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Chapter 1 
 

General Introduction  

 

 

Imbalance of energy intake and expenditure lead to obesity and insulin resistance 

Metabolic syndrome is the clustering of cardiovascular risk factors such as obesity, 

insulin resistance, hypertension, hypertriglyceridemia and low HDL-C [1]. 

Development of metabolic syndrome is generally considered to be the result of an 

imbalance in energy intake and expenditure [2]. Accordingly, in current modern 

society, where low-cost high-energy food is readily available, and physical exercise 

easily avoided, metabolic syndrome is more prevalent than ever [3]. Likewise, while it 

follows that a solution for this ‘pandemic’ of obesity consists of an overall decrease in 

food intake and concomitant increase in physical exercise, such life-style changes have 

proven difficult to induce, and even harder to maintain in affected individuals [4]. 

Therefore, barring rigorous interventions in the status quo of eating and drinking ad 

libitum [5], increasing our understanding of metabolic syndrome and thereby 

identifying pharmaceutical targets to ameliorate symptoms of overeating more 

obliquely remain necessary. 

Of the many risk factors within metabolic syndrome, insulin resistance takes a very 

prominent place. The prevailing paradigm on insulin resistance is that it is triggered by 

exceeding the storage capacity of fat [6]. Upon exceeding the storage capacity of fat, 

fatty acids will start leaking into other tissues than adipose tissue, leading to ectopic fat 

deposits and interfering with normal tissue function in the various organs [7]. 

However, what molecules, signals and pathways subsequently mediate the ensuing 

insulin resistance, and how much weight these pathways contribute to the overall 

insulin resistance, is not entirely clear.  

A popular view on insulin resistance in the past was the Randle hypothesis, that stated 

that free fatty acids compete with glucose for entry in the tricarboxylic acid (TCA) 

cycle, and that upon a surplus of free fatty acids, free fatty acid – derived acetyl-CoA 

gains priority whereas entry of glucose in the TCA-cycle is inhibited by inhibition of 

pyruvate dehydrogenase [8]. Because of inhibition of pyruvate dehydrogenase and 

phosphofructokinase, substrates upstream in the glycolytic pathway including glucose-

6-phosphate would then increase, leading to a decrease of glucose uptake through 

product inhibition of hexokinase. Work of Shulman et al. however has shown that this 

sequence of events is not induced by insulin resistance. Healthy individuals receiving 

infusions with lipid emulsions (Intralipid) and heparin, inducing high serum free fatty 

acids, show a decrease rather than increase in muscle glucose-6-phosphate [9]. This 
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observation paved the way for the current palette of hypotheses, that center on how 

influx of free fatty acids may lead to accumulation of various metabolites that interfere 

with or trigger signaling pathways leading to a decrease in cellular glucose uptake. 

Specifically, diacylglycerols are considered to activate protein kinase C theta in the 

muscle, leading to decreased activation of AKT2 and decreased uptake of glucose 

through interfering with insulin signaling at the level or IRS1 [10]. Similarly, 

ceramides and glucosylceramides are thought to inhibit AKT2 directly through 

promoting phosphorylation by protein kinase C zeta [11]. Furthermore, fatty acids have 

been shown to induce the unfolded protein response, which has been implicated in 

insulin resistance through IRE-1 mediated activation of JNK1, in turn leading to serine 

phosphorylation of IRS1 [12,13]. In addition, fatty acid oxidation capacity may be 

impaired in insulin resistant individuals, leading to incomplete beta-oxidation and 

higher levels of acyl-carnitines [14]. Moreover, this surplus of fatty acids occupying 

the pathways for fatty acid oxidation may lead to higher proportions of branched chain 

amino acids to be converted to alanine, serine and glycine and shuttled into 

gluconeogenesis, thus contributing to higher plasma glucose levels [15,16]. Similarly, 

the increased amount of glycerol released from adipose tissue in insulin resistant states, 

that necessarily co-occurs with ‘leakage’ of fatty acids from adipose tissue, is also 

considered an important contributor to the observed increased rate of endogenous 

glucose production in insulin resistance [9]. In that regard, it is interesting that the 

central idea behind the Randle hypothesis, that of substrate competition at the level of 

entry into the TCA-cycle has received renewed interest [17]. Recently, Perry et al. 

showed that increased liver levels of fatty acids lead to inhibition of pyruvate 

dehydrogenase and activation of pyruvate carboxylase, in turn enhancing 

gluconeogenesis [18].  

All in all, the broader picture behind all these observations is that in the case of energy 

excess, at cellular, organ and whole body level mechanisms become active to mitigate 

damage by accumulating metabolites, however that in the end these substrates will 

follow the path of least resistance, of which hyperglycemia is one of the consequences. 

 

 

Hypertriglyceridemia in metabolic syndrome is due to both increased VLDL-TG 

production and decreased LPL-activity 

Dyslipidemia in metabolic syndrome is driven by increased production of VLDL [19]. 

In turn, this increased rate of VLDL-production is considered to be the result of both 

increased hepatic de novo lipogenesis and increased availability of free fatty acids from 

the adipose tissue [20–24]. Production of apoB100, the apoprotein required for 

production of VLDL, is nonstop and hardly subject to regulation [25]. Instead, VLDL-

production is mostly controlled through posttranslational processes [19,25]. VLDL 
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may be reabsorbed after secretion through LDLR and degraded lysosomally, be 

degraded by the ubiquitin-proteasome system upon insufficient lipidation after 

translocation to the ER, or be degraded through a post-endoplasmatic reticulum, pre-

secretory proteolytic process (PERPP). Through induction of PERPP, insulin inhibits 

VLDL-production [26].  

Besides VLDL-TG production, VLDL-TG clearance also plays a major role in 

hypertriglyceridemia of metabolic syndrome [24,27]. In fact, the fractional catabolic 

rate of VLDL commonly explains the larger part of the variance in TG-pools between 

individuals [24]. Furthermore, postprandial plasma triglycerides are mainly associated 

with fasting VLDL-clearance rates rather than production rates, and postprandial 

hypertriglyceridemia is an important determinant for atherosclerotic disease risk 

[28,29]. Clearance of TG in both VLDL and chylomicrons is mostly determined by 

LPL-activity. Since LPL-activity is rate-limiting for the distribution of energy across 

tissues, LPL-activity is highly regulated [30]. After transcription of LPL in the 

respective tissues, LPL is transferred to the endothelial cell wall and tethered to GPI-

HBP [31]. Transcription of LPL, at least in adipose tissue, is promoted by insulin and 

by activation of PPARgamma. Activity of LPL however, is mostly regulated post-

transcriptionally and modulated by production of apoproteins in the liver and by local 

production of ANGPTL3, ANGPTL4 and ANGPTL8 in the respective tissues [30]. 

ApoC2 is a necessary co-factor for LPL-activity, whereas apoC1 and apoC3 inhibit 

LPL-activity. ApoA5 is another LPL-activity enhancing apoprotein, whereas apoE 

reduces LPL-activity. ANGPTL3, ANGPTL4 and ANGPTL8 all inhibit LPL-activity. 

ANGPTL3 is secreted by the liver, is downregulated by insulin, and upregulated by 

LXR. ANGPTL4 is expressed by many more tissues, including liver, muscle and 

adipose tissue and is expressed in response to PPAR-activation [32]. In the 

postprandial state, ANGPTL8 is expressed in the liver, and inhibits LPL in cardiac and 

skeletal muscle, making more available for adipose tissue. During fasting on the other 

hand, ANGPTL4 is upregulated in the adipose tissue, so that more VLDL-TG becomes 

available for other tissues. This has led to the model where ANGPTL3, -4 and -8 work 

together in directing TG to the appropriate tissues according to demand [33]. Apart 

from feeding and fasting, another important physiological modulator of LPL-activity is 

exercise. Exercise enhances activity of LPL, creating an effective way to reduce 

plasma TG, and thus help in reducing cardiovascular risk in metabolic syndrome [30].  

 

 

The link between energy excess and changes in cholesterol and bile acid 

metabolism is less wel established 

In patients with metabolic syndrome, increased levels of small dense LDL are observed 

[34]. Because of their smaller size, these LDL particles  are more atherogenic than 
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normal-density LDL. Small dense LDL is produced in the presence of high plasma 

triglycerides, through cholesteryl-ester transfer protein (CETP)-mediated exchange of 

LDL-CE for TG from triglyceride-rich lipoproteins and subsequent hydrolysis of the 

transferred TG in LDL by hepatic lipase. Interestingly, plasma LDL-C levels are 

generally only marginally increased in metabolic syndrome [35]. In fact, while plasma 

LDL-C may be central to the development of atherosclerosis, high plasma LDL-C is 

not considered central to metabolic syndrome, as is illustrated by the absence of 

increased LDL-C in all of the criteria set out for metabolic syndrome [36]. The 

observed increase in LDL-C in metabolic syndrome may be due to the increased 

VLDL-TG production rate [37]. However, a decrease in LDLR-expression also 

contributes [35,38]. While it is not exactly clear why LDLR-expression is decreased in 

metabolic syndrome, a possible mechanism is that anabolic signaling (i.e. 

hyperinsulinemia) leads to a decrease in AMPK-activation, in turn activating SREBP1c 

and SREBP2, whereby the latter will decrease LDLR-expression [39]. Finally, there is 

evidence that cholesterol synthesis in metabolic syndrome is increased [40]. 

Absorption of cholesterol on the other hand does not appear to be increased in 

metabolic syndrome, although increased absorption increases the risk of atherosclerosis 

[40,41]. Thus all in all, considering that metabolic syndrome is defined as a clustering 

of cardiovascular risk factors with the exclusion of plasma LDL-C, and that at the same 

time plasma LDL-C and thus cholesterol metabolism are central to cardiovascular risk, 

the links between metabolic syndrome and cholesterol metabolism in the strict sense 

are relatively weak. On the other hand, any intervention that modulates cholesterol 

metabolism in such a way that plasma LDL-C is decreased, will likely decrease 

cardiovascular risk, also in metabolic syndrome. Therefore, increasing our 

understanding of cholesterol metabolism is important in order to learn how 

cardiovascular risk in metabolic syndrome patients may be reduced. 

After all, cholesterol is not just any metabolite, it is an essential constituent of cellular 

membranes and thereby an essential component of life. The importance of cholesterol 

for cellular function is further underlined by the fact that virtually every cell is able to 

synthesize cholesterol [42]. Cholesterol requires a high amount of energy for its 

synthesis and once synthesized there are very few pathways available for clearance of 

cholesterol [42].  

In fact, the only meaningful pathway of cholesterol catabolism is bile acid production 

[43]. Since bile acids are not metabolized further they are only cleared from the body 

through biliary secretion and subsequent fecal excretion, which is also the main route 

for cholesterol clearance. Though bile acids promote intestinal cholesterol absorption 

and produced bile acids are efficiently reabsorbed by the ileum [44], they are very 

important for cholesterol clearance, in fact 45% of sterols are excreted as bile acids, 

versus 55% as neutral sterols [43]. However, apart from clearing cholesterol through 
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biliary cholesterol and bile acid secretion, cholesterol is also cleared through trans-

intestinal cholesterol excretion (TICE), the flow of cholesterol from the plasma 

compartment into the intestinal lumen [45]. While originally found to be present in 

mice, TICE has only recently shown to be present in humans as well [46]. Since 

perturbing either the synthesis, absorption or secretion pathways of cholesterol will 

change cholesterol balance and affect plasma LDL-C levels [47], these pathways are 

highly regulated and their regulators provide important pharmaceutical targets for the 

treatment of hypercholesterolemia. 

Synthesis is controlled by expression of HMG-CoA reductase (HMGCR), that is in 

turn regulated primarily by the activity of SREBP2. When cholesterol levels are 

sufficient SREBP2 is retained in the endoplasmic reticulum by SCAP and INSIG1. 

However, upon decreasing levels of intracellular cholesterol, the SCAP-SREBP2 

complex is released by INSIG1 and translocates to the Golgi system.  In the Golgi 

system, SREBP2 is cleaved by the proteases S1P and S2P. The NH2-terminal domain 

of SREBP2 will then translocate to the nucleus and promote transcription of HMGCR 

[48,49].  

LXR is a nuclear receptor that is activated by oxysterols and functions as a cholesterol 

sensor. Upon activation, LXR promotes transcription of genes leading to increased 

cholesterol efflux. In the liver, biliary secretion of cholesterol is enhanced by increased 

transcription of ABCG5/G8. In the intestine, cholesterol absorption is decreased by 

increasing expression of ABCG5/G8 and decreasing expression of NPC1L1 [50]. 

Furthermore, LXR-activation leads to increases in plasma HDL-C through 

upregulation of ABCA1 in liver and peripheral tissues, with concurrent diminished 

recruitment of SRB1 to the hepatocyte plasma membrane [50,51]. 

FXR is a nuclear receptor central to regulation of bile acid production [52]. Upon 

activation by bile acids, FXR decreases bile acid production by increasing expression 

of Shp1, which in turn downregulates CYP7A1, the key enzyme in bile acid synthesis 

[53]. Furthermore, FXR-activation in the small intestine leads to increased secretion of 

FGF15/FGF19, that also results in downregulation of hepatic CYP7A1, thus 

decreasing bile acid production [54]. At the same time, FXR activation in the intestine 

triggers decreased expression of ASBT and increased expression of the basolateral bile 

acid exporter OSTa/b, with the net result being enhanced reuptake of bile acid from the 

intestinal lumen and further decreasing the fecal bile acid output and thus bile acid 

production [55].  

Apart from these most important roles, both FXR and LXR are also considered to 

regulate  fatty acid metabolism, where LXR promotes de novo lipogenesis and FXR 

promotes fatty acid oxidation [56]. Because of the properties of LXR to stimulate 

reverse cholesterol synthesis, they have been studied intensively in animal models, and 

to some extent in healthy volunteers [45,57,58]. Unfortunately, to date all LXR-
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agonists tested induce hepatic steatosis in humans and tend to lead to increased plasma 

TG and LDL, making them unsuitable for treatment and prevention of atherosclerosis 

[58]. FXR-agonists on the other hand, given the role of FXR in enhancing fatty acid 

oxidation and inhbiting de novo lipogenesis may produce the opposite effect, and thus 

decrease hepatic steatosis, decrease plasma TG and decrease LDL [56]. Interestingly, 

FXR-agonism results in a decrease of HDL-C, as opposed to the effect of LXR-

agonism, that leads to increased plasma HDL-C [59]. Furthermore, FXR-agonism at 

least in mice resulted in decreased cholesterol absorption through decreasing 

production of bile acids and by shifting the bile acid profile to more hydrophilic bile 

acids, which may help in reducing plasma LDL-C as well [59]. Another way of 

decreasing cholesterol absorption is through inhibiting NPC1L1, the cholesterol 

absorber protein in the intestinal brush border, by ezetimibe [60]. Interestingly, 

ezetimibe also increases TICE [46]. Moreover, the combined use of an FXR-agonist 

with ezetimibe can lead to a huge increase in TICE and reduces plasma LDL-C in 

animal experiments [59]. Interestingly, while statins are thought to decrease plasma 

LDL-C by decreasing cholesterol synthesis through inhibition of HMG-CoA reductase, 

in vivo statin treatment actually leads to enhanced cholesterol synthesis and plasma 

LDL-C is decreased by increased excretion of cholesterol and increased LDLR 

expression, at least in mice [61]. Thus, enhancing cholesterol excretion may be more of 

an effective strategy in decreasing LDL-C then inhibiting synthesis. All in all, in the 

future combination treatments of a statin, FXR-agonist and ezetimibe may become the 

preferred way to promote cholesterol excretion, decrease plasma LDL-C and reverse 

atherosclerosis. 

 

 

Studying metabolic syndrome in mice requires an adequate animal model 

Knowledge of metabolic syndrome greatly relies on results from animal experiments. 

In the end however, we want to treat metabolic syndrome in man, not in mouse. 

Unfortunately, species differences may contribute to a failure to translate findings from 

animal experiments to human studies [62]. An important difference in lipoprotein 

metabolism between humans and mice, is that mice carry most of their plasma 

cholesterol in HDL, whereas humans have higher plasma levels of LDL and lower 

levels of HDL. The reason for this difference is that mice lack the enzyme 

cholesterylester transfer protein (CETP), which facilitates the exchange of cholesterol 

ester and triglyceride between lipoproteins [63]. Furthermore, plasma levels of 

triglyceride and cholesterol in mice are generally lower than in humans [64]. 

Therefore, in studies of lipoprotein metabolism, atherosclerosis and metabolic 

syndrome, it would be preferable to use mice that have a humanized lipid profile. In 

these studies, APOE*3Leiden.CETP – mice were used, that have reduced remnant 
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clearance through APOE*3Leiden heterozygosity, and that have most of their 

cholesterol in LDL, because they are heterozygous for CETP as well [65,66]. This 

mouse model has been shown to display the same response as humans to a broad group 

of drugs [67]. Thus, using such a humanized mouse model will increase the chance that 

the experimental findings will be applicable to humans as well.  

 

 

Computational modeling is a valuable tool for improving understanding of 

metabolic syndrome 

To make more sense of the inherent complexity of metabolic syndrome, computational 

modeling may be used. Computational modeling includes the translation of implicit 

ideas to explicit formal mathematical equations [68]. Thus, one of the benefits of 

modeling is that it forces us to make assumptions explicit, and thus assists in clarifying 

how we think about the system. Furthermore, computational modeling allows for 

perturbations that may not be possible in vivo, because of practical or ethical 

constraints [69]. 

Of the various methods available for computational modeling, ordinary differential 

equations (ODE) are the most widely used.  One of the properties of ODE models is 

that parameters generally have a fixed value for the simulation time of the model. 

However, when modeling longer term biological processes, this may no longer be an 

appropriate assumption. This is why Analysis of Dynamic Adaptations in Parameter 

Trajectories (ADAPT) was developed, so that parameters would be allowed to slowly 

change over time, and reflect the changes in the corresponding biological processes 

[70]. An example where ADAPT proved to be successful was in predicting the 

response to LXR-agonist treatment, where it was successfully predicted that SR-B1 

would be decreased in the hepatocyte plasma membrane [51].  

Another property of ODE models is that the compartments in ODE models reflect 

well-mixed pools of homogeneous substrates. Unfortunately this is often not an 

appropriate assumption, especially in the case of lipoprotein metabolism. Alternatively, 

agent-based models may be used [71]. In agent-based models the modeling centers 

around agents, that may be viewed as in-silico individuals that are given a set of 

properties and a set of rules on how to interact with other agents. Since properties of 

these agents can all be changed individually, dealing with heterogeneity becomes much 

more straightforward. Applied to lipoprotein metabolism, since lipoprotein-

representing agents can be modeled separately, the modeling of exchanges of lipids 

between lipoproteins can be tailored to the properties of the individual lipoproteins. 

All in all, computational modeling can be a versatile tool in the pursuit to better 

understand biological processes.  
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Outline of thesis 

 

Chapter 2 provides an overview of computational models of cholesterol metabolism. It 

discusses these models in detail, reproduces these models from the corresponding 

publications, and even subjects these models to a test, attempting to replicate the effect 

of statins. The idea was that if models would be able to show some kind of general 

applicability, thus even show some validity outside the scope of the model’s intended 

purpose, it could potentially serve as a module in a larger-scale model. While some 

models are indeed able to pass our artificial test, the general conclusion is that the field 

on the whole is still in its infancy, and that better models, i.e. capturing more 

phenomena, are likely to emerge in the coming decades. 

 

Chapter 3 is pioneering agent-based modeling in the field of lipoprotein metabolism. 

Applying the concepts of agent-based modeling, the model generates in-silico 

lipoprotein agents interacting with each other based on their different properties (i.e. 

size, lipid core composition, surface area), thus allowing for studying the effect of the 

intrinsic heterogeneity within lipoproteins and how lipid exchange between 

lipoproteins affects the lipoprotein profile. It is then found that the current dogma that 

increased VLDL-production coincides with increased clearance of apoA-I and HDL, 

can only be replicated in the model if an HDL-independent pathway of surface lipid 

removal from VLDL is assumed. 

 

Chapter 4 describes the evolution of male humanized APOE*3Leiden.CETP mouse on 

a Western diet over a period of 6 months. A major finding of this study was that body 

weight, plasma lipids and insulin resistance do not simply monotonically increase over 

time, but that a maximum is achieved, after which these parameters change in the 

opposite direction. Interestingly, the change in plasma lipids is reminiscent of the 

trajectory of plasma lipids in men, that also decrease at advanced age. Another 

important observation of the study is that APOE*3Leiden.CETP mice show great 

variation in their response to the Western diet in terms of development of body weight 

and plasma lipid increase. 

 

In Chapter 5 ADAPT is applied to the data from the experiment described in Chapter 4. 

ADAPT then predicts differences in energy expenditure and cholesterol homeostasis 

between animals that respond with high plasma TG (responders) and animals that 

respond with low plasma TG (non-responders). Interestingly, while the predictions on 

increased energy expenditure and decreased cholesterol absorption in non-responders 

could not be confirmed in validation studies, ADAPT did direct us to focus on 

differences in fat absorption between animals. This eventually brought us to the finding 
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that there is a tight correlation between fecal bile acid excretion and fat excretion, and 

thus that differences in bile acid homeostasis may in part explain the heterogeneity 

observed in these animals. 

 

In Chapter 6, using an FXR-agonist, bile acid homeostasis is perturbed in 

APOE*3Leiden.CETP mice on Western diet. Interestingly, treatment with the FXR-

agonist PX20606 greatly reduces plasma TG and TC in these mice and also decreases 

body weight on a Western diet. Furthermore, while liver fat was not decreaseed upon 

FXR-agonist treatment, PX20606 treated animals presented with periportal fat 

accumulation, while untreated animals accumulated fat pericentrally. Computational 

modeling suggested that this may be due to enhanced periportal uptake of intestinally 

absorbed fat. 

 

Chapter 7 discusses recent advances in intestinal fat and cholesterol absorption. An 

important recent development is that TICE, which previously was only investigated in 

mice, has now been shown to be present in humans as well. Moreover, this pathway 

may be stimulated pharmacologically and thus provides a promising strategy to 

decrease cardiovascular risk. 

 

In Chapter 8, I discuss how the insights gained in this thesis fit in with the overall ideas 

concerning what metabolic syndrome is and how to best prevent or treat it. 
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Abstract 

Regulation of cholesterol homeostasis has been studied extensively during the last 

decades. Many of the metabolic pathways involved have been discovered. Yet 

important gaps in our knowledge remain. For example, knowledge on intracellular 

cholesterol traffic and its relation to regulation of cholesterol synthesis and plasma 

cholesterol levels is incomplete. One way of addressing the remaining questions is by 

making use of computational models. Here, we critically evaluate existing 

computational models of cholesterol metabolism making use of ordinary differential 

equations and addressed whether they used assumptions and make predictions in line 

with current knowledge on cholesterol homeostasis. Having studied the results 

described by the authors, we have also tested their models. This was done primarily by 

testing the effect of statin treatment in each model. Ten out of eleven models tested 

have made assumptions in line with current knowledge of cholesterol metabolism. 

Three out of the ten remaining models made correct predictions, i.e. predicting a 

decrease in plasma total and LDL cholesterol or increased uptake of LDL upon 

treatment upon the use of statins.  

In conclusion, few models on cholesterol metabolism are able to pass a functional test. 

Apparently most models have not undergone the critical iterative systems biology 

cycle of validation. We expect modeling of cholesterol metabolism to go through many 

more model topologies and iterative cycles and welcome the increased understanding 

of cholesterol metabolism these are likely to bring.  

 

 

1. Introduction 

Since its discovery more than two centuries ago, much has been learned about 

cholesterol and how cholesterol homeostasis is achieved [1]. Control of cholesterol 

levels is important because the steroid is an essential component of cellular membranes 

and defects in cholesterol synthesis are not compatible with life. Although the presence 

of cholesterol is essential for life, excess of the molecule in e.g. the vascular wall can 

induce severe clinical complications. Intense research efforts in the past decades 

yielded detailed insight in many metabolic and signal transduction pathways involved 

in regulation of cellular cholesterol homeostasis [2]. Yet many questions remain. For 

example, how is cholesterol transported from the endoplasmatic reticulum (ER) to 

plasma membrane against a steep concentration gradient [3]? How does intracellular 

cholesterol transport affect the regulation of cholesterol synthesis [4]? What determines 

the dynamic between cellular free cholesterol and cholesteryl ester pools [5]? To 

address such questions, a number of groups have developed a variety of computational 

models covering pathways involved in cholesterol homeostasis. To introduce the 
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different pathways involved, we will first briefly describe the main aspects of 

cholesterol homeostasis. 

 

1.1 A central role for the liver 

The total amount of cholesterol present in an individual is estimated to be about 2.2 % 

of bodyweight. Dietary intake of cholesterol in humans is approximately 5 mg/kg body 

weight/day. Endogenous synthesis in the adult human is estimated to be 10 mg/kg/day 

[6]. Fecal derived sterol excretion (including bile acids) is approximately 15 mg/kg per 

day. In humans the liver accounts for only 10% of total cholesterol synthesis [6]. Thus 

when these data are correct, most cholesterol is synthesized extrahepatically. The liver 

is, however, the main hub for cholesterol homeostasis, (re)distributing the sterol to the 

rest of the body by means of lipoproteins. In addition, liver cholesterol synthesis is 

very responsive to external factors and can be suppressed 100-fold by increased dietary 

cholesterol intake [2,7] which is important in the control of plasma cholesterol levels. 

Finally, the liver provides the main route for excretion of cholesterol from the body, 

secreting cholesterol both as neutral sterol and in the form of bile acids [8]. 

 

1.2 Cholesterol transport in the circulation 

The liver (re)distributes triglycerides and cholesterol to other sites in the body through 

secretion of apoB100-containing very low density lipoproteins (VLDL). VLDL-

assembly and secretion is regulated at the post-transcriptional level and the success of 

VLDL formation and secretion depends on adequate/sufficient apoB lipidation. When 

this fails, degradation of VLDL by the proteasome is triggered via ubiquitination of 

apoB or alternatively by lysosomal breakdown. The lysosomal pathway is known as 

post-ER pre-secretory proteolysis (PERPP) [9], a process that can be stimulated by 

poly-unsaturated fatty acids (through oxidative stress) and insulin-signaling [10,11]. 

The mechanisms that trigger PERPP are however incompletely understood and have 

only just started to become elucidated.  

The liver also secretes apoA-I-containing high density lipoproteins (HDL). Especially 

the smaller lipoproteins of this class acquire cholesterol from peripheral tissues after 

which it is thought to be returned to the liver, a process known as reverse cholesterol 

transport (RCT). Synthesis of apoA-I, the main apolipoprotein of HDL, is 

constitutively expressed in liver and intestine [12]. It has been suggested that apoA-I 

expression is affected by hormones like insulin and thyroid hormone [13]. Recently, it 

has been proposed that a long-non-coding RNA is regulating apoA-I expression [14]. 

The making and secretion of HDL however, is largely determined by the activity of 

ATP-binding cassette (ABC) A1, encoded by a gene that is regulated by many factors 

including the nuclear receptor family of liver X receptors (LXR) [15]. 
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1.3 Liver and intestine in cholesterol excretion and (re-)absorption 

The liver secretes cholesterol into bile in the free form or after conversion as bile salt at 

the canalicular pole of the hepatocyte. This occurs through the concerted action of 

ABCG5/ABCG8 and bile salts. The molecular mechanism of this process remains to 

be elucidated. Bile acid reuptake by the intestine is very efficient with the distal ileum 

absorbing most of the bile salts secreted into the intestinal lumen [16]. In addition to its 

role in the re-absorption of bile-acids, the intestine is important in cholesterol 

homeostasis because of a 15% contribution to body cholesterol synthesis and its role in 

the uptake of dietary cholesterol. In contrast to uptake of bile acids, intestinal uptake of 

free cholesterol is extremely variable, ranging from 20% to 80% of dietary intake 

[17,18]. Recently, it has become clear that the intestine also has an important role in 

cholesterol excretion. In a mouse model with extremely low biliary cholesterol 

excretion by knocking out ABCB4, unchanged fecal cholesterol was observed [19]. 

The fecal cholesterol could not be explained by enhanced intestinal cholesterol 

production, demonstrating that there must be an alternative route for transport of 

cholesterol from the plasma into the intestinal lumen [20]. This process has been called 

trans-intestinal cholesterol excretion. Trans-intestinal cholesterol excretion was first 

observed in rodents and recently has been demonstrated to be present in humans as 

well [20–22]. The mechanism and (basolateral) transporters involved in this process 

remain to be elucidated.  

 

1.4 Cellular cholesterol homeostasis 

The intracellular cholesterol content is thought to be regulated through the concerted 

actions of sterol regulatory element binding protein 2 (SREBP2) and sterol cleavage 

associated protein (SCAP) Decreased cholesterol concentrations in the ER trigger 

SCAP to escort SREBP2 to the trans-Golgi, where SREBP2 is cleaved, after which it 

enters the nucleus to promote transcription of 3-hydroxy-3-methylglutaryl-CoA 

reductase (HMGCR). In contrast when cholesterol concentrations in the ER are 

sufficient, insig1 contains SCAP/SREBP2 within the ER and stimulates ubiquitination 

and subsequent degradation of HMGCR by the proteasome [2]. Although regulation of 

cholesterol synthesis has been elucidated in molecular detail much less is known about 

the pathways of cholesterol transport within the cell after it has been released from the 

lysosomal compartment. Brown and Goldstein elegantly demonstrated the interplay of 

Nieman Pick protein 1 and 2 in lysosomal handling. But how cholesterol translocates 

through the lysosomal membrane and is transported to other cellular organelles is not 

clear. A number of candidates has been proposed including oxysterol binding-related 

proteins and STARD family members. However, conclusive evidence for a role of 

these proteins is still lacking.  
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1.5 Computational modeling 

Taken together, the regulatory role of the intestine on plasma cholesterol levels and the 

mechanism of intracellular cholesterol transport are complex and incompletely 

understood. To further our understanding, of these complex mechanisms use of 

mathematical models may be helpful because they allow evaluation of multiple 

interactions at once without being limited to a small set of processes that can actually 

be measured. In this way a mathematical model can expose complex processes that 

otherwise would go unnoticed [23]. In addition, mathematical modeling can help to 

validate current views on biological behavior: the modeling process forces one to 

translate often implicit ideas into explicit mathematical relations. Together, these 

mathematical relations form a model which can be explored and evaluated for 

agreement with knowledge from experimental data [24]. Ideally, this triggers a cycle 

wherein modeling leads to a reinterpretation of how experimental data fit together and 

vice versa, where new experimental data lead to a revision of the model reflecting the 

increased understanding in the underlying biological processes.   

 

1.6 Scope of the review 

This study considers models making use of ordinary differential equations [25]. Tracer 

kinetics models are discussed elsewhere [26,27]. More physically oriented models such 

as mass-transfer studies of lipoproteins across the vascular wall or molecular dynamics 

of phospholipid bilayers will not be discussed here either [28]. In addition to critically 

examining mathematical models on cholesterol metabolism, we have performed a 

functional test on each model assessed. The aim of this functional test was to check the 

biological validity of the model. That is, if the model claims to represent (part of) 

cholesterol metabolism, it should contain system properties that are in agreement with 

experimental findings. As such, a perturbation in the model should lead to behavior in 

agreement with the corresponding in vivo perturbation. Though the same or a similar 

test was applied whenever possible, our test may be outside the scope the authors of the 

model had originally envisioned, putting these models at a disadvantage in passing this 

test. On the other hand, there is increasing interest in modular modeling, where models 

can be reused within the hierarchy of a larger model [29,30]. This would require that 

models have a more general applicability, thus also beyond their original scope. Taking 

these points into account, this functional test should be regarded as an additional means 

to learn something from a model and its limitations, and not to determine whether the 

model was 'right' or 'wrong' for its intended purpose. 

 

2. Strategy 

We have searched the literature for computational models on cholesterol metabolism 

on PubMed using the key words: 'computational', 'mathematical', 'kinetic', 'VLDL', 
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'LDL', 'HDL', chylomicron' and 'cholesterol'. Additional models were found through 

consulting reference lists. Models found were selected when describing (part of) 

cholesterol metabolism and ordinary differential equations and parameters were 

provided. Models selected were recreated in Matlab (2012b) based on the information 

provided in the article. To check whether this recreation was successful, a 

representative figure in the article was selected and reproduced. For one model, a 

Matlab script was already made available as supplemental file, and this script was used 

for simulations [31]. 

During the reproduction process, some errors and omissions were identified in the 

description of differential equations and parameter values. Most of these errors could 

be resolved by personal communication. A list of these errors can be found in the 

supplemental file.  

All models selected were evaluated for their usage of (current) knowledge on 

cholesterol metabolism. Models were subdivided in the categories 'endocytosis of 

lipoproteins', 'plasma lipoprotein dynamics' and 'whole body models on cholesterol 

metabolism'.  

Models were tested for the effect of inhibition of HMGCR by statin treatment. In the 

models assessing 'endocytosis of lipoproteins' this meant simulating a 75% decrease in 

cholesterol production. We considered the model to have passed the functional test 

when the model responds with an increase in the uptake of LDL in the presence of 

LDL, or a lowering of intracellular cholesterol in the absence of LDL [32]. For the 

model of Chun et al. cholesterol synthesis was not included [33]. For this particular 

model, we tested whether there is increased uptake of LDL when either increasing 

production of LDL-receptors or increasing recycling of LDL-receptors, since in vitro 

studies have shown that both LDL-receptor expression and protein increase upon 

treatment with statins [34]. 

The models included in 'plasma lipoprotein dynamics' did not include cholesterol 

synthesis either. The model of Knoblauch et al. [35] was tested by simulating a 

homozygous and heterozygous knockout of CETP. In controls, heterozygous and 

homozygous CETP-mutations an HDL2/HDL3-ratio of 1.2 (0.4), 3.3 (1.0) and 7.7 

(1.2) was found respectively. We considered the model passed if this caused an 

increase in the HDL-2/HDL-3 ratio in the ranges [1.3 - 5.3] and [5.3 - 10.1] for the 

heterozygous and homozygous case respectively[36]. The model of Lu et al. [31] does 

not make a distinction between HDL2 and HDL3 and therefore could not be evaluated 

in the same way. Instead we evaluated the apoA-I concentration upon simulating a 

homozygous and heterozygous knockout of CETP. In controls, heterozygous and 

homozygous mutations an apoA-I-concentration of 140.9 (16.1) mg/dl, 155.3 (22.1) 

mg/dl and 233.5 (22.3) mg/dl has been found respectively [36], standard deviation is 

given within parentheses. We considered the model passed if this led to no or a 



27 
 

negligible increase in apoA-I for the heterozygous case and an increase in apoA-I in 

the range of [33 - 97]% for the homozygous case or equivalently to an apoA-I 

concentration in the range of [189 - 278] mg/dl [36].  

For models assessing 'whole body cholesterol metabolism', we simulated for the effects 

of statins by decreasing cholesterol synthesis. Simvastatin has been shown to reduce 

plasma LDL cholesterol levels with 30 to 40% within 6 weeks and when treatment is 

continued this reduction is maintained for at least a year [37,38]. Furthermore, HDL-

cholesterol is increased by 8 to 12% upon simvastatin treatment [37,39]. Upon high 

baseline HDL-cholesterol levels however (> 50mg/dl), HDL-cholesterol has not been 

shown to increase further upon statin treatment [40]. Simvastatin is considered to be 

selective for the liver due to a high first-pass effect (80% retention in the liver) and a 

high affinity for albumin (95% bound), resulting in a systemic bioavailability of 5% 

[37,41]. Plasma concentrations of simvastatin are in the order of 4 ng/ml (0.01 μM) 

when administered orally at a dose of 40 mg [42,43]. In HepG2 cells, this 

concentration causes a decrease in cholesterol synthesis of 25% [32]. However, since 

the liver tissue concentration of simvastatin in a mammalian model was reported to be 

44 times higher than plasma concentrations, we consider a 40-fold higher concentration 

(0.4 μM) to be more representative of the situation in the liver which is predicted to 

decrease hepatic cholesterol synthesis by 75% [32,44]. For our functional test we have 

therefore used a 75% reduction in hepatic cholesterol synthesis to simulate the effect of 

(simva)statin in models of human cholesterol metabolism. We consider the model to 

have passed the functional test when LDL-cholesterol is lowered between 20% and 

50% within 6 weeks, there is an increase in HDL-cholesterol between 5 and 15% 

within 6 weeks and these changes are maintained for at least a year. We did not 

consider HDL-cholesterol changes if the model simulations showed high baseline 

HDL-cholesterol (>50 mg/dl). 

For mouse models of cholesterol metabolism it becomes more complicated, since 

treatment of mice with statins has not been reported to induce a decrease in LDL or 

total cholesterol levels, due to a feedback loop causing increased expression of 

HMGCR [45]. Another reason why mice fail to show reduced LDL cholesterol levels 

upon statin treatment is because mice carry most of their cholesterol in HDL. LDL 

cholesterol in mice is low because of the rapid clearance of VLDL from the circulation 

due to efficient lipolysis and uptake of remnants. Mice with the apoE3-Leiden 

mutation however show a deficiency in lipolysis and uptake of remnants [46]. 

Therefore LDL-cholesterol in this mouse strain is relatively high and in contrast to 

most other strains, do show a decrease in LDL and total cholesterol upon treatment 

with statins [47]. It must however be noted that in contrast to humans, HDL-cholesterol 

also decreases in apoE3-Leiden mice treated with statins. In this mouse model a 

lowering in total cholesterol up to 20% has been achieved upon treatment with 
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lovastatin (0.1% w/w added to the diet) within two weeks, which is maintained for at 

least one week during continued treatment [47]. Lovastatin is very similar to 

simvastatin both in molecular structure (differing by one methyl-group) and effect 

(both are administered as prodrugs and mainly assert their effect in the liver) [48]. We 

therefore extend our estimate for inhibition of hepatic cholesterol synthesis by 

simvastatin (75%) to that of lovastatin. We considered the mouse model to have passed 

the functional test when this led to a decrease between 10 and 40% of total cholesterol 

due to a decrease in LDL-cholesterol and HDL-cholesterol within 3 weeks.  

 

3. Models on endocytosis and excretion of lipoproteins 

Wattis et al. constructed a model of LDL-endocytosis by hepatocytes (Fig. 1) [49]. The 

model makes use of mass-action kinetics and assumes that the rate of binding (and 

internalization) of LDL is dependent on the number of coated pits with unbound LDL-

receptors on the surface and the extracellular LDL-concentration. Upon internalization, 

a fraction of the receptors is recycled, contributing to new pits without bound LDL. 

LDL is broken down to release intracellular free cholesterol with a rate linearly 

dependent on the number of internalized particles. Synthesis and efflux of cholesterol 

(both are regulated by one term) are linearly dependent on the intracellular cholesterol 

concentration, i.e. dC/dt = LDLC_degr + lambda * (set_point - C), where C is the 

intracellular cholesterol concentration, LDLC_degr represents the cholesterol produced 

by degradation of internalized LDL, lambda is the synthesis/efflux - rate and set_point 

is the intracellular cholesterol concentration set point. It must be noted that the efflux 

rate of cholesterol in the model is not linked to a specific biological function (i.e. 

VLDL-production, or free cholesterol excretion to the canaliculi). The rate of 

production of LDL-receptors was modeled to be inhibited by the intracellular 

cholesterol concentration [49]. This model served as the basis for later work in the 

same group: Tindall et al. [50] expanded on the model of Wattis et al. [49] by allowing 

the binding of different sizes of lipoprotein particles (LDL, VLDL2 and VLDL3) to 

bind to pits with LDL-receptor [49,50]. The model explores the implications of a larger 

particle occluding a greater number of free receptors upon binding than a smaller 

particle, thereby lowering the effective number of free surface receptors. Furthermore, 

the model accounts for a proportion of unbound (other than those occluded) receptors 

being internalized upon endocytosis. Pearson et al. [51] also studied competition 

between lipoproteins for binding to the LDL-receptor, but in contrast to Tindall et al. 

[50] who assumed a continuous distribution of receptors over the plasma membrane, 

explicitly modeled the number of free and occupied pits [50,51]. Finally, Bhattacharya 

et al. (2014) expanded on the model of Wattis et al. (2008) by including a detailed 

model of regulation of intracellular cholesterol synthesis [52]. 
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Figure 1 

Model topology of models based on the work of Wattis et al. [49]. Both bound and non-bound receptors 

can be internalized.. A fraction of receptors is then recycled and can travel back to the plasma membrane. 

Newly produced receptors first enter the recycling compartment before moving on to the plasma 

membrane. Internalized receptor-LDL-complexes are degraded to intracellular cholesterol. Production of 

new receptors is inhibited by intracellular cholesterol levels. When intracellular cholesterol levels are 

above the set point, intracellular cholesterol exits the system. Conversely, when intracellular cholesterol 

levels are below the set point, intracellular cholesterol is produced. 'Li' represents internalized receptor-

LDL complexes, 'f' is the fraction of recycled receptor, 'R' is the recycling compartment and 'C' is 

intracellular cholesterol. 

 

In the models based on that of Wattis et al. [49–51] an important assumption made is 

that the cholesterol concentration is controlled around a set point and that the rate of 

either synthesis or efflux of cholesterol is assumed to be linearly dependent on the 

offset from this set point. Given a sufficiently large synthesis/efflux-rate (lambda) this 

results in the production rate of free receptor being determined by the fixed cholesterol 

set point. This occurs because the LDL-receptor production is modeled to be dependent 

on the intracellular cholesterol concentration. If a cell were to actually control uptake 

this way, both uptake and efflux of cholesterol is increased upon higher extracellular 

LDL-concentrations while receptor surface concentrations remain relatively stable. 

This is in agreement with the finding of the authors that the intracellular cholesterol 

concentration was only affected by the rate of synthesis and efflux of cholesterol, and 

not the rate of breakdown of internalized LDL-cholesterol [50].  
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In a sensitivity analysis Tindall et al. found that increasing the recycling fraction 

increases the number of receptors on the surface and uptake of LDL [50]. Similarly, 

increasing the rate of de novo receptor production resulted in an increase of free and 

bound receptor and accordingly, LDL-uptake [50]. Hepatocytes show a predilection for 

endocytosis of the bigger VLDL2 and VLDL3 particles compared to LDL in the 

model, which was expected considering that the binding rate of particles was modeled 

to be dependent on particle size [50]. Furthermore, Pearson et al. showed that at high 

delivery rates of lipoproteins the system adopts a pseudo-steady state in which 

cholesterol uptake is maximized and extracellular concentrations of lipoprotein rise 

nonetheless. The authors comment that in vivo mechanisms that are not modeled will 

likely take over and prevent this from happening [51]. 

In agreement with the authors' own findings, simulating a synthesis/efflux-rate of 

cholesterol that is a fourth of the normal rate, to simulate the effect of statin treatment, 

results in a transiently lower intracellular cholesterol concentration that quickly reaches 

a steady state similar to the control (Fig. 2A, Fig. 3A). Furthermore, the uptake of LDL 

is transiently increased in both the receptor pit models (Fig. 2B) as well as in the 

continuum receptor model (Fig. 3B). However in both receptor pit models and 

continuum receptor model LDL uptake quickly reaches a steady state similar to the 

control. We conclude that these models are unable to describe the effect of increased 

LDL-uptake upon treatment with statins. Furthermore, we note that due to the feedback 

term of intracellular cholesterol on the synthesis/efflux-rate of cholesterol, LDL-

receptor production is dependent on the set point of intracellular cholesterol levels and 

not on actual intracellular cholesterol levels.  

 

 

 

Figure 2 

Here we simulate the effect of statins in the receptor pit model of Wattis et al. [49] by decreasing the 

synthesis/efflux-rate of cholesterol in the model by 75%. A) Uptake rate of LDL upon treatment with 

statins. B) Intracellular cholesterol concentration upon treatment with statins. Note that uptake of LDL is 
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increased and intracellular cholesterol is decreased upon statin treatment but only transiently. At steady 

state, intracellular cholesterol concentrations are dependent on the cholesterol set point, which is the same 

for both conditions. Since intracellular cholesterol concentrations determine receptor production, LDL-

uptake will be the same for both control and statin treatment as well at steady state. 

 

 

 

 

 

 

 

Figure 3 

Here we simulate the effect of statins in the continuum receptor model of Tindall et al. [50] by decreasing 

the synthesis/efflux - rate of cholesterol by 75%. A) Uptake rate of LDL upon treatment with statins. B) 

Intracellular cholesterol upon treatment with statins. Note that similar to the receptor pit model, there is a 

transient increase in the uptake rate of LDL and a transient decrease in the intracellular cholesterol 

concentration. 

 

Bhattacharya et al. [52] further expanded on the model of Wattis et al. [49] by adding a 

more detailed description of feedback control of intracellular cholesterol, including 

HMG-CoA reductase (HMGCR) and LDL-receptor (LDLR) transcription, translation 

and degradation of HMGCR and LDLR mRNA and degradation of HMGCR and 

LDLR(Fig. 4) [52].  
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Figure 4 

Model topology of the cholesterol homeostasis system as proposed by Bhattacharya et al. [52]. It 

incorporates transcription and translation and makes use of intracellular cholesterol as an inhibitor of 

transcription of both HMGCR and LDLR mRNA. Degradation of mRNA, protein and cholesterol are 

dependent on their relative concentrations. 

 

 

Bhattacharya et al. [53] found that integrating the feedback control system with the 

model of Wattis et al. [49] resulted in an increase of internalized LDL upon simulating 

a complete stop in cholesterol synthesis, suggesting that LDL-uptake is then increased 

[52,53].  

Indeed, simulating the effect of statin treatment in the model of Wattis et al. [49] with 

the feedback control system of Bhattacharya et al. [52] by reducing the activity of 

HMGCR by 75% leads to the expected increase in uptake of LDL (Fig. 5A). 

Furthermore, simulating the model in the absence of LDL results in a decrease in 

intracellular cholesterol (Fig. 5B). We thus conclude that the model passes our 

functional test. We also observe that similar to another proposed model of cholesterol 

feedback control [54], this system shows oscillatory behavior [52].  
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Figure 5 

Increase in LDL-uptake rate in the presence of LDL (A) and decrease in intracellular cholesterol in the 

absence of LDL (B) upon treatment with statins. Note the damped oscillation produced by the feedback 

control system. For simplicity, the extracellular LDL-concentration was assumed constant for these 

simulations. 

 

August et al. (2007) developed a model of lipoprotein metabolism where cholesterol is 

produced by the liver in the form of VLDL and distributed to the periphery through 

endocytosis of IDL and LDL or through non-specific endocytotic uptake of LDL (Fig. 

6). Endocytosis results in recycling of LDL-receptor and release of free cholesterol to 

the cell. In turn, the intracellular free cholesterol asserts negative feedback control on 

the synthesis of LDL-receptors. Finally, cellular efflux of cholesterol was modeled to 

be proportional to the intracellular cholesterol concentration [55].  

Key assumptions determining the models behavior are the efflux of cholesterol being 

proportional to the intracellular cholesterol concentration and the inhibition of surface 

receptor production by the intracellular cholesterol concentration. In addition, it was 

assumed that the amount of cholesterol absorbed from IDL and LDL is proportional to 

their relative cholesterol densities. While the proportion of cholesterol in the particles 

is different, the total amount of cholesterol is however roughly equal. Making use of 

the density and mass percentage provided by August et al. [55] (Table 1, p1234) we 

arrive at a cholesterol content range of [2.2e-18 g : 6.6e-18 g] and [1.7e-18 g : 4.3e-18 

g] for IDL and LDL respectively. Assuming lower cholesterol content in IDL 

compared to LDL results in an artefact where an amount of cholesterol is added in the 

conversion from IDL to LDL. Unfortunately, this artefact renders the model 

biologically invalid.  

The main finding in the model is that the intracellular cholesterol concentration shows 

bistability. Bistability means that a state is not only dependent on the present 
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conditions but also on the conditions in the immediate past. In the context of the 

model, the intracellular cholesterol concentration is predicted to be different when 

slowly increasing VLDL-production from a baseline low VLDL-production compared 

to slowly decreasing VLDL-production from a baseline high VLDL-production (Fig. 

7a).  

 

Figure 6 

Model topology for the model of August et al. [55]. Cholesterol enters the system as VLDL. VLDL is then 

converted to IDL and LDL. IDL and LDL can enter the hepatocyte through an endocytotic pathway 

whereas LDL can enter through both an endocytotic and non-specific endocytotic pathway. Breakdown of 

internalized IDL and LDL increases the intracellular cholesterol concentration, in turn inhibiting 

production of new LDLRs (dashed lines). A fraction of internalized receptors are recycled to the plasma 

membrane. 

