699
T-BA uBA BSEP Vmax -0.920913501 -0.920555714
T-BA uBA-BAAT Km -0.925181209 -0.925284133

Table A.16: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in venous blood plasma.

Shown are only parameters with sensitivity coefficient above
0.5 or below -0.5.

VB concentration
[µM]

Parameter Sensitivity coefficient

female male

uBA uBA NTCP Km 0.965485112 0.96558581
T-BA uBA-BAAT Vmax 0.918876881 0.91868531
T-BA uBA BSEP Km 0.912082105 0.912439818
uBA uBA BSEP Km 0.743643648 0.664566457
T-BA T-BA BSEP Km 0.56495344 0.550169731
T-BA T-BA Renal Clear-

ances Km
0.557338173 0.561979077

T-BA T-BA Renal Clear-
ances TSmax

-0.557972828 -0.56266015

T-BA T-BA BSEP Vmax -0.566607809 -0.551697884
uBA uBA BSEP Vmax -0.750255739 -0.669912242
T-BA uBA BSEP Vmax -0.920168483 -0.919756047
T-BA uBA-BAAT Km -0.92443272 -0.924480647
uBA uBA NTCP Vmax -0.972722698 -0.972823839
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Table A.17: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in kidney. Shown are only pa-
rameters with sensitivity coefficient above 0.5 or below -0.5.

Kidney concentration [µM] Parameter Sensitivity coefficient
female male

uBA uBA NTCP Km 0.96548498 0.96558579
T-BA uBA-BAAT Vmax 0.91887657 0.91868551
T-BA uBA BSEP Km 0.91208236 0.91243983
uBA uBA BSEP Km 0.74364386 0.66456654
T-BA T-BA Renal Clearances Km 0.57087593 0.57551654
T-BA T-BA BSEP Km 0.56495346 0.55016956
T-BA T-BA BSEP Vmax -0.56660772 -0.551698
T-BA T-BA Renal Clearances TSmax -0.57152612 -0.57621399
uBA uBA BSEP Vmax -0.75025557 -0.66991217
T-BA uBA BSEP Vmax -0.92016856 -0.91975621
T-BA uBA-BAAT Km -0.92443281 -0.92448088
uBA uBA NTCP Vmax -0.97272251 -0.97282404

Table A.18: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in small intestinal content.

Shown are only parameters with sensitivity coefficient above
0.5 or below -0.5.

SI content concen-
tration [µM]

Parameter Sensitivity coefficient

female male

Ile T-BA uBA-BAAT Vmax 0.91891807 0.91902871
DuoJej T-BA uBA-BAAT Vmax 0.91891744 0.91902843
Ile T-BA uBA BSEP Km 0.91212336 0.9127811
DuoJej T-BA uBA BSEP Km 0.91212297 0.9127808
DuoJej T-BA uBA BSEP Vmax -0.92020995 -0.92010448
Ile T-BA uBA BSEP Vmax -0.92021027 -0.92010492
DuoJej T-BA uBA-BAAT Km -0.9244743 -0.92483096
Ile T-BA uBA-BAAT Km -0.92447501 -0.92483128
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Table A.19: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in small intestinal tissue.

Shown are only parameters with sensitivity coefficient above
0.5 or below -0.5.

SI tissue concentra-
tion [µM]

Parameter Sensitivity coefficient

female male

Ileum uBA uBA ASBT Vmax 0.99671057 0.99807526
Duodenum T-BA uBA-BAAT Vmax 0.91887945 0.9186988
Jejunum T-BA uBA-BAAT Vmax 0.91887429 0.91871117
Ileum T-BA uBA-BAAT Vmax 0.91880422 0.91876793
Duodenum T-BA uBA BSEP Km 0.91207367 0.91244197
Jejunum T-BA uBA BSEP Km 0.91206906 0.9124549
Ileum T-BA uBA BSEP Km 0.9120036 0.91251598
Jejunum uBA uBA ASBT Vmax 0.84126341 0.87801384
Jejunum uBA uBA OSTβ Km 0.57772836 0.5911611
Duodenum T-BA T-BA Renal Clear-

ances Km
0.54879041 0.55194549

Duodenum T-BA T-BA BSEP Km 0.53721522 0.51897586
Jejunum T-BA T-BA Renal Clear-

ances Km
0.53594216 0.5346275

Ileum T-BA T-BA ASBT Vmax 0.52243226 0.62857942
Ileum T-BA T-BA ASBT Km -0.52568274 -0.63285092
Jejunum T-BA T-BA Renal Clear-

ances TSmax
-0.53655052 -0.53527379

Duodenum T-BA T-BA BSEP Vmax -0.53878415 -0.52041348
Duodenum T-BA T-BA Renal Clear-

ances TSmax
-0.54941306 -0.55261217

Jejunum uBA uBA OSTβ Vmax -0.57873136 -0.59222135
Jejunum uBA uBA ASBT Km -0.84212791 -0.87891573
Ileum T-BA uBA BSEP Vmax -0.92008768 -0.91983386
Jejunum T-BA uBA BSEP Vmax -0.92015502 -0.91977114
Duodenum T-BA uBA BSEP Vmax -0.92015959 -0.91975801
Ileum T-BA uBA-BAAT Km -0.92435884 -0.92456485
Jejunum T-BA uBA-BAAT Km -0.92443033 -0.9245068
Duodenum T-BA uBA-BAAT Km -0.92443552 -0.92449436
Ileum uBA uBA ASBT Km -0.9971321 -0.99849745
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Table A.20: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in cecal content. Shown are
only parameters with sensitivity coefficient above 0.5 or be-
low -0.5.

Cecal content con-
centration [µM]

Parameter Sensitivity coefficient

female male

T-BA uBA-BAAT Vmax 0.919087556 0.91921555
T-BA uBA BSEP Km 0.912291782 0.912966678
T-BA uBA BSEP Vmax -0.920382679 -0.920294761
T-BA uBA-BAAT Km -0.924648057 -0.925022125

Table A.21: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in cecal tissue. Shown are only
parameters with sensitivity coefficient above 0.5 or below -0.5.

Cecal tissue concen-
tration [µM]

Parameter Sensitivity coefficient

female male

uBA uBA ASBT Vmax 0.99302578 0.99591704
T-BA T-BA ASBT Vmax 0.96337591 0.99231732
T-BA uBA-BAAT Vmax 0.91332632 0.91408734
T-BA uBA BSEP Km 0.90657367 0.90787403
uBA uBA OSTα Km 0.50517871 0.50749406
uBA uBA OSTα Vmax -0.50534596 -0.50766965
T-BA uBA BSEP Vmax -0.91452991 -0.91508598
T-BA uBA-BAAT Km -0.9187672 -0.91978606
T-BA T-BA ASBT Km -0.96441579 -0.99440753
uBA uBA ASBT Km -0.99574797 -0.99864705
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Table A.22: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in LI content. Shown are only
parameters with sensitivity coefficient above 0.5 or below -0.5.

LI content concen-
tration [µM]

Parameter Sensitivity coefficient

female male

T-BA uBA-BAAT Vmax 0.92031984 0.92053167
T-BA uBA BSEP Km 0.91351417 0.91427338
T-BA uBA BSEP Vmax -0.92163393 -0.92163115
T-BA uBA-BAAT Km -0.92590535 -0.92636554

Table A.23: Sensitivity analysis of fitted murine conjugation model pa-

rameters on BA concentration in LI tissue. Shown are only
parameters with sensitivity coefficient above 0.5 or below -0.5.

LI tissue concentration [µM] Parameter Sensitivity coefficient
female male

Proximal uBA uBA ASBT Vmax 0.98510713 0.99174305
Distal T-BA uBA-BAAT Vmax 0.91443827 0.91469705
Proximal T-BA uBA-BAAT Vmax 0.90917498 0.91076732
Distal T-BA uBA BSEP Km 0.90767594 0.90847816
Proximal T-BA uBA BSEP Km 0.90245418 0.90457744
Proximal T-BA T-BA ASBT Vmax 0.87278586 0.8824621
Distal uBA uBA ASBT Vmax 0.83684662 0.89899864
Distal uBA uBA OSTβ Km 0.78684859 0.84860091
Proximal uBA uBA OSTβ Km 0.69376589 0.69898941
Proximal T-BA T-BA OSTβ Km 0.6439478 0.66130051
Distal T-BA T-BA OSTβ Km 0.53034578 0.60405653
Distal T-BA T-BA OSTβ Vmax -0.5345481 -0.60884332
Proximal T-BA T-BA OSTβ Vmax -0.6462328 -0.66362974
Proximal uBA uBA OSTβ Vmax -0.69623925 -0.70148561
Distal uBA uBA OSTβ Vmax -0.79285086 -0.85513183
Distal uBA uBA ASBT Km -0.84009697 -0.90249969
Proximal T-BA T-BA ASBT Km -0.86726104 -0.87845909
Proximal T-BA uBA BSEP Vmax -0.91031379 -0.91171512
Proximal T-BA uBA-BAAT Km -0.91453056 -0.91639673
Distal T-BA uBA BSEP Vmax -0.91565839 -0.91570411
Distal T-BA uBA-BAAT Km -0.9199024 -0.92040857
Proximal uBA uBA ASBT Km -0.9878937 -0.99454896
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Appendix B

A physiologically-based model
of bile acid metabolism in
human
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Figure B.1: Data of postprandial responses in venous blood. Postpran-
dial responses in venous blood plasma used for model devel-
opment. Displayed are the profiles as taken from literature
(A), only for the first meal response (B) and corresponding pro-
files normalized to the initial time point (C and D). Errors bars
represent the SD. Data was taken from [326; 327; 355; 356; 357;
358; 359]
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Figure B.2: Overview of total bile acid levels in patients undergoing

liver transplantation. Boxplots showing the levels of total BA
in patients undergoing liver transplantation (LTX) over time
with all provided time points (A-C) and with simplifying the
number of time points (D-F). BA levels are further stratified
if patients showed any form of complication (B,E) and when
complications occurred (C, F). Time points used: t0: before
LTX; t1: day of LTX; t2: post operation day (POD) 1; t3: POD3;
t4: POD7; t5: POD14; t6: POD21; t7: POD28; t8: 3 months; t9:
6 months.
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Figure B.3: Overview of total bile acid levels in patients undergo-

ing transjugular intrahepatic portosystemic shunt. Boxplots
showing the levels of total BA in patients undergoing tran-
sjugular intrahepatic portosystemic shunt (TIPS) over time
with all provided time points (A) and with simplifying the
number of time points (B). Time points used: t0: before TIPS;
t1: day of TIPS; t2: post operation day (POD) 1; t3: POD5; t4:
POD28; t5: 3 months.

Figure B.4: Comparison of bile acid levels in venous blood plasma and

feces between liver transplant and TIPS patients before in-

tervention. Boxplots of BA levels in venous blood plasma
(A) and composition in feces (B) within liver transplant pa-
tients and TIPS patients before surgical intervention. Statis-
tical differences were assessed by independent t-test. Sta-
tistical significance is marked with asterisks and (ns) indi-
cates non-significance after correction for multiple testing us-
ing Benjamini-Hochberg correction.
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Figure B.5: Bile acid levels in venous blood plasma, bile and feces in

patients with liver disease. Boxplots of BA levels in venous
blood plasma (A) and composition in bile (B) and in feces (C)
of patients with liver disease before surgical intervention.
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Figure B.6: Parameter scan of functional liver volume. Parameter scan
of the functional liver volume to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row), bile
(second row) and feces (last row). Measurements in patients
(blood: A, C, E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ) are
shown for reference against model predictions (blood: B, D, F,
H, J; bile: L, N, P, R, T; feces: V, Y, Z β, δ). In each compartment
tCA, tCDCA, tDCA, tLCA and tUDCA are shown from left to
right.
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Figure B.7: Parameter scan of relative ASBT activity. Parameter scan
of the relative NTCP activity to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row), bile
(second row) and feces (last row). Measurements in patients
(blood: A, C, E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ) are
shown for reference against model predictions (blood: B, D, F,
H, J; bile: L, N, P, R, T; feces: V, Y, Z β, δ). In each compartment
tCA, tCDCA, tDCA, tLCA and tUDCA are shown from left to
right.