 

Bistability in the model arises because LDL is able to follow both endocytotic and non-

specific endocytotic routes, whereas IDL is limited to the endocytotic route. At very 
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high VLDL-production rates, intracellular cholesterol levels are high and thus LDL-

receptor production is fully repressed, allowing only for the non-specific endocytotic 

route to be active. In contrast, at low VLDL-production rates, intracellular cholesterol 

levels are low and LDL-receptor production is active, allowing for both endocytotic 

and non-specific endocytotic routes. If we would gradually increase VLDL-production 

and uptake, intracellular cholesterol levels will only gradually rise because the active 

endocytotic route results in less cholesterol entering the cell than the non-specific 

endocytotic route. Only when the endocytotic route can no longer be sustained will the 

intracellular cholesterol level sharply increase. Conversely, when gradually decreasing 

VLDL-production from a point where only the non-specific endocytotic route is active 

this will not result in a sharp decrease in intracellular cholesterol, because the amount 

of cholesterol entering through the non-specific endocytotic route is simply higher 

because it has to enter as (high-cholesterol) LDL which subsequently delays the 

activation of the endocytotic route. This phenomenon was however introduced by 

modeling that IDL contains less cholesterol than LDL. Correcting this by using equal 

cholesterol content for IDL and LDL results in a linear increase of intracellular 

cholesterol concentration with increasing influx of VLDL and the loss of bistability 

(Fig. 7b).  

 

 

Figure 7 

Intracellular cholesterol levels when slowly increasing VLDL-production and then slowly decreasing 

VLDL-production for the case where IDL contains less cholesterol than LDL leading to hysteresis (A) and 

the case where IDL and LDL cholesterol content is equal (B). 

 

Yuan et al. (1991) created a mathematical model of endocytosis (Fig. 8) reflecting the 

reaction of fibroblasts on cholesterol starvation in lipoprotein-deficient medium and 

subsequent re-exposure to LDL as performed by Brown & Goldstein [56,57]. The 
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model includes cholesterol synthesis, cholesterol efflux, uptake of cholesterol from 

LDL and esterification and hydrolysis of intracellular free cholesterol and cholesteryl 

esters respectively. Both uptake and synthesis were modeled to be dependent on the 

LDL-receptor concentration. The LDL-receptor concentration in turn, being dependent 

on the extracellular LDL-concentration. The rate of cholesterol esterification in the 

model is dependent on the uptake rate of LDL whereas hydrolysis of cholesterol is 

dependent on the cholesteryl ester concentration, effectively turning cholesteryl ester 

into a free cholesterol buffer.  

An important assumption in the model is that the number of receptors in steady state 

can be fully deduced from the extracellular LDL-concentration. This is a reasonable 

assumption, since the uptake of extracellular LDL must not exceed intracellular 

cholesterol requirements the cell will adjust its number of LDL receptors accordingly. 

Furthermore, the model structure leads to the implicit assumption that the 

concentration of cholesteryl esters does not affect the steady state concentration of 

intracellular cholesterol. This is in agreement with the common view that cholesteryl 

esters are a buffer for free cholesterol and thus mainly serve to keep the intracellular 

free cholesterol concentration constant [58].  

Main findings of the authors are that in their model the rate of intracellular degradation 

of LDL in (smooth muscle cells and fibroblasts) will first increase and then become 

saturated upon gradually increasing LDL-concentration in the extracellular medium. 

Because saturation of uptake will increase the extracellular LDL-concentration in vivo, 

the authors propose that this may explain the build-up of cholesterol in foam cells in 

atherosclerotic disease.  

Upon decreasing the rate of cholesterol synthesis by 75% in the presence of LDL, we 

observe no changes in uptake of LDL (Fig. 9). Similarly, the dynamics in cholesteryl 

ester concentrations remain unaltered. Interestingly, the model predicts a steady state 

concentration of cholesteryl ester of approximately 1 µg cholesterol /mg cell protein, 

even though LDL is abundant. In vitro studies suggest that even in lipoprotein deficient 

medium the steady state cholesteryl ester content of fibroblasts is approximately 5 µg 

cholesterol /mg cell protein [59]. Yuan et al. note that this discrepancy may be 

explained by changes in the rate of LDL-degradation upon the cells reaching a 

different degree of confluency and that therefore parameter values for this rate should 

be adjusted accordingly. Indeed, increasing the rate of LDL-degradation from 0.2 to 

0.8 leads to a better fit for the cholesteryl ester concentration. However, this also leads 

to a steady state free cholesterol concentration of 470 µg cholesterol /mg cell protein 

(not shown), whereas in similar experiments measured free cholesterol concentrations 

are typically between 30 and 50 µg cholesterol /mg cell protein [59]. Finally, we do 

observe a decrease in intracellular cholesterol upon reducing cholesterol synthesis by 

75% in the absence of LDL (not shown). 
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In conclusion, simulating treatment with statins has no effect on LDL-uptake in the 

model. Therefore the model does not pass our functional test. The lack of effect of 

reducing cholesterol synthesis on LDL uptake is readily explained by the fact that 

LDL-receptor production in the model is dependent of external LDL-concentrations. 

We also note that the cholesteryl ester concentrations in the model only depends on the 

extracellular supply of cholesterol and is low compared to the amount of free 

cholesterol. As such, the cholesteryl ester in the model is only able to buffer sudden 

cholesterol excess, not cholesterol depletion. 

 

 

Figure 8 

Model topology of Yuan et al. [56]. LDL cholesterol enters through an endocytotic pathway and can then 

be converted to cholesteryl ester. Cholesterol homeostasis in the model is further achieved by allowing 

both de novo production as well as efflux of cholesterol. The rate of receptor production is dependent on 

the extracellular cholesterol concentration.  
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Figure 9 

LDL-uptake rate, free cholesterol and cholesteryl ester concentration according to the model of Yuan et al. 

[56] at an LDL-concentration of 50 µg LDL protein/ml for a cholesterol synthesis rate of 1.13e-3 (control) 

and 0.33e-3 (statin) µg cholesterol/ ng LDL protein / day respectively. Note how decreasing the 

cholesterol synthesis rate has no effect on the predicted LDL-uptake, free cholesterol or cholesteryl ester 

concentrations.  

 

Chun et al. describe the in vitro endocytosis of LDL in HepG2 cells (Fig. 10) [33]. 

Binding of LDL to LDL-receptor, internalization of bound LDL and degradation of 

internalized LDL were modeled as first order processes. The rate of receptor produced 

was kept constant and internalized receptors were allowed to recycle to the surface 

[33]. Parameter values were obtained from Brown and Goldstein's studies on LDL-

receptor involvement in LDL uptake [60].  

Key assumptions are the constant rate of receptor production, reversible internalization 

of free receptor against irreversible internalization of bound LDL and irreversible 

'conversion' of internalized LDL to internalized free receptor. A peculiarity of the 

model is that both internalized LDL and internalized free receptor are degraded to a 

common pool of cholesterol and amino acids denoted as 'D', hereafter denoted as 

'cholesterol'. 
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Interestingly, a steady increase in 'cholesterol' without any effect on the surface 

receptor concentration was found, whereas the authors expect this to be down-

regulated. There is however no feedback loop in the differential equations from 

'cholesterol' to either the pool of recycle-able receptors or to the rate of de novo 

production of receptors, hence no feedback can be expected [33]. 

 

 

Figure 10 

Model topology of Chun et al. [33]. Both bound and unbound receptors can be internalized. Internalized 

LDL is either recycled or degraded. Recycling results in the conversion of internalized LDL to internalized 

free receptors. Degradation of internalized LDL leads to production of ‘D’ which is a mixture of amino 

acids and cholesterol. D has no effect on the rate of receptor production.  

 

Since the model does not include a term for intracellular cholesterol production, we 

could not simulate the effect of statins by decreasing the rate of intracellular 

cholesterol production. Instead, we tested whether any perturbation resulting in 

increased LDL-receptor concentration also leads to increased uptake of LDL. 

Increasing the receptor production tenfold however, did not lead to great changes in 

uptake of LDL (Fig. 11A). Decreasing the degradation rate of internalized receptor 

tenfold leads to negligible differences in uptake (not shown). The effect of increasing 

the recycling rate of receptor tenfold leads to greater differences in LDL-uptake (Fig. 

11B). However, instead of leading to increased uptake of LDL and intracellular 

cholesterol concentrations, uptake of LDL and ‘cholesterol’ concentrations actually 
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decrease. This counterintuitive result can be explained by the 'recycling' term in the 

model converting LDL-receptor complex directly into 'free' internalized receptor, 

without accounting for the LDL-particle. In this way, increasing the recycling rate, 

leads to a loss of 'cholesterol'. We conclude that the model is unable to describe the 

effect of statins.  

 

 

Figure 11 

Effect of increasing receptor production tenfold (A), and increasing recycling rate tenfold (B) respectively, 

on free surface receptor and 'cholesterol' consisting of both cholesterol and amino acids from degraded 

receptor and apolipoproteins.  

 

 

4. Models on lipoprotein dynamics 

Knoblauch et al. (2000) created a model of lipoprotein metabolism to facilitate the 

study of multiple gene defects in lipoprotein disorders (Fig. 12). The model includes 

the lipoproteins VLDL, IDL, LDL, HDL2, HDL3, nascent HDL, chylomicrons and 

chylomicron-remnants and enzyme activities of lipoprotein lipase, hepatic lipase, 

LCAT, CETP. Clearance of lipoproteins occurs through LRP, LDLR, SRB1 and 

scavenger pathways functioning as ‘overflows’ [35]. 

The key assumption made in constructing the model was that VLDL-production in the 

liver and IDL, LDL, and chylomicron-remnant uptake by LDL-receptor are inhibited 

by LRP-dependent chylomicron-remnant metabolism. While in the postprandial 

situation there is increased hepatic uptake of chylomicron-remnants and inhibition of 

VLDL-production, the latter is generally attributed to the action of insulin and free 

fatty acids (FFA) and not uptake of chylomicron-remnants as such [61]. This 

assumption may therefore not be valid. Perhaps the authors aimed to treat 

chylomicron-remnant uptake as a proxy for insulin action, though this was not stated 

explicitly. In contrast, feedback on LDL-receptor production by uptake of cholesterol 

has been described and thus appears reasonable [57].  
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The authors aimed to create a model where multiple gene defects in humans could be 

evaluated at once, allowing for better phenotype prediction in a mostly heterogeneous 

disorder. The model was tested against LDL-receptor deficiency and LPL-dysfunction, 

showing good agreement with experimental findings [35].  

For the functional test we evaluated the effect of simulating for a heterozygous and 

homozygous mutation in CETP. A heterozygous and homozygous mutation in CETP 

has been shown to lead to functional activity of CETP of 65% and 0% of normal 

activity respectively [36]. This loss of CETP-activity should increase the 

HDL2/HDL3-ratio [36]. Indeed, upon simulating for different degrees of CETP-loss 

we observe an increase in HDL2 and a decrease in HDL3 (Fig. 13). At 65% and 0% 

activity we arrive at an HDL2/HDL3-ratio of 1.6 and 3.8 respectively. This falls within 

the limit we specified in our functional test for the heterozygous case [1.3 - 5.3] but not 

for the homozygous case [5.3 - 10.1]. Apparently, this model underestimates the effect 

of CETP-loss on the HDL2/HDL3-ratio. We therefore conclude that the model does 

not pass the functional test. It must be noted that the study on which we based the 

functional test [36] found larger HDL sizes than two other studies investigating the 

relationship between CETP-deficiency and HDL for both controls and CETP-deficient 

subjects [62,63]. Unfortunately, in these two other studies CETP activity was not 

measured, making it unfit for use in our functional test. 
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Figure 12 

Model topology of Knoblauch et al. [35]. Cholesterol is produced as nascent HDL (DISCS), VLDL and 

chylomicrons. Cholesterol exits the system through LDLR, SRB1 and LRP. In addition, lipoproteins are 

allowed to leave the system through a scavenger receptor overflow, marked by dashed arrows in the 

figure. LPL activity promotes conversion of chylomicrons to chylomicron-remnants and of VLDL to IDL, 

whereas the conversion of IDL to LDL is only promoted by hepatic lipase. LCAT promotes the maturation 

of HDL-particles. CETP allows for the exchange of cholesteryl ester and triglycerides between HDL and 

triglyceride rich lipoproteins.  
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Figure 13 

Lipoprotein concentrations at various levels of CETP function as predicted by the model of Knoblauch et 

al. [35]. Lipoprotein concentrations are normalized to their value at normal CETP function. 

 

Lu et al. (2014) created a model of lipoprotein dynamics focusing on reverse 

cholesterol transport and HDL-remodeling (Fig. 14). The model divides the HDL-pool 

in lipid-poor apoA-I and α-HDL, the latter enriched in cholesteryl ester and additional 

apoA-I. Furthermore, the model includes cholesteryl ester transport between the LDL, 

VLDL and α-HDL pool and allows for both holo-particle uptake of HDL and selective 

cholesteryl ester uptake via SR-B1.  

Key assumption in the model is that HDL metabolism is best described at the whole 

body level and not by making a distinction between liver and periphery. Within the 

model, RCT is defined as ABCA1-mediated cholesterol flow from tissue to lipid-poor 

apoA-I. This definition of RCT makes it difficult to make a translation to the most used 

definition of RCT, which is cholesterol flow from periphery back to liver. The model 

predicts that inhibition of CETP results in higher HDL-concentrations but not in higher 

reverse-cholesterol transport. In contrast, the model predicts that upon stimulating 

ABCA1 expression both HDL-concentrations and reverse-cholesterol transport 

increases. Therefore, the authors suggest that CETP-inhibitors are not a feasible option 

for therapy and instead the focus should be on developing drugs that promote ABCA1-

synthesis [31].  

For the functional test we evaluated heterozygous and homozygous mutation in CETP, 

which should increase apoA-I concentrations only in the homozygous case. Indeed, we 

find that when we decrease the CETP-activity to 65% of normal activity there is a 
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negligible increase in apoA-I concentration and conversely, upon decreasing CETP-

activity to 0% of normal activity apoA-I concentration rises to 228 mg/dl, which lies 

perfectly within the range [189 - 278] mg/dl we specified for our functional test. We 

thus conclude that the model adequately describes the effect of heterozygous and 

homozygous mutation in CETP on plasma lipoprotein levels and passes our functional 

test. 

 

Figure 14 

Model topology of Lu et al. [31]. Early lipidation of essentially (intracellular) lipid free apoA-I is 

regulated by ABCA1 at the cell membrane. In the circulation, this HDL can mature into alpha-HDL 

through the action of LCAT in the circulation. This process is defined as reverse cholesterol transport in 

the model. There is constant VLDL production in the model. Both VLDL and LDL can be taken up by the 

periphery. Cholesteryl ester can flow from alpha-HDL to VLDL and LDL through CETP action, in the 

process converting mature HDL back to lipid-poor apoA-I. CETP-activity is also modeled to allow the 

flow of cholesteryl ester from LDL to mature HDL. ApoA-I and cholesteryl ester in mature HDL leaves 

the system through SRB1 and holo-uptake at the liver. Lipid poor apoA-I leaves through clearance by the 

kidneys.  
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Figure 15 

ApoA-I concentrations in heterozygous and homozygous mutations in CETP as predicted by the model of 

Lu et al. [31]. Note how apoA-I concentrations hardly increase for the heterozygous case but do increase 

significantly in the homozygous case, as observed experimentally[36]. 

 

 

5. Whole body models of cholesterol metabolism 

Aiming to predict changes in lipoprotein-cholesterol levels during ageing in humans 

and the effect of dietary or pharmacological interventions, McAuley et al. [64] 

constructed a whole body mathematical model of cholesterol metabolism (Fig. 16) 

[64]. The model encompasses the intestine, liver, peripheral tissue and plasma as 

compartments, considers dietary intake of cholesterol and excretion through bile salts 

and includes metabolism of the lipoproteins VLDL, IDL, LDL and HDL. Values for 

dietary cholesterol intake of 304 mg/day and cholesterol synthesis of 10 mg/kg were 

obtained from Henderson et al. [65] and Dietschy et al. [66] respectively.  

The model assumes a sigmoidal response curve for cholesterol synthesis on 

intracellular free cholesterol concentrations. A sigmoidal response curve has the 

property to be sensitive over a relatively small range of inputs [67]. In this regard using 

a sigmoidal response curve to describe the feedback on cholesterol synthesis that has to 

be sensitive for a narrow range of free cholesterol levels makes sense. The model 

further assumes enzyme activities to be constant over a time span of years, which 
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seems implausible. Nonetheless, the model could be used as template to explore effects 

of changes in enzyme activities if such is hypothesized.  

Main findings by the authors were that both increased cholesterol absorption and 

increased dietary intake are predicted to result in higher LDL-cholesterol 

concentrations. Though the view of increased dietary cholesterol leading to higher 

LDL-cholesterol has persisted for some time, current consensus is that dietary 

cholesterol intake has negligible effects on LDL-cholesterol concentrations [68]. This 

discrepancy between the model predictions and experimental findings may be 

explained by the fact that cholesterol absorption is considered constant in the model, 

whereas this has been shown to adapt to changes in dietary intake of cholesterol in 

experimental studies. Another finding of the authors was that simulating decreased 

production of LDL-receptors with age by decreasing the number of LDL-receptors in 

the liver resulted in higher LDL-cholesterol in the model. Indeed, at least in male rats, 

it has been observed that localization of LDL-receptor to the plasma membrane in the 

liver is reduced with ageing, leading to higher LDL cholesterol levels [69]. The model 

was not able to reproduce the biphasic curve of LDL concentrations as observed in 

men during ageing in the Framingham study [70]. The authors do not comment on why 

this biphasic curve could not be reproduced.  

In reproducing the computational model of McAuley et al. [64] some inconsistencies 

were encountered between the description in the article and the supplemental file in 

parameter values given as well as use of differential equations. Whenever this occurred 

parameter values and equations presented in the supplemental file were assumed to be 

correct. For our functional test we simulated treatment with simvastatin by decreasing 

hepatic synthesis of cholesterol by 75%. We observed that for normal cholesterol 

synthesis, the model was not in steady state. Therefore we simulated with normal 

cholesterol synthesis for a period of 12 months before applying our functional test(Fig. 

17). Reducing hepatic cholesterol synthesis by 75% leads to a reduction in LDL-

cholesterol of 14% and 33% in six weeks and one year respectively. These numbers 

fall within the range we specified for our functional test. Furthermore, this perturbation 

leads to an increase in HDL-cholesterol of -2% whereas we specified a range of 5-15% 

for our functional test. Baseline HDL-cholesterol  in the model simulation was 

however higher than 50 mg/dl, whereupon further increase in HDL-cholesterol can no 

longer observed[40]. Finally, we note that the model overestimates the time necessary 

to achieve a new (lower) steady state in LDL cholesterol. Therefore,   the model does 

not pass the functional test. 
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Figure 16 

Model topology of McAuley et al. [64]. Cholesterol is produced in the liver and periphery and also enters 

the system through dietary intake. Cholesterol leaves the system as bile acids or cholesterol in the feces. 

Both liver and periphery contain pools of free cholesterol and cholesteryl ester, where free cholesterol is 

modeled to be the driver of processes such as VLDL-production or bile acid synthesis in the liver or 

cholesterol donation to HDL in the periphery. CETP is modeled to facilitate transport of cholesterol from 

HDL to both LDL and VLDL. Only LDL is allowed to deposit cholesterol at the periphery. 
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Figure 17 

LDL cholesterol levels (A) and HDL cholesterol levels (B) as simulated in the model of McAuley et al. 

with either no perturbation 'Control' or an abrupt decrease of hepatic de novo cholesterol synthesis of 75% 

at 12 months 'Statin', simulating the effect of simvastatin treatment. 

 

Van de Pas et al. (2010) modeled cholesterol metabolism in mice by first identifying 

the genes important for cholesterol homeostasis through evaluating data of knockout 

mice gathered from literature. Of 122 genes evaluated, 36 were considered of major 

impact on plasma cholesterol levels, of which 12 were directly related to a metabolic or 

transport process and thus incorporated into the model [71]. Compartments included in 

the model were plasma HDL and LDL, liver, intestine and periphery. In most 

compartments, a distinction was made between cholesterol and cholesteryl ester. Since 

it was not known on beforehand whether a zeroth or first order reaction would be best 

able to describe cholesterol flux from one compartment to another, a number of 

submodels were screened for their ability to correctly predict a shift in cholesterol 

concentration in 5 knockout mouse strains. The final model was constructed from an 

unweighted average of the models that could correctly predict this shift. Parameters 

were calculated by solving the steady state solutions, using steady state fluxes obtained 

from the literature [72]. This model was later adapted to describe cholesterol 

metabolism in man [73]. This required adding a reaction that accounted for the action 

of CETP, an enzyme that mice lack. Subsequently, parameters were adjusted to reflect 

cholesterol pools and fluxes measured in man. Finally, a feedback term of hepatic 

cholesterol on LDL-uptake was added in order to be able to describe the effect of 

treatment with a statin [74].  

The model makes a distinction between free cholesterol and cholesteryl ester in 

intestine and liver, which would suggest that this distinction is necessary in order to 

understand cholesterol dynamics. This assumption makes sense since free cholesterol 

and cholesteryl ester reside in different compartments, i.e. in the plasma membrane and 

lipid droplets respectively [58]. Moreover, changing the balance in free cholesterol and 
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cholesteryl ester through manipulating esterification or hydrolysis has marked changes 

on cholesterol homeostasis. Limiting cholesterol esterification in the liver through 

knockdown of sterol o-acyltransferase 2 has been shown to increase trans-intestinal 

cholesterol excretion [75]. Similarly, enhancing cholesterol hydrolysis in the liver 

through expressing human cholesteryl ester hydrolase in an LDLR-KO background has 

been shown to increase cholesterol excretion as bile salts [76]. Interestingly, in the 

model including feedback of intracellular cholesterol levels on the LDL cholesterol 

uptake, both free cholesterol and cholesteryl ester were included, implying that both 

free and esterified cholesterol assert control over LDL receptor expression. This 

assumption appears incorrect, since LDL receptor transcription is regulated by 

SREBP2, whose activity is only dependent on the free cholesterol concentration in the 

ER and not on the amount of cholesteryl esters in lipid droplets [77].  

Both mouse and human model were validated by the authors by evaluating the effect of 

a knockout in the model on plasma cholesterol levels. If the change predicted by the 

model was consistent with experimental findings in the respective knockout mice or 

homozygous deletions in humans, the model was considered valid [72,73]. The effect 

of LDL-receptor disruption was also evaluated and model simulations correctly 

predicted an increase in total plasma cholesterol. Similarly, in the human variant of 

their model, the effect of statins was simulated which correctly predicted a decrease in 

LDL-cholesterol levels [74].  

For both mouse and human model of cholesterol metabolism our functional test 

consists of simulating the effect of statins by decreasing the liver cholesterol 

production by 75%. For the mouse model we simulated the effect of lovastatin on 

apoE3L-mice, since other mouse strains do not react to statin treatment (see Strategy 

section). On applying this test on the mouse model we observe that while the 

cholesterol content in the liver decreases, decrease in plasma LDL-C is only 9%, with 

no change in HDL cholesterol levels (Fig. 19). Together, this corresponds to a 

reduction of 2% in total cholesterol. Experimentally, a reduction in total cholesterol of 

20% was observed with lovastatin treatment in apoE3L-mice which could be attributed 

to a decrease in both LDL and HDL cholesterol [47]. The lowering of total cholesterol 

lies outside the range we defined for our functional test (10%-50%), and thus the 

model does not pass the functional test. For the human model we simulated the effect 

of treatment with simvastatin. On applying the functional test to the human model, we 

observe a 27% decrease in LDL and an 14% increase in HDL cholesterol (Fig. 20), 

which does fall within the limits we defined for our functional test. Thus in contrast 

with the mouse model, the human model does pass our functional test. 
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Figure 18 

Model topology of van de Pas et al. [72,73]: Cholesterol is produced in the intestine liver and periphery. 

Cholesterol further enters the system through dietary intake. Cholesterol leaves the system through 

‘degradation’ by the liver representing bile acid synthesis and leaves through ‘degradation’ by the 

periphery as corticosteroid production and in the intestine through fecal excretion. Free cholesterol in the 

liver and intestine drives LDL-production. non-HDL-uptake is confined to liver and periphery. Cholesterol 

in the HDL-compartment can be derived from any compartment directly, except non-HDL. HDL-

cholesterol can only be taken up by the liver.  
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Figure 19  

Changes in cholesterol in liver (A) and plasma lipoproteins (B) as simulated for the mouse model of van 

de Pas et al. [72] for no perturbation and statin treatment respectively. Note the minor reduction in non-

HLDL-CE as opposed to no change in HDL-CE and HDL-FC. 

 

 

 

Figure 20 

Changes in cholesterol in liver (A) and plasma lipoproteins (B) as simulated for the human model of van 

de Pas et al. [73] for no perturbation and statin treatment respectively. Note that non-HDL-CE is reduced 

and in addition, HDL-CE is increased. 

 

Tiemann et al. (2013) modeled whole body cholesterol metabolism in the mouse 

during treatment with an LXR-agonist (Fig. 21). LXR-agonists have been shown to 

promote reverse cholesterol transport and have thus been considered in the treatment of 

atherosclerosis. The aim of Tiemann et al. (2013) was to better understand a severe 

side-effect of LXR-agonists, i.e. hepatic steatosis. Making use of a new modeling 

approach called Analysis of Dynamic Adaptations in Parameter Trajectories (ADAPT), 
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Tiemann et al. (2013) were able to estimate how the parameters in the model would 

have to change over time to best describe the experimental data. The strategy of 

ADAPT is to transform a longitudinal data set into a set of continuous cubic functions. 

Subsequently, the simulation time is divided into a number of smaller time steps in 

which parameters are held constant. Then, for each time step, parameters are re-

estimated so that at the end of each time step, the solution of the model is close to the 

values determined by the continuous functions, which serve as a proxy for the 

experimental data. In the parameter-optimization step, where the parameter set is 

optimized for the least-squares between the model solution and the cubic function, a 

penalty is placed on large deviations in parameter values as compared to the parameter 

values of the previous time step. In this way, parameter trajectories with parameters 

changing gradually over time are favored over parameter trajectories with highly 

fluctuating values, thus selecting for solutions that are biologically plausible. 

Moreover, by repeating the procedure for sets of continuous functions obtained by 

fitting to points sampled from within the distribution of the experimental data, the 

method takes experimental error into account [78].  

The model to which ADAPT was applied includes liver, plasma and periphery as 

compartments (Fig. 20). The liver was modeled to have four compartments containing 

triglycerides to make a distinction in both location (ER and cytosol) and function (FFA 

uptake and de novo lipogenesis). The plasma was modeled to contain lipoproteins with 

both triglyceride and cholesterol (VLDL) or only cholesterol (HDL). Triglyceride and 

cholesterol fluxes from VLDL included peripheral as well as hepatic re-uptake. 

Reverse cholesterol transport action was confined to HDL. FFA flux was modeled in a 

one-way fashion from periphery to liver.  

By modeling triglycerides in liver separated over four different compartments, it is 

implicitly assumed that such a distinction bears physiological relevance. At least in 

adipose tissue this has been suggested to be the case [79,80]. The authors predict that 

LXR-agonist treatment induces a reduction in VLDL-particle secretion and a reduction 

of the HDL cholesterol uptake capacity. In an independent experiment, it was observed 

that the protein content of SR-B1 in mouse liver was decreased upon treatment with 

LXR-agonist, in agreement with prediction of a reduction in HDL cholesterol uptake 

capacity [78]. 

The model of Tiemann et al. [78] includes hepatic cholesterol production and could 

thus be tested for the effect of statin treatment. For our functional test, we will simulate 

what ADAPT predicts when the cholesterol synthesis rate in the liver is decreased by 

75% (see Strategy section). Making use of the existing data set of mice on LXR-

agonist treatment, we used data reflecting the untreated case in C57Bl/6J-mice on 

chow diet. We then substituted values for LDL and total cholesterol by that from 

Vlijmen et al. [47] and hepatic cholesterol content from Wielinga et al. [81] so that it 
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would reflect apoE3L-mice (C57BL/6J -background) on a high-fat high-cholesterol 

diet. Subsequently the model was run with parameters estimated for the data set 

described above, however with a 75% decrease in hepatic cholesterol synthesis.  

When the model is simulated this way, it predicts that VLDL-C and total plasma 

cholesterol decrease with 45% and 28% respectively upon lovastatin treatment (Fig. 

22), which is within the limits defined in our functional test. However, ADAPT also 

predicts that HDL-C cholesterol remains unchanged, whereas a decrease of 20% was 

found experimentally [47]. Furthermore, ADAPT predicts that the lowering of LDL-

cholesterol occurs in a matter of hours, not weeks.  

We therefore conclude that ADAPT is not able to reproduce the effects of statin 

treatment in apoE3L-mice with the current model topology. One possible reason for 

this may be that the peripheral cholesterol pool is not taken into account. ADAPT has 

been shown to be capable of choosing the right model topology when provided with 

four toy models with the same states but different interactions and data from simulating 

one of these models [82]. It would be interesting to see what model topology ADAPT 

considers best given a longitudinal experimental data set derived fully from apoE3L-

mice on statins.  
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Figure 21 

Model topology of Tiemann et al. (2013). The model is hepatocentric. Hepatic cholesterol content drives 

VLDL-C production. Sources of cholesterol in the model are production in the liver (FC synt) and 

cholesterol delivery from periphery mediated by HDL. Cholesterol leaves the system through liver 

cholesterol degradation (FC cat) and peripheral VLDL-C clearance.  
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Figure 22 

Shown here is how plasma total cholesterol (TC), HDL cholesterol (HDL C) and VLDL cholesterol 

(VLDL C) are predicted to change when the hepatic cholesterol synthesis is fixed to 25% of the rate 

estimated from a dataset derived from apoE3-Leiden mice on a high-fat high-cholesterol diet, simulating 

the effect of treatment with lovastatin . Note how the model of Tiemann et al. (2013) predicts that 

specifically the VLDL cholesterol fraction will decrease whereas the HDL cholesterol fraction remains 

unchanged.  

 

 

 

6. Concluding remarks 

A general observation is that in contrast to models on glucose metabolism, models in 

lipid metabolism are relatively scarce [83]. Lipid metabolism could thus profit from 

more attention in the field of mathematical modeling. Though the prevailing view is 

that a model should be 'fit to purpose' [84], it would be helpful if models were designed 

to allow application to more conditions than just the one considered during its 

inception, so it could be reused in a different form within a modular system [29]. 

Unfortunately, models that were evaluated in the present study often could not be 

reproduced from information provided in the article and supplemental files. This was 

largely due to 'typos' in parameter names, parameter values and differential equations. 

In some cases, some of the rate equations or parameter values were missing. 
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Fortunately, most of these issues could be resolved by personal communication with 

the authors so that in the end all models could be reproduced. We conclude however 

that it is vital for the lifespan of computational models to have a complete error-free 

description of differential equations, parameter values and initial values in the article 

and that this should be accompanied by a script that can be run with commonly used 

software tools. 

We examined all models for assumptions made during the modeling process, both 

explicit and implicit. Assumptions are inherent to the modeling (and experimental) 

process and for nearly every model evaluated we could find some that we would regard 

as suboptimal. However, except for one case [55], never in such a way that we would 

regard the model as biologically invalid up front.  

To test the models we used a virtual treatment with a statin. This particular 

perturbation was chosen because the effects of statins have been intensively studied 

and therefore a comparison between model prediction and in vivo data is relatively 

straightforward. However, the effects of statins are not completely known. In 

particular, to the authors’ knowledge the actual degree of inhibition of hepatic 

cholesterol synthesis upon statin use either in mice or humans has never been measured 

and therefore we had to make use of an estimate. 

For each studied category, we found one model that passed our functional test. Of the 

models in the categories 'Endocytosis of Lipoproteins' the model of Bhattacharya et al. 

passed [52,53]. We note that this was the fourth iteration of a model by this group, 

showing the merit of iterative modeling. We conclude that an adequate description of 

cholesterol metabolism at the cellular level requires the modeling of transcription of 

LDLR and HMGCR and the feedback of intracellular cholesterol levels on both 

[49,52]. If other model topologies describing the feedback of intracellular cholesterol 

on HMGCR will have similar success remains to be demonstrated [54]. One of the 

difficulties in deciding on an adequate mathematical formulation for the cholesterol 

feedback system on theoretical grounds is that it is not known how the cell is able to 

sense whole cell cholesterol levels in the ER where only a small fraction of cellular 

cholesterol is located [85]. Recently it has been proposed that the ER communicates 

with a 'labile' cholesterol pool in the plasma membrane whereas the other cholesterol 

pools are inert [4]. It would be interesting to explore the implications on mathematical 

descriptions of the cholesterol feedback system. 

Of the models in the categories 'Lipoprotein Dynamics', the model Lu et al. passed our 

functional test [31]. This model is focused on HDL-remodeling and describes RCT on 

the whole body level, i.e. not making a distinction between liver and periphery 

concerning ABCA1-mediated lipidation of lipid-poor ApoA-I. It would be interesting 

to see if this model is still able to adequately describe plasma lipoprotein dynamics if 

this distinction was made. This would also allow for evaluation of the RCT in its more 
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common definition, namely as the cholesterol transport from periphery to liver. For the 

whole body cholesterol homeostasis models, the model of van de Pas et al. passed 

[73,74]. The relative simplicity is perhaps the most intriguing aspect of this model. 

Besides the CETP-reaction it consists solely of zero and first order differential 

equations. Notably, the model only uses a feedback-term of hepatic cholesterol on 

LDL-uptake and does not contain any regulation concerning cholesterol synthesis or 

dietary cholesterol absorption. The fact that it withstood our functional test suggests 

that these regulatory mechanisms, that undeniably exist, are not necessary to explain 

day to day cholesterol fluxes under normal conditions.  

The third model makes use of the ADAPT method which is able to estimate how 

parameters in a model must change given a longitudinal data set [86,87]. The topology 

of the model was tested by simulating a 75% decrease in hepatic cholesterol synthesis. 

We tested ADAPT on a data set reflecting untreated apoE3L-mice on a high-fat high-

cholesterol diet. Since this data set was not sufficient to fill the model , we 

supplemented it with data from untreated C57Bl/6J-mice on a chow-diet. In this way it 

was demonstrated that the current model topology is not able to reproduce the 

experimental observations. If a full data set of apoE3L-mice on a high-fat high-

cholesterol diet treated with statins was available, ADAPT should be able to 

distinguish what model topology would fit this situation best, in turn increasing our 

understanding of cholesterol metabolism [82].  

In conclusion, the purpose of computational modeling is to increase our understanding 

of the modeled process. A prerequisite of such a venture is that published models are 

able to reproduce experimental findings, which we tested by applying  a simple 

functional test. We show here that most published models of cholesterol homeostasis 

fail. It must be stressed that models failing our functional test are not necessarily 

'wrong' for their intended purpose, since these models may not have been created with 

our specific functional test in mind. On the other hand, if a model does pass a 

functional test, it shows that it may have some general applicability, which would 

argue in its favor for use in a modular system. Taken together, these results show that 

the field is still in its infancy and we look forward to see how models on cholesterol 

metabolism will develop and capture more experimental findings over time. In 

addition, we believe that the field would benefit from an increase in iterations during 

modeling efforts so that the final goal of understanding the true complexity of dynamic 

behavior and regulation of cholesterol metabolism can be achieved.  
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Abstract 

A hallmark of the metabolic syndrome is low HDL-cholesterol coupled with high 

plasma triglycerides (TG), but it is unclear what drives this close association. Plasma 

triglycerides and HDL cholesterol are thought to communicate through two distinct 

mechanisms. Firstly, excess surface lipids from VLDL released during lipolysis are 

transferred to HDL, thereby contributing to HDL directly but also indirectly through 

providing substrate for LCAT. Secondly, high plasma TG increases clearance of HDL 

through core-lipid exchange between VLDL and HDL via CETP and subsequent 

hydrolysis of the TG in HDL, resulting in smaller HDL and thus increased clearance 

rates.  

To test our understanding of how high plasma TG induces low HDL-cholesterol, 

making use of established knowledge, we developed a comprehensive agent-based 

model of lipoprotein metabolism which was validated using monogenic disorders of 

lipoprotein metabolism. 

By perturbing plasma TG in the model, we tested whether the current theoretical 

framework reproduces experimental findings. Interestingly, while increasing plasma 

TG through simulating decreased lipolysis of VLDL resulted in the expected decrease 

in HDL cholesterol, perturbing plasma TG through simulating increased VLDL 

production rates did not result in the expected HDL-TG relation at physiological lipid 

fluxes. However, model perturbations and experimental findings can be reconciled if 

we assume a pathway removing excess surface-lipid from VLDL that does not 

contribute to HDL cholesterol ester production through LCAT. In conclusion, our 

model simulations suggest that excess surface lipid from VLDL is cleared in part 

independently from HDL. 

 

Abbreviations 

PR (production rate), FCR (fractional catabolic rate),  ppd (pool per day), SRB1 

(scavenger receptor B1), EL (endothelial lipase), HL, (hepatic lipase), PLTP 

(phospholipid transfer protein), CETP (cholesteryl ester transfer protein), FC (free 

cholesterol), CE (cholesterol ester), PL (phospholipid), LpX (lipoprotein X). 

 

Introduction 

High plasma triglycerides (TG) and low HDL-cholesterol (HDL-C) are important risk 

factors for cardiovascular disease [1,2]. Which of these two strongly negatively 

correlated parameters confers cardiovascular disease risk is still a matter of controversy 

[3]. It has been suggested that lipolytic activity mediates the correlation between HDL-

C and plasma TG [4]. According to this hypothesis triacylglycerol lipolytic activity 

increases HDL-C as it allows apolipoproteins, phospholipids (PL) and free cholesterol 

(FC) to be transferred to the HDL-pool [5]. An alternative explanation holds that in 
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conditions with high plasma TG, cholesterol ester transfer protein (CETP) – mediated 

exchange of HDL – cholesterol ester (CE) with TG from TG-rich lipoproteins is 

enhanced, thereby decreasing HDL-C [6]. Which of these mechanisms is more 

important and under what conditions is unclear. The HDL-C and TG plasma 

concentrations measured are the end result of a multitude of interacting processes. A 

short introduction to metabolism of apoA-I and apoB-containing lipoproteins is given 

below. 

 

HDL metabolism 

The production of HDL not only depends on the production of its major protein, 

apolipoprotein (apo) A-I, but also on the activity of ATP binding cassette subfamily A 

member 1 (ABCA1), and lecithin-cholesterol acyltransferase (LCAT) [7]. Maturation 

of lipid-poor apoA-I to larger HDL is dependent on LCAT activity on the particle’s 

surface, resulting in the change of a discoidal 2 or 3 apoA-I molecules harboring disc 

with PL and FC, to a more spherical particle containing CE in its core [8]. These 

matured spherical HDL-particles are subject to fusion, a process catalyzed by 

phospholipid transfer protein (PLTP). This results in both larger particles containing 

typically 3 to 5 apoA-I molecules as well as shedding of superfluous apoA-I as lipid-

poor apoA-I [9]. ApoA-I shedded in this way can then be either recycled for formation 

of new spherical HDL, or be cleared by the kidneys [10]. Furthermore, HDL interacts 

with apoB-lipoproteins through CETP-mediated exchange of TG by CE [11]. TG in the 

core of HDL can then be hydrolyzed by both hepatic (HL) and endothelial lipase (EL) 

[12,13]. Depletion of the HDL-core will lead to further shedding of lipid-poor apoA-I, 

which, as stated already, can then either be cleared by the kidneys or be remodeled 

back into mature HDL [14]. The specific uptake of HDL-CE by the liver through 

scavenger receptor class B member 1 (SRB1) followed by excretion into the bile is 

considered to be an important mechanism for cholesterol export from the body. The 

existence of all these pathways has been demonstrated almost exclusively in in vitro 

systems. Whether they are important under in vivo conditions has seldom been shown 

and whether lipoprotein fluxes are in balance when these pathways exclusively 

describe lipoprotein metabolism has never been shown. 

 

Metabolism of triglyceride-rich lipoproteins 

TG-rich lipoproteins, which may be either very-low density lipoprotein (VLDL) 

produced by the liver or chylomicrons produced by the small intestine, have their 

triglycerides hydrolyzed by lipoprotein lipase (LPL) in peripheral tissues, becoming 

progressively smaller as this process continues. For VLDL, HL is considered to 

facilitate the removal of the remaining portion of TG at the end of this lipolytic cascade 

[15]. The resulting LDL is mainly taken up in the liver through the action of LDL-
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receptor (LDLR), thus the same tissue in which apo-B containing lipoproteins are 

originally produced. In addition to LDLR-mediated uptake, there is also some uptake 

through LDLR-related protein (LRP) and VLDL-receptor (VLDLR), that facilitate 

uptake of larger apoB-lipoproteins that have not completely gone through the lipolytic 

cascade[16]. 

 

Models of lipoprotein metabolism 

To get a grip on the complexity of lipoprotein metabolism, several mathematical 

models have been developed. For example, Wattis et al. explored the changes in  

VLDL and LDL-size in relation to uptake by the LDL-receptor [17]. Van de Pas et al. 

created a model that describes whole body cholesterol homeostasis for both man and 

mouse [18]. In contrast, Schalkwijk et al. focused on the lipolytic cascade of only 

apoB-lipoproteins [19]. More recently, Lu et al. reported a mathematical model 

focusing on the interaction between apoB and apoA-I carrying lipoproteins and 

included remodeling of HDL [20]. All these models made use of ordinary differential 

equations (ODE).  This type of models are well-suited to describe the kinetics of well-

mixed pools of well-defined metabolites. Lipoproteins, however, are not a well-defined 

set of metabolites, but rather heterogenic bundles containing multiple protein and lipid 

species that continuously change in composition and size. In ODE-models this issue is 

usually circumvented by defining a broad range of lipoprotein classes, where each 

class represents a homogeneous pool with a pre-defined composition, so that for all 

practical purposes the lipoproteins can then be treated as if they were metabolites in a 

metabolic pathway. Such a strategy, however, limits the possibilities of studying the 

lipid exchange between actual lipoproteins. Interestingly, Hübner et al. explored the 

use of stochastic equations and the Gillespie algorithm to model how lipid-exchange 

between individual lipoprotein complexes may alter the lipoprotein profile, and may be 

regarded as a first effort in applying agent-based concepts on models of lipoprotein 

metabolism [21]. Such an agent-based approach does not require pre-defining of lipid 

compositions for a specific lipoprotein class, but allows for creating a large number of 

‘lipoprotein agents’ that can each have a different composition and interact with one 

another independent of the other agents. By giving the agents interaction rules based on 

current biological insights, new insights may be gained by observing how these rules 

affect the system as a whole [22].  

 

The aim of this study is to test existing hypotheses that explain the inverse correlation 

between TG and HDL-C. To this end, we created an agent-based model and validated 

the model with findings from patients with monogenetic disorders in lipoprotein 

metabolism. The validated model was subsequently used to test existing hypotheses 

concerning the association between plasma TG and HDL-C. It was first of all found 
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that the presence of CETP-activity alone is not sufficient to explain this relationship. 

Furthermore, we found that we had to drop the assumption that all surface lipids 

released during lipolysis of triglyceride-rich lipoproteins are contributing to HDL-CE 

in order to explain results obtained through lipoprotein kinetic experiments, showing 

that increased VLDL-production rate (PR) is associated with increased apoA-I 

fractional catabolic rate (FCR). We discuss how these findings fit in the established but 

largely theoretical framework of lipoprotein metabolism and conclude that a pathway 

must exist that clears surface lipids from VLDL in a manner that is independent of 

HDL. 

 

Methods 

In the constructed agent-based model , lipoproteins are represented as patches on a 

grid, where properties of those patches can be changed independently of one another. 

In this way, one-on-one interactions between heterogenic particles become possible 

and thus accessible for study. The model contains all the elements considered important 

for lipoprotein metabolism (Fig 1). A full description may be found in the appendix 

(Suppl. File S1), and the code of the model may be examined by opening the model in 

NETLOGO [22] and clicking on the ‘code’-tab (Suppl. File S2). We briefly discuss the 

main points here. 

 

Lipoproteins represented by patches on a grid 

In the NETLOGO programming language any actions in the model simulation take 

place on a grid with a pre-defined size. This grid consists of squares that can be 

accessed through their respective x-y coordinates and are referred to as patches. 

Patches as a class can have different attributes, and every patch is an instance of this 

class. The model assigns properties to patches (such as number of CE, or TG 

molecules) so that they may be treated as virtual lipoproteins. Because modeling 

individual lipoproteins is computationally infeasible, each patch (in silico) represents a 

bundle of lipoproteins with the same properties in vivo. Within the model, these 

patches are sorted for lipoprotein size along the x-axis, so that something akin to a 

lipoprotein profile is obtained, and a visual representation of what is happening in the 

model is obtained in ‘real-time’. It must be noted that during simulation not all patches 

represent lipoprotein bundles, and in fact many are ‘empty’. Furthermore, since patches 

themselves are defined by their x-y coordinates, they do not actually move over the 

grid during simulation, rather their properties are copied to an empty patch should the 

model logic dictate the simulation to do so. Finally, for these patches to interact with 

one another they do not necessarily have to be adjacent, and interaction between 

patches is fully controlled by the various algorithms and the stochastic processes 

within. 
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V(LDL) production, composition and size 

The model includes production of apoB-lipoproteins in the form of VLDL, IDL, and 

LDL.  The production rate of these is based on findings in tracer-kinetic studies [23]. 

For calculation of the composition of the lipoproteins spherical shapes were assumed 

and a CE content of nascent VLDL half that of what is measured in LDL [24,25]. 

Every VLDL contains FC and PL as surface lipids and TG and CE as core lipids, so 

that at hepatic secretion VLDL has a size of 54 nm. Within the model, the rate of 

VLDL secretion (VLDL-PR) and the VLDL size can be changed independently by 

modulating the rate at which apoB patches are produced and by changing the TG 

content of VLDL respectively. The clearance of apoB-lipoproteins is mediated in part 

through the VLDLR-LRP – parameter, and was modeled to clear lipoproteins with a 

size greater than 32 nm in diameter. The major pathway of apoB clearance however is 

through the LDLR pathway, which was modeled so that it has a Gaussian distribution 

of affinity with relation to size, with optimal absorption of apoB lipoproteins with a 

size of 21.5 nm.  

 

Hydrolysis of triglycerides and phospholipids 

TG is hydrolyzed from the core of the apoB-carrying lipoproteins by LPL, upon which 

they will shed excess surface lipids. The activity of LPL in the model depends on the 

number of apoB lipoproteins associated with the enzyme; the chance to associate with 

LPL is proportional to the surface area, and the chance to dissociate from LPL 

increases once the particle obtains a size in the range of IDL (25 nm). HL-activity also 

depends on the number of lipoproteins associated with HL but the chance of 

association with HL was modeled to be normally distributed around the size of 32 nm. 

The chance that HL dissociates from the lipoprotein increases upon reaching LDL-size 

(21.5 nm). During the lipolytic cascade, excess surface is funneled into an intermediate 

PL-pool from where the PL is redistributed to HDL, i.e. apoA-I carrying lipoproteins. 

Based on the literature, it is assumed that approximately 65% of the excess surface 

lipid from VLDL is available to HDL, which is a conservative estimate [26,27]. 

 

Production, remodeling and clearance of HDL 

ApoA-I enters the system as lipid-poor apoA-I, which interacts with ABCA1 to form 

nascent HDL-particles that carry 2 to 3 apoA-I molecules and in the order of 180 

phospholipid molecules as well as 130 free cholesterol molecules, and virtually no core 

lipids [28]. These nascent HDL particles can then be converted to more spherical and 

larger HDL by action of LCAT, which transfers a fatty acid chain from PL to FC on the 

surface to form CE. Activity of LCAT is constrained by the amount of surface lipid 

because the model does not allow for less surface lipid than would be required to fully 
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envelop the volume of core lipids. Clearance of core lipids occurs through activity of 

SRB1, reducing the size, and producing a chance to shed some lipid-poor apoA-I. The 

clearance of apoA-I on the other hand, occurs through the filtering of lipid-poor apoA-I 

and HDL through the glomerular basement membrane in the kidneys, which was 

modeled as a function of glomerular filtration rate and size of the lipoprotein, so that 

lipid-poor apoA-I is very likely to be filtrated, whereas large HDL is very unlikely to 

be filtrated [29]. Once filtrated, the cubulin-megalin parameter controls the chance of 

the filtrated apoA-I to be reabsorbed and recycled, thus negating the clearance and 

reintroducing the filtered HDL as an equivalent number of apoA-I [10]. Other than by 

SRB1 and LCAT, HDL in the model is further subject to remodeling by HL and EL, 

which remove mainly TG and PL from the particle respectively. Moreover, there is 

activity of PLTP, which facilitates the fusion of two HDLs, creating a larger HDL with 

more surface, that can then also shed some of its superfluous lipid-poor apoA-I. The 

shedding of lipid-poor apoA-I given a certain core volume, and the amount of 

phospholipid HDL may carry (given a number of apoA-I), was based on a 

mathematical model developed by Shen, Mazer and colleagues and colloquially 

referred to as ‘’Shen’s model’’ [20,30].  

 

CETP 

Finally, lipoproteins are remodeled through activity of CETP, that facilitates the 

exchange of TG and CE between all classes of lipoproteins. Algorithms considered for 

our model focused on the chemical potential as driving force (Alg1) [31], and a more 

phenomenological algorithm where TG and CE transfer were uncoupled and a net 

transfer of CE from HDL to V(LDL), and a net transfer of TG from V(LDL) to HDL 

was assumed (Alg2) [32]. The algorithm (Alg3) used in the final model amalgamated 

these two ideas by using both chemical potential and hydrostatic pressure as the 

driving force between exchange of core lipids between lipoproteins [33].  

 

Stochasticity, iterations and run-time  

Since the model contains stochastic elements, every simulation run is repeated with 

five different seeds for the random number generator. Unless stated otherwise, only the 

parameter under study is varied and for other parameters the default values are used.  

 

Results and Discussion 

 

Default parameters in the model results in states and fluxes within the physiological 

range 

Using the default parameters for the model and allowing the system to reach steady 

state by simulating a time course of three weeks, allowed for evaluating whether the 
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parameters lead to states and fluxes that are within a range that would be expected 

under physiological conditions. Simulating a trajectory of three weeks led to a pseudo-

steady state under all the tested conditions (Fig. 2). Parameters were varied manually to 

find an appropriate set of default parameters. At default parameters, we find steady 

state values for both states and fluxes that are in reasonable agreement to values 

measured in vivo (Table 1).  

 

 

Table 1. Steady state values at default parameters in the model and concomitant 

reference values. 

READOUT MEAN SD REFERENCE SOURCE 

APOB 96 mg/dL  5 60 – 133 mg/dL [34] 

APOA-I 122 mg/dL 2 94 - 199 mg/dL [34] 

APOB PR 56 mg/h 3 64 mg/h [23,35,36] 

APOA-I PR 29 mg/h 2 29 (5) mg/h [37] 

LCAT-ACTIVITY 177 µmol/h 4 199 (69) µmol/h [38] 

CETP-FLUX (NET) 99 µmol/h 7 150 (37) µmol/h  [39] 

APOA-I FCR 0.20 ppd 0.01 0.22 (0.04) ppd [37] 

TG FCR 14 ppd 0.6 12 (6) ppd [36] 

LDLR FCR 0.57 ppd 0.03 0.46 (0.12) ppd [23] 

TG 0.8 mM 0.03 1.6 (1.2) mM [34] 

LDL-C 4.3 mM 0.24 2.1 – 5.0 mM [34] 

HDL-C 1.4 mM 0.05 1.2 (0.3) mM [34] 

 

Model validation with patient data 

To validate the model, we tested the effect of heterozygosity or 

homozygosity/compound heterozygosity for loss of function mutations in major lipid 

genes (LCAT, ABCA1, APOA1, SCARB1, CETP, LDLR) by setting the respective 

parameter at  50% or 0%, respectively. When varying one of these parameters, all other 

parameters were kept at their default value. The model simulations were in the majority 

of cases close to findings in affected individuals (Table 2 and Fig. 3), demonstrating 

that the model allows for studying lipoprotein metabolism over a wide range of 

conditions.  
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Simulations of the homozygous LCAT loss-of-function mutations matches up with in 

vivo findings in patients, but model simulations for the heterozygous case 

underestimate apoA-I and HDL-C compared with human data [40–42]. Simulations for 

both apoA-I and ABCA1-deficiency, the other two essential elements in HDL-

production, show full agreement for both homozygous and heterozygous cases [43,44]. 

On the clearance side of HDL, we find that simulations for SRB1-mutation show 

agreement with HDL-C and apoA-I for the heterozygous cases. The single  

homozygous patient has been described [45] to date makes it difficult to validate our 

predictions.  ApoA-I values for SRB1 simulations appear to be higher overall in 

patients compared to simulations, however, we note that apoA-I measurements in the 

study on the loss-of-function SRB1-mutation were consistently higher than in other 

studies, since controls showed apoA-I values of approximately 170 mg/dL compared to 

140 mg/dL in others (Table 2). Simulating CETP-deficiency leads to  HDL-C and 

apoA-I levels in line with human data [46], and a decrease in LDL-C reminiscent of the 

effect of CETP-inhibitors [50]. Finally, the simulations for LDLR are well in line for 

the heterozygous cases, but LDL-C is overestimated in our simulations for 

homozygous cases [47–49]. Apparently some adaptive processes take place in vivo that 

are not fully accounted for in our model. 

 

Sensitivity analysis 

Exploring the sensitivity of TG, and HDL-C for the various parameters, we varied the 

parameters between 0 and 10 times the default value. As may be expected, we then 

find that TG is mostly sensitive to VLDL-PR, VLDL-size, LPL, and to a lesser extent 

also for LDLR, CETP and HL (Fig. S2), while HDL-C is mostly sensitive to apoA-I 

production, LCAT, ABCA1, ABCA1x, SRB1, CETP, EL, cubulin-megalin, and the 

glomerular filtration rate (Fig. S3). Because HDL-C and TG in the model communicate 

through CETP and PL-transfer, we also observed parameters that mainly control TG, 

like VLDL-PR and LPL, to have an effect on HDL-C, and vice versa, parameters 

important for HDL-C, such as LCAT and SRB1, to affect steady state plasma TG 

values. 

 

The HDL – TG correlation 

 

Testing the inverse correlation between HDL-C and TG 

Having established that the model is capable of reproducing findings in patients with 

mutations in six genes involved in lipoprotein metabolism, we used it to study the 

relation between HDL-C and plasma TG. The relation between these parameters has 

been thoroughly studied in metabolic syndrome patients that were administered stable 

isotope-enriched leucine and glycerol to trace kinetics of apolipoproteins and TG. 
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These studies found strong correlations between increased plasma TG and increased 

VLDL-PR and relatively weak correlations with decreased clearance of VLDL [51,52]. 

It has furthermore been reported that production of large VLDL, specifically VLDL1, 

is increased in patients with metabolic syndrome [51]. Moreover, increased VLDL-PR 

is said to decrease HDL-C through increasing apoA-I FCR [51–53]. Finally, it is well-

established that a decrease in LPL-activity also leads to an increase in plasma TG and a 

concomitant decrease in HDL-C [54–56]. 

Based on these tracer-kinetic studies, we expect that modulating plasma TG through 

decreasing LPL-activity will lead to a negative correlation between plasma TG and 

HDL-C in our model. We furthermore expect that increasing VLDL-PR or VLDL-size, 

will lead to higher plasma TG, and lower HDL-C. Now, by testing the model against 

these expectations, we can learn whether our model, and therefore our understanding of 

the lipoprotein metabolism, is sufficient to explain the correlation between HDL-C and 

TG. To test this, we changed plasma TG by varying LPL-activity, VLDL-PR or  

VLDL size and studied the resulting relationships between plasma TG and HDL-C. 

Following expectations, decreasing LPL-activity led to a negative correlation between 

TG and HDL-C (Fig. 4A). In contrast, when VLDL-PR and VLDL-size are increased 

in physiological ranges, we unexpectedly observed a positive relation between plasma 

TG and HDL-C (Fig. 4B, Fig. 4C). Thus the model results oppose the idea that 

increased VLDL-PR causes lower HDL-C. 

To study this discrepancy, we studied the effect of VLDL-PR and VLDL-size on the 

apoA-I FCR in our model. We then found that VLDL-PR correlated positively with 

apoA-I FCR between [0 – 1] of normal VLDL-PR, while correlating negatively 

between [1 – 10] times of  normal VLDL-PR (Fig. 5; panel A). Of note, this includes 

the VLDL-PR range observed in tracer-kinetic study in obese patients [0.75  - 3.0] [51–

53]. Similarly, when modulating the size of VLDL through increasing the TG-content 

of VLDL produced, the correlation between VLDL-size (i.e. TG content) and  apoA-I 

FCR turns from positive to negative beyond normal-sized VLDL (Fig. 5; panel B). 

We hypothesized that at higher ranges of VLDL-PR, the model reacts with a greater 

increase in LCAT-activity in response to increased PL-flux from VLDL to HDL 

compared to the increase in the CETP-mediated CE-flux from HDL to VLDL, leading 

to positive associations between HDL and TG. Conversely, we hypothesized that CE-

flux from HDL to VLDL increases faster than the increase in LCAT-activity through 

additional supply of PL in the low range of VLDL-PR. To address these ideas, we 

inspected the PL-transfer and CE-flux over the studied parameter range and observed 

that, consistent with this hypothesis, while CE-flux flattens at higher rates of VLDL-

PR, the increase in LCAT-activity in response to increased PL-flux remains strong in 

this range (Fig. 6A, 6B).  
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The conclusion of this part of our study is that for VLDL-PR, not the CE-flux, but the 

PL-flux becomes dominating in determining the TG-HDL relationship. 

 

Positive HDL-TG correlation with increased VLDL-PR is insensitive to CETP 

As indicated, the modeling result that increased VLDL-PR and VLDL-TG content do 

not lead to decreased plasma HDL-C is not in agreement with findings from tracer-

kinetic studies [23,51,57]. Given this discrepancy, we re-evaluated how CETP-function 

was modeled, which after all, is one of the central players in the connection between 

HDL and TG metabolism. We first explored a wide range of Vmaxes for the CETP-

algorithm. We then found that for all parameter combinations the positive association 

between HDL-C and plasma TG remained (Suppl. Fig. S3). Next, we considered 

whether we may have chosen a wrong algorithm for CETP. We compared the results of 

the current algorithm used, against results with two other algorithms we had considered 

for CETP in previous iterations of the model. We found that for both other CETP-

algorithms, there was a negative association between apoB production and the apoA-I 

FCR, resulting in a positive association between HDL-C and plasma TG (Fig. 7). 

Taken together, none of the CETP-algorithms tested was able to negate the positive 

relation between TG and HDL-C at increasing VLDL-PR. This exercise therefore 

suggests that this modeling result is relatively insensitive to the CETP-algorithm used. 

 

 

Addressing discrepancy with tracer-kinetic models and parameter ranges 

Inspection of the modeling outcome suggested that our results could possibly be fitted 

with the findings in tracer-kinetic studies when the amount of PL available to apoA-I 

(or the HDL pool) would be less at any given rate of apoB-production. To test whether 

decreased availability of PL would indeed reverse the identified positive relation 

between TG and HDL-C, we repeated simulations with 10% and 30% instead of 65% 

of PL transfer from the excess surface of apoB-lipoproteins to HDL. Interestingly, this 

led to positive correlations between both VLDL size or VLDL-PR with the apoA-I 

FCR for a greater range of parameter values. Conversely, when the phospholipid 

transfer is increased to 90% (black line), this range is markedly reduced or even 

minimized (Fig. 8A, Fig. 8B). More importantly, decreasing the PL-transfer negates 

the positive correlation between plasma TG and HDL-C when VLDL-size is varied 

(Fig. 8C). Moreover, the correlation between plasma TG and HDL-C induced through 

modulation of VLDL-PR then turns from positive to negative (Fig. 8D). Finally, 

repeating the simulations for loss-of-function mutations in major lipid genes (LCAT, 

ABCA1, APOA1, SCARB1, CETP, LDLR) with a PL transfer of 10% instead of 65%, 

yield results that compare equally well with patient data (Fig. S4). Taken together, 
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these findings suggest that the majority of excess surface lipids from VLDL may not be 

cleared through HDL. 

 

 

Is there an HDL independent pathway for the clearance of excess surface lipid from 

VLDL? 

Our findings thus suggest that a majority of surface lipids from VLDL shed through 

lipolysis may not be cleared through HDL. This raises the question through what route 

the majority of the excess surface lipids, if not through HDL, should then take. To our 

knowledge, research on alternative pathways for PL transfer from VLDL or 

chylomicrons to other particles than HDL has not been published. It is in this regard 

interesting to consider what happens with the excess surface lipids in familial HDL 

deficiencies, where ‘clearance of PL’ through HDL is not possible: 

Specifically, complete loss of LCAT activity (familial LCAT deficiency; FLD) causes 

the accumulation of PL in plasma in the form of lipoprotein X (LpX) that is assumed to 

originate from the pinching off of surface lipids from VLDL [58]. LpX are lamellar 

aggregates consisting of mainly PL, FC and some albumin [59]. Remarkably, patients 

suffering from partial LCAT deficiency (fish-eye disease; FED) also suffer from HDL 

deficiency but they do not present with LpX [59,60]. Likewise, patients with a 

complete loss of ABCA1 activity (Tangier Disease) or apoA-I deficiency, again both 

characterized by HDL deficiency, do not present with LpX either [61–63]. The fact 

that LpX is present in only FLD while absent in three other cases of HDL-deficiency, 

leaves room for the idea the substrates that accumulate into LpX, are unlikely to be 

cleared through HDL, but may be cleared through an alternative pathway.   

Interestingly, LpX are also observed in patients with cholestasis, where bile 

(containing PL and FC) may enter the plasma compartment [64]. So far, however, it is 

unclear what causes the accumulation of LpX in either FLD or cholestasis. 

It is tempting to speculate that macrophages may play an important role in the 

clearance of these excess surface lipids, and that the fact that LpX is not observed in 

Tangiers disease results from enhanced uptake of LpX in this specific condition. There 

are indications, however, that macrophage lipid accumulation in Tangier disease rather 

relates to the inability to metabolize certain lipid species, due to the absence of ABCA1 

affecting lysosomal function [65].  

Activity of HL and EL on apoB-proteins is not likely to be the major pathway either, 

since activities of these enzymes are normal in FLD, yet do not prevent the formation 

of LpX. It is in this regard more likely that beta-LCAT activity, i.e. residual activity of 

LCAT on only LDL as described for FED, is sufficient to prevent the formation of 

LpX [66]. Together, these observations argue for a system in which LCAT-activity is 
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necessary for the removal of surface lipids from VLDL that cannot be accounted for by 

a flux through HDL.  

 

Concluding remarks 

Making use of established knowledge of human lipoprotein metabolism, including 

tracer-kinetic data on HDL and VLDL-metabolism, we have constructed an agent-

based model that can adequately simulate plasma lipid and lipoprotein measurements 

in heterozygotes and homozygotes of loss-of-function mutations in LCAT, ABCA1, 

APOA1, SRB1, CETP and LDLR. The model was built to specifically study the 

etiology of the inverse relation between plasma TG levels and HDL-C. This intriguing 

relationship is generally seen in observational as well as intervention studies (CETPi, 

Niacin, LPL gene therapy) of lipoprotein metabolism and cardiovascular disease [67–

70]. Remarkably, however, the mechanism underlying this relationship is unclear. 

The general contention is that the majority of excess VLDL surface lipids during TG 

hydrolysis are transferred to HDL. Our simulations, however, show that even a 

conservative estimate of a 65% transfer of excess surface lipids to HDL would actually 

increase HDL-C concentration at physiological ranges of increased plasma TG. In fact, 

to simulate a negative association between HDL-C and plasma TG, PL-transfer had to 

be limited from 65% to 10% to 30%. This result point at an alternative pathway that is 

responsible for the bulk of excess PL removal.  

In this regard, it is interesting that the generation of LpX, causing renal failure and 

early death in patients with FLD, is assumed to be the result of impaired clearance of 

excess PL. The question is, why do these lipid agglomerates not occur in other familial 

HDL-C deficiencies such as apoA-I deficiency, Tangier disease or FED (partial LCAT 

deficiency)? This interesting question has to our knowledge hardly received attention.  

Our study shows that agent based modeling is a useful tool to unravel the complex 

interplay between lipoproteins in human plasma. Furthermore, our findings suggest 

that an alternative HDL-independent pathway for the disposal of PL following TG 

hydrolysis of VLDL may be of clinical and pharmaceutical relevance.  
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Figures 

 

 

Fig 1. Overview of the model structure. 

ApoB-carrying lipoproteins enter the model as VLDL, and after lipolysis by LPL and HL, are taken up by 

LDLR. During lipolysis, these lipoproteins become smaller and shed phospholipid. This phospholipid is 

redistributed to the HDL-compartment, where it can function as a substrate for LCAT to form cholesterol 

ester and create larger HDL, which is cleared more slowly than small HDL due to the size-selectivity of 

the glomerular basement membrane (GBM) in the kidney. Not all phospholipids end up in HDL, however, 

and our agent-based model indicates that a significant portion is cleared through another route. 

Throughout, all lipoproteins are subject to remodeling by core lipid exchange through CETP, and HDL is 

remodeled through removal of PL and TG by EL and HL, and removal of core-lipids by SRB1. Such 

remodeling can lead to shedding of lipid-poor apoA-I that can be either be used for production of HDL, or 

be cleared by the GBM. The model components LCAT (blue), ABCA1 (orange), apoA-I (yellow), SRB1 

(purple), CETP (green) and LDLR (light-blue) were used for validation. 
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Fig 2. Simulation of a three weeks’ time course.  

Simulation of a three weeks’ time course for different parameter values for VLDL size and activity of 

LPL, where VLDL size = 1 and LPL = 1 are default parameter settings. HDL-C is shown for 5 runs for 

each condition, whereas for plasma TG only the average of 5 runs is shown because the higher variability 

would make it the figure illegible. Note that plasma TG reaches steady state almost instantaneous whereas 

HDL-C, in agreement with a turnover time of approximately 5 days, takes much longer. 
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Fig 3. Simulating for loss-of-function mutations in genes important for lipoprotein 

metabolism. 

Effect of varying LCAT, ABCA1, apoA-I, SRB1, CETP and LDLR-activity. Activity of 100% reflects 

controls, 50% of heterozygotes for loss of function mutations, and 0% for patients with complete 

deficiencies (homozygosity or compound heterozygosity for loss of function mutations) in the respective 

protein. The error bars reflect actual findings in controls, heterozygotes and homozygotes for the defects in 

the respective genes. Colored circles and lines reflect individual model simulations and means of those 

simulations, respectively. Note how all model simulations are within reasonable range of the actual 

findings in humans. No error bar is depicted for SRB1-deficiency because only one patient has so far been 

reported. 
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Fig 4. Effect of perturbing plasma TG on relation between TG and HDL-C. 

The relation between HDL-C and plasma TG upon perturbing the system by varying LPL-activity, VLDL-

PR and VLDL size respectively. Clearly, decreasing LPL leads to a negative correlation while increasing 

VLDL-PR and VLDL size leads to a positive correlation for the larger part of the parameter range. 
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Fig 5. Effect of perturbing plasma TG on lipid fluxes between VLDL and HDL. 

Effect of perturbing plasma TG through modulating VLDL-PR (A) and VLDL size (B) on apoA-I FCR 

respectively, PL-transfer rate, and CE-flux, respectively. Note how there is a maximum in apoA-I FCR for 

both VLDL-PR and VLDL-size. 
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Fig 6. Effect of PL-transfer from VLDL to HDL on LCAT-activity and CE-

exchange. 

The relation between PL-transfer and CE-A-production, i.e. LCAT-activity (A), and between PL-transfer 

and CE-flux (CETP-mediated) from HDL to VLDL (B) when perturbing  LPL-activity, VLDL-PR and 

VLDL size respectively. Note how there is a tight association between the phospholipid flux and LCAT-

activity, and that at higher VLDL-PRs, PL-flux still increases while CE-flux does not. 
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Fig 7. Effect of alternative CETP-algorithms on relation between plasma TG and 

HDL-C. 

The relation between plasma TG and HDL-C, and the effect on the apoA-I FCR, when varying the size of 

VLDL produced and VLDL PR for two alternative algorithms for CETP (Alg1, and Alg2). VLDL size = 

1, and VLDL-PR = 1, reflects production of normal (default) size VLDL and a normal VLDL-PR 

respectively. Note how the use of the two alternative algorithms for CETP, as the CETP-algorithm chosen 

for our model also leads to a positive correlation between HDL-C and plasma TG, and a decreasing apoA-

I FCR when increasing VLDL production or size. Thus, the CETP-algorithm used has no effect on this 

modeling result. 
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Fig 8. Effect of changing percentage of VLDL excess surface lipids transferred to 

HDL. 

The effect of changing VLDL size and VLDL-PR on both the apoA-I FCR (A, B), and the TG-HDL-C 

relationship (C, D) when assuming 90%, 65%, 30% and 10% availability of PL to HDL respectively. Note 

how decreasing, or increasing the PL-flux to HDL shifts the relation between VLDL-PR and apoA-I FCR, 

as well as the relation between VLDL size and apoA-I FCR to the right and left respectively. Similarly, the 

positive correlation between plasma TG and HDL-C turns neutral for increasing VLDL size and turns 

negative for increasing VLDL-PR. 
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Suppl. File S1 – Model Description 

 

On Turtles And Patches and the Netlogo World 

Netlogo is a programming language that facilitates agent-based modeling. In agent-

based modeling individual agents interact with each other through a set of rules. Each 

individual agent has a set of properties that it shares with other agents, however the 

values of those properties for an individual are handled on an individual basis. For 

example, agents may represent humans and have the properties height and weight, 

where one agent may have a height of 2.0 meters and a weight of 100 kg, while another 

agent has a height of 1.7 meters and a weight of 70 kg. Netlogo further makes a 

distinction between agents that move, which are called turtles in the Netlogo language, 

and agents that are stationary, which are called patches. The world the agents 'live in' is 

a rectangular grid of pre-defined size. This grid subdivides the world in a number of 

patches, which are distinguished according to their x- and y-coordinates in the world. 

Turtles then, are agents that can move in the world according to the rules provided by 

the model, and may interact with each other or with the patches they tread on. 

  

On How Patches Are Used In the Model 

In this model we only deal with patches, thus with stationary agents. Every patch in the 

model represents a number of lipoproteins with a specific set of values for their 

properties. The rules within the model dictate that these patches, which represent a 

bundle of lipoproteins with the same properties, are sorted within the world according 

to their size, so that when running the model the world is reminiscent of a lipoprotein 

profile. The idea is that this will facilitate immediate visual feedback for the user when 

adjusting a parameter in the model. So while patches are in principal stationary, the 

rules used within the model copy properties from one patch to another according to its 

changed properties, so that the bundles of lipoproteins that they represent move within 

the world according to changes in size. 

 

Purpose 

The purpose of the model is to better understand why HDL-C and plasma TG are 

correlated. 

 

Entities, state variables, and scales 

For this model we have two main entities, namely apoA-I and apoB patches, 

representing apoA-I and apoB100-carrying lipoproteins respectively. All patches have 

the following properties: apo,apoAnum, pcolor, CE, TG, FC, PL, sphericity, 

arrangedness, pxcor, and pycor. 
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apo  - ‘A’ or ‘B’   to denote apoA-I and apoB carrying 

lipoproteins 

apoAnum  - 0 – 5   to denote the number of apoA-I on a 

lipoprotein  

pcolor   - y,w  to distinguish apoA-I (yellow) and apoB 

(white) patches 

CE  - R  the number of CE molecules in a lipoprotein 

TG   - R  the number of TG molecules in a lipoprotein 

FC  - R  the number of FC molecules in a lipoprotein 

PL  -  R  the number of PL molecules in a lipoprotein 

Sphericity - [0-1]  to denote how spherical the lipoprotein is 

Arrangedness - Arr. / Unarr. to denote whether the patch may be safely 

moved 

Pxcor  - [-60 60]  the x-coordinate of the patch 

Pycor  - [-55 60]  the y-coordinate of the patch 

 

In order to have all the lipoproteins present in humans on the grid, apoA and apoB 

patches each represent a bundle of lipoproteins with the properties determined by their 

corresponding values. For apoA this scaling value is named ‘A-per-patch’, while for 

apoB-patches this is ‘B-per-patch’. Since the scaling for apoA and apoB patches is 

different, this has to be accounted for when any lipid transfer takes place from one type 

of patch to the other. 

 

Within the model, every discrete time-step, or tick, represents 1 minute in real time. 

Model simulations are run for 30240 ticks representing 3 weeks in real time, unless 

stated otherwise. While, all of the processes below are in part explained with pseudo-

code, it is also possible to read the actual code by opening the Netlogo model and 

examining the ‘code’ tab or by simply opening the model in a text editor. The ZIP-

folder containing the simulation files includes a readme file that explains how the code 

is organized. This ZIP-folder also contains Matlab files, that were used to run 

simulations in headless-mode (without graphical user interface) and to analyze the 

simulation results.   

 

Process overview and scheduling 

Every time step , the following processes are executed in sequence, comments are 

denoted with %: 
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while [go] 

 % apoB production and clearance 

 apoB-production 

 apoB-clearance 

 

 % HDL-produciton and remodeling 

 apoA-I-production 

 make-nascent-HDL 

 LCAT-activity 

 SRB1-activity 

 

 % lipolysis of apoB and remodeling of apoA 

 LPL-HL-activity    % on apoB 

 EL-activity   % on apoA 

 HL-activity   % on apoA 

 PLTP-activity      % on apoA 

 

 % exchange of core and surface lipids between apoB and 

apoA patches 

 CETP-activity 

 surface-lipid-transfer 

 

 % Chance of shedding superfluous apoA-I and clearance of 

apoA-I  

 shedding-of-apoA-I 

 apoA-I-clearance 

end 

 

 

2. Rationale behind model implementation 

 

2.1 ApoB production 

 

ApoB100-containing lipoproteins are generally considered to enter the plasma 

compartment in the form of triglyceride-rich VLDL, only turning into cholesterol-rich 

particles such as LDL after subsequent lipolysis. Values found for direct production 

rates in tracer-kinetic studies are considered to reflect a fraction of VLDL with a very 

rapid turnover, i.e. VLDL which undergoes lipolysis immediately after secretion by the 

hepatocyte [1]. Unfortunately, a distinction between rapid turnover VLDL and direct 

secretion of LDL cannot be made by tracer-kinetic studies [1]. For simplicity, it was 

therefore decided to model the apoB-production as measured in tracer-kinetic studies 

as direct production.  
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The composition of secreted VLDL was modeled as a Gaussian distribution of TG-rich 

particles within the VLDL density range (Table 1). VLDL in the fasting condition has a 

size of 54 nm when measured with NMR [2]. On the other hand, using HPLC others 

have found the most prevalent VLDL-size to be around 37 nm, with a smaller 

proportion of large VLDL with a diameter around 60 nm [3]. Here, we assumed 90% 

of TG to be produced as VLDL  with a size of 37 nm. In order to estimate the particle 

composition of our model VLDL, we assume that the amount of cholesteryl ester in the 

core of VLDL is approximately that found in LDL. Making use of a molar TG / C – 

ratio of (0.2 / 4.3) for LDL, a molar FC percentage of 44 %  in the phospholipid 

monolayer, and considering a spherical particle with a size of 21.5 nm with volumes of 

1556 and 1065 Å3 for TG and CE respectively and a monolayer thickness (MT) of 20 

Å, we obtain 2400 cholesteryl ester molecules for LDL.  

 

Table 1 : Numbers on VLDL-composition 

Symbol Value Reference 

FC mass 387 u [4] 

TG mass 853 u [4] 

PL area 68.5 Angstrom2 [4] 

FC area 39.1 Angstrom2 [4] 

TG vol 1556 Angstrom3 [4] 

CE vol 1068 Angstrom3 [4] 

FC perc 44 % [5,6] 

VLDL diam 54 nm [2,3] 

LDL diam 21.5 nm [7,8] 

TGC ratio 0.20 / 4.22 [9] 

MT 20 Angstrom [10] 

 

 

To calculate the composition of LDL, the following relations were used:  

 

𝑆𝐿𝐷𝐿 = 4𝜋 (
𝐿𝐷𝐿𝑑𝑖𝑎𝑚∗10−𝑀𝑇

2
)

2
 (1) 

𝑐𝑜𝑟𝑒𝐿𝐷𝐿𝑣𝑜𝑙 =  (
4𝜋

3
) (

𝐿𝐷𝐿𝑑𝑖𝑎𝑚∗10−𝑀𝑇

2
)

3
 (2) 

area

percLDL

LDL
FC

FCS
nFC

*
=  (3) 

volvolratio

volratioLDLvol
LDL

CETGTGC

TGTGCnFCcoreLDL
nCE

+

−

*

**
=  (4) 



97 
 

)(= LDLLDLratioLDL nFCnCETGCnTG +  (5) 
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Assuming that produced lipoproteins are spherical in shape and all of the core volume 

not attributed to cholesteryl ester can be attributed to triglyceride, we can calculate the 

number of triglycerides. Since the free cholesterol content in the surface layer of 

VLDL is similar to LDL, the number of phospholipids and free cholesterol on our 

model VLDL can then be easily calculated by dividing the area occupied by the surface 

lipids by the specific surface areas for the respective surface lipids. Finally, we assume 

that the amount of cholesteryl ester in VLDL is half that of LDL, and thus that the 

remaining cholesteryl ester is transferred to the particle (by CETP) while in the plasma. 

Thus, using the values calculated for LDL, the composition of VLDL and the other 

lipoproteins produced may be calculated as follows:  

 

 𝑆𝑉𝐿𝐷𝐿 = 4𝜋 (
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The resulting values are summarized in table 2. These values were used as basis for the 

distribution of VLDL-particles produced in the model, as summarized in table 3. Note 

that to produce the particles in the model we assumed a 10% standard deviation around 

the mean and a Gaussian distribution. 
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Table 2: Calculated LDL, VLDL and IDL composition 

Parameter Value Parameter Value Parameter Value 

SVLDL 3.4*105 SIDL 2.1*105 SLDL 9.6*104 

coreVLDLvol 1.8*107 coreIDLvol 9.2*106 coreLDLvol 2.8*106 

nFCVLDL 2709 nFCIDL 1682 nFCLDL 762 

nCEVLDL 2409 nCEIDL 2409 nCELDL 2409 

nTGVLDL 10439 nTGIDL 4261 nTGLDL 150 

nPLVLDL 3448 nPLIDL 2523 nPLLDL 969 

 

So now that we know the composition of the particles to produce, to actually produce 

the particles within the algorithm, the amount of triglyceride was varied and the rest of 

the parameters deduced from the surface requirement. The triglyceride content was 

varied around a mean of 150, 4250 and 10000 for LDL, IDL and VLDL respectively. 

Furthermore, while it is estimated that surface area covered by protein on LDL may 

increase while LDL-size decreases, we assumed that at all times 3.46*104 Å2 is 

covered by protein [11]. This was implemented as follows: 

 

ApoB-production implementation 

The production of VLDL functions by repeatedly calling a function that decides 

whether to produce large VLDL, normal VLDL, IDL or LDL. The number of patches 

the function spawns each tick must be proportional to a pre-defined rate of apoB-

production. 

 

Thus,  

 

patches-to-spawn = apoB-prod * apoB-prod-mod  

 

Where apoB-prod-mod may be varied by the user to change the apoB-production rate 

in the model, such that apoB-prod-mod of 1 leads to the number of patches spawned 

being equal to the reference apoB-production rate. The next step in the algorithm then 

consists of actually producing the apoB-patch.  

 

So that,  

 

for patches-to-spawn { 

    TG-content = select-vldl-type() 

    make-that-vldl (TG-content) 

} 
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func select-vldl-type (): 

    p = random(100) % uniform 

    if (p in range VLDL-large) [ 

        TG-content = a-lot-TG ] 

    else if (p in range VLDL-medium) [ 

        TG-content = less-TG ] 

    else if (p in range IDL)[ 

        TG-content = even-less-TG ] 

    else if (p in range LDL)[ 

        TG-content = least-TG] 

    return TG-content 

 

Where the function patches-to-spawn was called that many times required to achieve 

an apoB-production rate of 60 mg/h [1], and where the select-vldl-type function 

chooses to produce VLDL, IDL and LDL according to the relative rates observed in 

tracer-kinetic data  [1,12,13]  (Figure 8). 

 

func make-that-vldl (TG-content): 

    TG = normal(TG-content) % Gaussian distribution, SD 10% of 

mean 

    CE = normal(CE-content) % Gaussian distribution, SD 10% of 

mean 

    FC = calculate-FC-required(TG, CE) 

    PL = caclulate-PL-required(TG, CE) 

    set-patch-properties(TG,CE,FC,PL) 

 

To calculate the surface lipid required,  

 

func calculate-X-required(TG, CE) 

   vol_core = TG * TGvol + CE * CEvol 

   r_core = ((3 / (4 * pi)) * vol_core) ^ 1/3 

   surf_area = 4 * pi * r_core ^ 2 – prot-area 

   X-required = surf_area * perc-X / X-area 

   return X-required 

 

Where X is either FC or PL, perc-X is the percentage of X that covers the surface, X-

area is the area one molecule of X occupies and prot-area is the area covered by 

protein. 
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Lipolysis of Triglyceride-Rich Lipoproteins 

Lipolysis of triglyceride-rich lipoproteins mainly occurs through the action of 

lipoprotein lipase. Triglyceride-rich particles are sequestered by endothelial nanovilli, 

that form flaps in the endothelium, and interaction of the lipoprotein with heparan 

sulfate proteoglycans and GPIHBP-LPL complexes [14]. Upon the marginalization of 

triglyceride-rich lipoproteins triglycerides are hydrolyzed, resulting in depletion of the 

triglyceride core and thus lipoprotein size, so that chylomicrons are metabolized to 

remnants and VLDL becomes IDL and LDL [15]. Hepatic lipase also contributes to 

triglyceride hydrolysis of apoB-containing lipoproteins and is considered to be most 

active towards the IDL-fraction [16]. 

Unfortunately, not much is known on how the size of lipoproteins or their composition 

affects the rate of lipolysis. In vitro studies on LPL-activity show that when keeping 

phospholipid concentrations (i.e. lipoprotein surface) constant, incubating fractions of 

larger lipoproteins with LPL results in more FFA production [17]. However, since 

larger lipoproteins have more triglycerides to begin with, this does not inform us on 

possible differential activity of LPL towards lipoproteins with different sizes, nor does 

it inform us on how the rate is affected by the composition of the particle.  

Association of LPL with lipoprotein is independent of surface pressure, and therefore 

the association rate can be considered dependent on the surface area available for 

binding. LPL-activity is however dependent on the co-factor apoC-II, or more 

specifically with the association of LPL with the C-terminal helix of apoC-II [18]. 

Therefore, interaction of apoC-II with the lipoprotein surface can be considered 

limiting for LPL-activity. Recently, it has been proposed that apoC-II governs LPL-

activity by changing conformation upon changes in surface pressure induced by the 

LPL-activity [18]. ApoC-II inserts into the phospholipid monolayer of lipoproteins at 

low surface pressure (i.e. chylomicrons and nascent VLDL). Subsequently, association 

of apoC-II with LPL results in LPL-activity and an increase in surface pressure through 

local accumulation of amphipatic diacylglycerol and free fatty acid. At a critical 

surface pressure, apoC-II will desorp from the lipoprotein, rendering LPL inactive and 

facilitating dissociation of LPL from the lipoprotein [18]. Accumulated fatty acids in 

the surface layer may then diffuse into the plasma and be absorbed by tissue, in turn 

decreasing the surface pressure in preparation for another bout of hydrolysis activity.  

There is currently no method available to measure surface pressure in lipoproteins 

directly, so it is unknown what the critical surface pressure for LPL-activity actually is 

or to what particle size this would correspond to [19]. It seems fair however to assume 

that this would be in the IDL/LDL density range, given the ubiquitous presence of the 

fraction in subjects with normal lipolytic activity [20]. 
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In contrast with LPL, hepatic lipase activity is not dependent on the association with a 

co-factor. Its activity appears mainly determined by its ability to penetrate in the 

phospholipid monolayer, which in turn, is a function of surface pressure. The optimum 

surface pressure for hepatic lipase is between 12.5 and 25 mN/m [21]. Based on the 

absence of apoA and apoC proteins, that spontaneously desorp at high surface pressure 

on LDL as opposed to VLDL, LDL is considered to have a high surface pressure of 

~30 mN/m, whereas VLDL will have lower surface pressures around ~15 mN/m 

[11,22]. Accordingly, hepatic lipase can be expected to be active across a broad 

spectrum of lipoprotein fractions, which in vitro studies confirm [17]. Considering the 

broad activity of HL in vitro, hepatic lipase deficiency has surprisingly little effect on 

remnant and VLDL-pools in subjects with HL-deficiency. HL-deficiency does however 

result in a shift from LDL to larger IDL-particles [23]. This indicates that in vivo 

hepatic lipase is mainly important for lipolysis of the IDL-fraction, and when LPL-

function is not impaired its effect on the larger fractions is drowned out by LPL-

activity. HL-activity should therefore be modeled as binding most effectively in the 

IDL-range, with the chance to release from the lipoprotein increasing in the LDL-

range. The considerations above made us decide to model lipolysis as a two-step 

phenomenon, which was implemented as follows:  

 

Lipolysis implementation 

Lipolysis was modeled as a two-step phenomenon. First LPL hydrolyzes the 

triglyceride-rich lipoprotein, where the step by LPL is modeled as binding most 

effectively at large sizes, with the chance of LPL releasing the particle negligible at 

large particle size, and high at smaller particle size, i.e. in the IDL or LDL range. 

Secondly HL hydrolyzes the triglyceride in the ‘remnant’ lipoprotein, where the step by 

HL is modeled as binding most effectively in the IDL-range, with the chance to release 

from the lipoprotein increasing in the LDL-range. The number of patches to interact 

with LPL or HL in this way was considered to be Michaelis-Menten like. 

 

patches-for-L = L * apoB-patches / (Km-L + apoB-patches) 

 

for patches-for-L { 

   chance-to-associate 

} 

 

for L-active-patches { 

   chance-to-dissociate 

} 

 

for still-L-active-patches { 



102 
 

   clear-TG-L 

}   

 

Where patches-for-L are number of patches selected for association with the enzyme L 

(representing either HL or LPL), apoB-patches is the number of apoB lipoproteins on 

the grid, Km-L is the Michaelis-Menten constant, L-active-patches are the patches 

associated with the enzyme, and still-L-active patches are the patches that are still 

associated with L after they had the chance to dissociate. At clear-TG-L a fixed number 

of TG (1.5*103) is cleared from the patch per time step in LPL-associated patches and 

a tenth of that value (1.5*102) is cleared at HL-associated patches. The Km for HL and 

LPL was taken to be 250 patches.  The chances for LPL and HL to associate with an 

apoB-patch were modeled as follows: 
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Where Pa_LPL and Pa_HL represent the chance of a lipoprotein to bind to LPL and HL 

respectively.   Pr_LPL and Pr_HL are the chance of a lipoprotein to release from LPL 

and HL respectively. Parameters were adjusted empirically so that lipolysis rate in 

simulations closely match those reported in literature (Table 1 in main text). The 

following parameters were used : k = 0.6, maxsize = 50 nm, minsize_lpl = 32 nm , 

minsize_hl = 21 nm, prefsize = 32 nm and σ = 5 nm. 
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Figure  1: Probability of association and dissociation for LPL and HL in relation to 

particle size 

 

 

LDL receptor family kinetics 

Nigon et al. studied the different affinities for different sizes of LDL receptor [8]. It 

was concluded that the intermediate size LDL in the density range 1.0327 – 1.0358 

g/ml had highest affinity to LDL receptor, corresponding to a size of 26.9 nm as 

measured using gradient gel electrophoresis, corresponding to 21.5 nm if the particles 

would have been measured by NMR. Since NMR – size was used for determining the 

model VLDL – particle composition, we translate this value back to NMR – size to 

remain consistent. The differences in affinity are thought to arise through different 

conformations of apoB100 with varying amount of lipids in the lipoprotein [24]. While 

LDLR is mainly responsible for the uptake of LDL, VLDLR, LRP1 and LRP2 are 

considered the main effectors for uptake of VLDL-particles (Espirito Santo et al., 

2005; Go & Mani, 2012).  

 

Considering the size-dependency on affinity to the LDL-receptor, this should be 

modeled as such. We modeled the chance of LDL-receptor mediated clearance of apoB 

– carrying lipoproteins proportional to a Gaussian distribution around a preference size 

of 21.5 nm, reflecting intermediate size LDL. Since less is known about the VLDL-

receptor and LRP, the chance of uptake through VLDLR-LRP was modeled as a 

heaviside-function, with full chance of uptake above a size of 32 nm. For both 

processes uptake was considered to be first order. 
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patches-to-clear-ldl =  LDLR * apoB-patches / grid-size 

 

for patches-to-clear-ldl { 

   select-a-patch 

   % Gaussian probability density function around pref-size 

   chance-to-be-cleared = pdf_normal(pref-size, ambiguity, size) 

   if chance-to-be-cleared > random() [clear-the-patch] 

} 

 

patches-to-clear-vldl = VLDLR * apoB-patches / grid-size 

 

for patches-to-clear-vldl { 

    select-a-patch  

    if size > 32 nm [clear-the-patch] 

} 

 

Where apoB-patches are the number of apoB patches on the grid, grid-size is the size 

of the world (120x120), pref-size is the LDL-size with highest uptake by LDLR 

(represented by the parameter size-pref-LDLR), and ambiguity is the standard deviation 

in the Gaussian distribution (represented by the parameter amb-LDLR in the model). 
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Figure  2: Probability of Uptake through LDLR and VLDLR in relation to Particle 

Size 

 

Nascent HDL production 

Production of HDL is currently understood to proceed as follows: apoA-I producing 

organs (liver, intestine) produce and secrete apoA-I, these unlipidated or lipid-poor 

apoA-I proteins are then recruited to patches with active ABCA1, that create surface 

tension through phospholipid flippase activity [25,26]. ApoA-I production is 30 mg/h, 

clearance for apoA-I is 0.20 pools per day [27]. Once sufficient apoA-Is are recruited 

to an ABCA1 patch, a nascent HDL particle is released containing typically two to 

three apoA-I proteins, 120 phospholipids, in the order of 50 to a 100 free cholesterol 

molecules, and hardly any core lipids [6,28,29]. Nascent discoidal HDL can 

subsequently be targeted by LCAT, that converts free cholesterol and phospholipid 

from the surface into core cholesterol ester, thereby increasing the size of the 

lipoprotein and producing ‘mature’  HDL2 [30]. We implemented nascent HDL-particle 

production in the model as follows: 
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Nascent HDL production implementation 

 

ApoA-I in the model is produced as lipid-poor apoA-I, which is monitored separately 

from the lipoproteins and has no representation on the grid. The number of lipid-poors 

produced per tick is set at the rate equivalent to that measured in tracer-kinetic studies, 

so that a production rate of 30 mg/h is achieved [27,31]. The production of nascent 

HDL then occurs as follows:  

 

nHDL = ABCA1 * lipid-poors 

 

for nHDL { 

   apoAnum = 2 or 3 

   PL = normal(120,20) * ABCA1x 

   FC = normal(85, 10) * ABCA1x 

   set-patch-properties(apoAnum, PL, FC) 

} 

 

Where ABCA1 is a parameter, lipid-poors is the number of lipid-poor apoA-I in the 

model , and ABCA1x is a parameter that allows for adjusting the average amount of 

surface lipids associated with nascent HDL. The composition of nascent HDL is 

described in table 3.  

 

Table 3: Nascent HDL composition in the model 

 

Parameter Value SD 

nFCnHDL 128 18 

nPLnHDL 180 30 

nCEnHDL 0.04*(nPL+nFC)  

apoA 2 or 3  

 

 

LCAT-activity 

Since LCAT converts surface lipid into core-particles, this process involves an increase 

in the size of the HDL-particle and therefore an increase in the number of surface 

minimally required to cover the lipoprotein core, while at the same time the amount of 

surface lipids decrease. There is no analytical solution for calculating the number of 

phospholipids LCAT can maximally convert without exposing the lipoprotein core to 

the auquaeous environment. Therefore, a Newton-Raphson method was used to 

calculate how much phospholipid could be converted while keeping enough 

phospholipid available to cover the increasing size of the hydrophobic core [32]. The 
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algorithm then chooses to either convert a fixed amount or the maximum amount 

converted, whichever is lower. Free cholesterol is considered to diffuse freely into the 

surface layer so that FC/PL-ratios of 1/3 are maintained [6]. While we realize that 

LCAT has activity towards LDL as well, we consider the role of LCAT towards apoB-

particles subordinate to that of its role in HDL-synthesis and ignore it in the present 

model. We implemented LCAT-activity as follows: 

 

 

LCAT-activity implementation  

 

LCAT-active-patches = LCAT * apoA-patches / (Km-LCAT + apoA-

patches) 

 

for LCAT-active-patches { 

   max-converted = seekN()    

   rate = max-converted * 0.2 

 

   CE = CE + rate 

   PL = PL – rate 

   % assuming new FC will diffuse in so that PL-ratio = 0.75 

   FC = PL / 3  

} 

 

func seekN(): 

    for 3 { 

       Newton-Raphson() 

    } 

return max-converted 

 

Where LCAT is the parameter for LCAT-activity, apoA-patches is the number of 

patches with apoA-I lipoproteins and Km-LCAT the the Km used for LCAT. We used 

a Km-LCAT of 250 patches. The equations used to calculate the surface of HDL 

maximally converted within the Newton-Raphson method are described below (eq.17 

and eq.18). 
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Where )(Nf  represents the the required surface if N  LCAT reactions were to take 

place, )(Nf   represents the derivative of that function, currentvol  represents the current 

volume of the particle, surfstep  represents the amount of surface that is depleted upon 

one reaction and tsurfcurren  is the current surface of the particle. In the model 3 

iterations are used to estimate N. 

 

 

PLTP-mediated fusion of HDL 

HDL-remodeling of PLTP is thought to occur through a fusion process of HDL where 

some apoA-I is released from the larger particle, producing lipid-poor apoA-I [33]. It 

has been suggested that PLTP catalyzes the desorption of phospholipid from donor 

particles beyond a critical surface pressure so that the particles become unstable, and 

thus prone to release of apoA-I or fusion [34]. PLTP appears inactive in apoB-

containing particles and apoA-I particles containing apoE [35].  

 

Considering this, we decided to only consider PLTP-activity on HDL lipoproteins and 

not on apoB. Furthermore, we restricted PLTP-activity to particles that have a 

sphericity larger than 0.70, where sphericity is defined as (volume / surface) * (3/r), so 

that a sphericity of 1 corresponds to a perfectly spherical particle. Such that,  

 

for PLTP { 

   fusion-eligib = apoAnum < 4 AND sphericity > 0.7 

   select-one-apoA-patch with fusion-eligib 

   select-other-apoA-patch with fusion-eligib 

   fuse-those-patches 

} 

 

Upon PLTP-facilitated fusion of two HDL-particles, there will be a chance to release 

lipid poor apoA-I based on the new amount of core lipids, the optimal amount of 

surface lipids and apoA-I number associated with the new amount of core lipids, and 

the actual amount of surface lipids and apoA-I. The ‘optimal’ amount of apoA-I on a 

particle was estimated based on ‘Shen’s’ – model [36]. Within the algorithm, apoA-I 

was shedded whenever the number of apoA-I’s exceeded the floor of the optimal 
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number calculated for the new particle. Particles with only two apoA-Is were not 

considered to be shedding apoA-I. So that,  

 

for all-apoA-patches { 

   if (apoAnum – optimal-apoAnum > 1) [shed-apoA-I] 

} 

 

func optimal-apoAnum(): 

   apoAnum = Shen’s method() 

return apoAnum 

 

The relation between core lipids and the optimal apoA number according to Shens 

model is depicted in figure 3. 

 

 

 

 

Figure  3: Relation between number of core lipids and optimal number of apoA-I 

 

Hepatic Lipase and Endothelial Lipase action on HDL 

Hepatic lipase (HL) has both phospholipase and triacylglycerol lipase activity towards 

apoA-I containing lipoproteins, the TG lipase activity is however much greater than its 
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phospholipase activity [37,38]. Therefore, HL-activity will first and foremost result in 

triglyceride-depletion of HDL-particles, and is implemented in the model as solely 

acting on triglyceride. Endothelial lipase (EL) TGase - PLase activity ratio is 0.5. 

Compared to LPL and HL, EL therefore has the highest activity towards phospholipids. 

While it acts on all lipoproteins, it appears to be especially active on HDL [17]. This is 

further reflected by manipulations in EL-activity resulting in quantitative changes in 

HDL but not in apoB100 lipoproteins [39]. Knockout or loss-of-function mutations in 

endothelial lipase results in a shift towards larger HDL, while excess expression of EL 

results in a shift towards smaller HDL [40–43]. This is the case both in humans and 

mice, suggesting that its phospholipase activity may be the most relevant concerning 

its role in HDL-remodeling, since mouse HDL contains only 1% triglyceride [44]. 

Alternatively, HDL-remodeling as such may not occur in mice and observations of 

increased HDL in mice lacking endothelial lipase is the result of reduced uptake of 

HDL [45]. The latter relies on the hypothesis that EL, similar to HL, forms a 'bridge' 

between heparan sulfate proteoglycans and lipoproteins, thereby enhancing their 

clearance [46]. 

 

In the model, HL and EL were implemented as hydrolyzing a fixed amount of 

available triglycerides or phospholipids in a HDL-particle per time step respectively. 

For both HL and EL, the amount of active patches was modeled by assuming 

Michaelis-Menten - like kinetics with the amount of active patches dependent on the 

HL-parameter or EL-parameter and a Km of 250 patches for both EL and HL. 

  

So that,  

 

EL-active-patches = EL * apoA-patches / (Km-EL + apoA-patches) 

 

for EL-active-patches{ 

   PL = PL – PL-cleared 

   FC = PL / 3 

   if surf < surf-required [disintegrate] 

} 

 

HL-active-patches = HL * apoA-patches / (Km-HDL-HL + apoA-

patches) 

 

for HL-active-patches{ 

   TG = TG – TG-cleared 

} 
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Where EL-active-patches are patches active with EL and HL-active patches are patches 

active with HL. 

Upon every ‘activity’ the PL-cleared by EL are 10 and the TG-cleared by HL are 5. 