181

Figure B.8: Parameter scan of relative BSEP activity. Parameter scan of
the relative BSEP activity to recapitulate BA levels observed in
liver disease patients in blood plasma (first row), bile (second
row) and feces (last row). Measurements in patients (blood: A,
C, E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ) are shown for
reference against model predictions (blood: B, D, F, H, J; bile:
L, N, P, R, T; feces: V, Y, Z β, δ). In each compartment tCA,
tCDCA, tDCA, tLCA and tUDCA are shown from left to right.
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Figure B.9: Parameter scan of relative ASBT activity. Parameter scan of
the relative ASBT activity to recapitulate BA levels observed in
liver disease patients in blood plasma (first row), bile (second
row) and feces (last row). Measurements in patients (blood: A,
C, E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ) are shown for
reference against model predictions (blood: B, D, F, H, J; bile:
L, N, P, R, T; feces: V, Y, Z β, δ). In each compartment tCA,
tCDCA, tDCA, tLCA and tUDCA are shown from left to right.
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Figure B.10: Parameter scan of relative OSTα/β activity. P Parameter
scan of the relative OSTα/β activity to recapitulate BA lev-
els observed in liver disease patients in blood plasma (first
row), bile (second row) and feces (last row). Measurements
in patients (blood: A, C, E, G, I; bile: K, M, O, Q, S; feces: U,
W, X α, γ) are shown for reference against model predictions
(blood: B, D, F, H, J; bile: L, N, P, R, T; feces: V, Y, Z β, δ).
In each compartment tCA, tCDCA, tDCA, tLCA and tUDCA
are shown from left to right.
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Figure B.11: Parameter scan of relative microbial activity. Parameter
scan of the relative microbial activity to recapitulate BA lev-
els observed in liver disease patients in blood plasma (first
row), bile (second row) and feces (last row). Measurements
in patients (blood: A, C, E, G, I; bile: K, M, O, Q, S; feces: U,
W, X α, γ) are shown for reference against model predictions
(blood: B, D, F, H, J; bile: L, N, P, R, T; feces: V, Y, Z β, δ).
In each compartment tCA, tCDCA, tDCA, tLCA and tUDCA
are shown from left to right.
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Figure B.12: Parameter scan of changes in intestinal pH. Parameter scan
of changes in intestinal pH to recapitulate BA levels observed
in liver disease patients in blood plasma (first row), bile (sec-
ond row) and feces (last row). Measurements in patients
(blood: A, C, E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ)
are shown for reference against model predictions (blood: B,
D, F, H, J; bile: L, N, P, R, T; feces: V, Y, Z β, δ). In each com-
partment tCA, tCDCA, tDCA, tLCA and tUDCA are shown
from left to right.
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Figure B.13: Parameter scan of relative blood plasma protein concentra-

tion. Parameter scan of the relative blood plasma protein
concentration to recapitulate BA levels observed in liver dis-
ease patients in blood plasma (first row), bile (second row)
and feces (last row). Measurements in patients (blood: A, C,
E, G, I; bile: K, M, O, Q, S; feces: U, W, X α, γ) are shown
for reference against model predictions (blood: B, D, F, H, J;
bile: L, N, P, R, T; feces: V, Y, Z β, δ). In each compartment
tCA, tCDCA, tDCA, tLCA and tUDCA are shown from left
to right.
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Figure B.14: Parameter scan of hepatic parameters: Concentration in

EHC organs. Parameter scan of hepatic parameters with
high sensitivity coefficient and corresponding concentration
in portal blood (A, F, K), liver (B, G, L), small (C, H, M) and
large (D, I, N) intestinal tissue and gut content (E, J, O).
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Figure B.15: Parameter scan of intestinal parameters: Concentration in

EHC organs. Parameter scan of intestinal parameters with
high sensitivity coefficient and corresponding concentration
in portal blood (A, F, K,P), liver (B, G, L, Q), small (C, H, M,
R) and large (D, I, N, S) intestinal tissue and gut content (E, J,
O, T)

Figure B.16: Parameter scan of blood parameters: Concentration in EHC

organs. Parameter scan of blood parameters with high sen-
sitivity coefficient and corresponding concentration in portal
blood (A), liver (B), small (C) and large (D) intestinal tissue
and gut content (E)
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Figure B.17: Parameter scan of functional liver volume. Parameter scan
of the functional liver volume to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row),
bile (second row) and feces (last row). Measurements in pa-
tients (blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown
for reference against model predictions (blood: B, D, F; bile:
H, J, L; feces: N, P, R). In each compartment G-BA, T-BA and
uBA are shown from left to right.
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Figure B.18: Parameter scan of relative NTCP activity.

Parameter scan of the relative NTCP activity to recapitulate
BA levels observed in liver disease patients in blood plasma
(first row), bile (second row) and feces (last row). Measure-
ments in patients (blood: A, C, E; bile: G, I, K; feces: M, O, Q)
are shown for reference against model predictions (blood: B,
D, F; bile: H, J, L; feces: N, P, R). In each compartment G-BA,
T-BA and uBA are shown from left to right.
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Figure B.19: Parameter scan of relative BSEP activity. Parameter scan of
the relative BSEP activity to recapitulate BA levels observed
in liver disease patients in blood plasma (first row), bile (sec-
ond row) and feces (last row). Measurements in patients
(blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown for
reference against model predictions (blood: B, D, F; bile: H, J,
L; feces: N, P, R). In each compartment G-BA, T-BA and uBA
are shown from left to right.
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Figure B.20: Parameter scan of relative ASBT activity. Parameter scan
of the relative ASBT activity to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row),
bile (second row) and feces (last row). Measurements in pa-
tients (blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown
for reference against model predictions (blood: B, D, F; bile:
H, J, L; feces: N, P, R). In each compartment G-BA, T-BA and
uBA are shown from left to right.
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Figure B.21: Parameter scan of relative OSTα/β activity. Parameter scan
of the relative OSTα/β activity to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row),
bile (second row) and feces (last row). Measurements in pa-
tients (blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown
for reference against model predictions (blood: B, D, F; bile:
H, J, L; feces: N, P, R). In each compartment G-BA, T-BA and
uBA are shown from left to right.
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Figure B.22: Parameter scan of relative BSH activity. Parameter scan of
the relative BSH activity to recapitulate BA levels observed in
liver disease patients in blood plasma (first row), bile (second
row) and feces (last row). Measurements in patients (blood:
A, C, E; bile: G, I, K; feces: M, O, Q) are shown for reference
against model predictions (blood: B, D, F; bile: H, J, L; fe-
ces: N, P, R). In each compartment G-BA, T-BA and uBA are
shown from left to right.
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Figure B.23: Parameter scan of relative BAAT activity. Parameter scan
of the relative BAAT activity to recapitulate BA levels ob-
served in liver disease patients in blood plasma (first row),
bile (second row) and feces (last row). Measurements in pa-
tients (blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown
for reference against model predictions (blood: B, D, F; bile:
H, J, L; feces: N, P, R). In each compartment G-BA, T-BA and
uBA are shown from left to right.
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Figure B.24: Parameter scan of changes in intestinal pH. Parameter scan
of changes in intestinal pH to recapitulate BA levels observed
in liver disease patients in blood plasma (first row), bile (sec-
ond row) and feces (last row). Measurements in patients
(blood: A, C, E; bile: G, I, K; feces: M, O, Q) are shown for
reference against model predictions (blood: B, D, F; bile: H, J,
L; feces: N, P, R). In each compartment G-BA, T-BA and uBA
are shown from left to right.
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Figure B.25: Parameter scan of relative blood plasma protein concentra-

tion. Parameter scan of the relative blood plasma protein
concentration to recapitulate BA levels observed in liver dis-
ease patients in blood plasma (first row), bile (second row)
and feces (last row). Measurements in patients (blood: A, C,
E; bile: G, I, K; feces: M, O, Q) are shown for reference against
model predictions (blood: B, D, F; bile: H, J, L; feces: N, P, R).
In each compartment G-BA, T-BA and uBA are shown from
left to right.
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Figure B.26: Parameter scan of hepatic parameters: Concentration in

EHC organs. Parameter scan of hepatic parameters with
high sensitivity coefficient and corresponding concentration
in portal blood (A, F, K,P), liver (B, G, L, Q), small (C, H, M,
R) and large (D, I, N, S) intestinal tissue and gut content (E, J,
O, T).
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Figure B.27: Parameter scan of intestinal parameters: Concentration in

EHC organs. Parameter scan of intestinal parameters with
high sensitivity coefficient and corresponding concentration
in portal blood (A, F, K,P), liver (B, G, L, Q), small (C, H, M,
R) and large (D, I, N, S) intestinal tissue and gut content (E, J,
O, T)

Figure B.28: Parameter scan of blood parameters: Concentration in EHC

organs. Parameter scan of blood parameters with high sen-
sitivity coefficient and corresponding concentration in portal
blood (A), liver (B), small (C) and large (D) intestinal tissue
and gut content (E)
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Table B.1: Data of bile acid concentration in venous blood plasma de-

rived from literature used for model development.

Bile acid Value SEM Unit Number
of studies

Source

tBA 2.83 1.1 µM 18 [326; 327;
328; 330;
331; 355;
357; 358;
360; 361;
362; 363;
364; 365;
366; 367;
368; 369]

Conj-BA 1.74 0.72 µM 4 [327; 357;
363; 368]

Glyco-
BA

1.52 0.66 µM 3 [357; 363;
368]

tCA 0.50 0.25 µM 5 [327; 355;
362; 363;
368]

G-CA 0.18 0.14 µM 2 [363; 368]
T-CA 0.06 0.05 µM 2 [363; 368]
CA 0.23 0.15 µM 2 [363; 368]

tCDCA 1.21 0.53 µM 5 [327; 355;
362; 363;
368]

G-CDCA 0.76 0.43 µM 2 [363; 368]
T-CDCA 0.13 0.29 µM 2 [363; 368]
CDCA 0.30 0.20 µM 2 [363; 368]

tDCA 0.82 0.39 µM 5 [327; 355;
362; 363;
368]

G-DCA 0.34 0.22 µM 2 [363; 368]
T-DCA 0.07 0.06 µM 2 [363; 368]
DCA 0.44 0.28 µM 2 [363; 368]

tLCA 0.26 0.18 µM 3 [362; 363;
368]

G-LCA 0.07 0.06 µM 2 [363; 368]
T-LCA 0.04 0.04 µM 2 [363; 368]
LCA 0.02 0.01 µM 1 [368]

tUDCA 0.20 0.11 µM 4 [327; 360;
363; 368]

G-UDCA 0.15 0.12 µM 2 [363; 368]
T-UDCA 0.01 2e-3 µM 1 [368]
UDCA 0.09 0.08 µM 2 [363; 368]
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Table B.2: Data of bile acid concentration in portal blood plasma de-

rived from literature used for model development.

Bile acid Value SEM Unit Number
of studies

Source

tCA 5.16 0.71 µM 4 [328; 329;
330; 331]

tCDCA 5.32 1.48 µM 4 [328; 329;
330; 331]

tDCA 3.62 1.04 µM 4 [328; 329;
330; 331]

Table B.3: Data of bile acid pool size in liver derived from literature

used for model development.

Bile acid Value SEM Unit Number
of studies

Source

tCA 60.99 4.18 µmol 4 [9; 332;
333; 334]

tCDCA 62.48 3.99 µmol 4 [9; 332;
333; 334]

tDCA 14.29 8.77 µmol 4 [9; 332;
333; 334]

tLCA 2.16 1.59 µmol 4 [9; 332;
333; 334]

tUDCA 5.01 1.24 µmol 4 [9; 332;
333; 334]

Table B.4: Data of synthesis and excretion rates derived from literature

used for model development.

Rates Value SEM Unit Number
of studies

Source

CA syn-
thesis

0.62 0.20 mmol/day 5 [325; 370;
371; 372;
373]

CDCA
synthesis

0.37 0.10 mmol/day 4 [370; 371;
372; 373]

Renal ex-
cretion

4.29 3.1 µmol/day 4 [364; 374;
375; 376]
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Table B.5: Data of bile acid composition in feces derived from literature

used for model development.

Bile acid Value SEM Unit Number
of studies

Source

tCA 3.5 2.8 % 2 [363; 377]
tCDCA 3.4 2.7 % 2 [363; 377]
tDCA 58.2 16.1 % 2 [363; 377]
tLCA 35.0 15.2 % 2 [363; 377]
tUDCA 1.4 1.2 % 2 [363; 377]

Table B.6: Data of bile acid composition in bile derived from literature

used for model development.