 

SRB1 receptor kinetics 

SRB1 is considered to facilitate the bi-directional transport of cholesteryl ester between 

cells and HDL-particles [47]. Interaction of HDL-particle and cell through SR-B1 

results in depletion of cholesteryl ester of the HDL-particle and thus net uptake of the 

cell of cholesteryl ester. Tissues expressing SRB1 are mainly liver and macrophages. 

SRB1 mediated cholesterol uptake, with subsequent secretion of cholesterol of liver 

cells into the bile and elimination with the feces, is an important step in reverse 

cholesterol transport [48].  

While SRB1 is mostly known for its role in facilitating the uptake of cholesterol ester, 

free cholesterol exchange has been found to be mediated by SRB1 as well [49,50]. A 

recent study found that the relative exchange of cholesterol ester, free cholesterol, 

triglyceride and phospholipid, is 1, 1.6, 0.7 and 0.2 respectively [51]. Together, these 

studies indicate that both cholesterol ester and free cholesterol are cleared from HDL 

by the action of SRB1, while phospholipids and apoA-I remain with the particle.  

 

The relation of HDL-particle composition to the amount SRB1 is able to desorb is not 

exactly known [52]. Therefore, for the sake of simplicity,  SRB1 – activity was 

modeled as clearance of a fixed amount of the CE present in HDL particles upon 

interaction per time step. In addition, a similar amount of TG, if present, is cleared. The 

number of phospholipids cleared is then determined by the surface area required given 

the new smaller core size of HDL. Finally, the number of apoA-I present relative to 

that optimal given the new core size is compared, and lipid-poor apoA-I is shedded 

from the particle accordingly. 

 

This was implemented as follows:  

 

to-srb1 = SRB1 * mean-apoAnum * apoA-patches / ... 

   (Km-SRB1 + mean-apoAnum * apoA-patches) 

 

for to-srb1 { 

    prob = 200 * apoAnum / (apoAnum + 3) - 50 

    if prob > random(100) [do-srb1] 

} 

func do-srb1 : 

   CE = CE – CE-cleared 

   TG = TG – TG-cleared 
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   PL = PL * (0.5 + 0.5 * surf-req / surf-now) 

   FC = FC * (0.5 + 0.5 * surf-req / surf-now) 

 

Where, mean-apoAnum is the mean number of apoA-I of patches that carry apoA-I, 

apoA-patches is the number of patches with apoA-I, apoAnum is the number of apoA-I 

on a patch, surf-req is the required surface given the core volume, surf-now is the 

current surface area given the surface lipids. For Km-SRB1 a value of 500 patches was 

used, while CE-cleared and TG-cleared was set at 10 and 5 respectively. Thus, first we 

determined the number of patches that SRB1 is supposed to interact with. 

Subsequently that number of random patches were randomly marked as eligible for 

interaction of SRB1. In this way, more patches are cleared if the mean number of 

apoA-I is greater.  

 

 

 

Figure  5: removeP  in relation to HDL size 

 

 

 

Clearance of apoA-I through glomerular filtration 

ApoA-I is cleared through elimination by the kidneys. Cubilin and megalin play an 

important role in recycling lipid-poor ApoA-I that is filtered through the basal 
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membrane of the glomeruli from the tubuli. The slits in the glomerular basal membrane 

allow particles to pass with a size upto 8 nm [53]. This would correspond to a particle 

containing about 20 core particles. However, other reports suggest that not the slits but 

the glomerular basement membrane is the limiting factor in the clearance of proteins 

[54]. The clearance is linearly related to the log of the size [55]. Here we chose for the 

latter theory, since we observed that only allowing lipid-poor apoA-I to be cleared 

could lead to HDL getting trapped in large-size HDL within the model. We 

implemented the clearance of apoA-I through a chance to sift particles as described 

below. Subsequently, it would depend on the cubilin-megalin parameter whether apoA-

I would be either resorbed or eliminated. Parameters for filtration and reabsorption 

were chosen to obtain values that closely match those reported in apoA-I tracer – 

kinetic studies, i.e. 0.2 day-1 [56]. 

 

Consider a chemostat-like system with a production rate and a dilution-rate,  and 

describing the biomass when growth is suddenly stopped. Describing this relation will 

help us  in finding a relation for the clearance of apoA-I. This may be described as :  

 

[𝐴]𝑡 = [𝐴]0 ∗  𝑒−
𝑣

𝑉
𝑡    (21) 

 

Where v is the glomerular filtration rate and V is the plasma volume. Then, since we 

need to consider that the chance of actually passing the glomerular basement 

membrane is dependent on the size of the particle, we have to take into account the 

permeability. The permeability may be described as :  

 

𝑃(𝑣𝑜𝑙) =  𝑒−𝑘 ∗ 𝑣𝑜𝑙   (22) 

 

Where k is the parameter k-factor in the model and vol is the volume of a particle. 

Since the permeability decreases exponentially with increasing volume. Considering 

that what is cleared is that what is not remaining, we obtain the following relation for 

the clearance of apoA-I. 

 

𝐶𝑙𝑒𝑎𝑟𝑒𝑑 =  1 −  [𝐴]0 ∗ 𝑒−
𝑣

𝑉
 ∗ 𝑃 ∗ 𝑡

 (23) 

 

The majority of apoA-I crossing the glomerular basement membrane is recycled by the 

action of cubulin and megalin, which also return other plasma proteins back to the 

circulation, such as albumin. To model the recycling rate we used the following 

relation: 
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𝐿𝑃𝑟𝑒𝑐𝑦𝑐𝑙𝑒𝑑 = 𝐿𝑃 ∗ 𝑒−𝑎 ∗ 
𝑐𝑢𝑏𝑚𝑒𝑔

100   (24) 

 

Where cubmeg is the parameter the user may vary and a was chosen so that at cubmeg 

of 100, half of the lipid poor apoA-I is recycled back to the plasma. 

 

The clearance of apoA-I is done as follows:  

 

Every 60 ticks { 

    apoA-patch-list = count-apoA-patches-per-xcoord 

    perm = exp(k * yrad-by-xcoord^3) 

    clearance-by-volume = 1 – exp( - vV * 60 * perm) 

    to-be-cleared-at-xcoord = (glom-filtr / 120) * clearance-by-     

volume 

 

    for xcoord { 

       clear to-be-cleared-at-xcoord(xcoord) 

    } 

} 

 

 

 

 

  

Figure  6: recycledlps  in relation to cubmeg  parameter 
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Figure  7: Probability to transverse GBM in relation to HDL size 

 

 

CETP-mediated exchange of core-lipids 

CETP is considered to facilitate exchange of core lipids of lipoproteins by fusion of the 

particles followed by passive diffusion of core lipids [57]. In this way, CETP-activity 

results in a net transfer of TG from apoB-containing TG-rich lipoproteins to CE-rich 

HDL, and conversely in a net transfer of CE from HDL to apoB-containing 

lipoproteins [58]. CETP-mediated core-lipid exchange is not isolated to apoB – apoA 

interactions but also works between apoB – proteins [59]. While in general the CE:TG 

– ratio for exchange rates is 1:1 in humans, this is not the case in all species, and 

especially in hamsters there is a higher affinity for TG, resulting in a net neutral lipid 

flux of VLDL-TG into HDL in this species [60]. At least in vitro, also in humans 

exchange is not necessarily 1:1 and both VLDL and HDL appear to be net-donating 

particle whereas LDL is a net receiving particle [61,62]. Based on in-vitro 

measurements and assuming a carrier mechanism with ping-pong bi-bi kinetics, a Km 

of 0.7 mM for LDL and a Km of 2 mM for HDL was found [63]. For CETP, several 

algorithms were considered, we discuss the three different implementations one by 

one. 
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CETP –algorithm 1 

In the model we implemented CETP-activity as acting both between apoA and apoB-

containing lipoproteins as well as between lipoproteins with the same apoprotein. 

While in vivo CETP-activity is mostly a one-by-one lipoprotein interaction, 

algorithmically one-by-one interactions are computationally inefficient. Therefore 

CETP-activity was modeled by the concept of a selection of lipoproteins 

agglomerating into an imaginary superparticle. To determine the new core composition 

of the lipoprotein undergoing CETP-acticity, the lipoprotein retrieves the same number 

of core lipids as it donated to the superparticle, however with the relative amount of 

TG and CE determined by the composition of the superparticle.   

 

This is implemented as follows: First we determine the number of patches that will be 

equilibrated by taking 
elieq patchesCETPpatches */100)(= , where elipatches  are 

apoB-patches and apoA-patches that have at least 10 core particles. Then we calculate 

the composition of core lipids in a virtual superparticle, that contains all the core lipids 

of the selected patches. Then, for every patch 3% of the lipids are considered to be 

exchanged, so that 3% of core lipids are changed from original composition to the 

composition of the superparticle. 

 

 

func CETP : (alg1) 

    r = B-per-patch / A-per-patch 

    A-assim-patches = (CETP/100) * apoA-patches 

    B-assim-patches = (CETP/100) * apoB-patches 

 

    super-particle-TG = perc * TG-of-A-assim-patches * r +  

                        perc * TG-of-B-assim-patches +  

    

    super-particle-CE = perc * CE-of-A-assim-patches * r +  

                        perc * CE-of-B-assim-patches 

 

    TGrSP = super-particle-TG / (super-particle-TG + super-

particle-CE) 

    CErSP = super-particle-CE / (super-particle-TG + super-

particle-CE) 

     

    for A-assim-patches and B-assim-patches:{ 

        TG = TG*(1-perc) + perc*TGrSP 

        CE = CE*(1-perc) + perc*CErSP 

    } 
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CETP – algorithm 2 

 

Alternatively, we implemented a CETP function that reflects the idea that the transfer 

of lipids between lipoproteins is not necessarily a 1:1 exchange, and that in fact HDL 

and VLDL are net-donating, while LDL are net-receiving particles. To accommodate 

this, it was necessary to uncouple CE-transfer from TG-transfer. 

 

func  CETP : (alg2) 

   CE-accepting-patches = VLDL and LDL 

   TG-accepting-patches = LDL and HDL 

 

   CE-bulk = take-from-hdl() 

   TG-bulk = take-from-vldl() 

 

   CE-q = CE-bulk / CE-accepting-patches 

   TG-q = TG-bulk / TG-accepting-patches 

 

   CE-failed = 0 

   TG-failed = 0 

 

   if ticks are even [ 

   CE-failed += try-ce-transfer 

      if CE-failed > 0 [roll-back-failed-CE-transfers] 

   TG-failed += try-tg-transfer  

      if TG-failed > 0 [roll-back-failed-TG-transfers] 

   else [ 

   TG-failed += try-tg-transfer 

      if TG-failed > 0 [roll-back-failed-TG-transfers] 

   CE-failed += try-ce-transfer  

      if CE-failed > 0 [roll-back-failed-CE-transfers] 

] 

    

func try-ce-transfer() :  

    vol = calc-avail-vol  

    max = calc-max-ce-transfer(vol) 

    CE = CE + CE-q 

    diff = CE-q - max 

    if diff < 0 [ 

       CE = CE – diff] 

return diff 

        

func try-tg-transfer() :  
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    vol = calc-avail-vol  

    max = calc-max-tg-transfer(vol) 

    TG = TG + TG-q 

    diff = TG-q - max 

    if diff < 0 [ 

       TG = TG – diff] 

return diff 

 

 

CETP – algorithm 3 (default) 

 

Finally there is one last algorithm that aims to combine the ideas of both earlier 

algorithms and uses the hydrostatic pressure as the driving force behind lipid transfer: 

 

func  CETP(): (used algorithm) 

 

   CETP-rate = Vmax * CETP * patches / (Km + patches) 

   % where patches can be either HDL, or V(LDL) 

   % and where Km is KmA (HDL), KmB(LDL) or KmV(VLDL) 

 

   TG-to-donate = (TG / (TG + CE)) * P(r)  

   CE-to-donate = (CE / (TG + CE)) * P(r) 

 

   for all-selected-patches { 

      donate-to-superparticle 

} 

 

total-PL-deficit = 0 

total-PL-surplus = 0 

 

   for all-selected-patches { 

      get-from-superparticle      

      if deficit { 

         total-PL-deficit = total-PL-deficit + deficit 

         fix-deficit 

      } 

      if surplus { 

         total-PL-suplus = total-PL-surplus + surplus 

  }} 

 

n-surplus-agents = all-selected-agents with [surplus] 

f-to-remove = total-PL-deficit / total-PL-surplus 
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   for all-surplus-patches { 

      surplus = calc-suplus() 

      PL-to-remove = surplus * f-to-remove 

      PL = PL – PL-to-remove 

   } 

 

func P(r): 

   radius = r 

   pressure = 2k / r % where k = interfacial pressure 

return pressure    

  

 

Flow of excess surface lipids from VLDL to HDL 

Every tick, maximally 30% of available phospholipid is distributed over the 

lipoproteins with apoA-I. The amount of phospholipid donated on a HDL-particle is 

dependent on the number of apoA-Is on the particle and the amount of surface the 

particle already possesses. The maximal amount of phospholipid a particle is allowed 

to have, was set to the amount of phospholipids that would be on the surface of a 

particle according to Shen’s model, if it would have one more apoA and 25% of 

surface lipids is free cholesterol. This was implemented as follows:  

 

Thus,  

 

for apoB-patches { 

   shed-surplus-surface() 

} 

 

for apoA-patches { 

   receive-surplus-surface() 

} 

 

func shed-surplus-surface(): 

   surf-surplus = calc-surplus() 

   PL-perc = calc-surf-PL() 

   PL-surfplus = surf-surplus * PL-perc / Plsurf 

   FC-surfplus = surf-surplus * (1 – PL-perc) / FCsurf 

   PL-to-shed = PL-surfplus * PL-transf-rate 

   FC-to-shed = FC-surfplus * PL-transf-rate 

   donate-to-pool(PL-to-shed, FC-to-shed) 

 

func donate-to-pool(PL-to-shed, FC-to-shed): 

   PL-pool = PL-pool + PL-to-shed 
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   PL = PL – PL-to-shed 

   FC = FC – FC-to-shed 

    

func receive-surplus-surface(): 

   diffused = 0.3 * PL-pool / apoA-patches 

   if space for diffused [ 

      PL =  PL + diffused 

      PL-pool = PL-pool – diffused] 

 

 

To get the world up to scale 

 

To make the model be in range of experimental findings, we used the following 

procedure: 

 

func scale-vars-to-worldsize() 

    % to find appropriate scale, consider that … 

    world-size = x * y 

    apoB-CE = 2400 

    apoA-CE = 120 

    apoAnum = 4 

    apoB = 2.0 * 10 ^18 

    apoA = 6.8 * 10 ^19 

    CE = apoA * apoA-CE / apoAnum + apoB * apoB-CE 

 

   % then we need consider how many % of the world should be 

patches 

   occupancy = 0.025 

   CE-per-patch = CE / (occupancy * grid-size) 

   B-per-patch = CE-per-patch / apoB 

   % A-per-patch higher is convenient, since apoA >> apoB 

   % arbitrary rescaling (apoB-weight = 550, apoA-weight = 31) 

   A-per-patch = B-per-patch * (550 / 31 * 2) 

 

   % then we consider production rates and time-scale in the 

model 

   % lipid-poor production = 1.6*10^14 / s → per minute 

   lipid-poor-production = 1.6*10^14 * 60 / A-per-patch 

 

   % apoB-production = 1.87*10^13   per second 

   apoB-prod = 1.87*10^13 * 60 / B-per-patch 

 

   % and to get an idea how much TG should be cleared by LPL 



121 
 

   TG-to-clear = 3.6*10^17 % TG/s 

   occ-LPL = 0.125 

   nLPL = occ-LPL * occupancy * world-size 

   TG-cleared-per-patch-per-tick = TG-to-clear * 60 / (nLPL * B-

per-patch) 

 

 

Table 4: Fixed Parameters 

 

Parameter Value Reference 

LPL-Km 250  apoB-patches  

HL-Km 250  apoB-patches  

maxsize-LPL 50 nm  

size-pref-HL 32 nm  

sigma-HL 5 nm  

minsize-LPL 32 nm  

minsize-HL 21 nm  

k 0.7  

size-pref-LDLR 21.5 nm [8] 

amb-LDLR 7 nm  

VLDLR-minsize 32 nm  

Lcat-Km 250  apoA-patches  

HL-HDL-Km 250  apoA-patches  

EL-Km 250  apoA-patches  

SRB1-Km 500  apoA-patches  

KmA 500  apoA-patches  

KmB 500  LDL-apoB-patches  

KmV 6      VLDL-apoB-patches  

Vmax-cetp-VLDL 10  

Vmax-cetp-HDL 1  

Vmax-cetp-LDL 1   

PL-factor 0.65 [64,65] 

PL-transf-rate 0.2  

glom-filtr 120 ml/min [66] 

a -0.693145  
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Table 5: Default Values of Variable Parameters 

 

Parameter Name Value 

apoB-mod 1 

VLDL-TG-mod 1 

apoA-mod 1 

LCAT 6 

HL 10 

EL 2 

LDLR 8 

VLDLR-LRP 1 

CETP 8 

SRB1 3 

ABCA1 1 

ABCA1x 1.5 

LPL 50 

Cubulin – Megalin 310 

K-factor 0.7 

PLTP 2 

 

 



123 
 

 

 

Figure 8: Description of apoB100 and apoA-I kinetics. 
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Not included in the model 

 

ABCG1 action on mature HDL 

ABCG1 facilitates the production of free-cholesterol enriched microdomains on the 

plasma membrane surface. This excess cholesterol can then be transported to either 

LDL or HDL [67]. Similarly, ABCA1 is also considered to function with mature HDL 

but has a much smaller role [68]. Overall, since ABCG1 is mainly present on 

macrophages, ABCG1 is considered to have little effect on plasma HDL [69]. Because 

these roles appear rather minor, they are not included in the model. 

 

Phospholipid and free cholesterol donation of red blood cells / reticulocytes 

A potential source of surface lipids for HDL-cholesterol is the production of red blood 

cells. Red blood cells start out as reticulocytes, which shed some of their surface 

through exosomes before attaining their concave shape. The number of reticulocytes 

produced is estimated to be 2*106 per second [70]. Every reticulocyte will lose 

somewhere between 9 and 30 µm2 of surface during transformation to a mature red 

blood cell [71]. The composition of reticulocyte membrane, or exosome, is roughly 

30% free cholesterol and 70% phospholipid (in mole %) [72]. The surface area of one 

free cholesterol and one phospholipid being 17.5 and 32.5 Å2 respectively [4]. In 

contrast to lipoproteins, where over 80% of phospholipid is phosphatidylcholine, in 

exosomes only 50% is phosphatidylcholine [72,73]. Combining all these numbers, we 

can calculate an upper limit for the amount of free cholesterol and phospholipid 

donated to HDL from exosomes. It can then be calculated that reticulocyte exosome 

shedding can only account for 0.2% of LCAT-activity.  

 

Chylomicron contribution to apoA-I production and HDL-production 

The chylomicron production rate (in B48-production) is approximately 1 mg/kg/day 

[74,75]. Since only the size varies with feeding status but not the apo-B48 production 

rate, this is independent of feeding status [76]. When measured in thoracic duct 

samples, it may be found that 20% of the weight is apoB and 7.4% is apoA-I [77]. 

Thus from the production rate of apo-B48, we can estimate what the intestinal 

production rate of apoA-I is, which must be approximately 0.35 mg/kg/day, or 1 mg/hr, 

which is only 3% of the total apoA-I production rate. If it is assumed that it is similar 

in composition to nascent HDL, then there is no need to include apoA-I production 

mediated by chylomicron production. While chylomicrons have a small contribution 

towards apoA-I production, the chylomicron production rate is also positively 

correlated with apoA-I fractional catabolic rate, so that the net effect of chylomicron 

production may actually be loss of apoA-I [74]. 
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Suppl. Fig S1 – Sensitivity Analysis plasma TG 
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Suppl. Fig S2 – Sensitivity Analysis HDL-C 
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Suppl. Fig S3 – Effect of Changing Vmaxes CETP-algorithm on HDL-TG 

relation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Suppl. Fig. S3  

The relation between plasma TG and HDL-C when varying VLDL-PR between 0.5 and 2.0 of 

normal for different combinations of Vmaxes within the CETP-algorithm for VLDL and HDL 

respectively. Note how for all combinations of Vmaxes there is a positive correlation between 

plasma TG and HDL-C. 
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Suppl. Fig S4 – Monogenetic Disorder Simulations with PL-transfer of 

10% 

 

 

Suppl. Fig. S4 

Loss-of-function mutation simulations when assuming 10% PL-transfer, together with changing default 

values for SRB1 and cubilin-megalin, fit equally well with patient data as 65% PL-transfer with original 

default values. 
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Abstract 

The physiological adaptations resulting in the development of the metabolic syndrome 

in man occur over a time span of several decades. This combined with the prohibitive 

financial cost and ethical concerns to measure key metabolic parameters repeatedly in 

subjects for the major part of their life span, makes that comprehensive longitudinal 

human data sets are virtually non-existent. While experimental mice are often used, 

little is known whether this species is in fact an adequate model to better understand 

the mechanisms that drive the metabolic syndrome in man. 

We took up the challenge to study the response of male apoE*3-Leiden.CETP mice 

(with a humanized lipid profile) to a high-fat high-cholesterol diet for six months. 

Study parameters include body weight, food intake, plasma and liver lipids, hepatic 

transcriptome, VLDL – triglyceride production and importantly the use of stable 

isotopes to measure hepatic de novo lipogenesis, gluconeogenesis, and biliary/fecal 

sterol secretion to assess metabolic fluxes. 

The key observations include 1) high inter-individual variation, 2) a largely unaffected 

hepatic transcriptome at 2, 3 and 6 months, 3) a biphasic response curve of the main 

metabolic features over time, and 4) maximum insulin resistance preceding 

dyslipidemia. The biphasic response in plasma triglyceride and total cholesterol 

appears to mimic that of men in cross-sectional studies. Combined, these observations 

suggest that studies such as these can help to delineate the causes of metabolic 

derangements in patients suffering from metabolic syndrome. 

 

Abbreviations 

HFCD, high-fat high-cholesterol diet; TG, triglyceride; TC, total cholesterol; VLDL, 

very low-density lipoprotein; LDL, low-density lipoprotein; HDL, high-density 

lipoprotein; CETP, cholesteryl ester transfer protein 

 

Introduction 

The physiologic adaptations resulting in the development of the metabolic syndrome in 

man occur over a time span of several decades. For example, central adiposity builds 

up over a time-frame of years and decades [1,2]. Furthermore, studies suggest that 

parameters of metabolic syndrome such as insulin resistance, muscle mass, plasma 

triglycerides and low-density lipoprotein cholesterol (LDL-c) are age-dependent [3,4]. 

Moreover, the relation between these parameters and age appears non-linear. A cross-

sectional study in Japan showed biphasic responses for body mass index, serum 

triglycerides and LDL-c in men, but not for women [3]. Finally, a cross-sectional study 

performed in a predominantly Caucasian cohort showed nonlinear relationship between 

age and skeletal muscle mass [4]. It is not clear why these age-associated changes 
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occur, but decreased physical activity and a decrease in growth-hormone and gonadal 

hormones have been proposed as possible explanations [3,4]. In contrast, insulin 

resistance appears to only increase with increasing age [5]. In any case, time is an 

important factor, and a longitudinal setup should therefore be preferred above a cross-

sectional setup to elucidate the mechanisms orchestrating metabolic syndrome.  

Although scarce, some longitudinal studies of metabolic syndrome in man have been 

performed. Scuteri et al. found that triglycerides in men increased with time, however 

decreased in healthy men in the 65 – 75 year age group, while in women triglycerides 

increased in all age groups [6]. Furthermore, Meigs et al. found that increased fasting 

glucose does not necessarily progress to diabetes when subjects are followed for over 

10 years [7]. Hamer et al. found that 45% of subjects classified as being “healthy 

obese” progressed to an unhealthy state (e.g. high triglycerides, impaired glycemic 

control) compared to 16% of normal-weight subjects over a period of 8-years [8]. 

While these longitudinal studies are very valuable, a major limitation is that (more 

laborious) metabolic flux measurements (i.e. VLDL – triglyceride (TG) production, 

sterol balance) have not been carried out, and for obvious reasons such studies can only 

sample a fraction of the human lifespan.  

Animal models of metabolic syndrome allow for studying metabolic alterations during 

development of metabolic syndrome in a shorter time-frame [9]. However, translation 

is limited by species-specific characteristics and responses to perturbations designed to 

induce metabolic syndrome [10]. For example, the fact that mice have very efficient 

clearance of triglyceride-rich lipoproteins, limits extrapolation to humans, who 

generally achieve higher plasma TG concentrations [11]. Similarly, while mice carry 

most of their plasma cholesterol in high-density lipoprotein (HDL), humans have a 

large LDL-c fraction [12]. To mitigate these species-specific differences, we make use 

of ‘humanized’ apoE*3-Leiden.CETP (E3L.CETP) mice, in which the apoE*3-Leiden 

transgene confers reduced clearance of triglyceride-rich lipoprotein (i.e. chylomicron- 

and VLDL-remnants), and the cholesteryl ester transfer protein (CETP) transgene 

further adds to a cholesterol profile more closely resembling that of humans [13]. 

Interestingly, in contrast to other mouse models of atherosclerosis, the E3L.CETP 

mouse has been shown to respond similar to treatment with statins, fibrates and 

ezetimibe as humans in terms of changes in plasma cholesterol and atherosclerotic 

progression [14]. Moreover, E3L.CETP respond similar to humans to antidiabetic 

drugs as well [15]. However, whether E3L.CETP mice are a good model to study the 

development of metabolic syndrome through time is unclear to date.  

Here, we study whether male E3L.CETP mice are an adequate model to study 

metabolic syndrome in man, by following their response to a high-fat high-cholesterol 

diet (HFCD) for six months. We found that both dyslipidemia and parameters of 

insulin resistance followed a biphasic trajectory. A biphasic trajectory in dyslipidemia 
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is also found in man during ageing. These data indicate that male E3L.CETP mice on 

HFCD may be an adequate model to study age-dependent changes of plasma lipids in 

man.  

 

Methods 

 

Animals, diet and housing 

Male E3L.CETP mice [12,16] were housed individually and fed a synthetic HFCD diet 

containing 60% fat in energy and 0.25% cholesterol in weight (D12429, Research 

Diets) in a light (lights on 7:00 AM - lights off 7:00 PM) and temperature-controlled 

(21 °C) facility. Prior to the start of the experimental period, mice were co-housed with 

siblings and fed chow ad libitum with unlimited access to drinking water. At least one 

week prior to the start of the experiment animals were housed individually to 

acclimatize. Experimental procedures were approved by the Ethics Committees for 

Animal Experiments of the University of Groningen.  

 

Experimental setup 

Mice were fed a HFCD diet at the age of 4 months. Four cohorts of mice were fed 

HFCD diet ad libitum for 4 (n=20), 9 (n=19), 13 (n=20) and 28 weeks (n=30) 

respectively. At the end of the dietary intervention, mice in the respective cohorts were 

distributed evenly in two groups, where one group underwent measuring of VLDL-TG 

production and the other group was used for measuring hepatic de novo lipogenesis, 

for bile cannulation and for tissue collection. Animals were distributed over the two 

groups in the week of termination by placing every consecutive age-sorted mouse in a 

different group. An additional cohort (n=16) was used specifically for measuring 

endogenous glucose production at week 3, 9, 15 and 27 of the dietary intervention. 

These animals also underwent either VLDL–TG production measurement or bile-

cannulation and tissue collection. In all groups, blood samples were obtained by tail 

bleeding at 4 to 6 week intervals, to determine plasma TG, plasma total cholesterol 

(TC), HDL-c and glucose. In addition, 24-hr feces was collected from all groups at 4 to 

6 week intervals. All flux measurements and blood sample collections were started at 1 

PM in the fasting condition, with food removed at 9 AM.  

 

Drop outs 

Of 115 animals included in the study in total 10 animals (2 in the 13 weeks cohort, and 

8 in the respective 28 weeks cohorts) had to be terminated prematurely because of 

rapid weight loss, which in seven cases coincided with excessive grooming, scratching 

and scratch marks. No cause was found for the other three cases. Data of these animals 

obtained prior to termination were not excluded for analysis, since including or 
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excluding these measurements had virtually no effect on the mixed models. Readers 

who wish to examine the difference in modeling results may consult table S1 and the 

corresponding matlab scripts.  

 

Plasma metabolite concentrations 

Plasma TG was measured using a commercially available kit (Roche diagnostics). 

Plasma insulin was measured by ELISA (Alpco). Glucose was measured on whole 

blood using an Accu-Check® glucose meter. Plasma TC and free cholesterol was 

measured by colorimetric assay according to the CHOD-PAP method [17]. HDL-c was 

measured by measuring total cholesterol in the supernatant after precipitating apoB-

containing lipoproteins with polyethylene glycol 6000 (PEG6000) [18]. 

 

Hepatic metabolite concentrations 

Liver lipids were extracted using a Bligh & Dyer procedure [19]. Liver lipids were 

then redissolved in 2% Triton-X100 and measured using a commercially available kit 

for measurement of triglyceride (Roche) and the CHOD-PAP method for TC and free 

cholesterol measurement [17]. Phospholipids after Bligh & Dyer extraction were 

measured according to Bottcher et al. [20]. 

 

RNAseq analysis 

RNA was isolated using a commercially available kit (RNeasy, Qiagen). Initial quality 

check of and RNA quantification of the samples was performed by capillary 

electrophoresis using the LabChip GX (Perkin Elmer). Non-degraded RNA-samples 

were used for subsequent sequencing analysis. Sequence libraries were generated using 

the 3’QuantSeq sample preparation kits (Lexogen). The obtained cDNA fragment 

libraries were sequenced on an Illumina HiSeq2500 using default parameters (single 

read 1x50bp) in pools of multiple samples. The obtained fastQ files where aligned to 

build Mus_musculus.GRCm38 ensembleRelease 82 reference genome using 

hisat/0.1.5-beta-goolf-1.7.20 [21] with default settings. Before gene quantification 

SAMtools/1.2-goolf-1.7.20 was used to sort the aligned reads [22]. The gene level 

quantification was performed by HTSeq-count HTSeq/0.6.1p1 using –mode=union 

[23]. Analysis of gene expression was performed in R [24]. Counts were normalized 

with the trimmed-mean of M-values normalization (TMM) method provided in the 

edgeR package [25]. Analysis of differential gene expression was done using voom 

transformation provided by the limma package [26]. A false disovery rate of 0.05 and a 

log2 fold change of 1 were taken as cut-off values for differentially expressed genes. 

To account for a batch effect introduced during RNA-isolation, this was included in the 

design of the linear model. For visualization of batch-controlled gene expression, batch 

effect was removed using the ComBat function of the R SVA-package [27]. Plots of 
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gene expression in this article were produced by making use of the R packages ggplot2 

[28] and superheat [29]. 

 

Liver histology 

Paraffin sections were stained with hematoxylin and eosin stain and Sirius Red. The 

slides where then scored for NASH according to Kleiner et al. [30]. The percentage of 

fibrosis was determined as follows: Three x4 digital images were obtained randomly 

from every section using the polarized light option. The 3 pictures covered 

approximately between 70-90% of specimen total surface area. The images were 

imported to ImageJ and subsequently analyzed using an in-house developed macro 

which was written to quantify the area, percentage and integrated density of positively 

stained collagen fibers in every image using a camera specification with 226.7 ms 

exposure, sensitivity set to ISO 200 and snapshot resolution of 2560 x 1920.  

 

VLDL-TG production 

Animals were injected intraperitoneally with poloxamer 407, an inhibitor of lipoprotein 

lipase, at a dose of 1000 mg/kg BW [31]. After 30, 60 and 180 minutes a small volume 

of blood was collected for measurement of triglycerides. VLDL-TG production was 

then calculated by multiplying the slope of increased TG concentration by the 

theoretical plasma volume based on their body weight, where a blood volume of 75 

ml/kg is assumed with a hematocrit of 0.45.  

 

Hepatic de novo lipogenesis 

Animals were provided with drinking water containing 2% C13-acetate at 9 AM. Food 

was removed the following day at 9 AM and animals sacrificed at 1 PM. Liver lipids 

were isolated using the Bligh & Dyer procedure. Isolated lipids were derivatized in 

acidic methanol at 90 °C for 4 h. Mass-isotopomer distribution of methylated fatty 

acids was then measured by LC-MS. Hepatic de novo lipogenesis and elongation was 

calculated as described previously [32–34]. 

 

Endogenous glucose production 

Endogenous glucose production was determined as described previously with minor 

modifications[35]: Food was removed at 9 AM and the experiment started at 1 PM. At 

1 PM, animals received 0.1 mg/g [6,6]-D2-glucose intraperitoneally in a concentration 

of 30 mg/ml. Immediately before, and 10, 20, 30, 40, 50, 60, 75 and 90 minutes after 

the intraperitoneal injection, a small amount of blood was collected on filter paper and 

glucose measured with an Accu-Check® glucose meter. Glucose was then extracted 

from the dried blood with a water/ethanol mixture. After the solution was evaporated 

under nitrogen flow at 60 °C, the residue was derivatized to glucose penta-acetate by 
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adding 100 µl pyridine and 200 µl acetic anhydride to the extracted glucose and 

heating at 60 °C for 30 minutes. After evaporation under nitrogen flow, the residue was 

then dissolved in 200 µl ethyl acetate for analysis by GC-MS. GC-MS was performed 

with a Zebron ZB-1701 30m x 250 µm x 0,25 µm (Phenomenex) column under 

positive chemical ionization with ammonia ions monitored m/z 408-412 (m0-m4). After 

corrections for natural abundances according to Lee et al., the kinetics of the 

enrichment of glucose with D2-glucose were then used to estimate endogenous glucose 

production and related parameters according to van Dijk et al. [35]. 

 

Bile metabolite concentrations 

Gallbladder cannulation was performed under fentanyl – fluanisone anesthesia (1 

ml/kg). After allowing the gallbladder to empty for 5 min, bile was collected for 20 

min while mice were placed in an incubator to maintain body temperature. Bile 

production was measured by weighing the collected bile. Quantification of biliary bile 

acids was performed as follows. Bile samples were 1000x diluted with MilliQ. After 

homogenizing, 25 µL diluted bile was aliquoted into a clean tube for bile acid analysis. 

For every 10 samples prepared, one quality control standard plasma was included. To 

each sample 250 µL internal standard solution was added and vortexed for 1 min. D4-

cholic acid, D4-chenodeoxycholic acid, D4-glycochenodeoxycholic acid, D4-

glycocholic acid, D4-taurochenodeoxy-cholic acid and D4-taurocholic acid were used 

as internal standards. Samples were then centrifuged at 15,800 x g and the supernatant 

transferred to a clean glass tube. The fluid was evaporated under nitrogen at 40 °C. If 

samples were not measured immediately, they were stored in at -20 °C until further 

analysis. Samples were then reconstituted in 200 µL 50% methanol in water, vortexed 

for 1 minute and centrifuged for 3 min at 1,800 x g. The supernatant was transferred 

into a 0,2 µm spin-filter and centrifuged at 2,000 x g for 10 min. After filtering, the 

samples were transferred into LC-MS vials and analyzed (10 µL injection volume). For 

separation a Nexera X2 Ultra High Performance Liquid Chromatography system 

(SHIMADZU, Kyoto, Japan), coupled to a SCIEX QTRAP 4500 MD triple quadrupole 

mass spectrometer (SCIEX, Framingham, MA, USA) (UHPLC-MS/MS) was used, 

with an ACQUITY UPLC BEH C18 Column (1.7 µm x 2.1 x 100 mm) equipped with 

a ACQUITY UPLC BEH C18 VanGuard Pre-Column (1.7 µm x 2.1 x 5 mm), (Waters, 

Milford, MA, USA). Separation was achieved in 28 min using 10 mM ammonium 

acetate in 20% acetonitrile (mobile phase A) and 10 mM ammonium acetate in 80% 

acetonitrile (mobile phase B), total flow rate: 0.4 ml/min. To quantify biliary lipids, 

lipids were isolated from 15 µl of bile using Bligh & Dyer extraction [19] and split in 

10 µl for cholesterol measurement via homemade assay according to Gamble and 5 µl 

for phospholipid measurement  according to Bottcher et al. [20,36]. 
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Feces metabolite concentrations 

Neutral sterols and bile acids were measured by GC-MS as described previously [37], 

with a minor modification, where fecal neutral sterols are extracted from 50 mg of 

feces with 2 x 2 ml petroleum ether after saponification in 1 ml of alkaline methanol, 

instead of 3 x 3 ml. 

 

Statistical analysis 

While we aimed for a fully longitudinal study, some parameters are currently not 

accessible for multiple measurements in the same animal, since they require 

terminating the animal. Such cross-sectional data between different time points were 

compared with one-way ANOVA, or when a non-parametric test was indicated, by a 

Kruskal-Wallis test and the p-value adjusted for multiple comparisons by Tukey-

Kramer correction. For all truly longitudinal data, mixed-linear effects models were 

used to establish whether data was best described as biphasic or as either linearly 

increasing or decreasing, using the MATLAB and Statistics Toolbox Release 2015b 

software. Values vs. fitted-value plots were used to check for the presence of 

heteroscedasticity and non-normal distribution of the residuals. When the model was 

best described as biphasic, best linear unbiased estimates were used to calculate the 

peak of the fitted model. To calculate marginal and conditional R2, we made use of the 

formulas described by Johnson (2014) [38]. 

 

marginal R2 =  var_fixed / (var_fixed + var_random + var_resid) 

 

conditional R2  = (var_fixed + var_random) / (var_fixed + var_random + var_resid) 

 

In the setting of a mixed-effect model, the marginal R2 reflects the variation explained 

by the fixed-effects of the linear model. In our case, by using time as only variable, it 

reflects how much of the variation is explained by the coefficients that fit the group 

mean response through time. The conditional R2, in contrast, reflects how much of the 

variation in time is explained when including the individual response to the diet. That 

is, when allowing coefficients for individual mice to be normally distributed around the 

estimate for the group mean response. 

 

Results 

 

Body weight and food intake 

Body weight rapidly increased in response to the HFCD and then plateaued around 12 - 

16 weeks (Fig. 1). Mixed modeling suggests a maximum at 18 weeks, with a marginal 
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and conditional R2 of 0.47 and 0.98 respectively, illustrating the large variation in body 

weight between animals. Food intake was higher the first few weeks after introduction 

to the diet. Towards the end of the diet some animals showed increased food intake as 

well. We note that food intake is difficult to determine accurately, as the food pellets 

are crumbly and some animals are prone to spillage, especially immediately after 

introduction to the diet (Fig. S1). When applying a mixed model to the food intake, we 

find a better fit for a biphasic curve where the marginal response indicates a minimum 

at 13 weeks with a week-averaged daily food intake of 3.2 g and a daily food intake of 

3.7 and 3.8 g at the start and end of the experiment respectively. These results should 

be interpreted with caution since the marginal R2 is only 0.03. Median daily food 

intake was 3.1, 3.2, 3.3 and 3.2 gram for the 4, 9, 13 and 28 weeks cohorts 

respectively. We noted that individual median food intake correlated with maximum 

body weight attained for the 9, 13 and 28 weeks cohort (Fig. 2) but not for the 4 weeks 

cohort. The correlations of the 28 weeks cohort are only significant when drop outs are 

excluded. All in all, these results indicate that at least part of the variation in body 

weight observed may be explained by individual differences in food intake. 

 

Plasma lipid parameters 

Plasma triglyceride (Fig. 3A) and plasma total cholesterol (Fig. 3B) showed 

considerable changes and an interesting biphasic response to the HFCD. Inspection of 

the data in Fig. 3 suggests a maximum in plasma triglyceride and cholesterol between 

16 and 20 weeks after start of the diet. To test and quantify these observations, mixed 

linear effect models were used. Using time as the sole predictor variable, we found that 

for plasma triglyceride and total cholesterol model specifications with third power and 

quadratic fixed effects respectively achieved a better fit to the data than the 

corresponding mixed effect models with time as a linear predictor. This supports that 

the observed response in plasma triglyceride and total cholesterol is indeed biphasic. 

Plasma TG was transformed by taking the square root to mitigate heteroscedasticity in 

the residuals. We found a marginal and conditional R2 of 0.19 and 0.9 for plasma 

triglyceride and 0.50 and 0.87 for plasma total cholesterol, underlining that the random 

effects (i.e. individual contribution) explain a large proportion of the variance. The 

terms of the fixed effects point to a maximum at 18 weeks for both plasma triglyceride 

and total cholesterol. Inspection of the HDL-c data does not convey a clear trend 

through time (Fig. 3C). However, similar to plasma TG, mixed modeling results in the 

best data fit for third power model, leading to a marginal and conditional R2 of 0.14 

and 0.57 respectively and a maximum at 9 weeks. Consistent with the findings for 

plasma TC, mixed modeling of non-HDL-c shows a maximum at 20 weeks, with a 

marginal and conditional R2 of 0.51 and 0.83 respectively (Fig. 3D). 
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Plasma glucose and insulin 

In line with effects on TG and cholesterol levels, plasma glucose and insulin also 

reveal a biphasic response (Fig. 4), yet the response peaked much earlier and was 

apparently not directly coupled to changes in lipids. Mixed modeling shows that for 

both glucose and insulin a third power mixed effect model fits the data best, with a 

peak for glucose at 6 weeks and a peak for insulin at 10 weeks. Marginal and 

conditional R2 for plasma glucose and insulin were 0.18 and 0.28, and 0.28 and 0.8 

respectively.  

 

Liver lipid content 

Liver weight increased with the time spent on the HFCD (Fig. 5A). There appears a 

trend for liver TG to first increase and then decrease. However, even the most marked 

difference in liver TG between 13 weeks and 28 weeks does not reach statistical 

significance (p = 0.053) (Fig. 5B). Similarly, liver total cholesterol follows the trend of 

liver triglycerides (Fig. 5C). One-way ANOVA shows no significant differences. Liver 

free cholesterol remains constant through time, with a trend for an increased free 

cholesterol concentration at the latest time point (Fig. 5D). One-way ANOVA shows 

that the difference between 28 weeks and both 4 (p=0.01) and 9 weeks (p=0.02) were 

statistically significant. In contrast, liver phospholipids show a trend for being 

decreased at the last time point when compared to the first time point (fig. 5E). One-

way ANOVA shows that liver phospholipid concentrations after 4 weeks HFCD 

differed significantly from 9 weeks (p=0.01), 13 weeks (p=0.04) and 28 weeks 

(p=0.02).  

 

Liver NASH scores 

Liver NASH scores and fibrotic area increased with time spent on HFCD (Fig. 5F-G). 

NASH scores show a statistically significant difference both between 4 weeks and 13 

(p=0.047) and 28 weeks (p<0.01) and between 9 weeks and 28 weeks (p<0.01), using 

the one-way kruskal-wallis test. Fibrotic area was remarkably similar for the first 3 

months while fibrotic area after 28 weeks HFCD was notably increased (p<<0.01). 

 

RNAseq analysis 

To investigate the effect of 6 months HFCD feeding on gene expression in the 

metabolic networks of the mice, we determined global mRNA levels in the livers using 

the Lexogen platform. The number of differentially expressed genes after 9 weeks, 13 

weeks and 28 weeks HFCD diet (compared to 4 weeks HFCD) was surprisingly low; 1, 

63 and 159 respectively, against 6843 genes with sufficient sequencing depth. Of 

differentially expressed genes, many were associated with inflammation and fibrosis 

and increased in expression over time. For example, the collagen subunits Col1a1, 
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Col1a2, Col3a1, Col6a3 and the chemokines Ccl6, Cxcr4 were all increased in 

expression at 13 weeks and 28 weeks HFCD. Furthermore, we note high expression of 

glutathion transferases (Gstm1, Gstm3) and galectins (Lgals1, Lgals3) at 13 and 28 

weeks of HFCD. When focusing on differentially expressed genes with roles in 

metabolism we note the following. G6pc expression was increased (logFC=1.4, 

FDR=0.04) in the 9 weeks HFCD cohort, Lpl expression was increased in the 13 weeks 

cohort (logFC=1.4, FDR<0.001) and 28 weeks cohorts (logFC=1.9, FDR<1e-6), Pltp 

expression was increased in the week 13 cohort (logFC=1, FDR<0.001) and at 28 

weeks HFCD (logFC=1.1, FDR<1e-5), while Cyp7b1 (logFC=-1.5, FDR<1e-6), 

Cyp8b1 (logFC=-1.5, FDR<1e-6) and Slc10A1 (logFC=-1.3, FDR<1e-6) expression 

was decreased after 28 weeks HFCD. Though it may be expected that many genes 

important in the regulation of cholesterol homeostasis (Nr1h3, Nr1h2, Nr5a2, Srebf2, 

Insig, Scap, Hmgcr, Abcg5, Abcg8) and of triglyceride synthesis (Srebf1, Fasn, Dgat2, 

Acly, Acaca, Acacb, Scd1, Gpd1) would be differentially expressed over time, this was 

actually not the case. A heat map is provided with the genes mentioned above (Fig. 6), 

a full list of differentially expressed genes over time may be found in a supplemental 

file (Suppl. File RNA_analysis). 

 

VLDL-TG production and hepatic de novo lipogenesis 

In spite of both liver lipid content and histology showing large changes over time, we 

found no differences in VLDL-TG production. VLDL-TG production was 162 (46), 

176 (29), 151 (44) and 136 (54) µmol TG/kg/hour for 4, 9, 13 and 28 weeks 

respectively (SDs are given within brackets), thus showing no clear trend over time 

(Fig. 7). Fractional de novo lipogenesis (i.e. the percentage of newly synthesized fatty 

acids) appears higher at 13 and 28 weeks, with significant differences between 4 and 9 

weeks on the one hand and 13 and 28 weeks on the other hand for de novo production 

of palmitate (C16:0, Fig. 8A) and stearate (C18:0, Fig. 8B). Oleate (C18:1, Fig. 8C) 

fractional de novo lipogenesis was also signficantly different between 9 weeks 

compared to 13 and 28 weeks. Fractional de novo lipogenesis attributable to chain 

elongation of palmitate (Fig. 8D-E) shows a mixed picture, with stearate contribution 

of chain elongation being different only between 9 weeks and the 4, 13 and 28-week 

time points, whereas the oleate contribution to chain elongation showed significant 

differences between 4 and 28 weeks.  

 

Endogenous glucose production 

Tracer kinetics showed a trend for decreasing AUC and mean residence time over time 

whereas for bioavailability, apparent volume of distribution, metabolic clearance rate 

and glucose pool size the parameters decreased from 3 to 15 weeks HFCD followed by 

an increase at the 27 weeks time point (Fig. S3). Similarly, and in line with the 
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decreasing trend for plasma glucose and the behaviour of the metabolic clearance rate 

with time spent on the HFCD (Fig. 9A), it was seen that endogenous glucose 

production decreased over time during the first three months, followed by an increase 

towards 27 weeks of HFCD (Fig. 9B). We observed no trend for overall insulin 

sensitivity (Fig. 9D).  However, peripheral insulin sensitivity showed a decrease with a 

minimum around 9 weeks followed by an increase towards 27 weeks. In contrast, the 

hepatic insulin sensitivity showed a very mixed picture, with values diverging the most 

at 9 weeks HFCD and then converging slightly at 27 weeks HFCD. Mixed modeling 

suggests a minimum of endogenous glucose production at 17 weeks of HFCD. 

Marginal and conditional R2 were 0.53 and 0.53 respectively. Peripheral insulin 

sensitivity showed a minimum at 15 weeks and marginal and conditional R2 of 0.16 

and 0.47 respectively. 

 

Biliary bile acid and cholesterol secretion 

In line with the biphasic curve observed for plasma and liver lipids, biliary bile acid 

production, cholesterol production, and phospholipid production also show a biphasic 

trend (Fig. 10). One-way ANOVA shows that differences over time for bile acid 

production do not reach statistical significance. Biliary cholesterol production is 

different between 9 and 13 weeks (p<0.001), and 28 weeks (p=0.03). Biliary 

phospholipid production is also different between 9 and 13 (p=0.002) on one hand and 

between 13 and 28 weeks (p = 0.04) on the other hand. 

 

Fecal neutral sterol and bile acid excretion 

Fecal neutral sterol excretion appears to increase with time. In contrast, fecal bile acid 

excretion does not show an obvious trend over time (Fig. 11). Mixed linear modeling 

indicates however that in both cases a quadratic model is appropriate. We then arrive at 

a minimum of fecal neutral sterol excretion at minus 4 weeks, indicating that the group 

mean response only increases in the experimental time-frame, and a minimum of bile 

acid production at 9 weeks. Marginal and conditional R2 for fecal cholesterol excretion 

was found to be 0.18 and 0.75 respectively, whereas marginal and conditional R2 for 

fecal bile acid production was 0.02 and 0.69 respectively. Clearly, there is a large 

individual contribution to variation in fecal sterol excretion.  

 

Discussion 

 

ApoE*3L.CETP-mice fed an HFCD show a biphasic course for plasma TG, TC, HDL-

c, glucose, insulin, endogenous glucose production and peripheral insulin sensitivity, 

which at least for the changes in plasma lipids, is reminiscent of similar observations in 

cross-sectional studies in man. At the same time we must note that the response of 
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animals to the HFCD is extremely heterogenic for which the reasons are not known. 