Bile acid Value SEM Unit Number
of studies

Source

CA 0.09 0.07 % 1 [378]
G-CA 29.77 58.26 % 1 [378]
T-CA 2.45 3.49 % 1 [378]

G-CDCA 20.51 43.56 % 1 [378]
T-CDCA 8.20 14.61 % 1 [378]

G-DCA 27.61 64.83 % 1 [378]
T-DCA 8.56 16.45 % 1 [378]

G-LCA 0.55 1.30 % 1 [378]
T-LCA 0.22 0.57 % 1 [378]

UDCA 0.00 0.00 % 1 [378]
G-UDCA 1.97 2.65 % 1 [378]
T-UDCA 0.08 0.25 % 1 [378]
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Table B.7: Data of intestinal bile flows derived from literature used for

model development.

Flows Value SEM Unit
Number of

studies Source

Duodenal bile
flow (basal) 7.44 3.5 µmol/min 1 [323]
Jejunal bile

flow (basal) 5.29 2.16 µmol/min 1 [323]
Ileal bile

flow (basal) 2.66 1.65 µmol/min 1 [323]
Per day 30.0 3.40 mmol/day 1 [324]

First hour
postprandial 2.56 0.37 mmol/h 1 [324]

Overnight (12h) 0.90 0.11 µmol/min 1 [324]

Table B.8: Literature data of postprandial responses in small intestine

used for model development. Error was calculated using
all measurements within one segment as individual measure-
ments as no measurement error was determined within the
study.

Segment Time [min] Flux [µmol/min] Error (calculated) Source

Duodenum 30 59.84 17.00 [323]
Duodenum 60 64.88 17.00 [323]
Duodenum 90 63.54 17.00 [323]
Duodenum 120 48.37 17.00 [323]
Duodenum 150 41.87 17.00 [323]
Duodenum 180 43.56 17.00 [323]
Duodenum 210 26.75 17.00 [323]
Duodenum 240 18.29 17.00 [323]

Jejunum 30 33.40 32.96 [323]
Jejunum 60 117.52 32.96 [323]
Jejunum 90 54.78 32.96 [323]
Jejunum 120 26.35 32.96 [323]
Jejunum 150 31.97 32.96 [323]
Jejunum 180 26.05 32.96 [323]
Jejunum 210 22.33 32.96 [323]
Jejunum 240 15.84 32.96 [323]

Ileum 30 16.04 39.59 [323]
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Continuation of table B.8

Segment Time [min] Flux [µmol/min] Error (calculated) Source

Ileum 60 105.49 39.59 [323]
Ileum 120 82.42 39.59 [323]
Ileum 180 31.86 39.59 [323]
Ileum 210 17.91 39.59 [323]
Ileum 240 12.81 39.59 [323]

Table B.9: Fitted parameter values of enzymatic reactions and postpran-

dial responses in the 5BA model.

Parameter Value Unit

Parameter Value Unit
Synthesis rate (tCA) 9.5E-01 µmol/min
Synthesis rate (tCDCA) 4.4E-01 µmol/min
Renal Clearance (Km) 9.5E+02 µmol/l
Renal Clearance (TSmax) 6.0E-03 µmol/l/min
tCA →tDCA (Km) 2.4E+01 µmol/l
tCA →tDCA (vmax) 2.0E+02 µmol/l/min
tCDCA →tLCA (Km) 1.1E+02 µmol/l
tCDCA →tLCA (vmax) 9.5E+02 µmol/l/min
tCDCA →tUDCA (Km) 1.0E+03 µmol/l
tCDCA →tUDCA (vmax) 4.3E+03 µmol/l/min
tUDCA →tLCA (Km) 9.5E+02 µmol/l
tUDCA →tLCA (vmax) 1.8E+01 µmol/l/min

Gallbladder emptying lag time 9.00 min
Gallbladder ejection half-time 59.73 min
EHC continuous fraction 0.50
Gallbladder ejection fraction 0.40
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Table B.10: Fitted parameter values of hepatic transport reactions in the

5BA model.

Parameter Value Unit

BSEP (tCA; Km) 9.5E+02 µmol/l
BSEP (tCDCA; Km) 9.6E+02 µmol/l
BSEP (tDCA; Km) 2.9E+02 µmol/l
BSEP (tLCA; Km) 9.1E+02 µmol/l
BSEP (tUDCA; Km) 9.9E+02 µmol/l
BSEP (tCA; vmax) 9.2E+00 µmol/l/min
BSEP (tCDCA; vmax) 6.5E+00 µmol/l/min
BSEP (tDCA; vmax) 1.4E+01 µmol/l/min
BSEP (tLCA; vmax) 4.4E+01 µmol/l/min
BSEP (tUDCA; vmax) 5.3E+00 µmol/l/min

NTCP (tCA; Km) 7.6E+02 µmol/l
NTCP (tCDCA; Km) 9.2E+02 µmol/l
NTCP (tDCA; Km) 4.5E+01 µmol/l
NTCP (tLCA; Km) 8.0E+02 µmol/l
NTCP (tUDCA; Km) 6.3E+02 µmol/l
NTCP (tCA; vmax) 2.4E+03 µmol/l/min
NTCP (tCDCA; vmax) 4.8E+02 µmol/l/min
NTCP (tDCA; vmax) 4.9E+03 µmol/l/min
NTCP (tLCA; vmax) 2.6E+03 µmol/l/min
NTCP (tUDCA; vmax) 1.1E+03 µmol/l/min

Table B.11: Fitted parameter values of intestinal transport reactions in

the 5BA model.

Parameter Value Unit

ASBT (tCA; Km) 1.0E+03 µmol/l
ASBT (tCDCA; Km) 1.6E+02 µmol/l
ASBT (tDCA; Km) 1.3E+02 µmol/l
ASBT (tLCA; Km) 2.4E+01 µmol/l
ASBT (tUDCA; Km) 4.4E+01 µmol/l
ASBT (tCA; vmax) 4.1E+02 µmol/l/min
ASBT (tCDCA; vmax) 1.3E+01 µmol/l/min
ASBT (tDCA; vmax) 5.0E+03 µmol/l/min
ASBT (tLCA; vmax) 2.1E+03 µmol/l/min
ASBT (tUDCA; vmax) 3.8E+03 µmol/l/min
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Continuation of table B.11

Parameter Value Unit

OSTα/β (tCA; Km) 9.2E-01 µmol/l
OSTα/β (tCDCA; Km) 1.0E+03 µmol/l
OSTα/β (tDCA; Km) 6.7E+01 µmol/l
OSTα/β (tLCA; Km) 9.6E+02 µmol/l
OSTα/β (tUDCA; Km) 2.2E+01 µmol/l
OSTα/β (tCA; vmax) 5.0E+03 µmol/l/min
OSTα/β (tCDCA; vmax) 1.3E+00 µmol/l/min
OSTα/β (tDCA; vmax) 5.0E+03 µmol/l/min
OSTα/β (tLCA; vmax) 2.5E+00 µmol/l/min
OSTα/β (tUDCA; vmax) 5.0E+03 µmol/l/min

Table B.12: Sensitivity analysis of fitted 5BA model parameters on BA

concentration in liver tissue. Shown are only parameters

with sensitivity coefficient above 1 or below -1. (LU: Lumen,

nRE: normalized relative expression, ITR: intestinal transit

rate)

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

tDCA C tEnd pH (intracellular) 31.9944845
tCA C tEnd pH (intracellular) 17.11378011
tUDCA C tEnd pH (intracellular) 13.97256935
tCA C max pH (intracellular) 12.07650294
tCDCA C tEnd pH (intracellular) 5.85872439
tCDCA C max pH (intracellular) 4.991866588
tUDCA C max LU-ColonTransversum-pH 4.505388517
tUDCA C tEnd LU-ColonTransversum-pH 4.240910746
tLCA C tEnd pH (intracellular) 4.073137463
tLCA C max pH (intracellular) 4.019450905
tUDCA C tEnd LU-ColonAscendens-pH 3.882990266
tUDCA C max LU-ColonAscendens-pH 3.65838723
tDCA C max LU-ColonTransversum-pH 2.917986484
tUDCA C tEnd tUDCA-BSEP-Transporter conc. 2.393989835
tUDCA C tEnd tUDCA-BSEP-Km 2.367941416
tDCA C tEnd LU-ColonTransversum-pH 1.958689547
tUDCA C max pH (intracellular) 1.603376642
tDCA C max LargeIntestine-Volume 1.599188632
tDCA C max tDCA-ASBT-Vmax 1.598491523
tDCA C max ASBT-Reference conc. 1.598491
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Continuation of table B.12

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

tCA C max LU-UpperJejunum-pH 1.464134251
tDCA C max LU-ColonSigmoid-pH 1.375806945
tCA C max LU-LowerJejunum-pH 1.326492148
tDCA C max LU-ColonAscendens-pH 1.217174344
tCA C max tCA-BSEP-Transporter conc. 1.149417133
tDCA C max LU-ColonDescendens-pH 1.145034962
tCA C tEnd tCA-BSEP-Transporter conc. 1.077890765
tDCA C tEnd tDCA-BSEP-Transporter conc. 1.070917766
tCA C tEnd CA Synthesis 1.061881727
tUDCA C tEnd tCDCA-Reference pH 1.050403834
tCA C max LU-UpperIleum-pH 1.04571481
tDCA C tEnd tDCA-ASBT-Vmax 1.030887998
tDCA C tEnd ASBT-Reference conc. 1.030887391
tDCA C tEnd LargeIntestine-Volume 1.030677599
tCDCA C tEnd tCDCA-BSEP-Transporter conc. 1.024140911
tCA C tEnd tCA-BSEP-Km 1.010803635
tDCA C tEnd tDCA-BSEP-Km 1.006357959
tCA C max tCA-BSEP-Km 0.99562348

tDCA C tEnd tDCA-Reference pH -26.94516932
tDCA C tEnd pH (plasma) -17.04857036
tCA C tEnd pH (plasma) -14.46369982
tUDCA C tEnd pH (plasma) -13.37675652
tCA C max pH (plasma) -11.09993064
tCDCA C tEnd pH (plasma) -5.277854973
tCDCA C max pH (plasma) -4.440434037
tLCA C tEnd pH (plasma) -3.69925463
tLCA C max pH (plasma) -3.65526187
tUDCA C tEnd tUDCA-BSEP-Vmax -2.429421653
tUDCA C tEnd BSEP-nRE -2.428166255
tUDCA C tEnd BSEP-Reference conc. -2.428166255
tUDCA C tEnd Plasma protein scale factor -2.026701006
tDCA C max Liver volume -1.62739183
tUDCA C max pH (plasma) -1.626816028
tDCA C max tDCA-ASBT-Transporter conc. -1.614541824
tUDCA C tEnd Liver volume -1.232711789
tCA C max Liver volume -1.16600029
tCA C max BSEP-nRE -1.161375182
tCA C max tCA-BSEP-Vmax -1.161375182
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Continuation of table B.12

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

tCA C max BSEP-Reference conc. -1.161375182
tCA C tEnd BSEP-nRE -1.08840449
tCA C tEnd tCA-BSEP-Vmax -1.08840449
tCA C tEnd BSEP-Reference conc. -1.08840449
tDCA C tEnd BSEP-nRE -1.087745064
tDCA C tEnd BSEP-Reference conc. -1.087745064
tDCA C tEnd tDCA-BSEP-Vmax -1.087744864
tCA C tEnd Liver volume -1.077689392
tDCA C tEnd Liver volume -1.041976912
tDCA C tEnd tDCA-ASBT-Transporter conc. -1.040897522
tCDCA C tEnd Liver volume -1.038407643
tCDCA C tEnd BSEP-nRE -1.032870503
tCDCA C tEnd tCDCA-BSEP-Vmax -1.032870503
tCDCA C tEnd BSEP-Reference conc. -1.032870503
tLCA C tEnd Liver volume -1.008927428
tLCA C max Liver volume -1.008112716

Table B.13: Sensitivity analysis of fitted 5BA model parameters on BA

concentration in portal blood plasma. Shown are only pa-

rameters with sensitivity coefficient above 1 or below -1.