We further found no change in VLDL-TG production between the different time 

points. This indicates that differences in plasma lipids over time are likely the result of 

changes in clearance. Another interesting observation was that plasma insulin peaked 

before plasma TG peaked, which suggests that these two hallmarks of metabolic 

syndrome are not similarly linked to body weight gain over time. 

 

Inter-individual variation in response to HFCD is large in E3L.CETP mice 

A large degree of inter-individual variation was observed in this study. The mouse 

strain used here, E3L.CETP and the related apoE*3-Leiden strain, are known for their 

heterogeneity in response to Western-type diets. In fact, animals that do not respond to 

a diet containing 16% fat and 0.1-0.25% cholesterol with respect to a sufficient raise in 

TC are usually excluded from subsequent studies on atherosclerosis development. 

While we can not currently explain the hetereogeneity, the observation that median 

food intake correlated with the maximum attained body weight, suggests that part of 

the observed heterogeneity may be attributed to individual differences in food intake. 

Furthermore, it should be noted that phenotypic heterogeneity is also observed in its 

background strain C57BL/6J, and therefore not solely attributable to the transgenes in 

E3L.CETP. C57BL/6J non-uniform response to high-fat diets have been brought to the 

attention before, and has prompted researchers to stratify individuals for subsequent 

study [39,40]. In fact, homozygosity in inbred mice has long been known to increase 

variability [41].  

 

Biphasic response in plasma insulin and peripheral insulin sensitivity 

We found that plasma insulin increases on HFCD and peaks early, while notably 

peripheral insulin sensitivity, as derived from stable-isotope tracer studies, increased 

over time after an initial decrease. The majority of studies in mice find increased 

insulin resistance with age on high-fat diet [42]. However, decreasing insulin resistance 

with age beyond 24 weeks of high-fat diet has also been observed in C57BL/6J-mice 

[43]. Cross-sectional studies in humans show that insulin resistance increases with age 

[3,4,44]. In our study overall insulin sensitivity did not change while peripheral insulin 

sensitivity increased in the second phase, indicating that E3L.CETP mice on HFCD do 

not behave similar to humans with regard to changes in insulin resistance beyond 

approximately 4 months of HFCD. It is unclear what caused the increased peripheral 

insulin sensitivity in this study and whether this finding is specific for this mouse strain 

or a more general phenomenon of mice subjected to HFCD for longer periods of time. 

Assuming the latter, a potential mechanism may be that over the course of the HFCD, 

cholesterol and oxysterol metabolites accumulate in adipose tissue and lead to 
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increased activation of NR1H3 (a.k.a. LXR), in turn leading to increased peripheral 

insulin sensitivity [45].  

 

Biphasic response in dyslipidemia reminiscent of decrease in plasma TG in mouse 

models of accelerated ageing 

We observed a biphasic response in dyslipidemia to HFCD with plasma TG and TC. 

Data regarding the development of dyslipidemia in E3L.CETP mice on HFCD over an 

extended time period have not previously been reported. However, a longitudinal study 

in apoE3*Leiden mice on a high-fat diet without added cholesterol up to 3 months 

showed a gradual increase in plasma TG and plasma TC, which is in agreement with 

the current study [42]. Interestingly, plasma TG in the Ercc1-/Δ mouse model of 

accelerated aging at 21 weeks of age is similar to wild-type mice aged 26-34 months, 

and decreased compared to 7 weeks old wild-type mice [46]. In other words, a decrease 

in plasma TG in mice is associated with ageing, and the observed changes in 

lipoprotein metabolism of E3L.CETP mice on HFCD may share some mechanisms 

with those active in the ageing process.  

 

VLDL-TG production does not explain biphasic pattern of dyslipidemia 

In this study, VLDL-TG production was not significantly different between measured 

time points, suggesting that the differences observed in dyslipidemia are likely due to 

differences in the clearance of apoB-lipoproteins. In contrast, earlier studies in 

apoE3*Leiden mice on a HFCD showed increased VLDL-TG production leading to a 

peak at 45 days compared to 100 days of age [47]. In our experiment however, animals 

were aged >100 days at the start of the experiment. Together these findings suggest 

that VLDL-TG production in apoE3*Leiden and E3L.CETP mice are increased at a 

younger age on a HFCD, however may decrease and stabilize to a steady value once 

animals reach maturity. Given that VLDL-TG production was not changed over time, 

the observed changes in plasma TG are likely to be the result of changes in triglyceride 

hydrolysis activity. VLDL-TG production as primary cause for variation in plasma TG 

can however not be completely excluded, given the heterogeneity observed between 

animals and that with the currently available methods, VLDL-TG production in an 

animal can be measured only once. The fact that we observed no correlation between 

basal plasma TG and VLDL-TG production rate (Fig S4) argues against this possibility 

however. 

 

Contribution of VLDL-production and clearance to dyslipidemia in humans 

Since E3L.CETP mice have a ‘humanized’ lipoprotein metabolism, it is of interest to 

compare findings in lipid parameters of this study to those found in humans. Whereas 

in the current study differences in dyslipidemia appear to be mediated by differences in 
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lipoprotein clearance, dyslipidemia observed in metabolic syndrome in men is 

considered to be caused by an increase in VLDL-production [48]. Furthermore, 

increased age is associated with increased VLDL-production as well as reduced LDL-

clearance in men [49]. On the other hand, studies in women and mixed groups suggest 

that age-related increases in triglycerides and cholesterol are due to decreased 

catabolism of lipoproteins [50,51]. All in all, we must conclude that in humans both 

VLDL-TG production and clearance can contribute to differences in plasma TG. 

Although a limitation of this study was that triglyceride hydrolysis activity as such was 

not evaluated, the lack of significant differences in VLDL-TG production over time 

suggests that changes in triglyceride hydrolysis activity was the predominant factor in 

the dyslipidemia observed here. 

 

Gene expression profiles do not follow the response to HFCD in metabolic fluxes 

Gene expression analysis of E3L.CETP – mice on HFCD for 4, 9, 13 and 28 weeks 

showed an increase in expression of genes involved in inflammation and fibrosis. 

Furthermore, we observed that metabolic differentially expressed genes encoding 

metabolic enzymes showed little correlation with the measured metabolic fluxes. First, 

the increased G6pc expression after 2 months HFCD does not coincide with increased 

endogenous glucose production. It should be noted that G6pc expression is mostly 

linked to increased glucose production in primary hepatocytes, whereas in vivo studies 

show that changes in G6pc expression do not necessarily result in changes in 

endogenous glucose production [52,53]. Secondly, a decrease of Cyp7b1, Cyp8b1 and 

Slc10a1 in expression over time, does not coincide with a concomitant decrease in 

biliary bile acid secretion. This is in agreement with earlier findings where changes in 

bile acid gene expression may affect composition of bile acids but has little bearing on 

the total biliary bile acid secretion [54,55]. Finally, absence of Pltp has previously been 

shown to impair VLDL-TG production in mice [56]. Here, we observed that Pltp was 

decreased in expression over time, with however no changes in VLDL-TG production. 

Overall, the findings in the present study may serve as another reminder that gene 

expression can generally be considered as a poor predictor of metabolic fluxes [57–59].  

 

Linear relation between body weight and liver weight 

While the liver weight increased over time, hardly any significant changes through 

time on HFCD for the liver lipids were observed. Free cholesterol however increased 

with time, which is in line with other studies, in which free cholesterol accumulates in 

the liver on high-fat high-cholesterol diet and contributes to NASH development [60]. 

Interestingly, we further observed a near linear relation between body weight and liver 

weight, suggesting a redistribution of fat from adipose tissue to liver. In contrast, the 

relation between body weight and liver triglyceride concentrations is less clear.  
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Modest increase in hepatic de novo lipogenesis over time 

Changes in hepatic de novo lipogenesis were more evident, being increased at 13 and 

28 weeks HFCD compared to 4 and 9 weeks time points. This is in line with other 

mouse studies where high fat diet stimulated hepatic de novo lipogenesis and this 

effect was stronger with longer time spent on high-fat diet [61]. In human studies, the 

relation between age and hepatic de novo lipogenesis has received little attention to 

date, with one study reporting increased hepatic de novo lipogenesis in elderly 

compared to younger controls [62]. More studies are necessary to estabilish these 

relations. 

 

Biliary bile acid and cholesterol fluxes 

We observed no clear pattern in biliary bile acid secretion over time. Dietary 

cholesterol increases bile acid production in mice within 3 weeks [63]. On the other 

hand, ageing has been reported to decrease bile acid production in both humans and 

mice [64,65]. In contrast, biliary cholesterol production increases with age in man [65]. 

While we observed an increase in biliary cholesterol production between 28 weeks and 

9 weeks, the difference between 28 weeks and 4 weeks HFCD was not statistically 

significant. All in all, there appears to be no ageing effect in bile production in 

E3L.CETP – mice on HFCD within 28 weeks.  

 

Role of cholesterol absorption in dyslipidemia in mice and humans 

Dyslipidemia in mice is generally elicited through feeding HFCD, since high-fat diet 

without added cholesterol is not sufficient [66]. It follows that cholesterol absorption 

may be an important factor in the response to the HFCD. Here, we found that fecal 

neutral sterol excretion increased with time on HFCD, indicating that dietary 

cholesterol absorption of E3L.CETP mice on HFCD decreases as mice age. Of note, 

C57BL/6J-mice on a standard diet show the opposite, i.e. an increase in cholesterol 

absorption with increasing age [67]. In humans, cholesterol absorption is an important 

predictor for dyslipidemia [68,69]. Moreover, a cross-sectional study in Finland found 

that healthy 75-year old men show decreased cholesterol absorption compared to 50 

year-old men [70]. Taken together, it appears that E3L.CETP mice on a HFCD follow 

a similar trajectory in cholesterol absorption as humans. While at this point it is not 

clear whether these observations are caused by comparable mechanisms, it is intriguing 

that a “humanized” lipid profile may also lead to a “human” trajectory in intestinal 

cholesterol absorption. 
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Insulin resistance precedes dyslipidemia 

We observed in this study that insulin resistance preceded dyslipidemia. Similar 

observations have been made in other animal as well as human studies. Barnard et al. 

observed that first fasting insulin levels increased, i.e. within 2 weeks, and then plasma 

TG increased in unison with glycerol release and fat cell size in female Fischer rats on 

high-fat high-sucrose diet [71]. Similarly, in the San Antonio Heart Study, fasting 

plasma insulin was shown to be predictive for increased plasma TG at 8-years follow 

up in humans [72,73]. Assuming that a common cause for insulin resistance and 

dyslipidemia exists, these findings imply that insulin resistance is triggered first and 

dyslipidemia only occurs beyond a threshold. The idea of a threshold is consistent with 

the paradigm of insulin resistance being caused by free fatty acids leaking into the 

system once the capacity of white adipose tissue to store fat is exceeded. Recently, Van 

Beek et al. found that in C57Bl/6J mice, plasma TG increases sharply once mice 

exceed  a body weight around 40 gram [74]. While here a similar pattern is observed 

(Fig. S5), the variation is higher, suggesting the presence of another factor that 

modulates plasma TG. Similarly, while Van Beek et al. find a close relationship 

between body weight and plasma insulin [74], here we find that this relationship is less 

distinct, and that body weight in the first three months of HFCD is associated with 

higher plasma insulin levels than in the second three months of HFCD (Fig. S5). This 

change in relation between body weight and both insulin resistance and dyslipidemia 

implies that, if fatty acids are considered the culprit, a fatty acid sink must develop 

over time, mitigating both dyslipidemia and insulin resistance. 

 

In conclusion 

Overall, E3L.CETP mice on a HFCD show a biphasic response in metabolic 

parameters through time, and may prove to be an adequate model to study age-

dependent changes in plasma lipids in men.  
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Figures 

 

 

 

Figure 1 

Body weights of male E3L.CETP-mice on HFCD over time. Note that body weight plateaus around 12-15 

weeks. Blue-dotted lines represents the group mean response of the mixed model. Red lines connect 

measurements performed on the same individual animal. Mixed modeling suggests a maximum at 18 

weeks HFCD. 
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Figure 2 

Correlations between individual median food intake over time with the maximally attained body weight of 

the respective cohorts. Red points indicate animals that dropped out before the end of the experimental 

period. Pearson correlations shown are with dropouts excluded. When including dropouts correlations are 

ρ = 0.62 (p=0.0037) and ρ = 0.24 (p=0.10) for the 13 and 28 weeks cohort respectively. 
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Figure 3 

Plasma triglyceride (A), total cholesterol (B), HDL-C (C) and non-HDLC (D), for male apoE*3L.CETP 

mice as measured at the indicated time points. Data for the respective cohorts was pooled when measured 

on the same time point.  Blue-dotted lines represents the group mean response of the mixed model. Red 

lines connect measurements performed on the same individual animal.  
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Figure 4 

Whole blood glucose (A) and plasma insulin (B) of male apoE*3L.CETP mice as measured at the 

indicated time points. Data for the respective cohorts was pooled when measured on the same time point.  

Blue-dotted lines represents the group mean response of the mixed model. Red lines connect 

measurements performed on the same individual animal. Note the biphasic response and that glucose 

peaks earlier than plasma insulin levels.  
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Figure 5 

Liver weights (A), liver triglyceride (B), total cholesterol (C), free cholesterol (D) and phospholipid (E) 

concentrations, and NASH scores (F) and fibrotic area (G) of livers in male apoE*3L.CETP cohorts 

sacrificed after 4, 9, 13 and 28 weeks HFCD respectively. NASH scores show a statistically significant 

difference both between 4 weeks and 13 (p=0.047) and 28 weeks (p<0.01) and between 9 weeks and 28 

weeks (p<0.01), using the one-way kruskal-wallis test. Fibrotic area was remarkably similar for the 

cohorts sacrificed up to 13 weeks while fibrotic area after 28 weeks HFCD diet was notably increased 

(p<0.01). N = 10, 10, 9 and 21 for 4, 9, 13 and 28 weeks HFCD diet respectively. Significant differences 

are denoted with brackets and asterisks : p<0.05 (*),  p<0.01 (**), p<0.001 (***). 

 

 

 

 

Figure 6 

Heatmap of selected gene expressions over time. 
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Figure 7 

VLDL-TG production in the respective cohorts does not convey a clear up or downward trend. One-way 

ANOVA shows no significant differences between the time points. N = 10, 9, 9 and 16 for 4, 9, 13 and 28 

weeks HFCD diet respectively. 
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Figure 8 

Fractional de novo lipogenesis for palmitate (C16:0) (A) , stearate (C18:0)  (B) , oleate (C18:1) (C),  and 

chain elongation of palmitate to stearate (C18:0) (E) and to oleate  (C18:1) (F), across the respective 

cohorts. N = 10, 9, 10 and 17 for 4, 9, 13 and 28 weeks HFCD diet respectively. Significant differences, 

according to one-way ANOVA, are denoted with brackets and asterisks : p<0.05 (*),  p<0.01 (**), 

p<0.001 (***). 
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Figure 9 

Steady state glucose (A), post-test plasma insulin (B), endogenous glucose production rate (C) of male 

E3L.CETP mice on HFCD. From these values we can calculate insulin sensitivity (D), peripheral insulin 

sensitivity (E) and hepatic insulin sensitivity (F). Note that peripheral insulin resistance decreases and 

increases over time while hepatic insulin resistance does not. Blue-dotted lines represents the group mean 

response of the mixed model. Red lines connect measurements performed on the same individual animal. 

N=16, 16, 15 and 14 for 3, 9, 15 and 27 weeks respectively. 
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Figure 10 

Biliary bile acids (A), biliary neutral sterol (B) and biliary phospholipid secretion rate (C) in male 

E3L.CETP – mice on HFCD diet for 4 weeks (n=10), 9 weeks (n=10), 13 weeks, (n=9), or 28 weeks 

(n=16) respectively. 

 

 

 

 

 

 

Figure 11 

Fecal neutral sterol (NS) and bile acid excretion in male E3L.CETP – mice on HFCD diet at 3 weeks (n = 

30), 6 weeks (n=16), 9 weeks (n=30), 10 weeks (n=16), 13 weeks (n=30), 16 weeks (n=15), 17 weeks 

(n=29), 21 weeks (n=29), 22 weeks (n=14),  27 weeks (n = 24) and 28 weeks (n =14). The blue-dotted line 

represents the group mean response of the mixed model. Red lines connect measurements performed on 

the same individual animal. 
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Abstract 

Within the human population, considerable variability exists between individuals in their 

susceptibility to develop obesity and dyslipidemia. In humans this is thought to be caused 

by both genetic and environmental variation. APOE*3-Leiden.CETP mice, an inbred 

mouse model that develops metabolic syndrome upon feeding high-fat high-cholesterol 

diet, despite the lack of genetic and environmental variation, also shows large inter-

individual variation in parameters of the metabolic syndrome.  

In the present study, we set out to resolve what mechanisms could underlie this variation. 

We used measurements of glucose and lipid metabolism from a 6-month duration 

longitudinal study on the development of metabolic syndrome. Mice were classified as 

mice with either high plasma triglyceride (responders) or low plasma triglyceride (non-

responders) at baseline. Subsequently, we fitted the data to a dynamic computational 

model of whole body glucose and lipid metabolism (MINGLeD) by making use of a 

method called Adaptations in Parameter Trajectories (ADAPT). ADAPT integrates 

longitudinal data, and predicts how the parameters of the model must change through 

time in order to comply to the model constraints.  

ADAPT analysis suggested decreased cholesterol absorption, higher energy expenditure 

and increased fecal fatty acid excretion in non-responders. While decreased cholesterol 

absorption and higher energy expenditure could not be confirmed, experimental 

validation demonstrated that non-responders were indeed characterized by increased 

fecal fatty acid excretion, suggesting decreased fat absorption. Furthermore, the amount 

of fatty acids excreted strongly correlated with bile acid excretion, in particular 

deoxycholate, suggesting that variation in bile acid homeostasis may drive the 

phenotypic variation in the APOE*3L.CETP mice. 

 

 

Introduction 

Diets characteristic for Western society have spread across the globe, which together 

with the development of a mostly sedentary life style, have led to an increase in the 

prevalence of cardiovascular risk factors such as obesity, insulin resistance and 

hypertriglyceridemia [1]. It is generally assumed that the vast differences in genetic 

make-up between individuals, makes that some individuals are less, and some 

individuals are more prone to develop these risk factors while being subjected to the 

same environment. However, genome wide association studies have to date, only been 

able to explain 21% of the variation in body weight [2]. A significant proportion of 

variation in body weight is thought to be due to variation in environmental variables such 

as diet and physical activity. However, what portion of the variation is due to non-genetic 

factors is not known and more should be learned about how phenotype variability is 

induced. 
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A common mouse model to study dyslipidemia and atherosclerosis is the apolipoprotein 

E*3-Leiden (APOE*3L).cholesteryl ester transfer protein (CETP)-mouse model [3]. 

This mouse model is heterozygous for the human APOE*3-Leiden variant, conferring 

reduced hepatic uptake of triglyceride-rich lipoproteins from the circulation. 

Furthermore, the mouse model is heterozygous for the human transgene CETP. The 

combination of these genes results in a ‘humanized’ lipid metabolism with more 

cholesterol in apoB-containing lipoproteins and a relatively low HDL-cholesterol level 

[3].  

A major advantage of this mouse model, is that it has been shown to react to lipid-

lowering drugs similar to humans [4]. These mice were recently used to study the 

development of metabolic syndrome through time [5]. A striking observation in this 

study was the major variation in important parameters of metabolic syndrome, including 

body weight, dyslipidemia and insulin resistance, not only in time, but also between 

individual mice [5].  

Given that the mice are inbred and maintained under identical conditions, and therefore 

share genes and environment, elucidating what drives the observed variation is not a 

straightforward undertaking. Since a priori, there is no rationale to focus on a specific 

pathway or process, such as could be the case when studying the effect of a gene in a 

knock-out or over-expression animal model. Therefore, instead of trying to find out a 

gene-focused mechanism, we reasoned that, whatever the major source of variation in 

these animals is, the effect must take place through the physiological processes it effects 

[6]. Once the physiological process has been identified, a more detailed study may be 

undertaken in an effort to find the mechanism.  

To help us direct our search, we made use of a mixed approach where computational 

modeling exploits experimentally obtained longitudinal data to find which processes are 

most likely involved in explaining phenotypic differences [7]. Previously, we have used 

this method named Adaptations in Parameter Trajectories (ADAPT) to study how 

cholesterol addition to high-fat diet may affect the metabolic phenotype in male 

APOE*3L.CETP mice [8]. Interestingly, one of ADAPT’s predictions suggested that 

mice with a stronger dyslipidemic phenotype may have enhanced cholesterol absorption 

[8]. Most recently, in a study focusing on liver morphology and histology, it was 

observed that APOE*3L.CETP mice with less dyslipidemia (non-responders) present 

with increased liver inflammation [9]. 

Here, using ADAPT on extensive longitudinal data of male APOE*3L.CETP mice, we 

were directed towards differences in cholesterol and triglyceride absorption as important 

mediators for heterogeneity in metabolic phenotype. Validation experiments revealed 

that fecal fat excretion is increased in mice with low plasma triglyceride and body 

weight. Interestingly, the amount of fatty acids excreted strongly correlated with bile 

acid excretion, in particular deoxycholic acid, a bile acid produced through conversion 
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of cholic acid by microbiota in the colon [10]. These findings suggest that variation in 

production of cholic acid may drive the phenotypic variation in the APOE*3L.CETP 

mice. 

 

 

Methods 

 

Animals, diet and housing 

Experimental conditions have been described previously [5]. In brief, male 

APOE3*L.CETP mice were housed individually and fed a synthetic high fat and 

cholesterol diet (HFCD) containing 60% fat in energy and 0.25% cholesterol in weight 

(D12429, Research Diets) in a light (lights on 7:00 AM – 7:00 PM) and temperature-

controlled (21 °C) facility. Prior to the start of the experimental period, mice were co-

housed with siblings and fed chow ad libitum. At least one week prior to the start of the 

experiment animals were housed individually to acclimatize. Experimental procedures 

were approved by the Ethics Committees for Animal Experiments of the University of 

Groningen. 

 

Experimental setup 

As previously described [5], four groups of mice were fed HFCD ad libitum for 4 (n=20), 

9 (n=19), 13 (n=20) and 28 weeks (n=30) respectively. At the end of the dietary 

intervention, mice in the respective cohorts were distributed over two groups, to either 

measure VLDL-TG production or to measure hepatic de novo lipogenesis, measure bile 

production and collect tissues. In addition, a cohort (n=16) was used to measure 

endogenous glucose production at week 3, 9, 15 and 27 and energy expenditure at week 

1 and 19. In all groups, blood samples were obtained by tail bleeding at 4 to 6 week 

intervals, to determine plasma TG, plasma total cholesterol (TC), HDL-C and glucose. 

In addition, 24-hr feces were collected from all groups at 4 to 6 week intervals. All flux 

measurements and blood sample collections were started at 1 PM in the fasting 

condition, with food removed at 9 AM.  

 

The ADAPT method 

ADAPT first takes a longitudinal data set and fits a series of polynomial curves, data 

splines, through points sampled from the normal distribution of the data at the respective 

time points [11]. Subsequently, ADAPT minimizes the error between the model output 

and the data splines from time point to time point using a least-squares algorithm. Since 

a penalty is put on changes of the parameter values, the algorithm favors gradual changes 

in parameters through time over abrupt changes. By studying predicted changes in 

parameters that were not constrained, ADAPT may assist in identifying processes that 
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are likely to be changed as well, and thus may play an important role in explaining the 

phenomenon of interest. For the current work, we used 200 time steps, and applied a 

regularization parameter (λ) of 0.01. Further details on how we arrived at the settings 

used for ADAPT are described in Suppl. S1. 

 

Experimental data and modeling constraints 

The experimental data have been described in detail previously [5]. Some parameters, 

i.e. VLDL-TG production, de novo lipogenesis, biliary sterol secretion and liver lipids, 

were obtained cross-sectionally. The number of non-responders in the VLDL-TG 

production cohort (n=2, n=0, n=0, n=4) and in the cohort undergoing bile cannulation 

(n=3, n=1, n=1, n=3) for the respective time points of 4, 9, 13 and 28 weeks were too 

small for reliable differentiation with the responders (n=8, n=9, n=9, n=13 and n=7, n=9, 

n=8, n=14) in the respective cohorts. Therefore, while constraints for food Intake, body 

weight, plasma values and fecal samples were directly taken from the data of responders 

and non-responders, constraints for liver lipids, biliary secretion, hepatic de novo 

lipogenesis and VLDL-TG production were taken as group-averages and therefore the 

same for responder and non-responder groups. Further details as to how experimental 

data were translated to model constraints may be found in Suppl. S2.  

 

Choices concerning model design 

We designed a model that includes all fluxes relevant for whole body fat and cholesterol 

metabolism. Overall, the computational model may be described as a three link-chain 

where the interaction within a module is more dependent than between modules (Fig. 1). 

The model was named Model INtegrating GLucose and Lipid Dynamics (MINGLeD), 

emphasizing that we have both glucose and lipid metabolism integrated in one model 

[8]. The hierarchy between modules within MINGLeD is such that food intake and 

absorption control fat storage, energy expenditure and de novo synthesis of cholesterol. 

Cholesterol homeostasis in turn, is controlled by its synthesis and the balance between 

absorption, excretion and bile acid production. Finally, bile acid metabolism is 

dependent on its synthesis from hepatic free cholesterol and the balance between 

secretion and reuptake. In general, we considered reactions to be first order. It should be 

noted that the rate equation in the setting of the ADAPT framework is of less importance 

than the constraints used, since ADAPT will change the parameter values to comply with 

the constraints regardless of the rate equation. However, it must be noted that replacing 

first-order rate equations by zero-order equations could result in model systems where 

steady state equilibriums can only be achieved when the parameter values fulfill specific 

conditions, so that attaining steady state for a given parameter set is no longer 

guaranteed, and should therefore be avoided. All model equations may be found in the 

supplemental information (Suppl. S3). We highlight some of the relations here because 
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they require some explanation. Notably, the rate equation for CETP was chosen to be 

dependent on plasma triglyceride pools, since this is generally considered to be the driver 

behind CETP-action [12]. While we have also considered a system driven by the 

triglyceride-cholesterol ratio between triglyceride-rich lipoproteins and HDL, since this 

would require knowledge of the triglyceride-cholesterol ratio in HDL, which we lacked, 

we decided against this. Furthermore, the trans-intestinal cholesterol excretion (TICE) 

rate equation was chosen to be dependent on the VLDL-C pool. TICE is the flux of 

cholesterol that, given dietary intake and absorption of cholesterol, biliary cholesterol 

secretion and fecal cholesterol excretion rate, has to enter the intestine directly from the 

plasma. The plasma compartments contributing to TICE are not completely clear, and 

may be both coming from apoB-containing lipoproteins as well as from erythrocytes. 

Therefore, it was decided to make it dependent on VLDL-C only, since erythrocytes 

were out of the scope of this study [13]. 

 

Local Sensitivity Analysis 

We performed a local sensitivity analysis, to better understand the drivers behind plasma 

TG and hepatic TG within the model. While this could in theory be calculated by using 

model simulations to calculate new steady states, in practice the computational cost 

proved prohibitive. Therefore, we manually derived the steady state equations for the 

model.  

 

Validation Experiment 

In two institutions (UMCG and LUMC), 13 male APOE*3-L.CETP mice were fed the 

same HFCD with 60% of energy from fat and with 0.25% cholesterol for 8 weeks and 

fractional cholesterol absorption was measured as described previously [14]. Animal 

experiments were approved by the responsible ethics committees. Fecal FFA were 

measured as described previously [15]. 

 

 

Results 

 

Stratification to responder and non-responder phenotypes 

We have shown previously that the APOE*3L.CETP mice show great variability in 

response on treatment with the HFD diet [5]. Based on previous experience we stratified 

individual mice into a responder and non-responder group, by classifying mice with a 

plasma triglyceride < 1.0 mM at baseline as non-responders. Since non-responders have 

lower body weight this also selects animals with lower body weight. This stratification 

procedure yielded 36 responders and 11 non-responders. As shown in Fig. 2, low TG at 

baseline was highly predictive for TG levels during the first 20 weeks of the experiment. 
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The last 4 weeks the high TG group showed a strong decline in levels of the lipid. A 

similar pattern was observed for total cholesterol (TC) levels but much less difference 

was observed in peripheral fat content as well as plasma HDL-C levels. In agreement 

with the observed differences in plasma TG and body weight, insulin levels were lower 

in non-responders as well (Fig. S1, S2). 

 

ADAPT adequately constraints the model and predicts a higher lipolytic rate for 

nonresponders 

We have shown recently that the newly developed MINGLeD model of lipid and 

carbohydrate metabolism can adequately describe metabolism in APOE*3L.CETP mice 

[8]. In order to find clues as to what processes may explain the observed differences 

between responders and non-responders, making use of the constraints for responder and 

non-responder groups, ADAPT was applied to the MINGLeD model (Fig. 2 and Fig. 

S3, S4). It was then observed that the model simulations closely followed the constraints, 

which indicated that there were no great issues in fitting the parameters to the constrained 

model. The model contains 18 states, 39 parameters and 41 fluxes. To guide the analysis, 

we first focused on parameters likely to explain the difference between responders and 

non-responders given that they were classified according to their plasma TG values. One 

of the parameters that we would expect to be changed is the parameter accounting for 

LPL activity, corresponding to the clearance of VLDL-TG within the model. Indeed, as 

expected, the predicted parameter trajectories for LPL are lower in the responder group 

than in the non-responder group (Fig. S5). This result shows that ADAPT is able to make 

adequate predictions with the current constraints and model topology.  

 

Local sensitivity analysis suggests important roles for fat absorption and fat oxidation 

in regulating peripheral and hepatic fat accumulation 

Next, we performed a sensitivity analysis on plasma TG, peripheral TG and liver TG. 

While understandably parameters reflecting LPL-activity (LPL) and VLDL-production 

(apo_B) had large control coefficients over plasma TG, it was notable that fat_intake 

had a higher control coefficient than apo_B. Moreover, fat_intk was shown to exert great 

control over peripheral TG and liver TG as well. Strong negative control over both liver 

and peripheral TG was attributed to the parameters reflecting fat oxidation (per_CPT1 

and hep_CPT1) and the activity of the Krebs cycle (hep_CS and per_CS) respectively. 

Interestingly, for both liver TG and plasma TG, parameters reflecting postprandial fat 

uptake of liver (hep_chyl_upt) and periphery (per_chyl_upt) were shown to be 

important. Thus, fat intake, absorption and oxidation are important fluxes controlling 

body fat and plasma TG (Suppl. S4). Importantly, these parameters were sensitive over 

the entire length of the study period (Fig. S6). Together, these results suggest that fat 
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intake, fat absorption and fat oxidation may indeed be important parameters when 

counteracting fat accumulation, thereby preventing metabolic syndrome.  

 

ADAPT predicts decreased cholesterol absorption for non-responders 

Since non-responders presented with both lower plasma cholesterol values and higher 

fecal sterol excretion (Fig. 2), we inspected what fluxes ADAPT predicted pertaining to 

cholesterol homeostasis. We then found that ADAPT predicted lower cholesterol 

absorption for non-responders as compared to responders (Fig. 3A). The prediction of 

lower cholesterol absorption for non-responders, makes sense in the light of the observed 

higher fecal cholesterol excretion and lower plasma TC for non-responders. While 

cholesterol synthesis is expected to be decreased with increased cholesterol absorption 

[16], no differences in prediction were found for de novo hepatic or peripheral 

cholesterol synthesis (Fig. S7).  

 

Validation experiment of decreased cholesterol absorption 

Since ADAPT predicted lower cholesterol absorption in non-responders compared to 

responders, we performed a validation experiment where we measured cholesterol 

absorption after 8 weeks of HFCD. We reasoned that if the prediction of ADAPT would 

be correct, we would find a positive correlation between cholesterol absorption and 

plasma TG. To make sure any effect found would not be site or cohort-dependent, two 

independent experiments were performed with different cohorts of mice at two different 

facilities. Surprisingly, we then found no positive correlation between plasma TG and 

cholesterol absorption (Fig. 3B). Furthermore, there was no clear negative correlation 

between plasma TG and fecal neutral sterol excretion (Fig. S8). These findings indicate 

that cholesterol absorption is not consistently decreased in non-responder animals.  

 

ADAPT predicts higher glucose oxidation rates in nonresponders 

Next, we looked for parameter and flux trajectories that may explain the lower body 

weight observed in non-responders compared to responders (Fig. 2, Fig. S1). Since body 

weight is the result of the balance between energy absorption and expenditure, any 

differences must be explained by either. Looking at energy expenditure, we found that 

ADAPT predicted non-responders had higher glucose oxidation rates, while fat 

oxidation rates were predicted to be equal between the two groups (Fig. 4A, 4B). This 

result implies both a higher total energy expenditure for non-responders, and more 

glucose stored as fat and enhanced peripheral de novo lipogenesis in responders. Indeed, 

if we look at the flux trajectories for these processes we see that this is also predicted 

(Fig. S9). Since we had put mice in metabolic cages, that were monitored at least during 

the initial period of the experiment, we could compare how energy expenditure as 

measured by indirect calorimetry was connected to responder or non-responder status. 
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Interestingly, we observed no difference in energy expenditure between the groups (Fig. 

4C, 4D). Of note, even when adjusting for body weight [17], the non-responder animals 

had near average energy expenditure compared to the responders. 

 

ADAPT predicts lower fat absorption in nonresponders 

While ADAPT predicted higher energy expenditure in non-responders, this does not 

exclude differences in energy absorption between groups. Interestingly, we found that 

ADAPT predicted higher fat excretion in non-responders (Fig. 5C). This was further 

highlighted by predictions of higher TG content of the intestinal lumen and lower 

parameter values for fat absorption (Fig. 5D, Fig. 5B). This prediction was validated by 

measuring the amount of fatty acids (FFA) still contained in the feces. We then found 

that FFA content in feces from non-responders was indeed higher than in responders, 

suggesting impaired fat absorption in these mice (Fig. 6A). While cumulative fecal fat 

excretion was significantly different between groups, not all non-responders presented 

with increased fecal FFA excretion, suggesting that in these animals plasma TG is low 

for another reason. Interestingly, fecal FFA excretion also correlated negatively with 

body weight and plasma TG (Fig. 6E, 6F). However, the correlation between body 

weight and fecal FFA excretion was much more evident than for plasma TG, where 

obviously another factor must lead to additional variation. 

 

Decreased fat absorption is associated with a  lower hydrophobicity index of fecal bile 

acids 

Since cholesterol absorption and fat absorption are more promoted by hydrophobic than 

hydrophilic bile acids [18–20], we compared the bile acid composition profiles in feces, 

plasma and bile between responders and non-responders. We reasoned that the observed 

higher fecal FFA excretion may be related to the hydrophobicity of bile acids. Indeed, 

regardless of responder or non-responder status, the hydrophobicity index of fecal bile 

acids were correlated with fecal FFA excretion (Fig. 6C). Furthermore, fecal 

hydrophobicity index was positively associated with fecal bile acid excretion as well. In 

fact, we found fecal FFA excretion to be more strongly correlated with fecal bile acid 

excretion than with the hydrophobicity index (Fig. 6D). Interestingly, we found that 

especially fecal deoxycholic acid, was highly correlated with fecal FFA (Fig. S10). 

Surprisingly, comparing biliary bile acid profiles of responders from all time points with 

those of non-responders, neither a difference in total biliary bile acid secretion nor in 

individual bile acids was found (Fig. S11-S14). However, there was a trend for a lower 

hydrophobicity index of biliary bile acids for non-responders (p=0.12). Interestingly, 

when only biliary bile acid profiles of the first three months were compared, when fat 

excretion was highest, hydrophobicity index of biliary bile acids was indeed lower in 

non-responders (p=0.001). Moreover, mice with low plasma TG in which the fractional 
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cholesterol absorption was measured after 8 weeks of HFCD also showed biliary bile 

acid profiles with lower hydrophobic indexes than those with higher plasma TG 

(p=0.01). Furthermore, both cholic acid and chenodeoxycholic acid derived bile acids 

were higher in the plasma of non-responders (Fig. S15-S17). Together, these data 

suggest that the difference in fecal FFA excretion in non-responders is driven by changes 

in bile acid metabolism. 

 

 

Discussion 

 

The major result of this study is that by using the computational modeling method 

ADAPT, it is possible to identify pathways that play a prominent role in a complex 

disease such as the metabolic syndrome. ADAPT predicted decreased cholesterol 

absorption, increased energy expenditure and increased fecal fat excretion in non-

responders. While a decreased cholesterol absorption and increased energy expenditure 

could not be confirmed, we did find increased fecal fat excretion in non-responders. 

Furthermore, we found that the increased fecal fat excretion was associated with 

decreased fecal bile acid excretion, suggesting that a decrease in bile acid production 

may drive the lower body weight and plasma TG in non-responders. 

 

Sensitivity analysis  

Whole body energy metabolism models enable inspection of which parameters are most 

influential on plasma TG and obesity by performing a local sensitivity analysis. Not 

surprisingly, parameters reflecting intake and expenditure have a large impact. Notably, 

the parameters reflecting fat intake (fat_intake) and peripheral fat oxidation (per_CPT1) 

respectively are important modulators of plasma TG and fat mass in MINGLeD. This 

result is in line with a recent study that found that Cpt1 modulates weight gain in obese-

prone rats, and shows that a sensitivity analysis in a computational model is not just a 

theoretical exercise but can be indicative for findings in vivo [21]. While it may be 

argued that the results of the sensitivity analysis are dependent on the choice to make an 

ODE model with irreversible kinetics instead of reversible Michaelis-Menten kinetics, 

it should be considered that through regulatory layers like feed-forward mechanisms, 

pathways behave mostly linear in practice [22]. 

 

Fat absorption and energy expenditure 

In line with the major impact of fat absorption in the model, we found that non-

responders are marked by increased fecal fat excretion. However, while the cumulative 

fat excretion varied between 0.5 and 5 grams, the body weight difference amounted up 

to 36 grams, and is thus roughly ten times as large. This indicates that any differences in 
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absorption must be accompanied with a difference in energy expenditure. In fact, we 

predicted that energy expenditure in non-responders is increased compared to 

responders, which ADAPT mainly attributed to a difference in glucose oxidation. 

Indirect calorimetry however, showed no differences in respiratory ratio (RER) or 

increase in energy expenditure. Our results are in agreement with findings of Tarasco et 

al., who failed to find differences in energy expenditure between responder and non-

responder APOE*3L.CETP mice as well [9].  

A possible explanation is that indirect calorimetry may not be sensitive enough to detect 

the difference in energy expenditure between responders and non-responders. The mean 

difference in weight increase between non-responders and responders in the first 12 

weeks was 5 gram. This difference in weight would amount to an energy imbalance, 

presuming the weight difference is on account of fat, of 0.6 kcal/day, which, assuming a 

daily energy expenditure of 12 kcal/day, would be 5% of energy expenditure. 

Coincidentally, 5% of energy expenditure is about the threshold to detect differences in 

energy expenditure [17,23]. Furthermore, while a two-fold higher glucose oxidation rate 

was predicted for non-responders compared to responders, the RER data from non-

responders are not in agreement with this prediction. However, it should also be 

considered that given the number of responders and non-responders, and the expected 

difference in RER if glucose utilization would be 10% for responders and 20% for non-

responders, the power to detect this difference is less than 50%. All in all, despite a lack 

of observed differences using indirect calorimetry, non-responders likely have both 

decreased fat absorption and increased energy expenditure.  

Disentangling the relation between food intake, fat absorption and energy expenditure 

can be a challenging ordeal, and which is more important is not always obvious [24–27]. 

For example, the LPCAT3 knock out (LPCAT3-KO) mouse has been reported to have a 

lower body weight due to impaired fat absorption [26]. Interestingly, when fed a 30% 

fat diet, LPCAT3-KO mice have the same food intake as wild-type mice, however with 

only a 2% difference in fat absorption, i.e. 97.5 % instead of 99.5 % uptake [26]. Over 

the 17 weeks of diet, this can be calculated to be approximately 1 gram of accumulated 

difference in fat uptake. The body weight difference between mice however was 13 

grams [26]. Together, this indicates that lower body weight in LPCAT3-KO mice must 

at least in part be due to a different energy expenditure.  

It is tempting to speculate that a decrease in fat absorption also leads to a higher energy 

expenditure. While the mechanism behind this is unclear, it has been proposed that this 

effect may be due to a shift towards absorption more distally in the small intestine, 

leading to less chylomicron production, and with a smaller size. These smaller 

chylomicrons are then believed to tip the scale more towards utilization than storage, 

explaining the higher energy expenditure [28]. In humans, bariatric surgery also leads to 

increased nutrient availability in the distal small intestine. The weight loss associated 
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with bariatric surgery however, is neither due to increased energy expenditure nor 

malabsorption per se, but to decreased food intake in response to increased production 

of incretins like GLP-1 [29,30]. Since in this study no decrease in food intake was 

observed (Fig. S3), such a mechanism is likely not relevant here. 

 

Bile acid metabolism 

An important result of this study was that apart from the tight association in male 

APOE*3L.CETP mice between body weight and fecal fat excretion, there is also a tight 

connection between fecal fat excretion and bile acid metabolism. However, what drives 

the observed differences in bile acid homeostasis remains unclear. It may be postulated 

that the decrease in bile acid production, and specifically the decrease in fecal 

deoxycholic acid excretion in non-responders, could be the result of liver cirrhosis [31]. 

Liver cirrhosis has been reported to result in reduced production of cholic acid, and 

through a decrease in the number of intestinal bacteria capable of oxidating cholic acid 

to deoxycholic acid, liver cirrhosis is also associated with reduced fecal deoxycholic acid 

excretion [10,32]. Moreover, liver cirrhosis is associated with a mitigation of 

dyslipidemia, and with cachexia, although the mechanisms behind these phenomena are 

poorly understood [33]. Interestingly, Tarasco et al. recently reported that livers of non-

responder APOE*3L.CETP mice were found to have more inflammation, less steatosis, 

and occasionally formed neoplasms [9]. In the current study, though no significantly 

increased inflammation was found, we did observe less steatosis in non-responder mice, 

and found (pre)neoplastic deformations in 2 out of 9 non-responder mice of which liver 

histology was available (Suppl. S5). Thus, there are indications that liver abnormalities 

may indeed contribute to the differences in bile acid homeostasis observed between 

responders and non-responders. Importantly, the findings of the current study indicate 

that whatever underlies the observed difference in bile acid homeostasis, the altered fecal 

bile acid profile and concurrent changes in fat uptake dynamics may form a large 

contribution to the observed decrease in plasma lipids and lower body weight found in 

non-responders. While the correlation between specifically fecal deoxycholic acid and 

body weight was strong, it should be realized that deoxycholic acid is mainly produced 

in the colon and is therefore not likely to significantly contribute to fat uptake in the 

small intestine. Rather, fecal deoxycholic acid is likely a sensitive marker for the 

availability of cholic acid in the small intestine, through interaction with the microbiome 

[10,32]. Cholic acid in the small intestine then drives the observed fat uptake dynamics. 

Finally, since these observations were done in a mouse with a humanized lipid profile, 

this increases the chance that a pharmacological perturbation of bile acid metabolism 

will prove successful in combating obesity and dyslipidemia in humans. 
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Conclusion 

This study demonstrates how systems analysis may be used to explore heterogeneity in 

the propensity to develop metabolic syndrome. Using ADAPT, we show that there is 

increased fecal fat excretion and that there must be increased energy expenditure in non-

responder APOE*3L.CETP-mice. Finally, we show that these differences appear to be 

coupled to decreased production of bile acids and a decrease in fecal excretion of 

deoxycolic acid. Further studies should address whether similar mechanisms may be 

responsible for the differences in susceptibility in developing dyslipidemia and obesity 

in the human population. 
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Figures 

 

 

 

Figure 1 

Schematic of the MINGLeD model. The MINGLeD model consists of four compartments (Liver, Plasma, 

Periphery and Intestinal lumen), 18 states and 41 fluxes. Food intake is modeled as glucose entering the 

plasma (j1), triglyceride (TG, j11) and cholesterol (C, j24) entering the intestinal lumen whereas amino acids 

from protein are distributed to liver and periphery at the level of glucose-6-phosphate (G6P, gluconeogenic) 
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or acetyl-CoA (AcoA, ketogenic) (j6,7,j8,j9). Glucose in the plasma is absorbed by liver (j2) and periphery 

(j3) to enter the Krebs cycle (j16,j17) or to be used for biosynthetic processes like de novo lipogenesis (j19) 

or cholesterol (j26,j29) and bile acid synthesis (j30). TG from the intestinal lumen can be absorbed by the 

liver (j12) or periphery (j13) and be used for beta-oxidation (j14,j15) or redistribution as VLDL (j20) or free 

fatty acids (FFA, j22). Absorbed dietary cholesterol first enters the liver (j41) from where it can be used for 

bile acid synthesis (j30) or redistributed to the periphery in the form of VLDL-C (j33, j13). Peripheral 

cholesterol pools can return to the liver through HDL-C (j31,j32) or VLDL-C after action of cholesteryl 

ester transfer protein (j34,j12). Cholesterol can be cleared from the body through biliary cholesterol secretion 

(j37) or trans-intestinal cholesterol secretion (j35). 
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Figure 2 
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Plasma TG and peripheral fat (Per. TG), plasma total cholesterol (TC), HDL cholesterol (HDLC), 

fecal neutral sterol secretion (Fec. NS Secr) and fecal bile acid secretion (Fec. BA Secr) for 

responders (RESP) and non-responders (NONRESP) respectively, with their respective fits in the 

ADAPT model simulation. Note that non-responders are marked by lower plasma TG and less 

peripheral fat. Errorbars represent data with standard deviation, bold lines represent the median 

solution, and the area represents 30% around the median solution. 

 

 

 

 

 

 

Figure 3 

Cholesterol absorption (Chol. Abs.) as predicted by ADAPT (A) for responders (RESP) and non-

responders (NONRESP), note that ADAPT predicts lower cholesterol absorption for 

nonresponders. Fractional cholesterol absorption (B) in two cohorts (black and blue) of mice after 

8 weeks of high-fat diet. Note there is no correlation between fractional cholesterol absorption 

and plasma TG. 
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Figure 4 

Predictions for glucose oxidation (Gluc. Ox.) (A) and fat oxidation (Fat Ox.) rate (B) in 

responders and non-responders respectively. The line represents the median values, whereas the 

area around the line denotes 30% of solutions around the median. Energy expenditure (C) and 

respiratory exchange ratio (RER) (D) for animals after 1 and 19 weeks of HFCD. Note how the 

non-responders (blue) are not necessarily marked by increased energy expenditure.  
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Figure 5 

Predictions for fat absorption (Fat Abs.) (A), fat absorption rate (Fat Abs. Rate) (B), fecal fat 

excretion (Fat Exc.) (C) and intestinal lumen fat content (Lum. TG) (D) in responders (RESP) 

and non-responders (NONRESP) respectively. The bold line represents the median values, 

whereas the area around the line denotes 30% of solutions around the median. Note how the fat 

absorption rate is predicted to be slower, while fat excretion and intestinal fat content are 

predicted to be increased in non-responders. 
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Figure 6 

Fecal fatty acid excretion (Fec. FFA) (A) and hydrophobicity index (HFI) of fecal bile acids (B) 

over time. Correlations between fecal fatty acid excretion and HFI (C), fecal bile acids (Fec. BA) 

(D), body weight (E) and plasma TG (F). Responders are marked in red and non-responders are 

marked in blue.Finding appropriate settings within the ADAPT procedure for the model 
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Suppl. S1:  Finding appropriate settings within the ADAPT procedure for 

the model 

 

The computational approach of ADAPT has been described previously [1]. The method 

makes use of the fact  that most physiological processes change relatively slowly over 

time, and that taking this into account in a computational model makes parameter 

estimation more accurate. Since the efficiency of the ADAPT procedure on achieving a 

good fit to the data is in part dependent on the regularization imposed by the λ parameter, 

we first tested whether for this model size and these number of constraints, a λ of 0.01 

was appropriate. We therefore varied λ between 10-5 and 105 and assessed the goodness-

of-fit based on the sum of squares of the residual error. For every lambda, we repeated 

the procedure for 100 iterations. Every iteration used a different set of data splines, and 

the set of initial parameter values for every iteration was taken from a  uniform 

distribution of the log-transformed linear space between 104 and 10-4. Between λs 

however, iterations made use of the same data splines and set of initial parameter values, 

so that the effect of varying λ could be isolated. Iterations for which the optimizer failed 

to converge for one or multiple λ values were discarded. We then found that a λ value of 

0.01 is indeed appropriate (Fig. 1). To find out what number of time steps was 

appropriate, we used a λ of 0.01 and ran ADAPT for 100 iterations while varying the 

number of time steps between 2 and 1000. We then found that 200 time steps were 

appropriate (Fig. 2). This set of initial parameters was then used for subsequent runs on 

the full time span, using a λ of 0.01 and 200 time steps. Finally, of results obtained in 

this way, the best 10% of a 1000 fits are displayed, unless stated otherwise. 
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Figure 1 

The data fit error and regularization error for different lambdas (logarithmic scale). Note that for lambda 

10^-2 , the data fit error is small and the regularization error has dropped as well, while at larger lambdas 

decreasing regularization error occurs at the expense of the data fit. 

 

 

Figure 2 

The data fit error and regularization error for different amount of time steps. Note that there is little difference 

in data fit error for the different amount of time steps, while beyond 200 time steps the regularization error 

is not greatly decreased. 

 

1.  Tiemann CA, Vanlier J, Oosterveer MH, Groen AK, Hilbers PAJ, van Riel 

NAW. Parameter trajectory analysis to identify treatment effects of 

pharmacological interventions. PLoS Comput Biol. 2013 Aug;9(8):e1003166.  
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Suppl. S2: Translation of Experimental Data to Modeling Constraints 

Experimental data were used as constraints for the model in the following ways: The 

amount of peripheral fat was estimated by assuming a steady lean mass of 24 gram. The 

peripheral fat, expressed as µmol TG, was then approximated as, (BW-24)*850. To 

account for de novo lipogenesis, we assumed that the rate of de novo lipogenesis was 

equal to the amount of newly synthesized fatty acids calculated from the mass-

isotopomer-distribution analysis during the labeling period. We further assumed that the 

composition of fatty acids within the liver did not change over time. Then, we 

determined the amount of newly synthesized triglyceride by taking the total of palmitate, 

oleate and stearate produced multiplied by 0.33, 0.62, and 0.05 respectively, according 

to the respective abundance of these fatty acids in the liver [1]. Chain elongation was 

counted as 1/9th of a fatty acid newly synthesized. To account for the pools of plasma 

volume being dependent on the weight of the animals, we multiplied the measured 

concentration in the plasma with the theoretical plasma volume as derived from linear 

least-squares regression of plasma volume against body weight for obese mice, using the 

data from Yen et al. (1970) [2]. We then arrive at the following relation : Plasma Volume 

= 0.0117 + 0.7704*BW. This relation was used to calculate VLDL-TG production as 

well. The lumenal content for cholesterol was constrained on the assumption that a 

mouse has 1 gram of feces. This was done so that the model would not inadvertently 

accumulate lumenal content, which would be unrealistic. 

 

1.  Oosterveer MH, van Dijk TH, Tietge UJF, Boer T, Havinga R, Stellaard F, et 

al. High fat feeding induces hepatic fatty acid elongation in mice. PLoS One. 

2009 Jan;4(6):e6066.  

2.  Yen T, Stienmetz J, Simpson PJ. Blood Volume of Obese (ob/ob) and Diabetic 

(db/db) Mice (34462). PSEBM. 1970;133:307–8.  
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Suppl. S3: Model Description 

 

 

 

Figure 1 

Schematic of the MINGLeD model, also see main text. 
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Table 1: Description of Model States 

Symbol Description 

Lum_TG Triglyceride in intestinal lumen 

Lum_C Cholesterol in intestinal lumen 

Lum_BA Bile acids in intestinal lumen 

Pl_Gluc Plasma glucose 

Pl_FFA Plasma free fatty acids 

Pl_VLDL_TG Plasma VLDL-TG 

Pl_VLDL_C Plasma VLDL-C 

Pl_HDL_C Plasma HDL-C 

Hep_G6P Hepatic glucose-6-phosphate 

Hep_AcoA Hepatic acetyl-CoA 

Hep_TG Hepatic triglycerides 

Hep_FC Hepatic free cholesterol 

Hep_CE Hepatic cholesterol ester 

Hep_BA Hepatic bile acids 

Per_G6P Peripheral glucose-6-phosphate 

Per_AcoA Peripheral acetyl-CoA 

Per_TG Peripheral triglycerides 

Per_C Peripheral cholesterol 

 

Table 2: Description of Model Parameters 

Symbol Description 

gluc_abs Intestinal glucose absorption 

glut_2 Hepatic glucose absorption 

glut_134 Peripheral glucose absorption 

hep_PFK Hepatic phosphofructokinase 

per_PFK Peripheral phosphofructokinase 

hep_AA Hepatic amino acids 

per_AA Peripheral amino acids 

g6pase Glucose-6-phosphatase 

fat_intake Dietary fat Intake 

hep_chyl_upt Hepatic fat uptake 

per_chyl_upt Peripheral fat uptake 

hep_LDLRf Hepatic LDLR 

per_LDLRf Peripheral LDLR 

hep_CPT1 Hepatic fat oxidation 

per_CPT1 Peripheral fat oxidation 
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hep_CS Hepatic Krebs cycle 

per_CS Peripheral Krebs cycle 

hep_ACC Hepatic Acetyl CoA Carboxylase 

per_ACC Peripheral Acetyl CoA Carboxylase 

hep_apob VLDL-C production 

LPL Lipoprotein Lipase 

HSL_ATGL Peripheral lipolysis 

CD36 Hepatic free fatty acid uptake 

chol_intake Dietary cholesterol intake  

NPC1L1 Intestinal cholesterol Uptake 

hep_HMGCR Hepatic cholesterol synthesis 

hep_ACAT Hepatic cholester esterification 

hep_CEH Hepatic cholesterol ester hydrolyzation 

per_HMGCR Peripheral cholesterol synthesis 

CYP7A1 Bile acid synthesis 

ABCA1 HDL synthesis 

SRB1 HDL uptake 

PLTP VLDL-TG production 

CETP Cholesterol Ester Transfer Protein 

pTICE Transintestinal cholesterol excretion 

BSEP Biliary bile acid secretion 

ABCG5 Biliary free cholesterol excretion 

k_fec_exc Fecal excretion rate 

k_reabsorb Biliary reabsorption 

 

Table 3: Description of Model Fluxes 

Legend Symbol Description Rate Equation 

j1 Gluc_abs Glucose Absorption gluc_abs 

j2 Hep_Gluc_upt Hepatic Glucose Uptake glut2 * Pl_Gluc 

j3 Per_Gluc_upt Peripheral Glucose 

Uptake 

glut134 * Pl_Gluc 

j4 Hep_glyc Hepatic Glycolysis hep_PFK * Hep_G6P 

j5 Per_Glyc Peripheral Glycolysis per_PFK * Per_G6P 

j6 Hep_AAglc Hepatic glucogenic 

amino acids 

0.5 * hep_AA 

j7 Per_AAglc Peripheral glucogenic 

amino acids 

0.5 * per_AA 
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j8 Hep_AAket Hepatic ketogenic 

Amino acids 

0.5 * hep_AA 

j9 Per_AAket Peripheral ketogenic 

Amino acids 

0.5 * per_AA 

j10 G6Pase Hepatic Glucose-6-

Phosphatase 

g6pase * Hep_G6P 

j11 Fat_intake Fat_intake fat_intake 

j12 Hep_chylTG_upt Hepatic Chylomicron 

Uptake 

hep_chyl_upt * 

Lum_TG 

j13 Per_chylTG_upt Peripheral Chylomicron 

Uptake 

per_chyl_upt * 

Lum_TG 

j14 HepTG_ox Hepatic Fat oxidation hep_CPT1 * Hep_TG 

j15 PerTG_ox Peripheral Fat oxidation per_CPT1 * Per_TG 

j16 hepKC Hepatic Krebs Cycle hep_CS * Hep_AcoA 

j17 perKC Peripheral Krebs Cycle per_CS * Per_AcoA 

j18 hepDNL Hepatic De novo 

lipogenesis 

hep_ACC * Hep_AcoA 

j19 perDNL Peripheral De novo 

lipogenesis 

per_ACC * Per_AcoA 

j20 VLDLTG prod VLDL TG production apoB * Hep_TG 

j21 VLDLTG upt VLDL TG uptake LPL * Pl_VLDL_TG 

j21 Lipolysis Lipolysis HSL_ATGL * Per_TG 

j22 FFA_upt FFA uptake CD36 * Pl_FFA 

j24 Chol_Intk Dietary Cholesterol 

Intake 

chol_intk 

j25 Remn_chol_upt Remnant Cholesterol 

Uptake 

NPC1L1 * Lum_C 

j26 Hep_cholsynt Hepatic Cholesterol 

Synthesis 

hep_HMGCR * 

Hep_AcoA 

j27 Hep_acat Hepatic acat activity hep_ACAT * Hep_FC 

j28 Hep_ceh Hepatic CEH activity hep_CEH * Hep_CE 

j29 Per_cholsynt Peripheral Cholesterol 

Synthesis 

per_HMGCR * 

Per_AcoA 

j30 BA_synth Bile Acid Synthesis CYP7A1 * Hep_FC 

j31 HDLC_prod HDLC production ABCA1 * Per_C 

j32 HDLC_upt HDLC uptake SRB1 * Pl_HDL_C 

j33 VLDLC_prod VLDLC production PLTP * Hep_CE 

j12 Hep_LDLupt Hepatic LDL uptake hep_LDLRf * 

Pl_VLDL_C 
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j13 Per_LDLupt Peripheral LDL uptake per_LDLRf * 

Pl_VLDL_C 

j34 CETP CETP-activity pCETP * Pl_VLDL_TG 

j35 TICE Trans-Intestinal 

Cholesterol Excretion 

pTICE * Pl_VLDL_C 

j36 BA_sec Bile Acid Secretion BSEP * Hep_BA 

j37 Chol_sec Cholesterol secretion ABCG5 * Hep_FC 

j38 FecTG_exc Fecal TG excretion fec_exc * Lum_TG 

j39 FecC_exc Fecal Cholesterol 

excretion 

fec_exc * Lum_C 

j40 FecBA_exc Fecal BA excretion fec_exc * Lum_BA 

j41 FecBA_reabsorb Fecal BA reabsorption reabsorb * Lum_BA 

 

Model Equations: 

1) dLUM_TG/dt = Fat_Intk - Hep_ChylTG_Upt - Per_ChylTG_Upt - FecTG_exc                       

2) dLUM_C/dt =  Chol_Intk + TICE + Chol_Sec - Remn_Chol_Upt - FecC_exc                       

3) dLUM_BA/dt = BA_sec - FecBA_reabsorb - FecBA_exc                                          

4) dPl_GLUC/dt = Gluc_abs - Hep_Gluc_Upt - Per_Gluc_Upt + G6pase     

5) dPl_FFA/dt = 3*Lipolysis - FFA_upt        

6) dPl_VLDL_TG/dt = VLDLTG_prod – VLDLTG_upt     

7) dPl_VLDL_C/dt = VLDLC_prod + CETP - hep_LDLupt - per_LDLupt - 

TICE    

8) dPl_HDL_C/dt = HDLC_prod - HDLC_upt - CETP      

9) dHep_G6p/dt = Hep_Gluc_Upt + Hep_AAglc - Hep_glyc - G6pase  

10) dHep_AcoA/dt = 2*Hep_glyc + 21.4*HepTG_ox + 2*Hep_AAket - HepKC - 

HepDNL - Hep_cholsynt     

11) dHep_TG/dt = Hep_ChylTG_Upt + FFA_upt/3 + HepDNL/21.4 - HepTG_ox - 

VLDLTG_prod  

12) dHep_FC/dt = Remn_Chol_Upt - Chol_Sec + Hep_Cholsynt/13.5 - BA_synt - 

Hep_acat + Hep_ceh        

13) dHep_CE/dt = Hep_LDLupt + HDLC_upt  - VLDLC_prod + Hep_acat -     

Hep_ceh 

14) dHep_BA/dt = BA_synt - BA_sec + FecBA_reabsorb        

15) dper_G6P/dt = Per_gluc_upt - Per_glyc + Per_AAglc  

16) dper_AcoA/dt = 2*Per_glyc  + 21.4*PerTG_ox + 2*Per_AAket - PerKC - 

PerDNL - Per_cholsynt 

17) dVLDL_TG_upt/dt = VLDLTG_upt + Per_chylTG_upt + PerDNL/21.4 - 

Lipolysis - PerTG_ox 

18) dVLDL_C_upt/dt = Per_Cholsynt/13.5 + Per_LDLupt - HDLC_prod 
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Suppl. S4: Local Sensitivity Analysis 

 

Table 1: Parameters with non-zero control coefficients for Peripheral TG 

Parameters Neg. Contr. 

Coeff. 

Parameters Pos. Contr. 

Coeff. 

per_CPT1 -0.82 per_ACC 0.69 

hep_CS -0.67 fat_intk 0.64 

glut_134 -0.21 glut2 0.21 

HSL_ATGL -0.18 gluc_abs 0.21 

hep_CPT1 -0.07 per_AA 0.12 

per_HMGCR -0.02 apoB 0.07 

hep_chyl_upt -0.02 hep_AA 0.03 

  g6pase 0.02 

  per_chyl_upt 0.02 

 

 

Table 2: Parameters with non-zero control coefficients for Liver TG 

Parameters Neg. Cont. 

Coeff. 

Parameters Pos. Contr. 

Coeff. 

per_CPT1 -0.62 fat_intk 0.72 

hep_CPT1 -0.55 HSL_ATGL 0.62 

per_CS -0.51 per_ACC 0.53 

apoB -0.45 hep_chyl_upt 0.19 

per_chyl_upt -0.18 glut2 0.17 

glut134 -0.17 gluc_abs 0.17 

hep_PFK -0.02 per_AA 0.10 

per_HMGCR -0.02 hep_AA 0.02 

  g6pase 0.02 

 

 

Table 3: Parameters with non-zero control coefficients for Plasma TG 

Parameters Neg. Cont. 

Coeff. 

Parameters Pos. Contr. 

Coeff. 

LPL -1 fat_intk 0.72 

per_CPT1 -0.62 HSL_ATGL 0.62 

hep_CPT1 -0.55 apoB 0.56 

per_CS -0.51 hep_chyl_upt 0.19 
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per_chyl_upt -0.18 glut2 0.17 

glut134 -0.17 gluc_abs 0.17 

hep_PFK -0.02 per_AA 0.10 

per_HMGCR -0.02 hep_AA 0.02 

  g6pase 0.02 

 

 

 

Suppl. S5:  Liver Histology 

Liver histology in non-responders 

Because HFCD leads to nonalcoholic steatohepatitis (NASH), and NASH is associated 

with increased plasma TG [1],  we compared the NASH-scoring between responders and 

non-responders. Non-responders were observed to have lower scores for steatosis (p = 

0.02) and increased scores for oval cell proliferation (p = 0.03). No differences were 

however observed in portal inflammation or overall NASH-score.  

 

1.  Hyogo H, Yamagishi S, Iwamoto K, Arihiro K, Takeuchi M, Sato T, et al. 

Elevated levels of serum advanced glycation end products in patients with non-

alcoholic steatohepatitis. J Gastroenterol Hepatol. 2007;22(7):1112–9.  
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Suppl. Figures : FigS1 – FigS17 

 

 

Figure S1 

Responders are marked in red and non-responders are marked in blue. Note how low plasma TG in non-

responders is accompanied by lower body weights and less insulin resistance. 
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Figure S2 

Evolution of insulin sensitivity of responders (red) and non-responders (blue) over the course of the 

experiment. One of the non-responders had to be terminated early because of a rapid decrease in body 

weight. The non-responder that had to be terminated early was marked by low insulin-resistance. 
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Figure S3 

Simulation results for food intake (FI), hepatic TG (HepTG), total cholesterol (HepTC) and free cholesterol 

(HepFC). The line represents the median values, whereas the area around the line denotes 30% of solutions 

around the median. Error bars denote the standard deviation of the experimental data.  
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Figure S4 

Simulation results for plasma glucose (Plasma Gluc.), endogenous glucose production (End. Gluc. Prod.), 

hepatic de novo lipogenesis (HepDNL), VLDL-TG production (VLDL TG prod) and biliary secretion of 

cholesterol (Bil. Chol Secr) and bile acids (Bil. BA Secr). The line represents the median values, whereas 

the area around the line denotes 30% of solutions around the median. Error bars denote the standard 

deviation of the experimental data.  

 



206 
 

 

 

Figure S5 

Simulation results for the parameter LPL, the rate-constant at which plasma TG is cleared by peripheral 

tissues and that reflects LPL-activity. Note that LPL-activity is predicted to be higher in non-responders. 

The line represents the median values, whereas the area around the line denotes 30% of solutions around the 

median. 

 

 

 

Figure S6 

Control coefficients of the parameter fat_intk, and per_cpt1 over liver TG, plasma TG and peripheral fat 

(Per. TG) respectively. Fat_intk parameter reflects the rate at which fat enters the intestinal lumen, whereas 

per_cpt1 reflects the rate of peripheral fat oxidation. The line represents the median values, whereas the area 

around the line denotes 30% of solutions around the median. 
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Figure S7 

Predictions for hepatic, peripheral and total cholesterol synthesis in responder (RESP) and non-responder 

(NONRESP) mice. The bold lines represent the median values, whereas the area around the line denotes 

30% of solutions around the median. Note the absence of differences in predictions for cholesterol synthesis 

between responders and non-responders. 
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Figure S8 

Correlations between plasma TG and fecal neutral sterols (Fecal NS) (A), plasma TG and fecal free fatty 

acids (FFA) (B), fecal FFA and body weight (C), and the correlation between deoxycholic acid (DCA) and 

fecal FFA content (D). Note the absence of correlation between plasma TG and fecal neutral sterols and the 

strong correlation between fecal FFA content and body weight. 
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Figure S9 

Predictions for hepatic and peripheral glucose oxidation (Hep. Gluc. Ox., Per. Gluc. Ox.), fat oxidation (Hep. 

Fat. Ox., Per. Fat. Ox.) and de novo lipogenesis (Hep. DNL, Per. DNL). The line represents the median 

values, whereas the area around the line denotes 30% of solutions around the median. 
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Figure S10 

Correlations between individual bile acid species and fecal FFA concentrations irrespective of time spent 

on HFCD. Non-responder samples are colored in blue, and responder samples are colored in red. Note that 

especially the correlation between deoxycholic acid and fecal FFA is strong. 
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Figure S11 

Biliary bile acid secretion rate and hydrohobicity index of biliary bile acids for cohorts followed for up to 6 

months (6M), the validation cohorts used for measurement of fractional cholesterol absorption (FCA) and 

both together (ALL). Note how the hydrophobicity index is lower for non-responders (NR) vs. responders 

(R). Whenever the difference between R and NR-groups was statistically significant (α=0.05) using the 

Wilcoxon rank-sum test, p-values are shown. 
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Figure S12 

Biliary tauro-cholate (TCA), tauro-deoxycholate (TDCA), tauro-ursodeoxycholate (TUDCA), tauro-beta-

muricholate (TBMCA), tauro-alpha-muricholate (TAMCA) and tauro-chenodeoxycholate (TCDCA) for 

responders (R) and non-responders (NR) of all mice followed for up to 6 months on HFCD. Whenever the 

difference between R and NR-groups was statistically significant (α=0.05) using the Wilcoxon rank-sum 

test, p-values are shown. 

 

 

 

 

Figure S13 

Biliary tauro-cholate (TCA), tauro-deoxycholate (TDCA), tauro-ursodeoxycholate (TUDCA), tauro-beta-

muricholate (TBMCA), tauro-alpha-muricholate (TAMCA) and tauro-chenodeoxycholate (TCDCA) for 

responders (R) and non-responders (NR) of mice on HFCD for 2M used for measurement of frational 

cholesterol absorption. Whenever the difference between R and NR-groups was statistically significant 

(α=0.05) using the Wilcoxon rank-sum test, p-values are shown. 
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Figure S14 

Biliary tauro-cholate (TCA), tauro-deoxycholate (TDCA), tauro-ursodeoxycholate (TUDCA), tauro-beta-

muricholate (TBMCA), tauro-alpha-muricholate (TAMCA) and tauro-chenodeoxycholate (TCDCA) for 

responders (R) and non-responders (NR) of all mice followed for up to six months on HFCD and mice used 

for measurement of fractional cholesterol absorption after 2 months of HFCD together. Whenever the 

difference between R and NR-groups was statistically significant (α=0.05) using the Wilcoxon rank-sum 

test, p-values are shown. 
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Figure S15 

Total plasma bile acids (TBA), cholic acid (CA), chenodeoxycholic acid (CDCA), deoxycholic acid (DCA), 

alpha-muricholic acid (A-MCA), beta-muricholic acid (B-MCA), tauro-cholic acid (TCA), tauro-

deoxycholic acid (TDCA), tauro-chenodeoxycholic acid (TCDCA), tauro-ursodeoxycholic acid (TUDCA), 

tauro-alpha-muricholic acid (TA-MCA), tauro-beta-muricholic acid (TB-MCA) for all mice in the 

longitudinal cohort followed for up to 6 months on HFCD. Whenever the difference between R and NR-

groups was statistically significant (α=0.05) using the Wilcoxon rank-sum test, p-values are shown. 
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Figure S16 

Total plasma bile acids (TBA), cholic acid (CA), chenodeoxycholic acid (CDCA), deoxycholic acid (DCA), 

alpha-muricholic acid (A-MCA), beta-muricholic acid (B-MCA), tauro-cholic acid (TCA), tauro-

deoxycholic acid (TDCA), tauro-chenodeoxycholic acid (TCDCA), tauro-ursodeoxycholic acid (TUDCA), 

tauro-alpha-muricholic acid (TA-MCA), tauro-beta-muricholic acid (TB-MCA) for all animals used for 

measurement of fractional cholesterol absorption where mice were fed HFCD for 2 months. Whenever the 

difference between R and NR-groups was statistically significant (α=0.05) using the Wilcoxon rank-sum 

test, p-values are shown. 
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Figure S17 

Total plasma bile acids (TBA), cholic acid (CA), chenodeoxycholic acid (CDCA), deoxycholic acid (DCA), 

alpha-muricholic acid (A-MCA), beta-muricholic acid (B-MCA), tauro-cholic acid (TCA), tauro-

deoxycholic acid (TDCA), tauro-chenodeoxycholic acid (TCDCA), tauro-ursodeoxycholic acid (TUDCA), 

tauro-alpha-muricholic acid (TA-MCA), tauro-beta-muricholic acid (TB-MCA) for all animals used in the 

longitudinal (6M) cohort and validation study (FCA) together. Whenever the difference between R and NR-

groups was statistically significant (α=0.05) using the Wilcoxon rank-sum test, p-values are shown. 
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Abstract 

Prevalence of metabolic syndrome (MetS) is increasing dramatically in the world. 

Recently, we have shown in a humanized mouse model of MetS that bile acid 

metabolism may play an important role in progression of MetS. Important hallmarks of 

MetS inversely correlated with bile acid synthesis. The aim of the present study was to 

validate and exploit this finding to reduce the burden of MetS.  

While FXR is mostly known for its role in regulation of bile acid production, it also 

profoundly impacts lipid and carbohydrate metabolism. Most data regarding the impact 

of FXR on MetS associated changes in lipid and lipoprotein metabolism have been 

derived from mouse studies. However, in mice the majority of plasma cholesterol resides 

within high density lipoproteins (HDL), whereas in humans the majority of plasma 

cholesterol generally is contained within low density lipoproteins (LDL). Hence, 

extrapolation of murine data to the human situation is not straightforward. We therefore 

tested the effects of pharmacological FXR activation in a humanized mouse model of 

MetS, namely Western-type diet (WTD)-fed APOE*3Leiden.CETP-transgenic 

(E3L.CETP) mice. 

Mice were fed a WTD for 8 weeks followed by treatment with the FXR agonist PX20606 

(PX) for 4 weeks while maintained on the same diet. Plasma cholesterol levels were 

decreased in E3L.CETP mice upon FXR activation, with the strongest reductions 

observed in the apoB-containing lipoprotein fractions. Body weight and plasma 

triglyceride levels were also decreased. In line with our earlier observations that MetS 

prone E3L.CETP mice are marked by higher bile acid production and decreased fecal 

fat excretion, PX-induced decrease in bile acid production in MetS prone mice resulted 

in decreased cholesterol absorption and increased fecal fat excretion. Unexpectedly, 

triglyceride accumulation in the liver did not change but a shift from pericentral to the 

periportal zone was observed in treated mice.  

In conclusion, our data demonstrate that pharmacological FXR activation cures 

dyslipidemia and reduces obesity in WTD-fed E3L.CETP mice and may therefore 

represent an attractive strategy for treatment of MetS and dyslipidemia. 

 

 

Introduction 

Obesity and metabolic syndrome (MetS) have reached pandemic proportions in modern 

society [1]. While a sedentary lifestyle combined with excessive food intake are main 

drivers underlying these pathologies, lifestyle advice alone appears ineffective in 

reducing disease burden [2]. Furthermore, since the current available drugs do not 

sufficiently mitigate the adverse effects of the western lifestyle, new strategies to help 

combat obesity and MetS need to be identified.  
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Such new strategies in the treatment for MetS may be identified by studying animal 

models of MetS. APOE*3L.CETP-transgenic (E3L.CETP) mice express human 

APOE*3Leiden, causing reduced clearance of triglyceride-rich lipoprotein remnant 

particles, as well as cholesteryl ester transfer protein (CETP), which mediates cholesterol 

transfer from HDL to apoB-containing lipoproteins. When fed a Western-type diet 

(WTD), these combined features induce a human-like dyslipidemic lipoprotein profile 

in the E3L.CETP mice that is characterized by elevated plasma triglycerides (TG) and 

markedly higher very low density lipoprotein (VLDL-C) and low density lipoprotein 

cholesterol (LDL-C) [3]. We recently reported on a long term study in this mouse model 

showing that progression of MetS mirrored the human situation [4]. Importantly, this 

mouse strain has been shown to react to hypolipidemic drugs in a similar way as humans 

do [5].  

Interestingly, E3L.CETP mice show considerable variation in their propensity to develop 

obesity, insulin resistance and dyslipidemia on WTD [4]. We recently exploited this 

intrinsic variation to learn more about what may underlie the heterogeneity in phenotype. 

To direct our search, we made use of a computational method called analysis of dynamic 

adaptations in parameter trajectories (ADAPT) that integrates longitudinal data with a 

computational model and predicts how metabolic pathways may show different activity 

over time [6]. We found that E3L.CETP mice with lower body weight, less insulin 

resistance and less dyslipidemia, are marked by increased fecal fatty acid excretion, 

which was correlated with a lower rate of fecal bile acid and particularly deoxycholic 

acid (DCA) excretion [Paalvast et al., 2019]. These findings suggested that variation in 

bile acid metabolism was at least in part responsible for the heterogeneity in phenotype. 

Bile acid production is regulated through the farnesoid-X-receptor (FXR) [7]. FXR 

activation results in downregulation of CYP7A1, the rate limiting enzyme of bile acid 

production, thereby decreasing bile acid production [7]. Furthermore, FXR activation 

results in downregulation of CYP8B1, the 12-hydroxylase responsible for cholic acid 

(CA) production, so that instead more chenodeoxycholic acid (CDCA) is produced, 

which in mice is further 6-hydroxylated to produce muricholic acids (MCA) [7]. Since 

CDCA and MCA are more hydrophilic than CA, FXR-activation results in a hydrophilic 

bile acid pool in mice. A hydrophilic bile acid pool results in decreased intestinal 

cholesterol absorption [8].  

FXR has been shown to play a prominent role in lipoprotein metabolism [9]. FXR 

activation decreases plasma TG and total cholesterol (TC) [10], while both FXR-KO and 

liver specific FXR-KO mice present with higher plasma TG and higher plasma TC levels 

[11,12]. Gene expression profiles in response to FXR agonism have suggested multiple 

pathways through which plasma TG may be decreased. Decreased de novo lipogenesis 

through downregulation of SREBP1c [13,14] and downregulation of microsomal 

triglyceride transfer protein [15] may result in lower lipidation rates of apoB and thus a 
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lower VLDL-TG production rate. Furthermore, upregulation of apoC2 [16] with 

concurrent downregulation of apoC3 [17] and ANGPTL3 [13] in the liver suggests 

enhanced clearance of VLDL in response to FXR agonism. The observed decrease in 

plasma TC in mice may be mostly attributed to a reduction in HDL-C through 

downregulation of apoA-I and the concomitant upregulation of SR-B1 [10]. In humans 

on the other hand, plasma TC has been observed to increase in response to treatment 

with the steroidal FXR agonist obeticholic acid, due to an increase in LDL-C [18,19]. 

To the best of our knowledge, FXR-activation has never been studied in E3L.CETP 

mice. Since we had previously found that bile acid metabolism may play a major role in 

the heterogeneity in phenotype observed in E3L.CETP mice, with mice with a lean 

phenotype marked by a low rate of bile acid production, we wondered whether 

pharmacological FXR activation could resolve symptoms of MetS in E3L.CETP mice 

that do become obese and dyslipidemic in response to WTD. Treatment of WTD-fed 

E3L.CETP mice with the non-steroidal FXR agonist PX20606 (PX) decreased adiposity 

and substantially lowered plasma TG and TC levels, mainly due to a reduction of apoB-

containing lipoproteins. Analysis of the plasma proteome revealed that the changes in 

plasma TG between animals are likely mediated through changes in hepatic production 

of LPL-activity modulating apolipoproteins. Reminiscent of our earlier findings of 

E3L.CETP-mice on WTD, the relative increase of hydrophilic bile acids upon FXR 

activation was, in addition to decreased cholesterol absorption, associated with increased 

fecal fat excretion. Intriguingly, we also observed a marked change in the zonal 

distribution of hepatic lipid storage. Computational modeling suggests that the altered 

zonal fat distribution in the liver upon FXR activation may result from a more distal 

uptake of fatty acids in the intestine due to the more hydrophilic bile acid composition.  

 

 

Materials and Methods 

 

Animal Experiments 

Male E3L.CETP hyperlipidemic mice [20] were housed in a light (12:12 h)- and 

temperature-controlled (21 °C) facility and received a synthetic high-fat diet containing 

0.25% cholesterol in weight and 60% of energy in fat (D14010701, Research Diets). 

When stated, mice received 10 mg/kg/day PX (Phenex Pharmaceuticals, AG, 

Heidelberg, Germany) mixed into their WTD. Experiments were conducted in 

conformity with the law on the welfare of laboratory animals, and experimental 

procedures were approved by the responsible ethics committees. 
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Experimental Procedures 

Mice were given WTD ad libitum for 8 weeks, after which animals were matched for 

body weight and plasma lipids and distributed over the treatment and control group. One 

group received PX for 4 weeks and the other WTD only. At week 0, 8, 9, 10, 11 and 12 

blood was collected from the orbital plexus after 5 hours fasting. Feces was collected at 

0, 8 and 12 weeks, whereas a glucose tolerance test was performed at 10 weeks. To 

determine fractional cholesterol absorption, mice received an intravenous dose of 0.3 mg 

D5-cholesterol dissolved in intralipid (20%, pharmacy UMCG) and an oral dose of 0.6 

mg D7-cholesterol dissolved in medium-chain triglyceride oil 10 days before the end of 

the experiment [21]. Blood spots, collected from the tail at 0, 3, 6, 12, 24, 48, 72, 96, 

120, 144, and 168 hours after bolus administration, were used to determine enrichments 

of the administered doses of stably labeled cholesterol in the blood circulation by using 

gas chromatography mass spectrometry. Fractional cholesterol absorption was 

calculated from the areas under the curve of the appearance of the orally and 

intravenously administered cholesterol labels in the blood stream, corrected for the 

administered doses, as described [21]. To determine hepatic de novo lipogenesis, mice 

received 2% [1-13C]acetate in the drinking water starting from 3 days before sacrifice. 

Lipogenesis was determined using mass isotopomer distribution analysis (MIDA), as 

detailed elsewhere [22]. In part of the animals, the gallbladder was cannulated and bile 

was collected for 30 minutes at the end of the experiment [23]. Directly following bile 

collection, animals were sacrificed by cardiac puncture, tissues were removed and snap-

frozen in liquid nitrogen.  

VLDL-TG production was measured following intraperitoneal injection of poloxamer 

407 (1000 mg/kg BW) to inhibit lipoprotein lipase activity [24]. After 0, 30, 60 and 180 

minutes a small volume of blood was collected by tail bleeding for measurement of 

triglycerides. VLDL-TG production was calculated by multiplying the slope of increased 

TG concentration by the estimated plasma volume, assuming a blood volume of 75 

mL/kg body weight and a hematocrit of 0.45 [4]. The rate of VLDL clearance was 

estimated using VLDL-like emulsion particles, containing glycerol tri[3H]oleate and 

[14C]cholesterol oleate, as described elsewhere [25,26].  

 

Analytical Procedures 

Plasma TG and cholesterol were measured with commercially available kits (Roche 

diagnostics). HDL-C was measured after precipitation of apoB-containing lipoproteins 

with polyethylene glycol 6000 (PEG6000) [27]. Glucose was measured on whole blood 

obtained from the tail vein using an Accu-Check® glucose meter. Plasma insulin was 

measured by ELISA (Alpco). Liver lipids were extracted using a Bligh & Dyer 

procedure [28]. Liver lipids were then redissolved in 2% Triton-X100 and measured 

using commercially available kits for measurement of triglyceride and cholesterol 
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(Roche and Diasys Diagnostic Systems) [29]. Fecal neutral sterols, fecal bile acids and 

biliary metabolite concentrations were measured as described previously [4].  

 

Gene expression analysis 

RNA was extracted from tissue using TRI-Reagent (Sigma, St. Louis, MO) and 1 µg 

was reverse transcribed using Moloney–Murine Leukemia Virus reverse transcriptase 

(Life Technologies, Bleiswijk, The Netherlands) reverse transcriptase. Real-time 

quantitative polymerase chain reaction (qPCR) was performed on a QuantStudio-3 Real-

Time PCR System (Applied Biosystems, Foster City, CA, USA), using the Taqman 

primer-probe combinations listed in the CTAT table. Data were normalized to 

cyclophillin as a housekeeping gene and further normalized to the mean of the respective 

control group.  

 

Targeted Quantitative Proteomics 

Targeted proteomics assays were developed for the lipid metabolic proteins targets 

similar to previously described targeted proteomics assay in regard to peptide selection 

and assay development [30], the selected peptides with mass-spectrometry settings are 

listed in Suppl. Table 1 and Suppl. Table 2 respectively. Isotopically labeled standards 

were generated by concatenating all target peptides into synthetic proteins (Polyquant 

GmbH, Germany) containing 13C-labeled lysines and arginines (so-called QconCATs). 

Sample preparation for the plasma samples were performed according to earlier 

published methods [31]. Briefly, in-gel digestion was performed on 1 µL plasma plus 20 

ng isotopically labeled standards using trypsin (1:100 g/g sequencing grade modified 

trypsin V5111; Promega) after reduction with 10 mmol/L dithiothreitol and alkylation 

with 55 mmol/L iodoacetamide proteins, followed by solid-phase extraction (SPE C18-

Aq 50 mg/1 mL, Gracepure, Thermo Fisher Scientific) for sample clean-up. Liquid 

chromatography (LC) on a nano-ultra high performance liquid chromatography 

(UHPLC) system (Ultimate UHPLC focused; Dionex, Thermo Fisher Scientific) was 

performed to separate the peptides. The endogenous target peptides were analyzed by a 

triple quadrupole mass spectrometer (MS) equipped with a nano-electrospray ion source 

(TSQ Vantage; ThermoScientific). For the LC-MS measurements, an amount of the 

digested peptides equivalent  to a total protein amount of 100 nL plasma starting material 

plus 2 ng QconCATs was injected. The endogenous peptide concentrations were 

quantified using the known concentration of the stably isotopically labeled standard 

peptides.   
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Statistics 

P-values were calculated using Students t-test unless stated otherwis+e. Differences in 

body weight, and glucose values in oral glucose tolerance test were evaluated with 

repeated measurement ANOVA. 

 

Computational Modeling 

 

ADAPT method 

Data was integrated in computer simulations using ADAPT and the MINGLeD model 

as described previously [32]. In brief, ADAPT first samples data points from within the 

distribution of longitudinal data, and uses the sampled points to create cubic splines. 

Subsequently, the algorithm attempts to fit the model of ordinary differential equations 

(ODE) for every consecutive time step, so that at each incremental time step, the 

parameter values for the model are changed so that the model simulation results for the 

various states and fluxes approximate the corresponding splines. Furthermore, a penalty 

for a change in parameter values is included in the cost-function to ensure that parameter 

trajectories are more gradual. For the current work, this method was tailored to the data 

set in the following way. Instead of only penalizing changes in parameter values, changes 

in non-measured substrate concentrations were included in the cost-function as well. In 

this way, optimization results will take into account that large changes in substrate 

concentrations normally negatively impact the functioning of associated pathways of 

metabolism and are therefore regulated to remain within tight bounds. The MINGLeD 

model was adjusted to include a differentiation between periportal and pericentral liver 

fat, so that postprandial hepatic fat uptake, hepatic fatty acid oxidation, fatty acid uptake 

and VLDL-TG production could be attributed to either the periportal or pericentral zone.  

 

Data constraints and additional assumptions 

PX treatment was assumed to change the localization of liver triglyceride from being 

80% located pericentrally, to 80% periportally. Hepatic de novo lipogenesis was 

assumed to be twice as high in PX-treated mice (10 µmol TG/h) than in controls (5 µmol 

TG/h). The hepatic fatty acid oxidation rate was assumed to be proportional to the liver 

weight [33]. The latter assumption prevented excessive contribution of the liver towards 

total fat oxidation rates. Previous work has shown that this approximation can lead to 

successful predictions [33].  

 

Iterations, settings 

For simulations ADAPT was run with 200 time steps for 300 iterations,  unless stated 

otherwise. All the code is available in Suppl. File S1 and can be run in Matlab. 
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Results 

 

PX treatment decreases body weight and food intake 

All animals on WTD gained bodyweight during the first 8 weeks of the experiment. 

Then, upon start of the treatment regimen with 10 mg/kg/day PX, treated animals started 

to lose weight while body weight of untreated animals plateaued (p<<0.001, rep. meas. 

ANOVA) (Fig. 1A). Food intake, sampled over a total period of 4 days in the third and 

fourth week of PX treatment, was lower in PX treated animals (2.38 vs. 2.51 g/day in 

Ctrls), however without reaching statistical significance (p = 0.08) (Fig. 1B).  

 

PX treatment resolves dyslipidemia 

PX treatment induced a marked decrease in plasma cholesterol and TG levels (Fig. 1C, 

Fig. 1D), (p<<0.001). FPLC-profiling revealed that while HDL-C was decreased as well, 

the decrease in plasma cholesterol was mainly due to a massive decrease in (V)LDL 

(Fig. 1E, Fig. 1F, and Fig. S1). 

 

PX treatment has negligible effects on glucose homeostasis 

Given the marked decrease in body weight and plasma TG, we wondered whether PX 

treatment would also have a positive effect on glucose homeostasis. Indeed, fasting 

glucose after 4 weeks of PX treatment was lower (7.4 vs. 8.9 mM in PX and Ctrls 

respectively, p=0.02) (Fig. S2A). Therefore, a glucose tolerance test was performed after 

2 weeks of PX treatment to evaluate differences in insulin sensitivity. We then found 

that in contrast to the clear differences in body weight and plasma TG, glucose levels 

were only slightly decreased (p=0.1, rep. meas. ANOVA) (Fig. S2B) while fasting insulin 

levels were unchanged (p=0.8, data not shown).  

 

PX treatment shifts liver fat distribution from pericentral to periportal  

Similarly, while liver weight in the treated group was higher than in the control group, 

liver lipid concentration was actually very similar in both groups (Fig. 2A-D). 

Interestingly, we found that the fat distribution in the liver was pericentral in control, 

while periportal in PX-treated animals (Fig. 2E). 

 

PX treatment decreases bile acid production and increases cholesterol synthesis  

In line with expectations, Cyp7a1, Cyp8b1 and Cyp7b1 were downregulated in response 

to PX treatment (Fig. 3A), suggesting strongly decreased bile acid production. Despite 

the decreased amounts of cholesterol being used as a substrate for bile acid synthesis, 

hepatic mRNA expression of Hmgcr was strongly upregulated, suggesting increased 

cholesterol production by the liver (Fig. 3B). Indeed, direct assessment of cholesterol 

synthesis using incorporation of [1-13C] acetate in the cholesterol molecule demonstrated 
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increased synthesis (Fig. 3C). Expression of Scarb1 was upregulated which could 

contribute to the observed decrease in HDL-C levels in PX-treated animals. 

Furthermore, while Vldlr was strongly downregulated, Ldlr expression was unchanged, 

suggesting LDL-uptake was likely not much affected. Interestingly, we found ApoC2 to 

be upregulated, while ApoC3 expression remained unchanged. This increased 

ApoC2/ApoC3 ratio suggests enhanced LPL-activity upon PX treatment. Both fat 

oxidation genes (Ppara and Aox, Fig. 3E), as well as genes involved in de novo 

lipogenesis, (Srebp1c, Pparg, Dgat2 and Scd1, Fig. 3E) were downregulated in PX-

treated mice, suggesting decreased liver lipid turnover. Surprisingly, and in contrast to 

what was suggested by the gene expression profile, we found that hepatic fractional de 

novo lipogenesis was actually increased upon PX treatment (Fig. 3F).  

 

PX treatment increases hydrophilicity of bile acid pool and decreases intestinal lipid 

absorption  

Since FXR stimulation results in inhibition of Cyp7a1 expression, treatment with PX 

was anticipated to cause a marked decrease in bile acid production. An even stronger 

suppression of Cyp8b1 expression results in an increased muricholic acid (MCA)/CA 

ratio and, therefore, in a more hydrophilic bile acid pool [8]. Indeed, fecal bile acid 

excretion, reflecting hepatic bile acid production under steady-state conditions, was 

found to be decreased in the FXR-agonist treated group. Furthermore, MCAs were 

relatively more abundant compared to CA, leading to a decreased hydrophobicity index 

of biliary bile acids in the mice receiving the FXR agonist (Fig. 4). PX-treated mice 

showed a marked increase in fecal cholesterol excretion and a decrease in cholesterol 

absorption (Fig. 5). Since the effect of PX treatment had such a marked effect on the 

cholesterol absorption, we decided to measure fecal fat content as well, and found that 

in line with the decrease in cholesterol absorption, fecal fat excretion in the FXR-agonist 

treated group was increased (Fig. 5G). 

 

Decreased plasma TG upon FXR activation is not due to decreased VLDL-TG 

production 

Since apoB-containing lipoproteins were decreased in the PX-treated group, we assessed 

whether hepatic VLDL-TG production was altered. However, VLDL-TG production 

rates did not differ between treated and non-treated animals (Fig. 6A), suggesting that 

the lower plasma TG in PX-treated animals resulted from increased clearance of VLDL. 

Therefore, we measured TG clearance using reconstituted VLDL-like emulsion particles 

comprised of glycerol tri[3H]oleate and [14C]cholesterol oleic acid [26]. Using this 

approach, we detected a minor increase in the clearance of cholesterol from the plasma 

compartment in PX-treated mice, however found no difference in the clearance rate of 

VLDL-TG between the groups (Fig. 6B, Fig. 6C). 
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Targeted proteomics of plasma shows protein profile in line with increased VLDL-TG 

clearance 

The finding of unchanged VLDL-TG PR and VLDL-TG FCR despite a marked decrease 

in plasma TG upon PX treatment was puzzling. We reasoned that, at least in our 

experimental conditions, VLDL-like emulsion particles may not exchange with all 

lipoprotein-bound factors equally, thereby complicating the comparability of these 

particles to endogenous VLDL. This would thus mean that differences in clearance rates 

between groups of endogenous particles may not be detected by this method. Therefore, 

we decided to measure the plasma proteome. In line with lower HDL and LDL in PX-

treated mice, plasma concentrations of both apoA-I and apoB were significantly reduced 

(Fig. 7A, Fig. 7B). In addition, apoE, LCAT and CETP were decreased (Fig. 7A, Fig. 

7C). Several LPL-inhibiting factors, i.e., apoC1, apoC3 and ANGPTL3 were decreased 

as well in PX-treated mice (Fig. 7B, Fig. 7D). Importantly, the apoC2/apoB-ratio was 

increased upon PX treatment, whereas the ratios of apoC1 and apoC3 to apoB were 

decreased (Fig. S3), suggesting increased LPL action on these VLDL particles and 

thereby conceivably explaining the observed reduction of plasma TG levels in mice 

treated with PX.  

 

Computational modeling suggests that the shift in liver fat distribution upon PX 

treatment may be driven by increased direction of postprandial fat uptake to the 

periportal zone of the liver 

Our results clearly demonstrate that treatment with PX results in decreased obesity and 

plasma lipids. This mitigation of MetS symptoms was accompanied by increased fecal 

fat excretion, suggesting that PX impairs fat absorption. Furthermore, by investigating 

the plasma proteome, it became clear that the decrease in plasma TG is likely caused by 

increased LPL-activity. Why PX treatment would not result in reduced liver fat, but 

rather a different zonal distribution however, remained unclear. Therefore, we integrated 

all the data into the MINGLeD - model using ADAPT (see Materials and Methods) to 

understand how PX treatment could induce a change in liver fat distribution.  

ADAPT was able to adequately fit the model to the data constraints (Fig. S4-S8), and 

predicted that PX treatment results in increased hepatic postprandial fat uptake in 

periportal regions (Fig. 8). Similarly, ADAPT predicts a shift in (fasting) FFA uptake 

from pericentral to periportal in the PX treated case (Fig. S9). Remarkably, ADAPT also 

predicts that the fatty acid oxidation and the VLDL-TG production shift from pericentral 

to periportal regions upon FXR agonist treatment (Fig. S9), changes that in isolation 

would favor a pericentral accumulation of fat. The altered localization of hepatic fat 

uptake appears therefore to drive the observed difference in liver fat distribution, while 

changes in the zonal distribution of VLDL production and fatty acid oxidation are 
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insufficient to counteract this phenomenon. Interestingly, the model also predicts a 

transient overall increase in energy expenditure in PX treated animals, which was mostly 

attributed to a greater rate of peripheral fatty acid oxidation (Fig. S10). Together, these 

findings suggest that the changes in liver fat distribution result from increased fat uptake 

in periportal areas. 

 

 

Discussion 

We studied the effect of pharmacological FXR activation in a humanized mouse model 

of MetS. Treatment with the FXR agonist PX resulted in greatly decreased bile acid 

production and a shift towards production of hydrophilic bile acids, in turn leading to 

decreased intestinal cholesterol absorption and an increase in fecal fat excretion. 

Importantly, treatment with PX resulted in substantial decreases in body weight, as well 

as plasma levels of triglycerides and cholesterol. Given the marked decrease in 

dyslipidemia, it was surprising that VLDL-TG production remained unchanged. 

However, the observed increase in relative abundance of apoC2, together with a 

reduction in apoC1 and apoC3, suggest that lipolysis of VLDL particles is enhanced in 

PX-treated mice. Interestingly, we found that PX furthermore changed the distribution 

in hepatic fat accumulation. Computer simulations predict that the observed changes in 

zonal fat distribution are due to an increase in postprandial uptake of fat in periportal 

areas of the liver. However, whether the observed zonal differences in fat partitioning 

also play a role in the observed changes in energy balance and lipoprotein metabolism 

remains to be determined. All in all, this study indicates that manipulation of bile acid 

metabolism provides a promising treatment strategy for humans with MetS.  

While PX was shown to produce a decrease in plasma TG in other mouse models [8,34], 

this is the first time that PX was tested in E3L.CETP mice. While PX and GW4064, an 

FXR agonist that is structurally related to PX but has lower bioavailability, have 

previously been shown to lower plasma TG and plasma TC in CETP-transgenic LDLR-

KO mice on a Western diet, CETP-transgenic LDLR-KO mice have a more severe 

dyslipidemic phenotype and are thus less comparable to the human situation than the 

E3L.CETP mouse model used here [34]. FXR activation did not affect VLDL-TG 

production in E3L.CETP mice, suggesting enhanced clearance was responsible for the 

decrease in plasma TG. Interestingly, Watanabe et al. reported that CA feeding and 

administration of GW4064 for 1 week signficantly lowered VLDL-TG production in 

KKaγ-mice, while ANGPTL3 was observed to be downregulated, suggesting enhanced 

clearance played a role as well  [13]. Similarly, Claudel et al. reported downregulation 

of apoC3 in response to TCA-treatment and administration of GW4064 both in mice and 

in primary human hepatocytes, also suggesting that FXR activation leads to enhanced 

clearance of VLDL [17]. This is further supported by the findings of Jadhav et al., who 
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observed upregulation of apoC2 in response to INT-767, a TGR5/FXR-double agonist, 

in apoE-KO mice [35]. However, it should be noted that VLDL-clearance was not 

measured in these studies. Our findings of increased expression and increased relative 

abundance of apoC2 with decreased relative abundance of apoC3 and ANGPTL3 in the 

plasma are in agreement with the earlier studies on FXR-agonism in other mouse models 

[13,17,35]. Likely, increased plasma apoC2 results in increased clearance of endogenous 

VLDL in vivo, while not affecting the clearance rate of synthetic VLDL-like emulsion 

particles. Of note, apoC2 has been found to be less important for lipolysis of synthetic 

particles than isolated VLDL in ex vivo experiments [36,37], explaining why we found 

no differences in clearance using VLDL-like emulsion particles in the current study. 