(LU: Lumen, nRE: normalized relative expression, ITR: in-

testinal transit rate)

PV Parameter Sensitivity
conc. [µM] PK Model coefficient

tUDCA C max LU-ColonTransversum-pH 4.3729379
tUDCA C tEnd LU-ColonAscendens-pH 3.9703496
tUDCA C tEnd LU-ColonTransversum-pH 3.9181622
tUDCA C max LU-ColonAscendens-pH 3.5860018
tUDCA C tEnd pH (intracellular) 3.1905393
tDCA C tEnd pH (intracellular) 2.5552293
tDCA C tEnd LU-ColonTransversum-pH 1.8712197
tCA C max LU-UpperJejunum-pH 1.6335009
tCA C max LU-LowerJejunum-pH 1.4993914
tCDCA C tEnd LU-UpperJejunum-pH 1.4874916
tDCA C max LU-ColonTransversum-pH 1.4513677
tCDCA C tEnd LU-LowerJejunum-pH 1.3183371
tUDCA C tEnd G-UDCA-BSEP-Transporter (conc.) 1.1901658
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Continuation of table B.13

PV Parameter Sensitivity
conc. [µM] PK Model coefficient

tCA C max LU-UpperIleum-pH 1.1879025
tUDCA C tEnd G-UDCA-BSEP-Km 1.1700289
tCDCA C tEnd LU-UpperIleum-pH 1.0265776
tDCA C tEnd G-DCA-ASBT-Vmax 1.0056986
tDCA C tEnd ASBT-Reference (conc.) 1.0056985
tCA C max G-CA-ASBT-Vmax 0.9994424
tCA C max ASBT-Reference (conc.) 0.9994424
tCA C tEnd CA Synthesis 0.9961191

tUDCA C tEnd pH (plasma) -3.4751055
tUDCA C tEnd Plasma protein scale factor -1.8422361
tDCA C tEnd pH (plasma) -1.6321044
tUDCA C tEnd G-UDCA-BSEP-Vmax -1.1933893
tUDCA C tEnd Liver-BSEP-nRE -1.1923093
tUDCA C tEnd BSEP-Reference (conc.) -1.1923093
tDCA C tEnd G-DCA-ASBT-Transporter (conc.) -1.0145027
tCA C max G-CA-ASBT-Transporter (conc.) -1.0074924

Table B.14: Sensitivity analysis of fitted 5BA model parameters on BA

concentration in venous blood plasma. Shown are only pa-

rameters with sensitivity coefficient above 1 or below -1.

(LU: Lumen, nRE: normalized relative expression, ITR: in-

testinal transit rate)

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

tUDCA C max LU-ColonTransversum-pH 4.3694825
tUDCA C tEnd LU-ColonAscendens-pH 3.9628173
tUDCA C tEnd LU-ColonTransversum-pH 3.9365879
tUDCA C max LU-ColonAscendens-pH 3.5885654
tUDCA C tEnd pH (intracellular) 3.1175547
tDCA C tEnd pH (intracellular) 2.6874616
tDCA C tEnd LU-ColonTransversum-pH 1.886788
tCA C max LU-UpperJejunum-pH 1.6322001
tDCA C max LU-ColonTransversum-pH 1.50361
tCA C max LU-LowerJejunum-pH 1.4979095
tCDCA C max LU-UpperJejunum-pH 1.4727287
tCDCA C tEnd LU-UpperJejunum-pH 1.4727287
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Continuation of table B.14

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

tCDCA C tEnd LU-LowerJejunum-pH 1.3052323
tUDCA C tEnd NTCP-tUDCA-Transporter conc. 1.2525896
tUDCA C tEnd NTCP-tUDCA-Km 1.252555
tCDCA C max LU-LowerJejunum-pH 1.2074457
tBA C max LU-ColonTransversum-pH 1.202544
tCA C max LU-UpperIleum-pH 1.1867188
tUDCA C tEnd BSEP-tUDCA-Transporter conc. 1.1765779
tUDCA C tEnd BSEP-tUDCA-Km 1.1564472
tBA C tEnd LU-UpperJejunum-pH 1.0345437
tCDCA C tEnd LU-UpperIleum-pH 1.0163646
tDCA C tEnd ASBT-tDCA-Vmax 1.0069596
tDCA C tEnd ASBT-Reference conc. 1.0069593
tDCA C tEnd LargeIntestine-Volume 1.0047401
tCA C tEnd NTCP-tCA-Transporter conc. 1.0018435
tCA C tEnd NTCP-tCA-Km 1.0016644
tCA C max NTCP-tCA-Transporter conc. 1.0003698
tCA C max NTCP-tCA-Km 0.9997669
tCDCA C tEnd NTCP-tCDCA-Transporter conc. 0.9990476
tLCA C tEnd NTCP-tLCA-Transporter conc. 0.9989371
tLCA C tEnd NTCP-tLCA-Km 0.9989134
tCDCA C tEnd NTCP-tCDCA-Km 0.9988419
tCA C max SmallIntestine-Volume 0.9986935
tCA C max ASBT-tCA-Vmax 0.9986693
tCA C max ASBT-Reference conc. 0.9986693
tDCA C max NTCP-tDCA-Transporter conc. 0.9983784
tLCA C max NTCP-tLCA-Transporter conc. 0.9981881
tLCA C max NTCP-tLCA-Km 0.9981639
tCA C tEnd PARAM CA Synth 0.9968358

tUDCA C tEnd pH (plasma) -3.3985921
tUDCA C tEnd tUDCA-Fraction unbound -2.146039
tUDCA C tEnd Plasma protein scale factor -2.1392429
tDCA C tEnd pH (plasma) -1.7607259
tUDCA C tEnd Liver-Volume -1.2829974
tUDCA C tEnd NTCP-tUDCA-Vmax -1.2670235
tUDCA C tEnd Liver-NTCP-nRE -1.2664176
tUDCA C tEnd NTCP-Reference conc. -1.2664176
tUDCA C tEnd BSEP-tUDCA-Vmax -1.1794629
tUDCA C tEnd Liver-BSEP-nRE -1.1783772
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Continuation of table B.14

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

tUDCA C tEnd BSEP-Reference conc. -1.1783772
tCDCA C tEnd Liver-Volume -1.0464546
tBA C tEnd Liver-Volume -1.0451438
tCDCA C max Liver-Volume -1.0333219
tBA C tEnd Plasma protein scale factor -1.0328262
tCA C tEnd Liver-Volume -1.0190721
tCA C tEnd Plasma protein scale factor -1.0169512
tCA C tEnd tCA-Fraction unbound -1.0169512
tDCA C tEnd Liver-Volume -1.0167699
tDCA C tEnd ASBT-tDCA-Transporter conc. -1.0160475
tLCA C tEnd Liver-Volume -1.0146817
tCA C max Liver-Volume -1.0144239
tBA C tEnd Liver-NTCP-nRE -1.0144121
tBA C tEnd NTCP-Reference conc. -1.0144121
tLCA C max Liver-Volume -1.0138707
tCA C tEnd Liver-NTCP-nRE -1.0099432
tCA C tEnd NTCP-tCA-Vmax -1.0099432
tCA C tEnd NTCP-Reference conc. -1.0099432
tCA C max Liver-NTCP-nRE -1.0084272
tCA C max NTCP-tCA-Vmax -1.0084272
tCA C max NTCP-Reference conc. -1.0084272
tCA C max Plasma protein scale factor -1.0080239
tCA C max tCA-Fraction unbound -1.0080239
tCDCA C tEnd Plasma protein scale factor -1.0073496
tCDCA C tEnd tCDCA-Fraction unbound -1.0073496
tCDCA C tEnd Liver-NTCP-nRE -1.0070713
tCDCA C tEnd NTCP-tCDCA-Vmax -1.0070713
tCDCA C tEnd NTCP-Reference conc. -1.0070713
tLCA C tEnd Liver-NTCP-nRE -1.0069631
tLCA C tEnd NTCP-tLCA-Vmax -1.0069631
tLCA C tEnd NTCP-Reference conc. -1.0069631
tCA C max ASBT-tCA-Transporter conc. -1.0067331
tDCA C max Liver-NTCP-nRE -1.006457
tDCA C max NTCP-tDCA-Vmax -1.006457
tDCA C max NTCP-Reference conc. -1.006457
tLCA C max Liver-NTCP-nRE -1.0061948
tLCA C max NTCP-tLCA-Vmax -1.0061948
tLCA C max NTCP-Reference conc. -1.0061948
tDCA C tEnd Plasma protein scale factor -1.0002279
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Continuation of table B.14

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

tDCA C tEnd tDCA-Fraction unbound -1.0002279
tDCA C tEnd Liver-NTCP-nRE -0.9990662
tDCA C tEnd NTCP-tDCA-Vmax -0.9990662
tDCA C tEnd NTCP-Reference conc. -0.9990662
tCDCA C max Plasma protein scale factor -0.9977069
tCDCA C max tCDCA-Fraction unbound -0.9977069
tCDCA C max Liver-NTCP-nRE -0.997466
tCDCA C max NTCP-tCDCA-Vmax -0.997466
tCDCA C max NTCP-Reference conc. -0.997466

Table B.15: Sensitivity analysis of fitted 5BA model parameters on BA

composition in feces. Shown are only parameters with sen-

sitivity coefficient above 1 or below -1. (LU: Lumen, nRE:

normalized relative expression, ITR: intestinal transit rate)

Fraction of Parameter Sensitivity
fecal BA PK Model coefficient

tUDCA C tEnd Height 7.9945916
tCA C tEnd Height 7.7055212
tCA C tEnd tCA to tDCA: Enzyme conc. 6.4314569
tCA C tEnd tCA to tDCA: Km 6.4314461
tCA C tEnd ASBT-tCA-Transporter conc. 4.9095078
tUDCA C max Height 4.8635012
tCA C tEnd ASBT-tCA-Km 4.8527381
tCDCA C max tCDCA to tLCA: Enzyme conc. 4.1313135
tCDCA C tEnd tCDCA to tLCA: Enzyme conc. 4.1312937
tCDCA C tEnd tCDCA to tLCA: Km 4.1310864
tCDCA C max tCDCA to tLCA: Km 4.1290789
tUDCA C tEnd ASBT-tUDCA-Transporter conc. 3.127982
tUDCA C tEnd ASBT-tUDCA-Km 3.1224815
tUDCA C max tUDCA to tLCA: Enzyme conc. 2.5578622
tUDCA C max tUDCA to tLCA: Km 2.5089005
tCA C tEnd PARAM CA Synth 2.2087872
tUDCA C max ASBT-tUDCA-Transporter conc. 2.1835994
tUDCA C max ASBT-tUDCA-Km 2.1762542
tCA C tEnd pH (intracellular) 2.0365092
tCDCA C max tCDCA to tUDCA: Enzyme conc. 1.9307918
tCDCA C max tCDCA to tUDCA: Km 1.9306866
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Continuation of table B.15

Fraction of Parameter Sensitivity
fecal BA PK Model coefficient

tCDCA C tEnd tCDCA to tUDCA: Enzyme conc. 1.9299186
tCDCA C tEnd tCDCA to tUDCA: Km 1.9299089
tUDCA C tEnd tUDCA to tLCA: Enzyme conc. 1.8020316
tUDCA C tEnd tUDCA to tLCA: Km 1.7972666
tUDCA C tEnd PARAM CDCA synth 1.5330521
tCDCA C tEnd PARAM CDCA synth 1.3042242
tCA C tEnd LU-ColonTransversum-pH 1.0161884
tCDCA C tEnd LU-ColonTransversum-pH 1.0161883
tUDCA C max LU-ColonAscendens-ITR 1.0138497

tUDCA C tEnd LU-ColonTransversum-pH -102.01434
tCA C tEnd LU-UpperJejunum-pH -9.9057838
tUDCA C max LU-ColonDescendens-pH -9.7392697
tCA C tEnd tCA to tDCA-Reference conc. -6.7400329
tCA C tEnd tCA to tDCA: Vmax -6.7400329
tCDCA C tEnd LI-Large intestinal transit time -6.3683225
tCA C tEnd LI-Large intestinal transit time -6.3597312
tCDCA C max LI-Large intestinal transit time -6.3350181
tCA C tEnd SI-Volume -5.0423829
tCA C tEnd ASBT-tCA-Vmax -5.0418771
tUDCA C max LI-Large intestinal transit time -4.9545943
tUDCA C tEnd LI-Large intestinal transit time -4.8231005
tCA C tEnd ASBT-Reference conc. -4.4773098
tCDCA C max tCDCA to tLCA: Vmax -4.25488
tCDCA C max tCDCA to tLCA-Reference conc. -4.2548796
tCDCA C tEnd tCDCA to tLCA-Reference conc. -4.2548649
tCDCA C tEnd tCDCA to tLCA: Vmax -4.2548649
tUDCA C tEnd ASBT-Reference conc. -3.5943911
tUDCA C tEnd ASBT-tUDCA-Vmax -3.2045471
tCA C tEnd SI-Small intestinal transit time -3.1280892
tUDCA C tEnd LI-Volume -2.661764
tUDCA C max tUDCA to tLCA-Reference conc. -2.6316646
tUDCA C max tUDCA to tLCA: Vmax -2.6316646
tCA C tEnd LU-Duodenum-pH -2.5843208
tCA C tEnd LU-LowerJejunum-pH -2.2844423
tUDCA C max LU-ColonTransversum-pH -2.2769556
tUDCA C max ASBT-tUDCA-Vmax -2.2225699
tUDCA C max LI-Volume -2.0339603
tUDCA C max ASBT-Reference conc. -2.02119
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Continuation of table B.15