FXR activation by PX further significantly reduced plasma cholesterol levels in 

E3L.CETP mice. While HDL-C was decreased as well, most of the reduction in 

cholesterol could be attributed to a decrease in cholesterol contained within apoB-

containing lipoproteins. Analysis of hepatic gene expression revealed that mRNA levels 

of LDLR were unchanged. Clearance of cholesterol in VLDL-like emulsion particles 

was only modestly higher in PX-treated animals, suggesting that other factors play a role 

as well. Conceivably, the decreased plasma concentrations of CETP also contributed to 

the reduction in LDL-C levels, since increased HDL-C/LDL-C ratios were observed 

upon PX treatment. Decreased HDL-C levels likely resulted from the increased 

expression of SR-BI and reduced expression of apoA-I.  

Only a mild improvement in glucose tolerance was found in response to FXR-agonism, 

which was likely a consequence of the reduced body weight of the WTD-fed E3L.CETP 

mice treated with PX. The effect of FXR agonism on insulin sensitivity is poorly 

understood. Intruigingly, both FXR agonism and antagonism have been reported to 

improve glucose homeostasis [38]. Likewise, effects of FXR agonism through GW4046 

on insulin sensitivity depend heavily on both animal model and study duration [10]. For 

example, GW4064 treatment for 5 days in db/db-mice increases hepatic insulin 

sensitivity [10]. In contrast, GW4064 treatment for 10 days in ob/ob-mice improves 

peripheral insulin sensitivity [39]. Finally, treatment of C57Bl/6J mice on high fat diet 

with GW4064 for three months results in increased obesity and peripheral insulin 

resistance [40]. These findings and our finding of little effect of PX on glucose 

metabolism suggest that effects of FXR agonism on glucose metabolism are mostly 

indirect.  

A surprising finding in our study was the differential distribution of hepatic triglycerides 

between the groups. To our best knowledge, this is the first study describing this peculiar 

phenomenon. We used computational modeling to explore the physiological mechanism 

behind this phenomenon. Analyses of nutrient fluxes using the MINGLeD model and 

ADAPT suggests that the observed difference in distribution of hepatic fat accumulation 

may be due to a shift in postprandial fat uptake from pericentral to periportal areas. 
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What could be the underlying mechanism for such a phenomenon? PX treatment induces 

a very hydrophilic bile acid pool, resulting in decreased lipid absorption. Fat uptake in 

these animals is likely to take place more distally in the small intestine [41,42]. 

Moreover, in a model of relative fat malabsorption due to a defect in intestinal 

phospholipid remodeling, it was shown that the distal small intestine is less apt at making 

chylomicrons [43]. It is therefore tempting to speculate that a larger part of the absorbed 

fat reaches the portal vein as free fatty acid and is not packaged in chylomicrons. This, 

together with an increased capacity of free fatty acid uptake of the periportal hepatocytes 

[44], would create a ‘shunt’ of fat between the distal small intestine and the periportal 

liver.  

In contrast to our data, in a study on the effect of PX on liver fibrosis there was no 

difference in zonation between animals [45]. Possibly, this was due to these animals 

receiving chow instead of high-fat diet, so that no fatty liver developed in the first place. 

Furthermore, in a study on GW4064 in mice on high fat diet, treatment actually resulted 

in increased liver fat and decreased energy expenditure, however with no differences in 

zonation [40]. These studies may have found no zonation effects due to the different 

chemical and pharmacokinetic properties of PX compared to the other FXR-agonists 

[46]. After all, while GW4064 is related to PX, it shows only limited availability for the 

liver [46].  

While the observed changes in liver fat distribution in PX- treated mice are an intriguing 

phenomenon, it is unknown whether this effect will also occur in treated patients and 

whether it is harmful. It should be noted that translation to the human situation is 

complicated by differences between murine and human bile acid metabolism. Future 

work will therefore have to show whether FXR agonists can safely and effectively be 

used in humans to treat MetS, either as stand-alone or as add-on therapy. Regardless, the 

current findings with PX treatment in a humanized mouse model of MetS greatly 

counteracting obesity, hypertriglyceridemia and hypercholesterolemia carry great 

promise for FXR agonists in the treatment of MetS. 

 

 

References 

1.  Hruby A, Hu FB. The Epidemiology of Obesity: A Big Picture. 

Pharmacoeconomics. 2015;33(7):673–89.  

2.  Webb VL, Wadden TA. Intensive Lifestyle Intervention for Obesity: 

Principles, Practices, and Results. Gastroenterology. 2017;152(7):1752–64.  

3.  Westerterp M, van der Hoogt CC, de Haan W, Offerman EH, Dallinga-Thie 

GM, Jukema JW, et al. Cholesteryl ester transfer protein decreases high-density 

lipoprotein and severely aggravates atherosclerosis in APOE*3-Leiden mice. 

Arterioscler Thromb Vasc Biol. 2006 Nov;26(11):2552–9.  



230 
 

4.  Paalvast Y, Gerding A, Wang Y, Bloks VW, van Dijk TH, Havinga R, et al. 

Male apoE*3-Leiden.CETP mice on high-fat high-cholesterol diet exhibit a 

biphasic dyslipidemic response, mimicking the changes in plasma lipids 

observed through life in men. Physiol Rep. 2017;5(19).  

5.  van den Hoek AM, van der Hoorn JWA, Maas  a C, van den Hoogen RM, van 

Nieuwkoop A, Droog S, et al. APOE*3Leiden.CETP transgenic mice as model 

for pharmaceutical treatment of the metabolic syndrome. Diabetes, Obes Metab. 

2014;16(6):537–44.  

6.  Rozendaal YJW, Wang Y, Paalvast Y, Tambyrajah LL, Li Z, Dijk KW Van, et 

al. In vivo and in silico dynamics of the development of Metabolic Syndrome. 

PLoS Comput Biol. 2018;1–19.  

7.  Mazuy C, Helleboid A, Staels B, Lefebvre P. Nuclear bile acid signaling 

through the farnesoid X receptor. Cell Mol Life Sci. 2015;72(9):1631–50.  

8.  de Boer JF, Schonewille M, Boesjes M, Wolters H, Bloks VW, Bos T, et al. 

Intestinal Farnesoid X Receptor Controls Transintestinal Cholesterol Excretion 

in Mice. Gastroenterology. 2017;152(5):1126–1138.e6.  

9.  Lefebvre P, Cariou B, Lien F. Role of bile acids and bile acid receptors in 

metabolic regulation. Physiological. 2009;(89):147–91.  

10.  Zhang Y, Lee FY, Barrera G, Lee H, Vales C, Gonzalez FJ, et al. Activation of 

the nuclear receptor FXR improves hyperglycemia and hyperlipidemia in 

diabetic mice. Proc Natl Acad Sci. 2006;103(4):1006–11.  

11.  Sinal CJ, Tohkin M, Miyata M, Ward JM, Lambert G, Gonzalez FJ. Targeted 

disruption of the nuclear receptor FXR/BAR impairs bile acid and lipid 

homeostasis. Cell. 2000;102(6):731–44.  

12.  Prawitt J, Abdelkarim M, Stroeve JHM, Popescu I, Duez H, Velagapudi VR, et 

al. Farnesoid X Receptor Deficiency Improves Glucose Homeostasis in Mouse 

Models of Obesity. Diabetes. 2011;60(7):1861–71.  

13.  Watanabe M, Houten SM, Wang L, Moschetta A, Mangelsdorf DJ, Heyman 

RA, et al. Bile acids lower triglyceride levels via a pathway involving FXR, 

SHP, and SREBP-1c. J Clin Invest. 2004 May;113(10):1408–18.  

14.  Bhatnagar S, Damron HA, Hillgartner FB. Fibroblast Growth Factor-19, a 

Novel Factor That Inhibits Hepatic Fatty Acid Synthesis. J Biol Chem. 

2009;284(15):10023–33.  

15.  Hirokane H, Nakahara M, Tachibana S, Shimizu M, Sato R. Bile acid reduces 

the secretion of very low density lipoprotein by repressing microsomal 

triglyceride transfer protein gene expression mediated by hepatocyte nuclear 

factor-4. J Biol Chem. 2004;279(44):45685–92.  

16.  Kast HR, Nguyen CM, Sinal CJ, Jones S a, Laffitte B a, Reue K, et al. 

Farnesoid X-activated receptor induces apolipoprotein C-II transcription: a 

molecular mechanism linking plasma triglyceride levels to bile acids. Mol 

Endocrinol. 2001;15(10):1720–8.  



231 
 

17.  Claudel T, Inoue Y, Barbier O, Duran-Sandoval D, Kosykh V, Fruchart J, et al. 

Farnesoid X receptor agonists suppress hepatic apolipoprotein CIII expression. 

Gastroenterology. 2003;125(2):544–55.  

18.  Pencek R, Marmon T, Roth JD, Liberman A, Hooshmand-Rad R, Young MA. 

Effects of obeticholic acid on lipoprotein metabolism in healthy volunteers. 

Diabetes, Obes Metab. 2016;18(9):936–40.  

19.  Neuschwander-Tetri BA, Loomba R, Sanyal AJ, Lavine JE, Van Natta ML, 

Abdelmalek MF, et al. Farnesoid X nuclear receptor ligand obeticholic acid for 

non-cirrhotic, non-alcoholic steatohepatitis (FLINT): A multicentre, 

randomised, placebo-controlled trial. Lancet. 2015;385(9972):956–65.  

20.  van Vlijmen BJ, van den Maagdenberg  a M, Gijbels MJ, van der Boom H, 

HogenEsch H, Frants RR, et al. Diet-induced hyperlipoproteinemia and 

atherosclerosis in apolipoprotein E3-Leiden transgenic mice. J Clin Invest. 1994 

Apr;93(4):1403–10.  

21.  van der Veen JN, van Dijk TH, Vrins CLJ, van Meer H, Havinga R, Bijsterveld 

K, et al. Activation of the liver X receptor stimulates trans-intestinal excretion 

of plasma cholesterol. J Biol Chem. 2009 Jul 17;284(29):19211–9.  

22.  Oosterveer MH, van Dijk TH, Tietge UJF, Boer T, Havinga R, Stellaard F, et 

al. High fat feeding induces hepatic fatty acid elongation in mice. PLoS One. 

2009 Jan;4(6):e6066.  

23.  Jakulj L, van Dijk TH, de Boer JF, Kootte RSRS, Schonewille M, Paalvast Y, 

et al. Transintestinal Cholesterol Transport Is Active in Mice and Humans and 

Controls Ezetimibe-Induced Fecal Neutral Sterol Excretion. Cell Metab. 

2016;24(6):1–12.  

24.  Millar JS, Cromley DA, McCoy MG, Rader DJ, Billheimer JT. Determining 

hepatic triglyceride production in mice: comparison of poloxamer 407 with 

Triton WR-1339. J Lipid Res. 2005 Sep;46(9):2023–8.  

25.  Geerling JJ, Boon MR, Van Der Zon GC, Van Den Berg SAA, Van Den Hoek 

AM, Lombès M, et al. Metformin lowers plasma triglycerides by promoting 

vldl-triglyceride clearance by brown adipose tissue in mice. Diabetes. 

2014;63(3):880–91.  

26.  Rensen PC, Herijgers N, Netscher MH, Meskers SC, van Eck M, van Berkel TJ. 

Particle size determines the specificity of apolipoprotein E-containing 

triglyceride-rich emulsions for the LDL receptor versus hepatic remnant 

receptor in vivo. J Lipid Res. 1997;38(6):1070–84.  

27.  Izzo C, Grillo F, Murador E. Improved method for determination of high-

density-lipoprotein cholesterol. I. Isolation of high-density lipoproteins by use 

of polyethylene glycol 6000. Clin Chem. 1981;27(3):371–4.  

28.  Bligh EG and Dyer W J. A Rapid Method of Total Lipid Extraction and 

Purification. Can J Biochem Physiol. 1959;37(8):911–7.  

29.  Allain C, Poon L. Enzymatic Determination of Total Serum Cholesterol. Clin 

Chem. 1974;20(4):470–5.  



232 
 

30.  Wolters JC, Ciapaite J, Van Eunen K, Niezen-Koning KE, Matton A, Porte RJ, 

et al. Translational Targeted Proteomics Profiling of Mitochondrial Energy 

Metabolic Pathways in Mouse and Human Samples. J Proteome Res. 

2016;15(9):3204–13.  

31.  Fedoseienko A, Wijers M, Wolters JC, Dekker D, Smit M, Huijkman N, et al. 

COMMD Family Regulates Plasma LDL Levels and Attenuates Atherosclerosis 

Through Stabilizing the CCC Complex in Endosomal LDLR Trafficking. Circ 

Res. 2018;(February):CIRCRESAHA.117.312004.  

32.  Tiemann CA, Vanlier J, Oosterveer MH, Groen AK, Hilbers PAJ, van Riel 

NAW. Parameter trajectory analysis to identify treatment effects of 

pharmacological interventions. PLoS Comput Biol. 2013 Aug;9(8):e1003166.  

33.  Hijmans BS, Tiemann CA, Grefhorst A, Boesjes M, van Dijk TH, Tietge UJF, 

et al. A systems biology approach reveals the physiological origin of hepatic 

steatosis induced by liver X receptor activation. FASEB J. 2015;29(4):1153–64.  

34.  Hambruch E, Miyazaki-Anzai S, Hahn U, Matysik S, Boettcher A, Perović-

Ottstadt S, et al. Synthetic farnesoid X receptor agonists induce high-density 

lipoprotein-mediated transhepatic cholesterol efflux in mice and monkeys and 

prevent atherosclerosis in cholesteryl ester transfer protein transgenic low-

density lipoprotein receptor (-/-) mice. J Pharmacol Exp Ther. 2012 

Dec;343(3):556–67.  

35.  Jadhav K, Xu Y, Xu Y, Li Y, Xu J, Zhu Y, et al. Reversal of metabolic 

disorders by pharmacological activation of bile acid receptors TGR5 and FXR. 

Mol Metab. 2018;9(January):131–40.  

36.  Olivecrona G, Beisiegel U. Lipid Binding of Apolipoprotein CII Is Required for 

Stimulation of Lipoprotein Lipase Activity Against Apolipoprotein CII–

Deficient Chylomicrons. Arterioscler Thromb Vasc Biol. 1997 Aug 

1;17(8):1545 LP-1549.  

37.  Andersson Y, Lookene A, Shen Y, Nilsson S, Thelander L, Olivecrona G. 

Guinea pig apolipoprotein C-II : expression in E. coli, functional studies of 

recombinant wild-type and mutate variants, and distribution on plasma 

lipoproteins. J Lipid Res. 1997;38:2111–24.  

38.  Gonzalez FJ, Jiang C, Xie C, Patterson AD. Intestinal Farnesoid X Receptor 

Signaling Modulates Metabolic Disease. Dig Dis. 2017;35(3):178–84.  

39.  Cariou B, Van Harmelen K, Duran-Sandoval D, Van Dijk TH, Grefhorst A, 

Abdelkarim M, et al. The farnesoid X receptor modulates adiposity and 

peripheral insulin sensitivity in mice. J Biol Chem. 2006;281(16):11039–49.  

40.  Watanabe M, Horai Y, Houten SM, Morimoto K, Sugizaki T, Arita E, et al. 

Lowering bile acid pool size with a synthetic farnesoid X receptor (FXR) 

agonist induces obesity and diabetes through reduced energy expenditure. J Biol 

Chem. 2011;286(30):26913–20.  

41.  Knoebel LK. Intestinal absorption in vivo of micellar and nonmicellar lipid. Am 

J Physiol. 1972;223(2):255–61.  



233 
 

42.  Verkade HJ, Tso P. Biophysics of Intestinal Luminal Lipids BT  - Intestinal 

Lipid Metabolism. In: Mansbach CM, Tso P, Kuksis A, editors. Boston, MA: 

Springer US; 2001. p. 1–18.  

43.  Wang B, Rong X, Duerr MA, Hermanson DJ, Hedde PN, Wong JS, et al. 

Intestinal phospholipid remodeling is required for dietary-lipid uptake and 

survival on a high-fat diet. Cell Metab. 2016;23(3):492–504.  

44.  Hijmans BS, Grefhorst A, Oosterveer MH, Groen AK. Zonation of glucose and 

fatty acid metabolism in the liver: Mechanism and metabolic consequences. 

Biochimie. 2013 Jun 20;1–9.  

45.  Schwabl P, Hambruch E, Seeland BA, Hayden H, Wagner M, Garnys L, et al. 

The FXR agonist PX20606 ameliorates portal hypertension by targeting 

vascular remodelling and sinusoidal dysfunction. J Hepatol. 2016;66(4):724–

33.  

46.  Hambruch E, Kinzel O, Kremoser C. On the Pharmacology of Farnesoid X 

Receptor Agonists: Give me an “A”, Like in “Acid.” Nucl Recept Res. 

2016;3(July).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



234 
 

Figures 

 

 

 

 

Figure 1 

Effect of PX on body weight, food intake, and plasma lipids. (A) Representative evolution of body weight 

before and during treatment with PX, body weight data from animals that had no other intervention than PX 

treatment during the course of the experiment (VLDL-TG production experiment cohort, n=9 and n=9 for 

Ctrl and PX treatment group respectively). (B) Food intake, calculated from a total period of 4 days sampled 

in week 3 and 4 of the PX treatment period (VLDL-TG production experiment cohort, n=9 and n=9 for Ctrl 

and PX treatment group respectively). (C) Plasma TG and (D) plasma TC in animals before and after 4 
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weeks of PX treatment (n=12 and n=12 for Ctrl and PX treatment group respectively). FPLC profiles of 

pooled plasma samples for triglyceride (E) and cholesterol (F) for Ctrl and PX treatment group respectively. 

 

 

Figure 2 

Liver weight (A) and hepatic TG (B), TC (C) and FC (D) concentrations and Masson-Trichrome stains (E) 

of livers from apoE*3L.CETP mice on WTD for 8 weeks and then treated with PX treatment (Px) for 4 

weeks or not (Ctrl). Liver weight was higher in PX-treated animals; 1.8 vs. 1.5 grams (p=0.04). Liver lipid 

concentrations did not show significant differences between groups. Steatosis in controls was pericentral 

(pc), whereas steatosis was distributed to the periportal (pp) region in PX-treated animals. 

Ctrl PX
0.0

0.5

1.0

1.5

2.0

2.5

L
iv

e
r

w
e

ig
h

t
( g

)

*

Ctrl PX
0

50

100

150

200

H
e

p
a

ti
c

T
G

(µ
m

o
l/
g

)

Ctrl PX
0

20

40

60

80

100

H
e

p
a
ti

c
T

C

(µ
m

o
l/
g

)

Ctrl PX
0

10

20

30

H
e

p
a
ti

c
F

C

(µ
m

o
l/
g

)

A B

C D

E

Ctrl

PX

pc

pp
pc

pp



236 
 

 

 

Figure 3 

Liver gene expression profile of genes involved in bile acid production (A) and cholesterol and lipoprotein 

metabolism (B), with hepatic fractional cholesterol synthesis (C), and genes involved in fat oxidation (D) 

and de novo lipogenesis (E), with hepatic fractional de novo lipogenesis (F) in controls and Px-treated 

animals respectively. Note the strong induction of Hmgcr, Scarb1 and Apoc2 along with the strong 

downregulation of Cyp7a1 and Cyp8b1 as well as the strong increase in fractional cholesterol synthesis for 

PX-treated animals. In bar graphs, error bars represent standard deviations and significant (p<0.05) 

differences are denoted with a (*). 
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Figure 4 

Bile flow (A) and biliary phospholipid (B), cholesterol (C), and bile salt secretion (D-H)  of apoE*3L.CETP 

mice on WTD for 8 weeks and then treated with PX for 4 weeks. Note that in Px-treated animals bile flow 

is increased, cholesterol secretion is increased, and in line with the strong downregulation of CYP7A1, 

secretion of taurocholic acid is virtually absent while secretion of the more hydrophilic MCAs is increased. 
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Figure 5 

Dietary cholesterol intake (A), fractional cholesterol absorption (B), calculated amount of absorbed 

cholesterol (C), fecal neutral sterol (D) and bile acid excretion (E), fecal bile acid composition (F) and fecal 

FFA excretion (G) in controls and PX-treated animals respectively. Note that in PX-treated animals 

cholesterol absorption is strongly decreased and that this is accompanied with increased fecal neutral sterol 

and FFA excretion. Concurrently, bile acid production is strongly decreased and that there is a shift from 

cholic acid to chenodeoxycholic acid derived bile acids. 
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Figure 6 

VLDL-TG production (A), VLDL-TG clearance (B) and VLDL-C clearance (C) in controls and PX-treated 

animals respectively. Note that there are no significant differences in either VLDL-TG production rate or 

the clearance rate of tritium-labeled TG in the VLDL-like emulsion particles. Interestingly, the 14C-labeled 

cholesterol ester in the VLDL-like emulsion particles is cleared faster in PX-treated animals (p=0.004). 

 

 

Figure 7 

Quantitative targeted proteomics of highly abundant (A), abundant (B), and low (C) and very low abundant 

(D) plasma proteins in controls and Px-treated animals respectively. Note the decrease in ApoA-I, ApoB,  

and concurrent decrease in ApoC1, ApoC3 and ANGPTL3. Error bars represent standard deviations and 

significant (p<0.05)  differences are denoted with a (*). 
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Figure 8 

Simulations for the hepatic triglyceride shift from periportal (A) to pericentral (B), total hepatic triglyceride 

content, and the fluxes from intestinally absorbed triglyceride to the periportal zone (D), the pericentral zone 

(E), and the total flux of intestinally absorbed triglyceride to the liver (F). Note that in PX-treated animals, 

there is increased flux of intestinally absorbed triglyceride to the periportal region compared to controls. 

The line represents the median values, whereas the area around the line denotes 30% of solutions around the 

median.  

 

 

 

Figure S1 

Cholesterol content in FPLC-fractions after 4 weeks of treatment with PX in apoE*3L.CETP-mice on WTD. 

Note that not only HDL-C, but especially VLDL-C and LDL-C is reduced in response to PX treatment. 
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Figure S2 

Fasting glucose after 4 weeks of PX treatment (A), and the glucose concentrations during a GTT after 2 

weeks of PX treatment (B). Basal glucose levels are moderately decreased in Px-treated animals, and glucose 

peaks higher in the control group during the GTT, however the glucose curves between groups are not 

statistically different. 

 

 

Figure S3 

Ratios of protein abundance of apoC2/apoC1 and apoC2/apoC3 respectively. P-values were calculated using 

the Kruskal Wallis test. Note that the LPL-activity enhancing apoC2 is higher than the LPL-activity 

inhibiting apoC1 and apoC3 for PX-treated animals. 
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Figure S4 

Model simulations for plasma glucose, plasma TG, plasma TC and plasma HDL-C. The line represents the 

median values, whereas the area around the line denotes 30% of solutions around the median. Error bars 

denote the standard deviation of the experimental data. 
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Figure S5 

Model simulations for hepatic peripheral triglyceride (Hep. Perip. TG), hepatic pericentral triglyceride (Hep. 

Peric. TG), hepatic free cholesterol (Hep. FC), hepatic total cholesterol (Hep. TC) and VLDL-TG production 

rate (VLDL-TG PR). The line represents the median values, whereas the area around the line denotes 30% 

of solutions around the median. Error bars denote the standard deviation of the experimental data. 
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Figure S6 

Model simulations for food intake. The line represents the median values, whereas the area around the line 

denotes 30% of solutions around the median. Error bars denote the standard deviation of the experimental 

data. 
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Figure S7 

Model simulations for peripheral triglyceride (Periph. Fat) and biliary bile acid (Bil. BA Secr.) and 

cholesterol (Bil. Chol. Secr.) secretion. The line represents the median values, whereas the area around the 

line denotes 30% of solutions around the median. Error bars denote the standard deviation of the 

experimental data. 
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Figure S8 

Model simulations for fecal excretion of cholesterol (Fecal Chol. Exc.), bile acid (Fecal BA Exc.), and fat 

(Fecal TG Exc), as well as dietary cholesterol absorption (Diet. Chol. Abs.). The line represents the median 

values, whereas the area around the line denotes 30% of solutions around the median. Error bars denote the 

standard deviation of the experimental data. 
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Figure S9 

Simulations for hepatic FFA uptake, VLDL-TG production and hepatic fatty acid oxidation in the periportal 

(pp) and pericentral (pc) zone respectively for PX-treated animals and controls. Note how despite the 

periportal accumulation of triglyceride in PX-treated animals, periportal VLDL-TG production and hepatic 

fatty acid oxidation rate increase, thus not contributing to the shift in TG-accumulation. In contrast, 

periportal hepatic fatty acid uptake shifts from pericentral to periportal and thus may also contribute to this 

shift. The line represents the median values, whereas the area around the line denotes 30% of solutions 

around the median.  
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Figure S10 

Model predictions for fat oxidation (Fat Ox), glucose oxidation (Gluc Ox) and total energy expenditure (EE) 

respectively. Note how ADAPT predicts higher energy expenditure for PX-treated animals. The line 

represents the median values, whereas the area around the line denotes 30% of solutions around the median.  

 

Supplemental Table 1: Peptide Sequences 

Protein target# Peptide Comments 

ACAT2 ILVTLLHTLER 
 

ACAT2 VAVLSQNR 
 

ANGPTL3 LDGEFWLGLEK 
 

ANGPTL4 GSQLAVQLQDWDGNAK 
 

APOA1 DFWDNLEK 
 

APOA4 ALVQQLEQFR 
 

APOB VQGVEFSHR 
 

APOC1 EFGNTLEDK Used methionine-oxidized peptide for 

quantification* 

APOC2 TYPISMDEK Used methionine-oxidized peptide for 

quantification* 

APOC2 SSAAMSTYAGIFTDQLLT

LLR 

 

APOC3 TVQDALSSVQESDIAVV

AR 

 

APOE FWDYLR 
 

APOM FLLYNR 
 

CETP GVSLFDIINPEIITR 
 

CLUS VSTVTTHSSDSEVPSR 
 

CLUS VTEVVVK 
 

GPD1 LISEVIGER 
 

HSPA5 ITPSYVAFTPEGER 
 

HSPA5 TWNDPSVQQDIK 
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LCAT AAPYDWR 
 

LCAT VSNAPGVQIR 
 

LIPC LSPDDANFVDAIHTFTR 
 

   

# averaged values were used for proteins with two 

peptides 

 

* Assumption is that all light and heavy peptides have the same total oxidation percentage (which is 

expected as the isotopically-labeled QconCATs are added prior to the sample prepation workflow). 

Though this will underrepresent the total amount of this protein 

 

 

Supplemental Table 2: Mass-spectrometry Settings 

Peptide Modified 

Sequence 

Protein target Type of peptide 

(light = 

endogenous 

peptide, heavy = 

isotopically-labeled 

standard  peptide) 

Precursor 

Mz 

Product Mz Frag-

ment 

Ion 

Colli

-sion 

Ener-

gy 

ILVTLLHTLER ACAT2 light 436.606367 655.352199 y5 16.6 

ILVTLLHTLER ACAT2 light 436.606367 597.86388 y10 16.6 

ILVTLLHTLER ACAT2 light 436.606367 541.321848 y9 16.6 

ILVTLLHTLER ACAT2 heavy 438.613076 661.372328 y5 16.6 

ILVTLLHTLER ACAT2 heavy 438.613076 600.873944 y10 16.6 

ILVTLLHTLER ACAT2 heavy 438.613076 544.331912 y9 16.6 

VAVLSQNR ACAT2 light 443.758883 716.404963 y6 16.2 

VAVLSQNR ACAT2 light 443.758883 617.336549 y5 16.2 

VAVLSQNR ACAT2 light 443.758883 504.252485 y4 16.2 

VAVLSQNR ACAT2 heavy 446.768948 722.425092 y6 16.2 

VAVLSQNR ACAT2 heavy 446.768948 623.356678 y5 16.2 

VAVLSQNR ACAT2 heavy 446.768948 510.272614 y4 16.2 

LDGEFWLGLEK ANGPTL3 light 653.837528 1078.556772 y9 22.5 

LDGEFWLGLEK ANGPTL3 light 653.837528 892.492716 y7 22.5 

LDGEFWLGLEK ANGPTL3 light 653.837528 559.344989 y5 22.5 

LDGEFWLGLEK ANGPTL3 heavy 656.847592 1084.576901 y9 22.5 

LDGEFWLGLEK ANGPTL3 heavy 656.847592 898.512845 y7 22.5 

LDGEFWLGLEK ANGPTL3 heavy 656.847592 565.365118 y5 22.5 

GSQLAVQLQDWDGNA

K 

ANGPTL4 light 865.428832 1273.617141 y11 28.9 

GSQLAVQLQDWDGNA

K 

ANGPTL4 light 865.428832 1174.548727 y10 28.9 

GSQLAVQLQDWDGNA

K 

ANGPTL4 light 865.428832 1046.490149 y9 28.9 
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GSQLAVQLQDWDGNA

K 

ANGPTL4 heavy 868.438897 1279.63727 y11 28.9 

GSQLAVQLQDWDGNA

K 

ANGPTL4 heavy 868.438897 1180.568856 y10 28.9 

GSQLAVQLQDWDGNA

K 

ANGPTL4 heavy 868.438897 1052.510278 y9 28.9 

DFWDNLEK APOA1 light 533.745639 804.388644 y6 18.9 

DFWDNLEK APOA1 light 533.745639 618.309331 y5 18.9 

DFWDNLEK APOA1 light 533.745639 402.69796 y6 18.9 

DFWDNLEK APOA1 heavy 536.755703 810.408773 y6 18.9 

DFWDNLEK APOA1 heavy 536.755703 624.32946 y5 18.9 

DFWDNLEK APOA1 heavy 536.755703 405.708025 y6 18.9 

ALVQQLEQFR APOA4 light 616.343312 820.431178 y6 21.4 

ALVQQLEQFR APOA4 light 616.343312 692.3726 y5 21.4 

ALVQQLEQFR APOA4 light 616.343312 579.288536 y4 21.4 

ALVQQLEQFR APOA4 heavy 619.353376 826.451307 y6 21.4 

ALVQQLEQFR APOA4 heavy 619.353376 698.392729 y5 21.4 

ALVQQLEQFR APOA4 heavy 619.353376 585.308665 y4 21.4 

VQGVEFSHR APOB light 529.772522 831.410777 y7 18.8 

VQGVEFSHR APOB light 529.772522 675.320899 y5 18.8 

VQGVEFSHR APOB light 529.772522 546.278306 y4 18.8 

VQGVEFSHR APOB heavy 532.782587 837.430906 y7 18.8 

VQGVEFSHR APOB heavy 532.782587 681.341028 y5 18.8 

VQGVEFSHR APOB heavy 532.782587 552.298435 y4 18.8 

EFGNTLEDK APOC1 light 526.748378 776.378474 y7 18.7 

EFGNTLEDK APOC1 light 526.748378 605.314082 y5 18.7 

EFGNTLEDK APOC1 light 526.748378 504.266404 y4 18.7 

EFGNTLEDK APOC1 heavy 529.758443 782.398603 y7 18.7 

EFGNTLEDK APOC1 heavy 529.758443 611.334211 y5 18.7 

EFGNTLEDK APOC1 heavy 529.758443 510.286533 y4 18.7 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 light 759.059471 615.418822 y5 27.1 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 light 759.059471 502.334758 y4 27.1 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 light 759.059471 401.28708 y3 27.1 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 heavy 761.066181 621.438951 y5 27.1 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 heavy 761.066181 508.354887 y4 27.1 

SSAAM[+15.994915]STY

AGIFTDQLLTLLR 

APOC2 heavy 761.066181 407.307209 y3 27.1 
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TYPISM[+15.994915]DE

K 

APOC2 light 550.25244 835.386596 y7 19.4 

TYPISM[+15.994915]DE

K 

APOC2 light 550.25244 625.249768 y5 19.4 

TYPISM[+15.994915]DE

K 

APOC2 light 550.25244 418.196936 y7 19.4 

TYPISM[+15.994915]DE

K 

APOC2 heavy 553.262504 841.406725 y7 19.4 

TYPISM[+15.994915]DE

K 

APOC2 heavy 553.262504 631.269897 y5 19.4 

TYPISM[+15.994915]DE

K 

APOC2 heavy 553.262504 421.207 y7 19.4 

TVQDALSSVQESDIAV

VAR 

APOC3 light 663.348009 515.330007 y5 24 

TVQDALSSVQESDIAV

VAR 

APOC3 light 663.348009 444.292893 y4 24 

TVQDALSSVQESDIAV

VAR 

APOC3 light 663.348009 345.22448 y3 24 

TVQDALSSVQESDIAV

VAR 

APOC3 heavy 665.354719 521.350136 y5 24 

TVQDALSSVQESDIAV

VAR 

APOC3 heavy 665.354719 450.313022 y4 24 

TVQDALSSVQESDIAV

VAR 

APOC3 heavy 665.354719 351.244608 y3 24 

FWDYLR APOE light 450.224145 752.3726 y5 16.4 

FWDYLR APOE light 450.224145 566.293287 y4 16.4 

FWDYLR APOE light 450.224145 376.689938 y5 16.4 

FWDYLR APOE heavy 453.23421 758.392729 y5 16.4 

FWDYLR APOE heavy 453.23421 572.313416 y4 16.4 

FWDYLR APOE heavy 453.23421 379.700003 y5 16.4 

FLLYNR APOM light 413.234513 678.393336 y5 15.3 

FLLYNR APOM light 413.234513 565.309272 y4 15.3 

FLLYNR APOM light 413.234513 452.225208 y3 15.3 

FLLYNR APOM heavy 416.244577 684.413465 y5 15.3 

FLLYNR APOM heavy 416.244577 571.329401 y4 15.3 

FLLYNR APOM heavy 416.244577 458.245337 y3 15.3 

GVSLFDIINPEIITR CETP light 843.974887 1183.668114 y10 28.2 

GVSLFDIINPEIITR CETP light 843.974887 955.557107 y8 28.2 

GVSLFDIINPEIITR CETP light 843.974887 728.430115 y6 28.2 

GVSLFDIINPEIITR CETP heavy 846.984951 1189.688243 y10 28.2 

GVSLFDIINPEIITR CETP heavy 846.984951 961.577236 y8 28.2 

GVSLFDIINPEIITR CETP heavy 846.984951 734.450244 y6 28.2 

VSTVTTHSSDSEVPSR CLUS light 563.607712 359.203744 y3 20.7 
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VSTVTTHSSDSEVPSR CLUS light 563.607712 795.373723 y15 20.7 

VSTVTTHSSDSEVPSR CLUS light 563.607712 751.857708 y14 20.7 

VSTVTTHSSDSEVPSR CLUS heavy 565.614421 365.223873 y3 20.7 

VSTVTTHSSDSEVPSR CLUS heavy 565.614421 798.383787 y15 20.7 

VSTVTTHSSDSEVPSR CLUS heavy 565.614421 754.867773 y14 20.7 

VTEVVVK CLUS light 387.242004 674.408317 y6 14.5 

VTEVVVK CLUS light 387.242004 573.360639 y5 14.5 

VTEVVVK CLUS light 387.242004 345.249632 y3 14.5 

VTEVVVK CLUS heavy 390.252068 680.428446 y6 14.5 

VTEVVVK CLUS heavy 390.252068 579.380768 y5 14.5 

VTEVVVK CLUS heavy 390.252068 351.269761 y3 14.5 

LISEVIGER GPD1 light 508.292756 789.410108 y7 18.2 

LISEVIGER GPD1 light 508.292756 573.335487 y5 18.2 

LISEVIGER GPD1 light 508.292756 474.267073 y4 18.2 

LISEVIGER GPD1 heavy 511.302821 795.430237 y7 18.2 

LISEVIGER GPD1 heavy 511.302821 579.355616 y5 18.2 

LISEVIGER GPD1 heavy 511.302821 480.287202 y4 18.2 

ITPSYVAFTPEGER HSPA5 light 783.893563 906.431572 y8 26.4 

ITPSYVAFTPEGER HSPA5 light 783.893563 835.394458 y7 26.4 

ITPSYVAFTPEGER HSPA5 light 783.893563 676.827691 y12 26.4 

ITPSYVAFTPEGER HSPA5 heavy 786.903627 912.451701 y8 26.4 

ITPSYVAFTPEGER HSPA5 heavy 786.903627 841.414587 y7 26.4 

ITPSYVAFTPEGER HSPA5 heavy 786.903627 679.837756 y12 26.4 

TWNDPSVQQDIK HSPA5 light 715.849155 1143.564043 y10 24.4 

TWNDPSVQQDIK HSPA5 light 715.849155 1029.521115 y9 24.4 

TWNDPSVQQDIK HSPA5 light 715.849155 914.494172 y8 24.4 

TWNDPSVQQDIK HSPA5 heavy 718.85922 1149.584172 y10 24.4 

TWNDPSVQQDIK HSPA5 heavy 718.85922 1035.541244 y9 24.4 

TWNDPSVQQDIK HSPA5 heavy 718.85922 920.514301 y8 24.4 

AAPYDWR LCAT light 439.711402 736.3413 y5 16.1 

AAPYDWR LCAT light 439.711402 639.288536 y4 16.1 

AAPYDWR LCAT light 439.711402 368.674288 y5 16.1 

AAPYDWR LCAT heavy 442.721466 742.361429 y5 16.1 

AAPYDWR LCAT heavy 442.721466 645.308665 y4 16.1 

AAPYDWR LCAT heavy 442.721466 371.684353 y5 16.1 

VSNAPGVQIR LCAT light 520.795997 669.404235 y6 18.5 



253 
 

VSNAPGVQIR LCAT light 520.795997 335.205755 y6 18.5 

VSNAPGVQIR LCAT light 520.795997 372.18776 b4 18.5 

VSNAPGVQIR LCAT heavy 523.806062 675.424364 y6 18.5 

VSNAPGVQIR LCAT heavy 523.806062 338.21582 y6 18.5 

VSNAPGVQIR LCAT heavy 523.806062 372.18776 b4 18.5 

LSPDDANFVDAIHTFTR LIPC light 640.31464 661.341635 y5 23.2 

LSPDDANFVDAIHTFTR LIPC light 640.31464 859.910275 y15 23.2 

LSPDDANFVDAIHTFTR LIPC light 640.31464 811.383893 y14 23.2 

LSPDDANFVDAIHTFTR LIPC heavy 642.321349 667.361764 y5 23.2 

LSPDDANFVDAIHTFTR LIPC heavy 642.321349 862.92034 y15 23.2 

LSPDDANFVDAIHTFTR LIPC heavy 642.321349 814.393958 y14 23.2 
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Abstract 

An important strategy in reducing atherosclerosis and risk of cardiovascular events is 

to increase the rate of reverse cholesterol transport, including its final step; cholesterol 

excretion from the body. The rate of removal is determined by a complex interplay 

between the factors involved in regulation of intestinal cholesterol absorption. One of 

these factors is a process known as trans-intestinal cholesterol excretion (TICE). This 

pathway comprises transport of cholesterol directly from the blood, through the 

enterocyte, into the intestinal lumen. In humans, this pathway accounts for 35% of 

cholesterol excretion in the feces. Mechanistic studies in mice revealed that, activation 

of the bile acid receptor FXR increases cholesterol removal via the TICE pathway as 

well as decreases plasma cholesterol and triglyceride providing an interesting target for 

treatment of dyslipidemia in humans. The physical chemical properties of bile acids are 

under control of FXR and determine intestinal cholesterol and triglyceride 

solubilization as well as absorption, providing a direct link between these two 

important factors in the pathogenesis of cardiovascular disease. Besides bile acids 

intestinal phospholipids are important for luminal lipid solubilization. Interestingly, 

phospholipid remodeling through LPCAT3 was shown to be pivotal for uptake of fatty 

acids by enterocytes, which may provide a mechanistic handle for therapeutic 

intervention.  

 

 

Introduction 

Plasma LDL-cholesterol and triglyceride levels are independent risk factors for 

atherosclerotic cardiovascular disease (CVD) [1]. The role of the intestine in control of 

both the plasma cholesterol and triglyceride concentration has long remained relatively 

unexplored. The last few years, the importance of the intestine in regulation of whole 

body lipid homeostasis is increasingly appreciated. Cholesterol homeostasis is 

determined by the balance between dietary cholesterol absorption, de novo cholesterol 

synthesis and fecal sterol excretion. Cholesterol absorption is typically around 50% in 

mice and humans, but can vary considerably (20% - 80%) [2]. The protein Nieman 

Pick C1-like 1 (NPC1L1) is crucial for cholesterol absorption in the intestine. Absence 

or inhibition of  NPC1L1 in mice results in a >70% decreased cholesterol absorption 

[3]. In humans, treatment with the NPC1L1-inhibitor ezetimbe leads to a 54% decrease 

in cholesterol absorption [2]. The sterol transporter ATP-binding cassette G5/G8 

(ABCG5/G8) antagonizes the activity of NPC1L1 by transporting sterols out of the 

enterocyte into the intestinal lumen [3]. Absence of ABCG5/G8 leads to sitosterolemia 

due to plant sterols, absorbed by NPC1L1, not being effluxed back into the intestinal 

lumen. Apart from the activity of transporters involved in uptake and export of sterols, 

solubilization of cholesterol in the intestinal lumen is an important factor impacting its 
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absorption. Bile acids are synthesized from cholesterol in the liver and play a central 

role in solubilization of lipids in the intestine by acting as biological detergents. In the 

absence of bile acids, only 20% of cholesterol is absorbed [4]. On the other hand, when 

the bile acid cholic acid is administered, cholesterol absorption is greatly enhanced 

[4,5]. Bile acids also affect the absorption of dietary fat, albeit with considerably less 

impact compared to the effect on the absorption of cholesterol. Without bile acids, 

absorption of fatty acids takes place more distally in the small intestine where the pH is 

higher [6]. It is still unclear which proteins are involved in intestinal uptake of fatty 

acids. CD36 could be involved, especially for long chain fatty acids. However, in 

absence of CD36 fatty acid uptake still takes place [7].  

 

 

What is new in intestinal cholesterol absorption 

 

Regulation of NPC1L1 

The regulation of NPC1L1 is incompletely understood. The differential expression of 

NPC1L1 along the length of the intestinal tract appears to be regulated, at least in part, 

by epigenetic mechanisms involving methylation of the promoter region [8]. In 

addition, NPC1L1 was recently found to be negatively regulated by the transcription 

factor cAMP responsive element binding protein 3-like 3 (CREB3L3) [9,10], which 

was orignally identified as inducer of LPL co-activators [11]. In Caco-2 cells, 

CREB3L3 bound to the promoter region of NPC1L1 and reduced its activity in 

reporter assays. CREB3L3 overexpression reduced NPC1L1 expression in a dose-

dependent manner in these cells [9]. Whereas chow-fed intestine-specific CREB3L3 

knock out mice showed no differences compared with WT mice [10], mice expressing 

human CREB3L3 in the intestine showed reduced plasma cholesterol levels. Intestinal 

NPC1L1 expression was downregulated in these transgenic mice, while it increased in 

CREB3L3 knock out mice [9,10]. These data suggest that intestinal CREB3L3 is an 

important modulator of NPC1L1 expression.  

 

NPC1L1–mediated cholesterol absorption may not be dependent on endocytosis 

The molecular mechanism of NPC1L1-mediated cholesterol absorption is not clear. It 

has been suggested that NPC1L1 shuttles cholesterol molecules into the cell via 

endocytosis of the protein with bound cholesterol, and that this process is blocked by 

ezetimibe [12]. The more recent finding that in the absence of Numb, a clathrin-

adaptor, both NPC1L1-endocytosis and cholesterol absorption is impeded in CRL1601 

cells, further supports this mechanism [13]. Notably, both these studies used 

cyclodextrin to deplete medium of cholesterol. Since cyclodextrin is known to interfere 

with clathrin-mediated endocytosis in general, Johnson et al. recently re-investigated 
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cholesterol absorption using the same cell line, however in cyclodextrin-free conditions 

[14**]. Under these conditions, it was found that ezetimibe does not affect endocytosis 

rates. Furthermore, a functional mutation in NPC1L1 that slows down endocytosis did 

not result in decreased cholesterol absorption, and blocking of endocytosis had no 

effect on ezetimibe-dependent or -independent cholesterol absorption [14**]. It should 

be noted however, that cholesterol absorption was measured using tritium-labeled 

cholesterol, and that therefore no distinction could be made between cholesterol 

entering the plasma membrane, and cholesterol being shuttled towards intracellular 

compartments [14**]. That, in combination with studies in an intestine-specific knock 

out mouse model of Numb showing decreased cholesterol absorption in vivo, still 

favors the view that endocytosis of NPC1L1 is important for cholesterol absorption 

[13]. 

 

The molecular structure of ABCG5/G8 has been elucidated, revealing a cholesterol 

binding site within the transmembrane domain 

The X-ray structure of ABCG5/G8 was reported this year [15*]. The ATP-free 

structure revealed clues as to how the asymmetry in the transmembrane domains 

between G5 and G8, could contribute to the mechanism of cholesterol transport. Lee et 

al. found that G5 forms three stabilized alfa-helices within the transmembrane domains 

that are adjacent to the non-active nucleotide binding site. The corresponding helices in 

G8 miss a glutamate-arginine salt bridge and are adjacent to the active nucleotide 

binding site. They therefore propose that mechanistically, the flexible part in G8 may 

undergo a conformational change upon ATP-hydrolysis. Molecular dynamic 

simulations suggest that a movement of the respective nucleotide binding domains 

inward is coupled with a movement of the transmembrane domain upward. A mutation 

associated with sitosterolemia is predicted to abrogate this coupling by disruption of a 

transmembrane domain polar relay. Furthermore, a possible entry site for cholesterol 

into the transporter was identified. Occluding the presumed entry site by A540F 

substitution in G5 resulted in a 6-fold reduction of transport activity in vivo.  

 

Trans-intestinal cholesterol excretion is active in both mice and humans 

In addition to the long-known hepatobiliary cholesterol secretion route, it has become 

clear that an alternative pathway for cholesterol removal exists that mediates 

cholesterol transport directly from the blood, through the enterocyte, into the intestinal 

lumen. This pathway is known as trans-intestinal excretion (TICE) and has been shown 

to be a major pathway for fecal cholesterol excretion in mice. Recently, we 

demonstrated TICE to be active in healthy humans as well [16**]. Using an enterotest 

device we were able to sample bile non-invasively in humans. Then, by estimating the 

bile acid pool size and biliary secretion rate using stable isotopes, and by making use of 
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the cholesterol/cholate ratio, the biliary cholesterol secretion could be calculated. By 

carefully monitoring dietary intake and taking daily fecal samples, it could be 

established that, under basal conditions, TICE contributes to about 35% of fecal neutral 

sterol excretion, although the interindividual variation was substantial.   

The molecular mechanism underlying TICE is still incompletely understood. Recently, 

Nakano et al. suggested that TICE is mostly a function of increased brush border 

membrane to lumen efflux of cholesterol [17]. By oral administration of tritium-labeled 

cholesterol followed by perfusion of a piece of intestine still connected to the 

circulation, they were able to determine changes in TICE. Interestingly, an inverse 

relation between cholesterol absorption and TICE was observed. Furthermore, and 

consistent with our study, they found that ABCG5/G8 potentiates the ezetimibe-

mediated induction of TICE [18]. In vitro, using Caco-2 cells, they found that 

cholesterol is still able to enter the brush-border when ezetimibe is supplied. The 

authors proposed a model where the cholesterol content in the brush-border is the main 

driving force behind TICE, and that ezetimibe probably interferes with NPC1L1 

transporting cholesterol from brush-border to intracellular locations. While this model 

explains why fractional cholesterol absorption and TICE correlate negatively with each 

other, it fails to explain some important observations made by others. One, ezetimibe-

induced increase in fecal neutral sterol excretion has not been observed to correlate 

with fractional cholesterol absorption [16**]. Two, while the model predicts increased 

ABCG5/G8-efflux after ezetimibe-mediated inhibition of NPC1L1, which is in line 

with observations since TICE is then increased, it would also predict increased 

cholesterol absorption in the absence of ABCG5/G8. Cholesterol absorption is, 

however, not enhanced in ABCG5/G8 – knock out mice [19]. Furthermore, the theory 

does not address how cholesterol enters the enterocyte from the plasma compartment in 

the first place.  

By activating the farnesoid X receptor (FXR) using a non-steroid agonist, we recently 

demonstrated that the TICE pathway has a tremendous capacity and that its rate is 

affected by the bile acid pool composition [20**]. Our studies in mice revealed that 

activation of intestinal FXR leads to a robust increase of TICE. The data strongly 

suggest that hydrophilic bile acids (i.e., muricholic acids) stimulate cholesterol removal 

via the TICE pathway. Importantly, the effects were independent of cholesterol 

absorption, as the magnitude of TICE induction by the FXR agonist was similar in 

animals in which cholesterol absorption had been blocked by ezetimibe. The combined 

treatment of the FXR agonist and ezetimibe stimulated daily cholesterol loss up to 60% 

of the entire estimated pool in the mice [20**]. Activation of FXR also strongly 

decreased plasma cholesterol and triglyceride, however, this occurred independent of 

the effect on TICE. The role of FXR in control of cholesterol and triglyceride 
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homeostasis is complex and subject to considerable controversy. For an in depth 

discussion we refer to a recent review [21**]. 