Fraction of Parameter Sensitivity
fecal BA PK Model coefficient

tCDCA C max tCDCA to tUDCA: Vmax -1.9503048
tCDCA C max tCDCA to tUDCA-Reference conc. -1.9503047
tCDCA C tEnd tCDCA to tUDCA-Reference conc. -1.9494041
tCDCA C tEnd tCDCA to tUDCA: Vmax -1.9494041
tCA C tEnd pH (plasma) -1.8845356
tUDCA C tEnd tUDCA to tLCA-Reference conc. -1.8235796
tUDCA C tEnd tUDCA to tLCA: Vmax -1.8235796
tCA C tEnd UpperJejunum-ASBT-nRE -1.8157343
tUDCA C tEnd LU-ColonAscendens-pH -1.4496658
tUDCA C tEnd LU-UpperJejunum-pH -1.4338182
tUDCA C tEnd LU-LowerJejunum-pH -1.2808166
tCDCA C tEnd LU-UpperJejunum-pH -1.2723119
tCDCA C tEnd LU-LowerJejunum-pH -1.134935
tCDCA C tEnd tCA Synthesis -1.0454137
tLCA C tEnd tCA Synthesis -1.0454137
tUDCA C tEnd tCA Synthesis -1.0454135
tCA C tEnd Caecum-tCA to tDCA-nRE -1.0071679
tCA C tEnd ColonAscendens-tCA to tDCA-nRE -1.0071162
tCA C tEnd ColonTransversum-tCA to tDCA-nRE -1.007067
tCA C tEnd ColonSigmoid-tCA to tDCA-nRE -1.0066847
tCA C tEnd ColonDescendens-tCA to tDCA-nRE -1.0066079
tUDCA C tEnd UpperIleum-pH -1.0054961

Table B.16: Sensitivity analysis of fitted 5BA model parameters on BA

composition in bile. Shown are only parameters with sen-

sitivity coefficient above 1 or below -1. (LU: Lumen, nRE:

normalized relative expression, ITR: intestinal transit rate)

Fraction of Parameter Sensitivity
biliary BA PK Model coefficient

tUDCA C max LU-ColonTransversum-pH 3.337207
tUDCA C max LU-ColonAscendens-pH 2.9916003
tUDCA C tEnd LU-ColonAscendens-pH 2.7152065
tUDCA C tEnd LU-ColonTransversum-pH 2.6706766

tCA C tEnd LU-ColonTransversum-pH -1.558907
tCDCA C tEnd LU-ColonTransversum-pH -1.5589069
tLCA C tEnd LU-ColonTransversum-pH -1.0595932
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Table B.17: Fitted parameter values of enzymatic reactions and post-

prandial responses in the human conjugation model.

Parameter Value Unit

Synthesis rate (uBA) 7.92E-01 µmol/min
Renal Clearance (Km) 8.59E+02 µmol/l
Renal Clearance (TSmax) 2.39E-03 µmol/l/min
BAAT (G-BA, Km) 1.49E+02 µmol/l
BAAT (G-BA, vmax) 4.53E+03 µmol/l/min
BAAT (T-BA, Km) 1.09E+02 µmol/l
BAAT (T-BA, vmax) 2.06E+03 µmol/l/min
BSH (G-BA, Km) 6.30E+02 µmol/l
BSH (G-BA, vmax) 6.31E+03 µmol/l/min
BSH (T-BA, Km) 3.51E+02 µmol/l
BSH (T-BA, vmax) 5.59E+03 µmol/l/min

EHC continuous fraction 0.49
Gallbladder ejection fraction 0.57
Gallbladder ejection half-time 63.47 min
Gallbladder emptying lag time 10.66 min

Table B.18: Fitted parameter values of transport reactions in the human

conjugation model.

Parameter Value Unit

ASBT (G-BA; Km) 5.56E+01 µmol/l
ASBT (T-BA; Km) 1.52E+02 µmol/l
ASBT (uBA; Km) 1.00E-03 µmol/l
ASBT (G-BA; vmax) 3754.32389 µmol/l/min
ASBT (T-BA; vmax) 3.11E+03 µmol/l/min
ASBT (uBA; vmax) 9.80E+03 µmol/l/min

BSEP (G-BA; Km) 7.86E+02 µmol/l
BSEP (T-BA; Km) 1.66E+02 µmol/l
BSEP (uBA; Km) 1.20E+02 µmol/l
BSEP (G-BA; vmax) 49.324107 µmol/l/min
BSEP (T-BA; vmax) 1.29E+01 µmol/l/min
BSEP (uBA; vmax) 8.96E+03 µmol/l/min

NTCP (G-BA; Km) 3.75E+00 µmol/l
NTCP (T-BA; Km) 7.30E+01 µmol/l
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Continuation of table B.18

Parameter Value Unit

NTCP (uBA; Km) 2.68E+02 µmol/l
NTCP (G-BA; vmax) 412.059148 µmol/l/min
NTCP (T-BA; vmax) 9.59E+03 µmol/l/min
NTCP (uBA; vmax) 1.85E+03 µmol/l/min

OSTα/β (G-BA; Km) 1.00E+03 µmol/l
OSTα/β (T-BA; Km) 9.85E+02 µmol/l
OSTα/β (uBA; Km) 1.00E+03 µmol/l
OSTα/β (G-BA; vmax) 651.110682 µmol/l/min
OSTα/β (T-BA; vmax) 3.40E+02 µmol/l/min
OSTα/β (uBA; vmax) 4.46E+01 µmol/l/min

Table B.19: Sensitivity analysis of fitted human conjugation BA model

parameters on BA concentration in liver tissue. Shown are

only parameters with sensitivity coefficient above 1 or below

-1. (LU: Lumen, nRE: normalized relative expression, ITR:

intestinal transit rate)

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

G-BA C max LU-UpperJejunum-pH 3.6353717
G-BA C tEnd pH (intracellular) 3.4231309
tBA C tEnd pH (intracellular) 2.9478903
T-BA C tEnd pH (intracellular) 2.9330913
G-BA C max LU-LowerJejunum-pH 2.5873231
tBA C max LU-UpperJejunum-pH 2.3397513
T-BA C max ASBT-T-BA-Transporter conc. 2.1771248
T-BA C max OSTβ-Reference conc. 2.0534585
G-BA C max SI-Volume 2.0497788
T-BA C max OSTβ-T-BA-Vmax 2.0138462
G-BA C max pH (intracellular) 1.9812359
G-BA C max ASBT-Reference conc. 1.7277806
G-BA C max ASBT-G-BA-Vmax 1.7248532
tBA C max SI-Volume 1.7238621
T-BA C max SI-Duodenum-OSTβ-nRE 1.6955757
G-BA C max BSEP-G-BA-Transporter conc. 1.6944266
tBA C max LU-LowerJejunum-pH 1.6269015
T-BA C max OSTα-Reference conc. 1.5881191
T-BA C max OSTα-T-BA-Vmax 1.5614959
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Continuation of table B.19

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

G-BA C max LU-UpperIleum-pH 1.556468
T-BA C tEnd BSEP-T-BA-Transporter conc. 1.5283556
T-BA C max SI-Volume 1.5276289
T-BA C tEnd SI-Volume 1.4328847
tBA C tEnd BSEP-T-BA-Transporter conc. 1.4215024
tBA C tEnd SI-Volume 1.3645412
tBA C max pH (intracellular) 1.3565212
T-BA C max SI-Duodenum-OSTα-nRE 1.3517233
tBA C max ASBT-T-BA-Transporter conc. 1.1726046
tBA C max OSTβ-Reference conc. 1.1236862
T-BA C max ASBT-T-BA-Km 1.0989362
tBA C max ASBT-G-BA-Vmax 1.0569371
T-BA C max BSEP-T-BA-Transporter conc. 1.0389323
T-BA C tEnd BSEP-T-BA-Km 0.9997167
tBA C max BSEP-G-BA-Transporter conc. 0.9975245
G-BA C tEnd BSEP-G-BA-Transporter conc. 0.9967107
G-BA C tEnd BSEP-G-BA-Km 0.99573

G-BA C tEnd pH (plasma) -3.5130521
tBA C tEnd pH (plasma) -3.0255431
T-BA C tEnd pH (plasma) -3.005719
T-BA C max ASBT-Reference conc. -2.1886153
T-BA C max ASBT-T-BA-Vmax -2.1698161
T-BA C max SI-Duodenum-ASBT-nRE -2.1690524
G-BA C max Liver-Volume -2.0902338
G-BA C max pH (plasma) -2.0356951
T-BA C max OSTβ-T-BA-Transporter conc. -2.0197987
T-BA C max Liver-Volume -1.7530751
G-BA C max Liver-BSEP-nRE -1.7383457
G-BA C max BSEP-Reference conc. -1.7383457
G-BA C max ASBT-G-BA-Transporter conc. -1.7301226
G-BA C max BSEP-G-BA-Vmax -1.7024199
T-BA C tEnd Liver-BSEP-nRE -1.5674197
T-BA C tEnd BSEP-Reference conc. -1.5674197
G-BA C tEnd Liver-BSEP-nRE -1.5633473
G-BA C tEnd BSEP-Reference conc. -1.5633473
tBA C tEnd Liver-BSEP-nRE -1.5581026
tBA C tEnd BSEP-Reference conc. -1.5581026
T-BA C max OSTα-T-BA-Transporter conc. -1.5568956
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Continuation of table B.19

Liver Parameter Sensitivity
conc. [µM] PK Model coefficient

T-BA C tEnd BSEP-T-BA-Vmax -1.5373683
T-BA C tEnd Liver-Volume -1.5370558
tBA C tEnd BSEP-T-BA-Vmax -1.4298853
tBA C max Liver-BSEP-nRE -1.4031247
tBA C max BSEP-Reference conc. -1.4031247
tBA C max pH (plasma) -1.3975984
G-BA C max ASBT-G-BA-Km -1.3679444
tBA C max ASBT-T-BA-Vmax -1.1647297
T-BA C max Liver-BSEP-nRE -1.1330459
T-BA C max BSEP-Reference conc. -1.1330459
tBA C max SI-Duodenum-ASBT-nRE -1.1060082
tBA C max ASBT-G-BA-Transporter conc. -1.0578696
T-BA C max BSEP-T-BA-Vmax -1.0382934
G-BA C tEnd Liver-Volume -1.0051559
G-BA C tEnd BSEP-G-BA-Vmax -0.9995321
tBA C max BSEP-G-BA-Vmax -0.9989048
BA C max Liver-Volume -0.9970143

Table B.20: Sensitivity analysis of fitted human conjugation model pa-

rameters on BA composition in portal vein plasma. Shown

are only parameters with sensitivity coefficient above 1 or

below -1. (LU: Lumen, nRE: normalized relative expression,

ITR: intestinal transit rate)

Fraction of Parameter Sensitivity
biliary BA PK Model coefficient

G-BA C max LU-UpperJejunum-pH 1.778047191
G-BA C max LU-LowerJejunum-pH 1.351933359
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Table B.21: Sensitivity analysis of fitted human conjugation BA model

parameters on BA concentration in venous blood plasma.

Shown are only parameters with sensitivity coefficient

above 1 or below -1. (LU: Lumen, nRE: normalized relative

expression, ITR: intestinal transit rate)

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

G-BA C max LU-UpperJejunum-pH 2.12803302
G-BA C max LU-LowerJejunum-pH 1.576753241
G-BA C max SmallIntestine-Volume 1.196755404
tBA C max LU-UpperJejunum-pH 1.184911802
G-BA C max NTCP-G-BA-Transporter conc. 1.173879148
uBA C tEnd NTCP-BA-Transporter conc. 1.000557844
uBA C tEnd NTCP-BA-Km 1.000084727
uBA C max NTCP-BA-Transporter conc. 0.999572152
uBA C max NTCP-BA-Km 0.998721573
T-BA C max NTCP-T-BA-Transporter conc. 0.996460368
G-BA C max NTCP-G-BA-Km 0.995735674
T-BA C tEnd NTCP-T-BA-Transporter conc. 0.995235872

G-BA C max Liver-Volume -1.203215815
G-BA C max NTCP-G-BA-Vmax -1.178444521
G-BA C max Liver-BA-NTCP-nRE -1.178441653
G-BA C max NTCP-Reference conc. -1.178441653
tBA C max Liver-BA-NTCP-nRE -1.099073166
tBA C max NTCP-Reference conc. -1.099073166
tBA C max Liver-Volume -1.054346051
T-BA C tEnd Liver-Volume -1.005138972
uBA C tEnd NTCP-BA-Vmax -1.003434057
uBA C tEnd Liver-BA-NTCP-nRE -1.003108846
uBA C tEnd NTCP-Reference conc. -1.003108846
uBA C max NTCP-BA-Vmax -1.002437702
uBA C max Liver-BA-NTCP-nRE -1.002289385
uBA C max NTCP-Reference conc. -1.002289385
tBA C tEnd Liver-BA-NTCP-nRE -1.001829475
tBA C tEnd NTCP-Reference conc. -1.001829475
T-BA C tEnd T-BA-Fraction unbound -1.000564201
T-BA C tEnd Plasma protein scale factor -1.000337499
T-BA C max NTCP-T-BA-Vmax -0.999328678
T-BA C max Liver-BA-NTCP-nRE -0.999318169
T-BA C max NTCP-Reference conc. -0.999318169
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Continuation of table B.21

VB Parameter Sensitivity
conc. [µM] PK Model coefficient

T-BA C tEnd NTCP-T-BA-Vmax -0.998094013
T-BA C tEnd Liver-BA-NTCP-nRE -0.998090374
T-BA C tEnd NTCP-Reference conc. -0.998090374
G-BA C tEnd Liver-Volume -0.99695951
uBA C max Liver-Volume -0.99676741

Table B.22: Sensitivity analysis of fitted human conjugation model pa-

rameters on BA composition in feces. Shown are only pa-

rameters with sensitivity coefficient above 1 or below -1.

(LU: Lumen, nRE: normalized relative expression, ITR: in-

testinal transit rate)

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

T-BA C max Height 10.583065
T-BA C tEnd Height 10.583065
T-BA C max ASBT-T-BA-Transporter conc. 8.3651467
T-BA C tEnd ASBT-T-BA-Transporter conc. 8.3651467
uBA C max ASBT-BA-Transporter conc. 8.1279775
uBA C tEnd ASBT-BA-Transporter conc. 8.1279775
uBA C max BAAT: Vmax 7.7927574
uBA C tEnd BAAT: Vmax 7.7927574
T-BA C max ASBT-T-BA-Km 6.2330472
T-BA C tEnd ASBT-T-BA-Km 6.2330472
T-BA C max BSH: Enzyme conc. 6.0501466
T-BA C max BSH: Km 6.0501466
T-BA C tEnd BSH: Enzyme conc. 6.0501466
T-BA C tEnd BSH: Km 6.0501466
uBA C max BSEP-BA-Transporter conc. 5.8712037
uBA C tEnd BSEP-BA-Transporter conc. 5.8712037
uBA C max Liver-BAAT-nRE 5.8710698
uBA C max BAAT-Reference conc. 5.8710698
uBA C tEnd Liver-BAAT-nRE 5.8710698
uBA C tEnd BAAT-Reference conc. 5.8710698
uBA C max BSEP-BA-Km 5.87073
uBA C tEnd BSEP-BA-Km 5.87073
G-BA C max BSH: Enzyme conc. 5.6810792
G-BA C tEnd BSH: Enzyme conc. 5.6810792
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Continuation of table B.22

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

G-BA C max BSH: Km 5.6762958
G-BA C tEnd BSH: Km 5.6762958
uBA C max Height 3.6582752
uBA C tEnd Height 3.6582752
uBA C max PARAM BA Synth 3.5967195
uBA C tEnd PARAM BA Synth 3.5967195
uBA C max ASBT-G-BA-Transporter conc. 2.639368
uBA C tEnd ASBT-G-BA-Transporter conc. 2.639368
uBA C max OSTβ-Reference conc. 2.5695675
uBA C tEnd OSTβ-Reference conc. 2.5695675
uBA C max OSTβ-BA-Vmax 2.5349419
uBA C tEnd OSTβ-BA-Vmax 2.5349419
uBA C max Duodenum-OSTβ-nRE 2.5347704
uBA C tEnd Duodenum-OSTβ-nRE 2.5347704
T-BA C max OSTβ-Reference conc. 2.3623013
T-BA C tEnd OSTβ-Reference conc. 2.3623013
T-BA C max OSTβ-T-BA-Vmax 2.3089447
T-BA C tEnd OSTβ-T-BA-Vmax 2.3089447
T-BA C max Duodenum-OSTβ-nRE 2.289922
T-BA C tEnd Duodenum-OSTβ-nRE 2.289922
G-BA C max ASBT-G-BA-Transporter conc. 2.1960783
G-BA C tEnd ASBT-G-BA-Transporter conc. 2.1960783
uBA C max ASBT-G-BA-Km 2.0812893
uBA C tEnd ASBT-G-BA-Km 2.0812893
uBA C max LU-ITR 2.0473523
uBA C tEnd LU-ITR 2.0473523
uBA C max OSTα-Reference conc. 1.956585
uBA C tEnd OSTα-Reference conc. 1.956585
uBA C max BSH: Enzyme conc. 1.9516646
uBA C tEnd BSH: Enzyme conc. 1.9516646
uBA C max BSH: Km 1.9496696
uBA C tEnd BSH: Km 1.9496696
uBA C max OSTα-BA-Vmax 1.9296766
uBA C tEnd OSTα-BA-Vmax 1.9296766
uBA C max Duodenum-OSTα-nRE 1.9294667
uBA C tEnd Duodenum-OSTα-nRE 1.9294667
uBA C max BAAT: Enzyme conc. 1.8439035
uBA C tEnd BAAT: Enzyme conc. 1.8439035
uBA C max BAAT: Km 1.843745
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Continuation of table B.22

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

uBA C tEnd BAAT: Km 1.843745
T-BA C max OSTα-Reference conc. 1.8029483
T-BA C tEnd OSTα-Reference conc. 1.8029483
G-BA C max ASBT-G-BA-Km 1.7882178
G-BA C tEnd ASBT-G-BA-Km 1.7882178
T-BA C max OSTα-T-BA-Vmax 1.762539
T-BA C tEnd OSTα-T-BA-Vmax 1.762539
T-BA C max Duodenum-OSTα-nRE 1.7469398
T-BA C tEnd Duodenum-OSTα-nRE 1.7469398
uBA C max SI-Volume 1.7335741
uBA C tEnd SI-Volume 1.7335741
uBA C max LU-Caecum-ITR 1.4689352
uBA C tEnd LU-Caecum-ITR 1.4689352
T-BA C max LU-UpperJejunum-ITR 1.2470412
T-BA C tEnd LU-UpperJejunum-ITR 1.2470412
T-BA C max LU-LowerJejunum-ITR 1.1686478
T-BA C tEnd LU-LowerJejunum-ITR 1.1686478
uBA C max ASBT-BA-Km 1.1592525
uBA C tEnd ASBT-BA-Km 1.1592525
G-BA C max BAAT: Vmax 1.0622429
G-BA C tEnd BAAT: Vmax 1.0622429
G-BA C max Height 1.0561234
G-BA C tEnd Height 1.0561234
T-BA C max LU-UpperIleum-ITR 1.0517555
T-BA C tEnd LU-UpperIleum-ITR 1.0517555
G-BA C max LU-Caecum-ITR 1.0012465
G-BA C tEnd LU-Caecum-ITR 1.0012465
G-BA C max LU-ColonAscendens-ITR 1.0010454
G-BA C tEnd LU-ColonAscendens-ITR 1.0010454
T-BA C max LU-ColonAscendens-ITR 1.0007286
T-BA C tEnd LU-ColonAscendens-ITR 1.0007286
T-BA C max LU-Caecum-ITR 1.0005722
T-BA C tEnd LU-Caecum-ITR 1.0005722
uBA C max LU-ColonSigmoid-ITR 0.9999785
uBA C tEnd LU-ColonSigmoid-ITR 0.9999785
uBA C max LU-ColonDescendens-ITR 0.9999293
uBA C tEnd LU-ColonDescendens-ITR 0.9999293
T-BA C max LU-ColonTransversum-ITR 0.9999287
T-BA C tEnd LU-ColonTransversum-ITR 0.9999287
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Continuation of table B.22

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

T-BA C max LU-ColonSigmoid-ITR 0.9999016
T-BA C tEnd LU-ColonSigmoid-ITR 0.9999016
G-BA C max LU-ColonTransversum-ITR 0.9998954
G-BA C tEnd LU-ColonTransversum-ITR 0.9998954
T-BA C max LU-ColonDescendens-ITR 0.9998795
T-BA C tEnd LU-ColonDescendens-ITR 0.9998795
G-BA C max LU-ColonSigmoid-ITR 0.9998607
G-BA C tEnd LU-ColonSigmoid-ITR 0.9998607
G-BA C max LU-ColonDescendens-ITR 0.99983
G-BA C tEnd LU-ColonDescendens-ITR 0.99983
T-BA C max LU-LowerIleum-ITR 0.998399
T-BA C tEnd LU-LowerIleum-ITR 0.998399

uBA C max ASBT-Reference conc. -11.438292
uBA C tEnd ASBT-Reference conc. -11.438292
T-BA C max ASBT-Reference conc. -8.6172557
T-BA C tEnd ASBT-Reference conc. -8.6172557
T-BA C max ASBT-T-BA-Vmax -8.5218648
T-BA C tEnd ASBT-T-BA-Vmax -8.5218648
uBA C max LI-Volume -8.5176656
uBA C tEnd LI-Volume -8.5176656
uBA C max ASBT-BA-Vmax -8.3388525
uBA C tEnd ASBT-BA-Vmax -8.3388525
uBA C max BAAT: Enzyme conc. -7.9583222
uBA C tEnd BAAT: Enzyme conc. -7.9583222
uBA C max BAAT: Km -7.9577771
uBA C tEnd BAAT: Km -7.9577771
uBA C max LI-Large intestinal transit time -6.4920478
uBA C tEnd LI-Large intestinal transit time -6.4920478
T-BA C max BSH: Vmax -6.1518782
T-BA C tEnd BSH: Vmax -6.1518782
T-BA C max BSH-Reference conc. -6.1518774
T-BA C tEnd BSH-Reference conc. -6.1518774
T-BA C max LI-Large intestinal transit time -6.1288216
T-BA C tEnd LI-Large intestinal transit time -6.1288216
G-BA C max LI-Large intestinal transit time -6.1247161
G-BA C tEnd LI-Large intestinal transit time -6.1247161
uBA C max BSEP-BA-Vmax -5.9594318
uBA C tEnd BSEP-BA-Vmax -5.9594318
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Continuation of table B.22

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

G-BA C max BSH-Reference conc. -5.7703063
G-BA C max BSH: Vmax -5.7703063
G-BA C tEnd BSH-Reference conc. -5.7703063
G-BA C tEnd BSH: Vmax -5.7703063
uBA C max Liver-BSEP-nRE -5.5358196
uBA C max BSEP-Reference conc. -5.5358196
uBA C tEnd Liver-BSEP-nRE -5.5358196
uBA C tEnd BSEP-Reference conc. -5.5358196
T-BA C max SI-Small intestinal transit time -5.3013893
T-BA C tEnd SI-Small intestinal transit time -5.3013893
uBA C max ColonTransversum-ASBT-nRE -4.8568242
uBA C tEnd ColonTransversum-ASBT-nRE -4.8568242
T-BA C max SI-Volume -4.089028
T-BA C tEnd SI-Volume -4.089028
T-BA C max Duodenum-ASBT-nRE -3.8527549
T-BA C tEnd Duodenum-ASBT-nRE -3.8527549
uBA C max LU-UpperJejunum-pH -3.8472539
uBA C tEnd LU-UpperJejunum-pH -3.8472539
uBA C max LU-LowerJejunum-pH -3.3193746
uBA C tEnd LU-LowerJejunum-pH -3.3193746
uBA C max ASBT-G-BA-Vmax -2.6342134
uBA C tEnd ASBT-G-BA-Vmax -2.6342134
uBA C max OSTβ-BA-Transporter conc. -2.5567892
uBA C tEnd OSTβ-BA-Transporter conc. -2.5567892
G-BA C max LU-UpperJejunum-pH -2.5558186
G-BA C tEnd LU-UpperJejunum-pH -2.5558186
uBA C max LU-UpperIleum-pH -2.5379802
uBA C tEnd LU-UpperIleum-pH -2.5379802
G-BA C max LU-LowerJejunum-pH -2.3955171
G-BA C tEnd LU-LowerJejunum-pH -2.3955171
T-BA C max OSTβ-T-BA-Transporter conc. -2.3174613
T-BA C tEnd OSTβ-T-BA-Transporter conc. -2.3174613
G-BA C max ASBT-G-BA-Vmax -2.1939454
G-BA C tEnd ASBT-G-BA-Vmax -2.1939454
G-BA C max ASBT-Reference conc. -2.1915613
G-BA C tEnd ASBT-Reference conc. -2.1915613
uBA C max BSH: Vmax -1.9766947
uBA C tEnd BSH: Vmax -1.9766947
uBA C max BSH-Reference conc. -1.9766944
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Continuation of table B.22

Amount in Parameter Sensitivity
feces [µmol] PK Model coefficient

uBA C tEnd BSH-Reference conc. -1.9766944
uBA C max OSTα-BA-Transporter conc. -1.9438237
uBA C tEnd OSTα-BA-Transporter conc. -1.9438237
G-BA C max LU-UpperIleum-pH -1.8647071
G-BA C tEnd LU-UpperIleum-pH -1.8647071
uBA C max BAAT: Vmax -1.8488975
uBA C tEnd BAAT: Vmax -1.8488975
uBA C max ColonAscendens-ASBT-nRE -1.8414507
uBA C tEnd ColonAscendens-ASBT-nRE -1.8414507
T-BA C max OSTα-T-BA-Transporter conc. -1.7690188
T-BA C tEnd OSTα-T-BA-Transporter conc. -1.7690188
T-BA C max UpperJejunum-ASBT-nRE -1.2000989
T-BA C tEnd UpperJejunum-ASBT-nRE -1.2000989
G-BA C max SI-Volume -1.1441746
G-BA C tEnd SI-Volume -1.1441746
G-BA C max Enzyme conc. -1.0647761
G-BA C tEnd Enzyme conc. -1.0647761
G-BA C max BAAT: Km -1.0647111
G-BA C tEnd BAAT: Km -1.0647111
uBA C max LU-Duodenum-pH -1.0435492
uBA C tEnd LU-Duodenum-pH -1.0435492
T-BA C max UpperIleum-ASBT-nRE -1.0286472
T-BA C tEnd UpperIleum-ASBT-nRE -1.0286472
T-BA C max LowerJejunum-ASBT-nRE -1.0248725
T-BA C tEnd LowerJejunum-ASBT-nRE -1.0248725
T-BA C max LowerIleum-ASBT-nRE -1.0154996
T-BA C tEnd LowerIleum-ASBT-nRE -1.0154996
uBA C max LU-LowerIleum-pH -1.0098133
uBA C tEnd LU-LowerIleum-pH -1.0098133
G-BA C max LU-Caecum-BSH-nRE -1.0067195
G-BA C tEnd LU-Caecum-BSH-nRE -1.0067195
T-BA C max LU-Caecum-BSH-nRE -1.0024085
T-BA C tEnd LU-Caecum-BSH-nRE -1.0024085
T-BA C max LU-Rectum-BSH-nRE -0.9950211
T-BA C tEnd LU-Rectum-BSH-nRE -0.9950211
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Table B.23: Sensitivity analysis of fitted human conjugation model pa-

rameters on BA composition in bile. Shown are only param-

eters with sensitivity coefficient above 1 or below -1. (LU:

Lumen, nRE: normalized relative expression, ITR: intestinal

transit rate)

Fraction of Parameter Sensitivity
biliary BA PK Model coefficient

T-BA C tEnd ASBT-Reference conc. -1.3832474
uBA C max LU-UpperJejunum-pH -1.0501335
uBA C tEnd LU-UpperJejunum-pH -1.0500202
uBA C tEnd LU-LowerJejunum-pH -1.0075484
uBA C max LU-LowerJejunum-pH -1.0063512
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[51] R. Holm, A. Müllertz, and H. Mu, “Bile salts and their importance
for drug absorption,” International Journal of Pharmaceutics, vol. 453,
no. 1, pp. 44–55, 2013. Poorly Soluble Drugs.

[52] C. Faustino, C. Serafim, P. Rijo, and C. P. Reis, “Bile acids and bile
acid derivatives: use in drug delivery systems and as therapeutic
agents,” Expert Opinion on Drug Delivery, vol. 13, no. 8, pp. 1133–
1148, 2016. PMID: 27102882.

[53] K. Matsuoka, M. Suzuki, C. Honda, K. Endo, and Y. Moroi, “Micel-
lization of conjugated chenodeoxy- and ursodeoxycholates and sol-
ubilization of cholesterol into their micelles: comparison with other
four conjugated bile salts species,” Chemistry and Physics of Lipids,
vol. 139, no. 1, pp. 1–10, 2006.



Bibliography 233

[54] M. Calabresi, P. Andreozzi, and C. La Mesa, “Supra-molecular asso-
ciation and polymorphic behaviour in systems containing bile acid
salts,” Molecules, vol. 12, no. 8, pp. 1731–1754, 2007.

[55] J. Twisk, M. F. Hoekman, W. H. Mager, A. F. Moorman, P. A. de Boer,
L. Scheja, H. M. Princen, and R. Gebhardt, “Heterogeneous expres-
sion of cholesterol 7 alpha-hydroxylase and sterol 27-hydroxylase
genes in the rat liver lobulus.,” The Journal of Clinical Investigation,
vol. 95, pp. 1235–1243, 3 1995.

[56] W. J. Insull, “Clinical utility of bile acid sequestrants in the treat-
ment of dyslipidemia: a scientific review.,” Southern medical journal,
vol. 99, pp. 257–73, Mar 2006.

[57] D. W. Russell, “The enzymes, regulation, and genetics of bile acid
synthesis,” Annual Review of Biochemistry, vol. 72, no. 1, pp. 137–174,
2003. PMID: 12543708.

[58] L. B. Agellon, “Chapter 15 - metabolism and function of bile acids,”
in Biochemistry of Lipids, Lipoproteins and Membranes (Fifth Edition)
(D. E. Vance and J. E. Vance, eds.), pp. 423–440, San Diego: Elsevier,
fifth edition ed., 2008.

[59] H. C. Shea, D. D. Head, K. D. R. Setchell, and D. W. Russell, “Anal-
ysis of hsd3b7 knockout mice reveals that a 3-hydroxyl stereochem-
istry is required for bile acid function,” Proceedings of the National
Academy of Sciences, vol. 104, no. 28, pp. 11526–11533, 2007.

[60] L. Fan, J. F. Joseph, P. Durairaj, M. K. Parr, and M. Bureik, “Con-
version of chenodeoxycholic acid to cholic acid by human cyp8b1,”
Biological Chemistry, vol. 400, no. 5, pp. 625–628, 2019.

[61] J. Li-Hawkins, E. G. Lund, S. D. Turley, and D. W. Russell, “Disrup-
tion of the oxysterol 7x3b1;-hydroxylase gene in mice *,” Journal of
Biological Chemistry, vol. 275, pp. 16536–16542, June 2000.

[62] S. Dzeletovic, O. Breuer, E. Lund, and U. Diczfalusy, “Determina-
tion of cholesterol oxidation products in human plasma by isotope
dilution-mass spectrometry,” Analytical Biochemistry, vol. 225, no. 1,
pp. 73–80, 1995.

[63] W. M. Pandak and G. Kakiyama, “The acidic pathway of bile acid
synthesis: Not just an alternative pathway,” Liver Research, vol. 3,
no. 2, pp. 88–98, 2019.

[64] D. W. Russell, R. W. Halford, D. M. Ramirez, R. Shah, and T. Kotti,
“Cholesterol 24-hydroxylase: An enzyme of cholesterol turnover in



234 Bibliography

the brain,” Annual Review of Biochemistry, vol. 78, no. 1, pp. 1017–
1040, 2009. PMID: 19489738.

[65] M. Schwarz, D. W. Russell, J. M. Dietschy, and S. D. Turley,
“Marked reduction in bile acid synthesis in cholesterol 7x3b1;-
hydroxylase-deficient mice does not lead to diminished tissue
cholesterol turnover or to hypercholesterolemia,” Journal of Lipid Re-
search, vol. 39, pp. 1833–1843, Sept. 1998.

[66] M. Schwarz, D. W. Russell, J. M. Dietschy, and S. D. Turley, “Al-
ternate pathways of bile acid synthesis in the cholesterol 7x3b1;-
hydroxylase knockout mouse are not upregulated by either choles-
terol or cholestyramine feeding,” Journal of Lipid Research, vol. 42,
pp. 1594–1603, Oct. 2001.

[67] C. R. Pullinger, C. Eng, G. Salen, S. Shefer, A. K. Batta, S. K. Erick-
son, A. Verhagen, C. R. Rivera, S. J. Mulvihill, M. J. Malloy, and J. P.
Kane, “Human cholesterol 7-hydroxylase (cyp7a1) deficiency has a
hypercholesterolemic phenotype,” The Journal of Clinical Investiga-
tion, vol. 110, pp. 109–117, 7 2002.

[68] Z. D. Fu, I. L. Csanaky, and C. D. Klaassen, “Gender-divergent pro-
file of bile acid homeostasis during aging of mice,” PLOS ONE,
vol. 7, pp. 1–13, 03 2012.

[69] S. Takahashi, T. Fukami, Y. Masuo, C. N. Brocker, C. Xie, K. W.
Krausz, C. R. Wolf, C. J. Henderson, and F. J. Gonzalez, “Cyp2c70
is responsible for the species difference in bile acid metabolism be-
tween mice and humans,” Journal of Lipid Research, vol. 57, no. 12,
pp. 2130–2137, 2016.

[70] A. Honda, T. Miyazaki, J. Iwamoto, T. Hirayama, Y. Morishita,
T. Monma, H. Ueda, S. Mizuno, F. Sugiyama, S. Takahashi, and
T. Ikegami, “Regulation of bile acid metabolism in mouse models
with hydrophobic bile acid composition.,” Journal of lipid research,
vol. 61, pp. 54–69, Jan 2020.

[71] J. F. de Boer, M. Schonewille, M. Boesjes, H. Wolters, V. W. Bloks,
T. Bos, T. H. van Dijk, A. Jurdzinski, R. Boverhof, J. C. Wolters, J. A.
Kuivenhoven, J. M. van Deursen, R. P. Oude Elferink, A. Moschetta,
C. Kremoser, H. J. Verkade, F. Kuipers, and A. K. Groen, “Intestinal
farnesoid x receptor controls transintestinal cholesterol excretion in
mice,” Gastroenterology, vol. 152, no. 5, pp. 1126–1138.e6, 2017.

[72] G. L. Guo and J. Y. L. Chiang, “Is cyp2c70 the key to new mouse
models to understand bile acids in humans?¡sup¿1¡/sup¿,” Journal
of Lipid Research, vol. 61, pp. 269–271, Mar. 2020.



Bibliography 235

[73] J. F. de Boer, E. Verkade, N. L. Mulder, H. D. de Vries, N. Huijk-
man, M. Koehorst, T. Boer, J. C. Wolters, V. W. Bloks, B. van de Sluis,
and F. Kuipers, “A human-like bile acid pool induced by deletion
of hepatic ¡em¿cyp2c70¡/em¿ modulates effects of fxr activation in
mice [s],” Journal of Lipid Research, vol. 61, pp. 291–305, Mar. 2020.

[74] C. N. Falany, H. Fortinberry, E. H. Leiter, and S. Barnes, “Cloning,
expression, and chromosomal localization of mouse liver bile acid
coa:amino acid n-acyltransferase,” Journal of Lipid Research, vol. 38,
pp. 1139–1148, June 1997.

[75] M. Schwenk, A. F. Hofmann, G. L. Carlson, J. A. Carter, F. Coulston,
and H. Greim, “Bile acid conjugation in the chimpanzee: effective
sulfation of lithocholic acid,” Archives of Toxicology, vol. 40, no. 2,
pp. 109–118, 1978.

[76] K. Linnet, “Postprandial plasma concentrations of glycine and tau-
rine conjugated bile acids in healthy subjects.,” Gut, vol. 24, no. 3,
pp. 249–252, 1983.

[77] Y. Alnouti, “Bile Acid Sulfation: A Pathway of Bile Acid Elimination
and Detoxification,” Toxicological Sciences, vol. 108, pp. 225–246, 01
2009.

[78] M. Rius, A. T. Nies, J. Hummel-Eisenbeiss, G. Jedlitschky, and
D. Keppler, “Cotransport of reduced glutathione with bile salts by
mrp4 (abcc4) localized to the basolateral hepatocyte membrane,”
Hepatology, vol. 38, no. 2, pp. 374–384, 2003.

[79] E. Halilbasic, T. Claudel, and M. Trauner, “Bile acid transporters and
regulatory nuclear receptors in the liver and beyond,” Journal of Hep-
atology, vol. 58, no. 1, pp. 155–168, 2013.

[80] R. H. Palmer and M. G. Bolt, “Bile acid sulfates. i. synthesis of litho-
cholic acid sulfates and their identification in human bile,” Journal of
Lipid Research, vol. 12, no. 6, pp. 671–679, 1971.

[81] Y. Zhang and C. D. Klaassen, “Effects of feeding bile acids and a
bile acid sequestrant on hepatic bile acid composition in mice [s],”
Journal of Lipid Research, vol. 51, pp. 3230–3242, Nov. 2010.

[82] S. N. Chaudhari, D. A. Harris, H. Aliakbarian, J. N. Luo, M. T.
Henke, R. Subramaniam, A. H. Vernon, A. Tavakkoli, E. G. Sheu,
and A. S. Devlin, “Bariatric surgery reveals a gut-restricted tgr5 ago-
nist with anti-diabetic effects,” Nature Chemical Biology, vol. 17, no. 1,
pp. 20–29, 2021.



236 Bibliography

[83] A. Radominska, K. A. Comer, P. Zimniak, J. Falany, M. Iscan, and
C. N. Falany, “Human liver steroid sulphotransferase sulphates bile
acids,” Biochemical Journal, vol. 272, pp. 597–604, 12 1990.

[84] L. Feng, Y.-L. Yuen, J. Xu, X. Liu, M. Y.-C. Chan, K. Wang, W.-P.
Fong, W.-T. Cheung, and S. S.-T. Lee, “Identification and characteri-
zation of a novel pparx3b1;-regulated and 7x3b1;-hydroxyl bile acid-
preferring cytosolic sulfotransferase ml-stl (sult2a8) [s],” Journal of
Lipid Research, vol. 58, pp. 1114–1131, June 2017.

[85] J. Robben, G. Parmentier, and H. Eyssen, “Isolation of a rat intestinal
clostridium strain producing 5 alpha- and 5 beta-bile salt 3 alpha-
sulfatase activity,” Applied and Environmental Microbiology, vol. 51,
no. 1, pp. 32–38, 1986.

[86] S. Marion, N. Studer, L. Desharnais, L. Menin, S. Escrig, A. Meibom,
S. Hapfelmeier, and R. Bernier-Latmani, “In vitro and in vivo char-
acterization of clostridium scindens bile acid transformations,” Gut
Microbes, vol. 10, no. 4, pp. 481–503, 2019. PMID: 30589376.

[87] H. Eyssen, G. D. Pauw, J. Stragier, and A. Verhulst, “Cooperative
formation of omega-muricholic acid by intestinal microorganisms,”
Applied and Environmental Microbiology, vol. 45, no. 1, pp. 141–147,
1983.

[88] H. Brunner, T. C. Northfield, A. F. Hofmann, V. L. Go, and W. H.
Summerskill, “Gastric emptying and secretion of bile acids, choles-
terol, and pancreatic enzymes during digestion. duodenal perfu-
sion studies in healthy subjects.,” Mayo Clinic proceedings, vol. 49,
pp. 851–60, Nov 1974.

[89] H. Y. Mok, K. von Bergmann, and S. M. Grundy, “Regulation of pool
size of bile acids in man,” Gastroenterology, vol. 73, no. 4, Part 1,
pp. 684–690, 1977.

[90] S. Mita, H. Suzuki, H. Akita, H. Hayashi, R. Onuki, A. F. Hofmann,
and Y. Sugiyama, “Vectorial transport of unconjugated and conju-
gated bile salts by monolayers of llc-pk1 cells doubly transfected
with human ntcp and bsep or with rat ntcp and bsep,” American
Journal of Physiology-Gastrointestinal and Liver Physiology, vol. 290,
no. 3, pp. G550–G556, 2006. PMID: 16474011.

[91] S. S. Strautnieks, L. N. Bull, A. S. Knisely, S. A. Kocoshis, N. Dahl,
H. Arnell, E. Sokal, K. Dahan, S. Childs, V. Ling, M. S. Tanner, A. F.
Kagalwalla, A. Németh, J. Pawlowska, A. Baker, G. Mieli-Vergani,



Bibliography 237

N. B. Freimer, R. M. Gardiner, and R. J. Thompson, “A gene encod-
ing a liver-specific abc transporter is mutated in progressive familial
intrahepatic cholestasis,” Nature Genetics, vol. 20, no. 3, pp. 233–238,
1998.

[92] B. Stieger, Y. Meier, and P. J. Meier, “The bile salt export pump,”
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liamy, P. Wiesel, R. Wiest, S. Wöhrle, S. Zamora, S. Zander, T. Wylie,
J. Zeitz, D. Zimmermann, R. Wiest, J. Stelling, A. J. Macpherson,
and S. I. B. D. C. Investigators, “Microbial network disturbances in
relapsing refractory crohn’s disease,” Nature Medicine, vol. 25, no. 2,
pp. 323–336, 2019.



Bibliography 265

[319] M. Harrer, P. Cuijpers, T. Furukawa, and D. D. Ebert, dmetar: Com-
panion R Package For The Guide ’Doing Meta-Analysis in R’, 2019. R
package version 0.0.9000.

[320] M. Harrer, P. Cuijpers, F. T. A, and D. D. Ebert, Doing Meta-Analysis
With R: A Hands-On Guide. Boca Raton, FL and London: Chapman
Hall/CRC Press, 1st ed., 2021.

[321] A. A. Veroniki, D. Jackson, W. Viechtbauer, R. Bender, J. Bowden,
G. Knapp, O. Kuss, J. P. T. Higgins, D. Langan, and G. Salanti,
“Methods to estimate the between-study variance and its uncer-
tainty in meta-analysis,” Research synthesis methods, vol. 7, pp. 55–79,
Mar. 2016.

[322] G. Gorkiewicz and A. Moschen, “Gut microbiome: a new player in
gastrointestinal disease,” Virchows Archiv, vol. 472, no. 1, pp. 159–
172, 2018.

[323] N. F. LaRusso, N. E. Hoffman, M. G. Korman, A. F. Hofmann, and
A. E. Cowen, “Determinants of fasting and postprandial serum bile
acid levels in healthy man,” The American Journal of Digestive Dis-
eases, vol. 23, no. 5, pp. 385–391, 1978.

[324] T. C. Northfield and A. F. Hofmann, “Biliary lipid output during
three meals and an overnight fast. i. relationship to bile acid pool
size and cholesterol saturation of bile in gallstone and control sub-
jects,” Gut, vol. 16, pp. 1–11, Jan. 1975.

[325] E. Roda, R. Aldini, G. Mazzella, A. Roda, C. Sama, D. Festi, and
L. Barbara, “Enterohepatic circulation of bile acids after cholecystec-
tomy,” Gut, vol. 19, pp. 640–649, July 1978.

[326] C. Dirksen, N. B. Jørgensen, K. N. Bojsen-Møller, U. Kielgast, S. H.
Jacobsen, T. R. Clausen, D. Worm, B. Hartmann, J. F. Rehfeld,
M. Damgaard, J. L. Madsen, S. Madsbad, J. J. Holst, and D. L.
Hansen, “Gut hormones, early dumping and resting energy expen-
diture in patients with good and poor weight loss response after
roux-en-y gastric bypass,” International Journal of Obesity, vol. 37,
no. 11, pp. 1452–1459, 2013.

[327] A. Al-Khaifi, S. Straniero, V. Voronova, D. Chernikova, V. Sokolov,
C. Kumar, B. Angelin, and M. Rudling, “Asynchronous rhythms of
circulating conjugated and unconjugated bile acids in the modula-
tion of human metabolism,” Journal of Internal Medicine, vol. 284,
no. 5, pp. 546–559, 2018.



266 Bibliography

[328] S. Ewerth, B. Angelin, K. Einarsson, K. Nilsell, and I. Björkhem,
“Serum concentrations of ursodeoxycholic acid in portal venous and
systemic venous blood of fasting humans as determined by isotope
dilution-mass spectrometry.,” Gastroenterology, vol. 88, pp. 126–33,
Jan 1985.

[329] E. Reihnér, I. Björkhem, B. Angelin, S. Ewerth, and K. Einarsson,
“Bile acid synthesis in humans: regulation of hepatic microsomal
cholesterol 7 alpha-hydroxylase activity.,” Gastroenterology, vol. 97,
pp. 1498–505, Dec 1989.

[330] K. Einarsson, J. Ahlberg, B. Angelin, I. Björkhem, and S. Ewerth,
“Portal venous bile acids in cholesterol gallstone disease: Effect
of treatment with chenodeoxycholic and cholic acids,” Hepatology,
vol. 5, no. 4, pp. 661–665, 1985.

[331] J. Ahlberg, B. Angelin, I. Björkhem, and K. Einarsson, “Individual
bile acids in portal venous and systemic blood serum of fasting
man.,” Gastroenterology, vol. 73, pp. 1377–82, Dec 1977.

[332] J. Yanagisawa, M. Itoh, M. Ishibashi, H. Miyazaki, and F. Nakayama,
“Microanalysis of bile acid in human liver tissue by selected ion
monitoring,” Analytical Biochemistry, vol. 104, no. 1, pp. 75–86, 1980.

[333] A. Honda, T. Yoshida, N. Tanaka, Y. Matsuzaki, B. He, J. Shoda,
and T. Osuga, “Increased bile acid concentration in liver tissue with
cholesterol gallstone disease,” Journal of Gastroenterology, vol. 30,
no. 1, pp. 61–66, 1995.

[334] Y. Akashi, H. Miyazaki, and F. Nakayama, “Correlation of bile acid
composition between liver tissue and bile,” Clinica Chimica Acta,
vol. 133, no. 2, pp. 125–132, 1983.

[335] C. H. Holland, R. O. Ramirez Flores, M. Myllys, R. Hassan,
K. Edlund, U. Hofmann, R. Marchan, C. Cadenas, J. Reinders,
S. Hoehme, A.-L. Seddek, S. Dooley, V. Keitel, P. Godoy, B. Begher-
Tibbe, C. Trautwein, C. Rupp, S. Mueller, T. Longerich, J. G.
Hengstler, J. Saez-Rodriguez, and A. Ghallab, “Transcriptomic
cross-species analysis of chronic liver disease reveals consistent reg-
ulation between humans and mice.,” Hepatology communications,
vol. 6, pp. 161–177, Jan 2022.

[336] U. Beuers, M. Trauner, P. Jansen, and R. Poupon, “New paradigms
in the treatment of hepatic cholestasis: From udca to fxr, pxr and
beyond,” Journal of Hepatology, vol. 62, pp. S25–S37, Apr. 2015.



Bibliography 267

[337] A. Parés, L. Caballerı́a, and J. Rodés, “Excellent long-term survival
in patients with primary biliary cirrhosis and biochemical response
to ursodeoxycholic acid.,” Gastroenterology, vol. 130, pp. 715–20, Mar
2006.

[338] S. Brugiroux, M. Beutler, C. Pfann, D. Garzetti, H.-J. Ruscheweyh,
D. Ring, M. Diehl, S. Herp, Y. Lötscher, S. Hussain, B. Bunk,
R. Pukall, D. H. Huson, P. C. Münch, A. C. McHardy, K. D. Mc-
Coy, A. J. Macpherson, A. Loy, T. Clavel, D. Berry, and B. Stecher,
“Genome-guided design of a defined mouse microbiota that con-
fers colonization resistance against salmonella enterica serovar ty-
phimurium,” Nature Microbiology, vol. 2, no. 2, p. 16215, 2016.

[339] A. Afrizal, S. A. V. Jennings, T. C. A. Hitch, T. Riedel, M. Basic, A. Pa-
nyot, N. Treichel, F. T. Hager, E. O.-Y. Wong, B. Wolter, A. Viehof,
A. von Strempel, C. Eberl, E. M. Buhl, B. Abt, A. Bleich, R. Tolba,
L. M. Blank, W. W. Navarre, F. Kiessling, H.-P. Horz, N. Torow,
V. Cerovic, B. Stecher, T. Strowig, J. Overmann, and T. Clavel,
“Enhanced cultured diversity of the mouse gut microbiota enables
custom-made synthetic communities,” Cell Host Microbe, vol. 30,
pp. 1630–1645.e25, Nov. 2022.

[340] T. Streidl, I. Karkossa, R. R. S. Muñoz, C. Eberl, A. Zaufel, J. Plagge,
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