In vitro systems are of prime interest to facilitate elucidation of the physical and 

molecular mechanisms underlying transintestinal cholesterol trafficking. Dugardin et al. 

developed such a  model using Caco-2/TC7 cells in a trans-well system [22]. Model 

systems like this allow for more detailed study of cholesterol transport than in vivo flux 

measurements and can therefore be expected to contribute to the further unravelling of 

the mechanisms involved in TICE. 

 

Increased fecal neutral sterol secretion rather than inhibition of cholesterol synthesis 

may underlie the statin-induced reduction of plasma cholesterol 

It is generally presumed that the LDLc lowering effect of statins is achieved through 

reduced cholesterol synthesis due to inhibition HMG-CoA reductase. However, 

conflicting results have been reported regarding the effect of statins in vivo. Studies 

using biomarkers as indirect means to estimate cholesterol synthesis suggested 

inhibited cholesterol synthesis upon statin treatment [23], whereas a study using stable 

isotopes showed increased cholesterol synthesis in pravastatin-treated individuals [24]. 

Now, Schonewille et al. demonstrated that statins paradoxically increase hepatic 

cholesterol synthesis in mice. Interestingly, statin-treatment caused augmented 

cholesterol disposal in these mice [25**]. Of particular note, this study also showed 

that commonly measured biomarkers of cholesterol synthesis, such as the plasma 

lathosterol/cholesterol ratio, did not correspond with the substantial increase in 

cholesterol synthesis.  This may have been a reason underlying the conflicting results 

reported in previous studies  

 

 

What is new in Triglyceride Absorption 

 

CD36 redistribution from the brush-border membrane is inhibited in hyperinsulinemic 

states 

Buttet et al.  provided evidence for development of a kind of resistance against acute 

effects of HFD on CD36 expression showing that the gene regulatory response in mice 

on HFD is delayed in response to HFD. In response to an oral fat bolus, CD36 was no 

longer redistributed from the brush border membrane to intracellular compartments in 

mice on HFD, while this did occur in mice on LFD. Intriguingly, the study indicated 

that insulin may mediate the long-term effect of HFD because streptozotocin-induced 

diabetes reversed these effects [26]. Fat absorption and chylomicron production were, 

however, enhanced in mice on HFD, suggesting that CD36 disengagement from the 

brush border membrane is not required for chylomicron assembly.  
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SR-B1 inhibitors decrease intestinal uptake capacity of fat 

Inhibitors of the HDL-receptor scavenger receptor- B1 (SR-B1) have been shown to 

alter triglyceride metabolism in hamsters and rats [27]. Inhibition as well as genetic 

deficiency of SR-B1 decreased the TG excursion in plasma during an oral fat tolerance 

test. Moreover, the reduction of the appearance of orally administered triglycerides in 

the blood circulation of mice treated with a liver X receptor (LXR) agonist, was 

reported to depend on SR-B1.  Most conceivably, activation of LXR  mediated both, a 

loss of SR-B1 stabilization in the brush border membrane by PDZK1 and interference 

with Scarb1 transcription by miR-96-5p [28].  

 

Intestinal fat absorption requires phospholipid remodeling through the Land’s 

pathway 

Fat absorption is considered to be the result of both active and passive transport of free 

fatty acids across the brush border membrane. A series of recent studies on 

phospholipid remodeling sheds more light on how these processes interact [29–33]. 

Phospholipids with unsaturated chains are mostly produced through a process called 

phospholipid remodeling, the Land’s cycle, where one of the acyl –chains of a 

phospholipid is exchanged for a poly-unsaturated acyl chain. Intriguingly, mice with 

whole body knockout of LPCAT3, the protein responsible for phospholipid remodeling 

in the enterocyte, show an almost complete lack of fat absorption in the proximal 

intestine, resulting in increased death rates during the suckling period, and the inability 

to survive on a high-fat diet. Paradoxically, the animals show decreased food intake 

when put on a high-fat diet compared to their wild-type littermates [29**]. Since 

exendin-9 can partly reverse the decreased food intake, GLP-1 is thought to be at least 

in part responsible for this phenomenon [29**]. It was found that deleting LPCAT3 in 

mice changed the composition of the phospholipids in the brush border membrane, and 

that NPC1L1, CD36 and ABCG8 were decreased at the protein level, while MTP was 

unchanged and FATP4 was increased [32*]. Importantly, the villi were distorted and 

the abundance of NPC1L1 was decreased at the brush border membrane, especially at 

the top of the villi [32*]. Similar findings were reported by Li et al. in the total body 

LPCAT3 knockout, though these authors found decreased FATP4 [34]. Since both the 

change in phospholipid composition and the decrease in brush border membrane – 

resident proteins may be expected to contribute to decreased absorption of fatty acids, 

it remains to be established whether the change in phospholipid composition mainly 

interferes with active or passive transport. The fact that intestinal fatty acid transport is 

almost normal in CD36 – null mice suggests however that interference with the passive 

component of fatty acid uptake may be more important [7]. 

 

Perturbing repackaging into triglycerides affects intestinal triglyceride absorption 
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After absorption of  free fatty acids into the enterocytes, they need to be repackaged 

into triglyceride to allow transport out of the enterocyte within chylomicrons. 

Interfering with this process, through knocking out monoacylglycerol-acyltransferase 

(MGAT), decreases triglyceride absorption. More recently, it was established that 

interfering with more minor routes of triglyceride synthesis via glycerol-3-phosphate 

acyltransferase 3 (GPAT3), diacylglycerol-acyltransferase (DGAT) and acyl-CoA 

synthase 5 (ACSL5) respectively, also results in decreased uptake [35–37]. It should be 

noted that this effect only becomes evident once the animals are properly challenged, 

e.g. by a high-fat diet. Interestingly, DGAT knock out has been reported to increase 

fecal neutral sterol excretion in addition to blocking fatty acid absorption [35], 

suggesting interdependency of the cholesterol and triglyceride absorption pathways. 

 

Genes newly implicated in fat absorption 

The incretin GLP-2 has been shown to be involved in chylomicron production. Hsieh 

et al. show that GLP-2 stimulation of chylomicron production is dependent on NO-

signaling [38]. However, the contribution of GLP-2 to postprandial hyperlipidemia 

appears to be limited, at least in apparently healthy obese men [39]. Sar1b is a GTPase 

involved in intracellular vesicle transport and mutations in the corresponding gene 

result in chylomicron retention disease. Recently, it has been shown that enhanced 

expression of Sar1b leads to increased fat absorption [40]. Similarly, Tm6sf2 has been 

implicated in lipid absorption through reduced incorporation of TG into apoB-

containing lipoproteins which results in both decreased VLDL-TG secretion and 

reduced intestinal lipid absorption [41]. Another new gene connected to lipid 

absorption is Park2, which is involved in mitophagy. Park2 knock out mice present 

with reduced intestinal lipid absorption [42]. Future studies will have to demonstrate 

the significance of the impact of these genes on fat absorption. 

 

 

Bile acids, regulation by hydrophobic / hydrophilic balance and effect of 

ASBT 

 

No effect of the bile acid sequestrant colesevelam on GLP-1 secretion 

Colesevelam, a bile acid sequestrant, inhibits bile acid reuptake, in turn leading to 

increased production of bile acids (from cholesterol) resulting in lower LDL-c. 

Colesevelam has further been shown to enhance glucose tolerance in type 2 diabetes 

patients. It has been suggested that this effect is mediated through basolateral 

activation of TGR5, a bile acid receptor, in L-cells, in turn stimulating GLP-1 secretion 

[43]. In contrast, it has also been suggested that bile acids may stimulate TGR5 directly 

from within the intestinal lumen, explaining why colesevelam, at least in mice, has 
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been observed to paradoxically increase GLP-1 secretion as well [44]. The latter 

mechanism however, would imply that colesevelam and exogenous supply of bile acids 

would have an additive effect on GLP-1 secretion. Hansen et al. have now observed in 

humans, that under fasting conditions, in contrast to exogenous supply of 

chenodeoxycholic acid, colesevelam does not increase GLP-1 secretion [43]. Moreover, 

no additive effect was found of co-administration of colesevelam with 

chenodeoxycholic acid. These findings argue against direct activation of TGR5 from 

within the intestinal lumen. It may be speculated, that previous findings of enhanced 

GLP-1 secretion by colesevelam are due to differences in nutrient sensing in the L-

cells. 

 

Perturbing bile acid production results in reduced lipid absorption 

Hydrophobic bile acids are better able to stimulate cholesterol absorption than more 

hydrophilic bile acids [45]. Therefore, shifting the composition towards hydrophilic 

bile acids decreases intestinal cholesterol absorption. A number of research groups 

have recently explored this effect further by changing the amount and composition of 

bile acids by interfering in the major bile acid synthetic pathways. Ferrell et al. show 

that Cyp7a1-KO mice were found to be protected from high-fat/high-cholesterol diet-

induced metabolic disorders [46]. Cyp7a1-KO mice had a decreased bile acid pool size, 

but the  alternative bile acid synthesis pathway (including the expression Cyp7b1) was 

upregulated. This resulted in a shift of the bile acid pool composition towards more 

hydrophilic species (i.e. muricholic acids). Bonde et al., generated mice lacking the 

expression of sterol 12 -hydroxylase (Cyp8b1). Due to the absence of Cyp8b1 activity, 

the mice were forced to produce more chenodeoxycholic acid, the precursor of 

muricholic acid, instead of cholic acid. Cyp8b1-deficient mice displayed reduced 

weight gain, increased fecal cholesterol and FFA excretion compared to controls when 

fed a HFD [47]. In line with these and other findings, Xu et al. used obeticholic acid-

mediated downregulation of both Cyp7a1 and Cyp8b1, inducing a muricholic acid-

enriched bile acid pool, and observed increased  fecal cholesterol excretion [48]. 

 

Cyp2c70 may be responsible for production of muricholic acids in mice 

Bile acid metabolism in the mouse differs considerably from man. Where mice 

synthesize ample amounts of muricholic acids, these bile acid species are not found in 

humans. It is known that chenodeoxycholic acid is the precursor of muricholic acids, 

but the responsible enzymes have never been identified. Takahashi et al., now report 

that mice without the Cyp2c gene cluster are not able to produce muricholic acids. 

They further found that, of the genes in the Cyp2c gene cluster, only transfection with 

Cyp2c70 resulted in the production of muricholic acids by human HepG2 hepatoma 

cells. Furthermore, knock-down of Cyp2c70 mRNA in mouse primary hepatocytes 



264 
 

significantly reduced the production of muricholic acids [49**]. This pivotal finding 

requires confirmation. Unpublished studies in our laboratory show no correlation 

between expression of Cyp2c70 and muricholic acid synthesis. A proteomics study of 

Huang et al. indicated the enzyme to be more abundant in males whereas there is no 

clear gender difference in muricholate synthesis [50]. 

 

Circadian control of bile acids is partly mediated by KLF15 

Klf15 was previously identified as an important circadian regulator, and total body 

knock-out mice were shown to have reduced expression of Cyp7a1, and as a result 

cholesterol and triglyceride absorption is impeded. Han et al. now show that this effect 

is not mediated by the liver, but by the ileum. Increasing Klf15 expression in mouse 

primary epithelial cells from ileal villi resulted in decreased FGF15 expression, while 

knock-down of Klf15 resulted in increased FGF15 expression [51*]. Of particular 

interest, increased Fgf15 expression and reduced bile acid syntheses were maintained 

in bile duct diverted Klf15 knock-out mice. This demonstrates that the effects on bile 

acid synthesis in these mice are independent of the presence of bile acids in the 

intestine and suggest that Klf15 may regulate Fgf15 directly and independent of FXR 

[51*].  

 

 

Concluding Remarks 

How are the new findings going to change the perspective on new drugs for treating 

atherosclerosis.  

TICE has now been shown to be present in man and to be inducible by ezetimibe. 

While trials like IMPROVE-IT have already shown how this may be of benefit [52], 

the observation that TICE can be stimulated in humans validates targeting this pathway 

as a strategy for development of new drugs. This therapeutic potential may spur efforts 

to identify the basolateral players in TICE, and thereby generate new drug targets. 

Shifting bile acids to a more hydrophilic profile in mice leads to effects in fat and 

cholesterol homeostasis that could prove beneficial to humans as well. However, 

considering the differences in bile acid production between mice and man, it is too 

early to say whether those observations may eventually be translated to the human 

population. 

When findings in LPCAT3 knock out mice are translatable to humans,  its inhibition 

would result in both decreased fat absorption and reduced food intake. In the current 

obesity epidemic, and in light of the propensity of human beings to negate an intended 

decrease in food intake, a drug with those combined effects would be invaluable.  
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Chapter 8 
 

General Discussion 

This thesis uses computational modeling to better understand how an imbalance 

between energy intake and expenditure leads to metabolic syndrome as well as 

investigates what perturbations are most likely to reverse the detrimental effects on 

cardiovascular risk. Pending progress in society on how individualism is best 

reconciled with the inability of individuals to resist forces conspiring to turn them 

obese, research like this may contribute to finding pharmacological adjuvants to 

achieve a healthy body weight.  

 

Chapter 2 

In Chapter 2, current models of cholesterol metabolism were reviewed [1].  

By systematically evaluating key assumptions for their biological validity and 

considering how the assumptions may affect modeling results, we made sure to obtain 

a good understanding of the model. Moreover, by reproducing every model and 

applying a functional test to these models, we could also establish whether the model 

was sophisticated enough to show some general applicability. Passing such a functional 

test would make the model more attractive for use as a module in a larger 

computational model. The functional test consisted of mimicking the effect of statins, 

which for most of the models meant decreasing cholesterol synthesis and evaluating 

whether plasma LDL-C would decrease within the expected time-frame. It was then 

found that actually most models were not able to pass this functional test, making us 

conclude that the field as a whole is still in its infancy.  

In hindsight however, there are some concerns over the ‘validity’ of our functional test, 

since while intensively studied, not all is known on the effect of statins. More 

specifically, we assumed that since statins inhibit cholesterol synthesis in vitro, this 

would also occur in vivo. At the time of our study, while some groups had reported 

decreased cholesterol synthesis on statins based on ratios of precursor metabolites, this 

was controversial since using either cholesterol balance or stable-isotope methods did 

not result in the same finding [2–4]. Interestingly, recent work in our group 

demonstrates that paradoxically, cholesterol synthesis may be enhanced in response to 

statins, at least in mice [5].  

This emphasizes that there is a subtle interplay between experimental findings, the 

process of modeling and how the two are evaluated. Specifically, when a model is able 

to reproduce some phenomenon it does not necessarily do so because the model 

accurately emulates the biological processes culminating in the phenomenon under 

study, but just that the knowledge that the model is based on is free from conflicting 
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hypotheses. Conversely, when a model is not able to reproduce an experimental 

finding, it may demonstrate that there are inconsistencies within the current theoretical 

framework, and expose assumptions that may require revision. Thus, in a way, where 

experimental findings can be regarded as tests of individual hypotheses, modeling may 

be regarded as a test of the theoretical framework surrounding these hypotheses.  

In this regard, one may question the practice of demanding that computational models 

be validated by experimental findings, yet do not expect or demand theories 

accompanying experimental findings to be backed up by a computational model. 

 

Chapter 3 

In chapter 3 we presented a model of lipoprotein metabolism with the aim to better 

understand what explains the often observed inverse correlation between HDL and 

plasma TG levels. The agent-based model approach we take has the advantage that 

properties of individual lipoproteins can be taken into account when modeling lipid 

exchange between lipoproteins. Plasma TG induces lower HDL through increased 

clearance of HDL through CETP-mediated exchange of HDL-CE for VLDL-derived 

TG, subsequent hydrolysis of TG within HDL, in turn leading to faster clearance of the 

resulting smaller HDL through the kidney. Another interaction between plasma TG and 

HDL, is that during lipolysis of VLDL excess surface lipids are transferred to HDL, 

where they may be a substrate for LCAT, thus producing larger HDL, resulting in 

higher HDL levels. Incorporating these mechanisms in the model, we found that a high 

activity of the latter mechanism is incompatible with the common finding of tracer-

kinetic studies, that high VLDL-production rates induce increased clearance and thus 

lower levels of HDL [6,7]. In fact, if it is assumed that the majority of excess surface 

lipids are a substrate for LCAT on HDL, then higher VLDL-production rates lead to 

increased levels of HDL. The implication of this finding is that the majority of excess 

surface lipids may not be cleared through HDL, but through some other as yet 

unknown route.  

Though it is currently unclear what this route should be, it emphasizes that modeling 

can help uncover inconsistencies in a theoretical framework. Furthermore, we hope this 

work will inspire the search for this pathway. 

 

Chapter 4 

While it is known that metabolic syndrome develops slowly over time, most studies are 

not longitudinal in setup. While the reason for this is obvious, longitudinal studies in 

humans are incredibly expensive and a relevant time frame easily exceeds the time 

span of a PhD, important aspects of metabolic syndrome may be missed this way. In 

chapter 4 we presented an in-depth study of the response of APOE*3Leiden.CETP 

mice on a Western diet in order to find out whether these mice with a humanized lipid 
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profile, may act as substitute for humans in longitudinal studies, so that qualitatively 

similar information is gathered, however in a much shorter time frame. It was then 

found that there are indeed similarities in the response of these mice compared to 

humans in cross-sectional studies. Specifically, body weight and plasma TG decrease 

later in life in men, and a decrease in dyslipidemia was found in male 

APOE*3Leiden.CETP mice as well, whereas body weight plateaued. We however also 

observed a decrease in insulin resistance in these mice through time, while this is not 

observed in men, where insulin resistance generally increases throughout life [8].   

We further observed a close relation between body weight and plasma TG, where 

plasma TG sharply increased when a certain body weight was reached. At the same 

time however, we observed that this relation altered through time, being less distinct at 

older age. Similarly, while at young age there was a clear relation between body weight 

and insulin resistance, this was no longer the case at older age. It is unclear why insulin 

resistance and plasma TG decreased through time in APOE*3Leiden.CETP mice while 

still on the Western diet. Current theories on the pathophysiology of metabolic 

syndrome hold that both insulin resistance and increased levels of plasma TG occur 

upon exceeding the storage capacity of fat and the leaking of fatty acids from adipose 

tissue [9]. The fact that this relation disappears in mice when on prolonged high-fat 

diet suggests that changes in energy expenditure and the handling of fatty acids may 

occur, and that either the time of onset or the magnitude of these changes vary between 

individuals. Apart from the changes of dyslipidemia through time, we also observed a 

marked interindividual heterogeneity in body weight and dyslipidemia between 

animals. While heterogeneity had also been reported in the background of the 

APOE*3L.CETP mice [10,11], there were little other clues towards why this 

heterogeneity occurs. Therefore, we decided to elucidate what factors may contribute 

to this heterogeneity using computational modeling, which is described in the next 

chapter. 

 

Chapter 5 

In chapter 5 the experimental data described in chapter 4 is used for computational 

modeling, so that we may learn about the factors behind the heterogeneity between 

animals, in the hope of finding clues to what makes humans either prone or non-prone 

to develop metabolic syndrome. We divided animals into a non-responder and 

responder group by using a cut-off value of 1.0 mM for plasma TG, so that animals 

with low plasma TG would be non-responders, and animals with higher plasma TG 

responders. Because plasma TG correlates with body weight and insulin resistance, this 

procedure may also be regarded as separating animals with and without the 

characteristics of metabolic syndrome. We then used Analysis of Dynamic Alterations 

in Parameter Trajectories (ADAPT), a methodology that fits the parameters of a model 
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of ordinary differential equations to the experimental data but allows for parameters of 

a model to gradually change over time. In this way, predictions are obtained for how 

the corresponding process may evolve through time.  

ADAPT predicted that non-responders would have higher energy expenditure, 

decreased cholesterol absorption and increased fecal fat excretion. Interestingly, we 

could not find evidence for either decreased cholesterol absorption or increased energy 

expenditure in non-responders. It must be noted that the absence of differences 

between responders and non-responders in energy expenditure according to indirect 

calorimetry, may have been due to the detection limits inherent in the methodology. 

The prediction of changes in cholesterol absorption however were tested in two 

independent validation studies, suggesting that either the prediction was false or was 

only present in the particular cohort whose data was used for ADAPT. The final 

prediction of ADAPT however, that responders and non-responders had marked 

differences in fecal fat excretion, was not only validated in the original cohort, but also 

replicated in both the studies in which cholesterol absorption was measured. 

Interestingly, these changes in fecal lipid excretion were associated with a change in 

fecal bile acid profile, where animals that showed a higher hydrophobicity index of 

fecal bile acids showed less fat excretion. Specifically, fecal fatty acid excretion was 

highly negatively correlated with the fecal excretion of deoxycholic acid (DCA). Thus 

we found strong indications that perturbing bile acid homeostasis may be a useful 

strategy in the prevention of obesity.  

 

Intermezzo 

While part of the heterogeneity observed in the APOE*3Leiden.CETP mouse may be 

related to bile acid metabolism, it remains unclear whether this effect is causal. 

Recently, Tarasco et al. reported that non-responders present with a distinct liver 

morphology, with livers that are generally smaller, have a nodular surface and 

frequently have pre-neoplastic formations [12]. While our experimental setup did not 

include a systematical evaluation of the macroscopic appearance of the liver, we  

encountered non-responders with a cirrhotic appearance of the liver as well. 

Furthermore, liver histology revealed (pre-)neoplastic formations in two out of nine 

non-responders of which histology was obtained.  

Tarasco et al. further found that non-responders presented with both higher plasma bile 

acid levels and lower fecal bile acid concentrations [12]. This is in agreement with our 

findings, that fecal bile acid output of non-responders was low compared to responders. 

Tarasco et al. postulated that the differences observed in bile acid metabolism may be 

due to the observed liver abnormalities [12]. Indeed, liver cirrhosis is associated with 

decreased bile acid production, especially cholate, and increased bile acid re-uptake, 

thus supporting this hypothesis. Interestingly, liver cirrhosis is also marked by a 
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decrease in fecal excretion of DCA [13]. This is thought to be the result of decreased 

biliary secretion of cholic acid, resulting in a decrease in colonic microbiota 

specialized in converting CA into DCA (Clostridium group XIV), and thus decreased 

fecal DCA excretion [14,15]. Moreover, liver cirrhosis in humans is frequently 

accompanied by fat malabsorption [13]. Thus, our findings of decreased fecal DCA 

excretion together with increased fat excretion in non-responder mice are in line with 

similar observations of liver cirrhosis in humans. 

However, does liver cirrhosis also explain the differences in body weight and 

dyslipidemia between responders and non-responders? It should be noted that although 

dyslipidemia is a risk factor for developing liver cirrhosis, the actual presence of liver 

cirrhosis is associated with a decrease in dyslipidemia [16], purportedly through 

increased liver dysfunction and impaired ability to synthesize lipoproteins. 

Furthermore, liver cirrhosis is associated with cachexia [17]. While the mechanisms 

behind cachexia remain poorly understood, a proposed contributor is increased fat 

oxidation in muscle, triggered through inflammatory signals, and resulting in muscle 

wasting [17]. Such a mechanism would be in agreement with the prediction of ADAPT 

that non-responders have increased fat oxidation. All in all, liver cirrhosis is indeed 

associated with a decrease in dyslipidemia and body weight loss, but the mechanisms 

through which this is achieved is not entirely clear. 

In chapter 5 it was proposed that the difference in dyslipidemia and body weight 

between responders and non-responders is due to a combination of decreased fat 

absorption and increased energy expenditure, mediated through changes in bile acid 

metabolism that are marked by a state of FXR-agonism. The very same mechanisms 

may contribute to the low plasma TG and cachexia observed in liver cirrhosis. 

Obviously, developing NASH or liver cirrhosis in order to decrease dyslipidemia and 

obesity is not a desirable path. Nonetheless, the mechanisms in liver cirrhosis that 

mediate the decrease in dyslipidemia and obesity may be emulated through other 

means (i.e. pharmacologically), thereby achieving the desired mitigation in symptoms 

of metabolic syndrome without adversely affecting liver health. 

 

Chapter 6 

Realizing that bile acid metabolism may be one of the key factors that make responders 

prone and non-responders non-prone to develop metabolic syndrome, we decided to 

mimick bile acid metabolism of non-responder mice in responder mice by treatment 

with the FXR-agonist PX20606, which is selective for the intestine (Chapter 6). Just 

like we observed in non-responder mice, FXR-agonist treated mice showed an altered 

bile acid profile and increased fecal fatty acid excretion. Importantly, we observed that 

upon treatment with FXR-agonist, animals showed an abrupt decrease in plasma TG, 

TC and body weight. Furthermore, we observed that the decreased plasma TG was not 
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due to increased VLDL-TG production, suggesting increased clearance. However, 

using radio-labeled VLDL-like emulsion particles, we could not detect an increase in 

clearance rate in treated animals. In contrast, proteomics of the plasma revealed a 

relative increase of apoC2 compared to a relative decrease in abundance of apoC1 and 

apoC3, suggesting that VLDL-TG hydrolysis activity was indeed higher and that the 

clearance of labeled particles did not sufficiently reflect the clearance of endogenous 

VLDL. 

Another interesting observation in FXR-agonist treated animals was that instead of 

reversing hepatic steatosis, the location of the liver fat accumulation changed, with 

more periportal steatosis in treated animals versus more pericentral steatosis in 

untreated animals. Upon integrating the experimental data into ADAPT, ADAPT 

predicted that there may be increased flux of intralumenal triglycerides to the liver. We 

speculate that because there is a shift in the fat uptake from proximal to distal, fat may 

be packaged either in smaller chylomicrons or be released as free fatty acid, leading to 

a different distribution of fat [18]. Furthermore, such a difference in tissue distribution 

in the uptake of postprandial fat may also lead to an altered energy expenditure [19], 

explaining the decrease in body weight. It should be noted that treatment with the 

FXR-agonist also resulted in decreased food intake and increased fecal fat excretion, 

however that these latter two factors do not sufficiently explain the decrease in body 

weight. Selective FXR-agonists may thus be able to decrease body weight through 

inducing both decreased energy intake and increasing energy expenditure. If these 

results prove translatable to humans, there would be a drug that, in effect, bestows non-

prone properties to prone individuals. 

 

Chapter 7 

In chapter 7 recent advances in intestinal lipid absorption are discussed [20]. A major 

recent development is that trans-intestinal cholesterol excretion has now finally shown 

to be present in humans and accounts for as much as 35% of total cholesterol excretion 

[21]. Importantly, it was shown that TICE could be enhanced four-fold by using 

ezetimibe, showing that the activity of this pathway can be  enhanced and targeting this 

pathway may be a promising strategy in the treatment of patients with cardiovascular 

disease [21]. Since in mice it has been shown that FXR-agonist treatment increases 

TICE, and the combination treatment of FXR-agonist and ezetimibe results in a 

massive increase in TICE [22], it would be interesting to see if the same effect could be 

achieved in humans. A major bottleneck in the translation of findings in mice to the 

human situation is that mice have a different bile acid profile. Where the primary bile 

salts synthesized in humans are cholic acid and chenodeoxycholic acid, mice, in 

addition to cholic acid, produce muricholic acid [23]. FXR-agonist treatment in mice 

results in a shift to the production of muricholic acids [22]. It would therefore 
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worthwhile to see whether combinatorial treatment with ezetimibe and FXR-agonist 

still has such a massive effect on TICE if mice would have a bile acid profile that is 

more like that observed in humans. Interestingly, the enzyme responsible for the 

production of muricholic acids in mice was recently identified to be Cyp2c70, bringing 

this goal within reach [24].  

 

 

Concluding remarks 

The main driver behind symptoms of metabolic syndrome is obesity. Obesity should be 

cured by promoting healthy food intake and sufficient physical exercise. If these 

conditions are met, most of the risk-factors that make up metabolic syndrome will 

disappear. Whatever the reason, reality is that for most people, this is simply not 

achieved. Since currently no attractive pharmaceutical treatment is available for 

obesity, there are huge market opportunities for drugs that actually deliver on their 

promise to reduce body weight. While it is arguably unethical to promote widespread 

use of drugs that allows people to maintain an unhealthy lifestyle while still achieving 

some sort of aesthetic ideal, it may also be regarded as ‘leveling the playing field’ for 

those that are more prone to gain weight than others. While my personaI opinion on 

this matter is still unclear, pharmaceutical treatment of obesity would be a step forward 

from the status quo where the only effective therapy for losing weight is bariatric 

surgery [25–27]. 

It should be noted that while bariatric surgery may be the most effective treatment for 

obesity available today, it is not completely understood how this weight loss is 

achieved. The most important aspect determining weight loss however, is considered to 

be reduced food intake [28]. This is thought to be achieved through increased nutrient 

concentrations in the distal intestine, which triggers enhanced secretion of incretins like 

glucagon-like peptide (GLP)-1 and peptide YY (PYY), in turn enhancing feelings of 

satiety. One of the contributing mechanisms to enhanced GLP-1 secretion may be 

increased TGR5-activity in the enteroendocrine L-cells through decreased mixing time 

of bile acid with ingested food, possibly leading to higher local bile acid concentrations 

[28]. Furthermore, plasma bile acids and FGF19 are increased after Roux-en-Y gastric 

bypass (RYGB) surgery [29], suggesting increased FXR-activity. If increased GLP-1 

secretion is the main reason for the observed effects, then similar weight loss is 

expected with GLP-1 mimetics and TGR5-agonists. However, to date GLP-1 mimetics 

have achieved only modest weight loss [30], whereas selective TGR5-agonists show 

modest weight loss as well in pre-clinical studies [31,32], however have not yet 

reached the stage of clinical testing. Modest weight loss with GLP-1 and TGR5-

agonists compared to bariatric surgery suggests that additional mechanisms are 

important in mediating weight loss. 
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In this thesis, we obtained strong indications that FXR-activity is related to proneness 

in obesity, and that activating FXR in the intestine reduces body weight in mice. 

Furthermore, computational modeling suggested that a major part of the decrease in 

body weight induced through intestinal FXR-agonism may be a different handling of 

absorbed fat distal in the small intestine, leading to higher energy expenditure. Our 

findings resonate with the finding of increased energy expenditure in rodents after 

RYGB-surgery, in which fat absorption is obligately shifted to more distal parts of the 

small intestine as well [33]. Interestingly, especially meal-induced thermogenesis 

appears increased in rodents after RYGB-surgery [34,35]. However, there are 

indications that in RYGB-surgery in rodents, meal-induced thermogenesis is due to 

hypertrophy and increased energy expenditure of the alimentary limb, and not due to 

peripheral effects, since at least brown adipose tissue activity is not increased after 

RYGB-surgery in rodents [36]. Moreover, it should be emphasized that bariatric 

surgery in humans does not lead to a higher basal energy expenditure when adequately 

taking body composition into account [37], while the presence of increased meal-

induced thermogenesis in humans after RYGB-surgery is still contested [38,39]. Thus, 

FXR-agonism, even when regarded as an important factor in RYGB-surgery mediated 

weight loss in rodents, is not likely to increase energy expenditure in humans.  

In mice, FGF19 has been reported to induce weight loss through increased fat 

oxidation through beiging of adipose tissue [40]. Increased FGF19-secretion may have 

also contributed to weight loss and decreased dyslipidemia in FXR-agonist treated 

mice in our study. However, FGF19-mimetics in humans are not likely to increase 

energy expenditure [29], since the increased FGF19 levels after bariatric surgery are 

not associated with increased energy expenditure either. Reasoning the other way 

around, since weight loss associated with bariatric surgery has mostly been attributed 

to decreased food intake, and FGF19 has not been reported to lead to decreased food 

intake, increased FGF19 alone cannot explain the positive effects of bariatric surgery.  

Since GLP1 and TGR5-agonists alone have only limited effects on food intake, this 

suggests that other incretins or other mechanisms may be responsible for the decreased 

food intake after bariatric surgery. Indeed, DPP4-inhibitors inhibit PYY-secretion, and 

in part reverts reduced food intake after RYGB-surgery [38]. Similarly, somatostatin, 

inhibiting all incretin-secretions, completely reverts reduced food intake in these 

patients [41]. In our studies, we observed increased fecal fat excretion in FXR-agonist 

treated mice together with reduced food intake. It may be speculated that FXR-

agonism reduces food intake indirectly through altering the exposure of L-cells to fatty 

acids, leading to increased incretin secretion through activation of the fatty acid 

receptors GPR40 and GPR120 [42,43]. In contrast to possibly increased energy 

expenditure through increased FGF19-secretion in response to FXR-agonism, 

indirectly increased incretin response due to FXR-agonism is more likely to be 
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translatable to humans, since studies on bariatric surgery have already shown the 

importance of incretins in regulating food intake to achieve weight loss. 

An important question to ask, is whether our findings that FXR-activity in ‘humanized’ 

mice determines their proneness to obesity, can be extrapolated to reduce proneness to 

obesity in humans to FXR-hypoactivity. Interestingly, while intestinal FXR-agonism in 

mice was shown to decrease obesity, it should be noted that ileal biopsies of healthy 

and obese individuals showed a positive correlation between FXR-activity and body 

weight [44]. In fact, obesity as well as high-fat diet, increases production and pool 

sizes of cholic and deoxycholic acid [45]. Deoxycholic acid is a secondary bile acid, 

produced through reduction of the 7-alpha hydroxyl goup in cholic acid by clostridium 

cluster XI (and XIVa) bacteria [45]. Deoxycholic acid is not easily rehydroxylated to 

cholic acid in humans, and is a strong FXR-agonist [46]. However, while FXR-

agonism is apparently increased in obese individuals, FGF19 levels are lower in 

obesity [29], suggesting that there may be a functional FXR-hypoactivity. Thus, 

increased FXR-agonism in the obese should be regarded as a response to obesity, and 

not as a cause for obesity. 

 

All in all, these observations suggest that FXR-agonism in humans could potentially 

reduce body weight and the associated dyslipidemia through indirectly increasing the 

incretin response through increasing abundance of nutrients at the distal part of the 

small intestine. Therefore, pharmacological FXR-activation in the intestine may 

successfully emulate the decreases in body weight as observed in bariatric surgery. 

Finally, in the future people suffering from proneness to obesity may be able to blame 

FXR-hypoactivity for their disposition. 
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English summary  

  

Cardiovascular risk factors such as obesity, insulin resistance, high plasma triglyceride 

and low HDL cholesterol cluster together. This clustering of risk factors is commonly 

reffered to as metabolic syndrome. To learn more about metabolic syndrome, diet-

induced obesity in mice is often used as a proxy for the same condition in humans. 

Mice however, have a very different lipoprotein profile than humans, and have lower 

LDL cholesterol and triglycerides than humans. Therefore, in this dissertation, 

apoE*3Leiden.CETP-mice are used, that have a humanized lipid profile. By feeding 

these mice with a humanized lipid profile a diet relatively rich in fat and cholesterol, 

and by monitoring how the mice subsequently increase in body weight, and how 

plasma levels of lipids, glucose and insulin change, and how for example the food 

intake and excretion of cholesterol change over time, the natural course of metabolic 

syndrome may be studied. Moreover, by integrating this data into a computer model 

that takes into account how metabolic pathways interact, predictions can be made 

about how non-measured components within glucose and lipid metabolism must 

change in activity over time. If this component is measurable, such a prediction may 

then be verified. This dissertation describes how such a method may be used to gain 

new insights about what determines individual susceptibility towards developing 

metabolic syndrome. It was found that, at least in mice, a higher concentration of 

unabsorbed fat in faeces is accompanied by mitigation of diet-induced obesity, lower 

plasma lipids, and less insulin resistance. Mice with reduced susceptibility to the 

metabolic syndrome were characterized by both a lower rate of bile salt production and 

changes in the bile acid profile. By subsequently manipulating bile acid production 

pharmacologically, we could change bile acid profiles in prone mice to the profile 

otherwise observed in non-prone mice. Upon this pharmacological intervention, body 

weight and plasma lipids are largely normalized. Since these mice have a human lipid 

profile, drugs with the same mechanism may likely have a similar effect on people, 

thus instilling hope that a new and effective class of drugs for people who are 

overweight and have high plasma triglyceride and cholesterol levels may soon become 

available.  

  

Chapter 1 discusses how metabolic syndrome is currently understood. While many 

theories exist concerning metabolic syndrome, most center around the idea that 

metabolic syndrome is triggered by exceeding the storage capacity of fat. Upon 

exceeding the storage capacity, fat starts leaking out of the adipose tissue and instead 

accumulates in other tissues, thereby impairing tissue function. The leaking of free 

fatty acids from adipose tissue, among other things, impairs the ability of muscles to 

absorb glucose, resulting in higher insulin (insulin resistance), and ultimately higher 
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glucose levels (diabetes). High plasma triglycerides are also strongly associated with 

increased body weight. Studies in which both the production and clearance of 

triglyceride-rich lipoproteins (VLDL) are measured indicate that especially increased 

production of these particles explains the high plasma triglyceride, but that in addition 

clearance is often decreased. The idea is that the higher VLDL production is driven by 

an increased uptake of fatty acids from the adipose tissue and, driven by higher insulin 

levels, also by an increased production of fat in the liver. The higher VLDL 

production, in combination with a reduced expression of the LDL receptor, ensures that 

LDL-C in metabolic syndrome is usually also increased. The relation between 

cholesterol metabolism and metabolic syndrome however, is much less developed than 

that for plasma triglycerides and insulin resistance, and as such, an elevated LDL 

cholesterol is not actually part of the definition of metabolic syndrome. 

Notwithstanding, it is obvious that (increased) LDL cholesterol leads to 

atherosclerosis, which makes cholesterol metabolism an important factor in the 

metabolic syndrome. 

 

Chapter 2 provides an overview of computer models of cholesterol metabolism, 

discusses them in detail, and moreover subjects these models to a test by evaluating 

how the models behave upon simulating treatment with statins. The idea is that if 

models can be validated in this way, they may be used as a module in a larger-scale 

model. We found that while some models actually passed this test, by and large we had 

to conclude that the field as a whole is still in its infancy. However, we expect that over 

time computer models will increasingly be able to replicate experiments and be used 

more widely .  

  

In chapter 3 we present an agent-based model of lipoprotein metabolism. Agent-based 

models center around agents, where agents are independently operating elements 

within the simulation of the computer model, and consists of rules that dictate how 

these agents interact. The aim of the model was to gain more insight into why high 

plasma triglyceride is associated with low HDL cholesterol. The prevailing idea is that 

upon high plasma triglycerides, triglycerides in VLDL are exchanged with the 

cholesterol ester in HDL, after which the triglycerides in HDL are in turn depleted by 

the enzymes hepatic lipase and endothelial lipase, resulting in low HDL cholesterol. 

Furthermore, because this results in smaller HDL, HDL will then be cleared by the 

kidneys more rapidly, also resulting in decreased HDL.  

An alternative explanation for the relation bethween plasma triglycerides and HDL is 

that surface lipids released during the breakdown of VLDL, become available as 

substrate for the production of HDL cholesterol ester by the enzyme LCAT. From this 

perspective, a low plasma triglyceride suggests a higher rate of lipolysis and should be 
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associated with a higher rate of HDL-cholesterol ester production and thus higher HDL 

cholesterol. The advantage of an agent-based model is that because individual agents 

can operate independently of eachother, it studying the exchange of lipids between 

these agents becomes more straightforward. In addition, variation in size and 

composition, which occur in lipoproteins as a result of this exchange, will 

automatically be taken into account since the properties of each individual simulated 

lipoprotein particle are necessarily tracked by the program. After we tested the model 

for correctly simulating genetic defects in lipoprotein metabolism, we simulated 

increased VLDL production as it occurs in people with metabolic syndrome. 

Surprisingly, whereas according to the current theories HDL should decrease, we 

instead found an increase in HDL because increased VLDL production also made more 

surface lipids available for the production of HDL cholesterol ester. Interestingly, the 

combination of higher VLDL production with faster clearance of HDL could only be 

replicated in the model if it was also assumed that there is an HDL-independent path 

that handles the superfluous surface lipids of VLDL during lipolysis.  

  

Chapter 4 describes how male mice with a human lipid profile, apoE*3Leiden.CETP 

mice, respond to a fat and cholesterol-rich diet over the course of a 6 months period. 

An important observation in this study was that body weight, plasma lipids, and insulin 

resistance all increase non-linearly over time, reach a maximum, and then change 

direction. Interestingly, the changes in plasma lipids are reminiscent of the trajectory 

which plasma lipids follow in men throughout life, which also decrease in advanced 

age. Another important observation in this study was that apoE*3Leiden.CETP mice 

show large variation in their response to high-fat diet and that not all animals showed a 

strong increase in body weight, insulin resistance and increase in plasma lipids.  

  

In chapter 5 the data described in chapter 4 is further investigated so that more could be 

learned about the source of  this variation. We integrated the longitudinal data 

described in chapter 4 with a computational model of glucose and lipid metabolism 

(MINGLeD; Model INtegrating Glucose and Lipid Dynamics), by applying a method 

known as Analysis of Dynamic Adaptations in Parameter Trajectories (ADAPT), that 

allows the parameters of a model to gradually change over the simulated time period, 

thereby also predicting how the corresponding process should change in activity. 

ADAPT predicted that animals that do not respond with a high plasma triglyceride to 

high-fat cholesterol-rich diet, and thus appear non-prone to develop metabolic 

syndrome, may be characterized by higher energy expenditure and decreased 

cholesterol absorption. These predictions however could not be confirmed by a 

validation experiment. However, another prediction was that animals with a mild 

response to the diet may be characterized by decreased fat absorption. Interestingly, we 
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found that fecal fat excretion was increased, suggesting that this is indeed the case. In 

addition, the increased fat excretion was strongly correlated to decreased fecal bile acid 

excretion, which in turn suggests that a large part of the variation may be explained by 

differences in bile acid metabolism. 

  

In chapter 6 an FXR agonist is used to manipulate bile acid metabolism in mice, in 

such a way that mice prone to develop metabolic syndrome, obtain a bile acid profile 

similar to mice that are not. After eight weeks of high fat and cholesterol-rich diet the 

FXR agonist was added to the diet for an additional period of four weeks. We then 

observed that fecal bile acid excretion, which also reflects bile acid production rate, 

was strongly decreased, and that the bile acid profile had shifted to a bile acid profile 

consisting of predominantly hydrophilic bile acids, which are less efficient in 

promoting cholesterol absorption than more hydrophobic bile acids. In line with these 

observations, we also observed decreased cholesterol absorption and increased fecal 

cholesterol excretion. Interestingly, these changes were accompanied by a sharp 

decrease in plasma triglycerides, plasma cholesterol levels, and a marked decrease in 

body weight. Reminiscent of the findings in non-prone mice in chapter 5, fecal fat 

excretion was increased in treated mice. Furthermore, food intake was reduced in 

response to the FXR agonist. A final interesting finding was that while the total amount 

of liver fat was not decreased, the localization of liver fat accumulation shifted from 

pericentral to periportal. By integrating the data with the MINGleD computer model 

(see chapter 5), we found that a possible explanation for this phenomenon is that an 

increased portion of intestinally absorbed fat is directed to the periportal part of the 

liver.  

  

In chapter 7 recent developments in fat and cholesterol absorption are discussed. One 

important development is that it has recently been shown that humans do not only clear 

cholesterol from the body through biliary cholesterol secretion, but also through a 

pathway in which cholesterol is transported from the plasma to the intestinal lumen, a 

process known as trans-intestinal cholesterol excretion (TICE). While this pathway had 

previously been shown to be present in mice, and to be enhanced through production of 

hydrophilic bile acids, it was yet to be demonstrated in humans. Importantly, TICE in 

humans can be enhanced with medication, thereby lowering plasma cholesterol. 

Promoting the clearance of cholesterol in this way may therefore provide a new 

strategy to further decrease cardiovascular risk. 

  

Chapter 8 discusses how the findings described in this thesis fit in with current 

understanding metabolic syndrome, and what should be done to improve treatment 



287 
 

metabolic syndrome in the future. I then argue that FXR agonists could play an 

important role.  
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Nederlandse samenvatting 

 

Het metabool syndroom is de clustering van cardiovasculaire risicofactoren en wordt 

gekenmerkt door overgewicht, insuline-resistentie, hoog plasma triglyceride en laag 

HDL cholesterol. Het verloop van metabool syndroom in mensen kan nagebootst 

worden door muizen met een gehumaniseerd lipidenprofiel op een dieet te zetten met 

relatief veel vet en cholesterol. Door vervolgens te volgen hoe de muizen toenemen in 

lichaamsgewicht, hoe de plasmaspiegels van lipiden, glucose en insuline veranderen, 

en hoe bijvoorbeeld de voedselinname en excretie van cholesterol veranderen over de 

tijd, kan dan een idee gevormd worden over het natuurlijk beloop. Bovendien, door 

deze gegevens te integreren in een computermodel die rekening houdt met hoe de 

betrokken stofwisselingspaden op elkaar inwerken,  kunnen voorspellingen worden 

gedaan over hoe niet-gemeten onderdelen binnen de stofwisseling en 

cholesterolhuishouding door de tijd heen moeten veranderen in activiteit. Indien 

meetbaar, kan dan gecontroleerd worden of de voorspellingen kloppen. In dit 

proefschrift wordt beschreven hoe een dergelijke werkwijze gebruikt kan worden om 

tot nieuwe inzichten te komen over wat nu eigenlijk bepaalt of iemand wel of geen 

metabool syndroom krijgt. Het blijkt dat, in ieder geval bij muizen, een hogere 

concentratie niet-geabsorbeerde vetten in de ontlasting gepaard gaat met een minder 

sterke toename van het lichaamsgewicht, lagere plasmalipiden, en minder insuline-

resistentie. De muizen met een verminderde vatbaarheid voor het metabool syndroom 

werden gekenmerkt door een lagere galzoutproductie en een veranderd galzoutprofiel. 

Door de galzoutproductie met een medicijn te manipuleren zodat het galzoutprofiel 

gaat lijken op die bij muizen die geen metabool syndroom krijgen op een vetrijk dieet, 

blijken we in staat om bij muizen die wel sterk toenemen in lichaamsgewicht en hoge 

plasma lipiden ontwikkelen, zowel lichaamsgewicht als plasmalipiden grotendeels te 

normaliseren. Omdat deze muizen een menselijk lipidenprofiel bezitten, geeft dit hoop 

dat middelen met hetzelfde werkingsmechanisme een soortgelijk effect op mensen 

zullen hebben, wat zou betekenen dat er dan een nieuwe en effectieve groep 

medicijnen beschikbaar gaat komen voor mensen die kampen met overgewicht en te 

hoge plasma triglyceride- en cholesterolwaardes hebben. 

 

In hoofdstuk 1 leg ik uit wat er tot nu toe bekend is over het metabool syndroom. Er 

zijn veel theorieën over de verschillende factoren die bij metabool syndroom een rol 

spelen, maar het centrale idee is dat alles begint met overschrijding van de 

opslagcapaciteit van het vet. Vet begint dan te lekken uit het vetweefsel en gaat zich 

ophopen op andere plekken in het lichaam waardoor deze weefsels zich anders gaan 

gedragen en in hun functie beperkt worden. De lekkende vetten zorgen er ondere 

andere voor dat de spieren minder makkelijk glucose opnemen, met als gevolg dat de 
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insuline spiegel (insuline-resistentie), en uiteindelijk ook die van glucose stijgt 

(suikerziekte). Hoge plasma triglyceriden ook sterk gekoppeld zijn aan het 

lichaamsgewicht. Studies waarbij zowel de productie als klaring van trigyceride-rijke 

lipoproteinen (VLDL) wordt gemeten, wijzen erop dat met name verhoogde productie 

van deze deeltjes het hoge plasma triglyceride verklaard, maar dat desalniettemin ook 

de klaring vaak lager is. Het idee is dat de hogere VLDL-productie gedreven wordt 

door een toegenomen opname van vetten afkomstig van het vetweefsel en, gedreven 

door hogere insuline spiegels, ook door een verhoogde productie van vet in de lever. 

De hogere VLDL-productie, in combinatie met een verminderde expressie van de 

LDL-receptor, zorgt er voor dat LDL-C in metabool syndroom doorgaans ook 

verhoogd is. De relatie tussen cholesterolhuishouding en metabool syndroom is echter 

veel minder ontwikkeld dan die met plasma triglyceriden en insuline-resistentie, en een 

verhoogd LDL-cholesterol als zodanig maakt dan ook geen deel uit van de definitie 

van metabool syndroom. Definities daargelaten is het overduidelijk dat (verhoogd) 

LDL-cholesterol tot  aderverkalking leidt, wat de cholesterolhuishouding to een niet te 

negeren factor in het metabool syndroom maakt. 

In hoofdstuk 2 wordt een overzicht van computermodellen van het cholesterol 

metabolisme gegeven, in detail besproken, en getest door een behandeling met statines 

te simuleren. Het idee is dat als modellen op deze manier valideerbaar blijken, ze ook 

als module in een grootschaliger model gebruikt moeten kunnen worden. We vonden 

dat enkele modellen inderdaad slaagden voor deze test, maar door de bank genomen 

moesten we concluderen dat het veld als geheel nog in de kinderschoenen staat. De 

verwachting is dat met de tijd computermodellen steeds beter in staat zullen zijn om 

experimenten te repliceren en breder ingezet kunnen worden.  

 

In hoofdstuk 3 presenteer ik een agent-gebaseerd computermodel. Agent-gebaseerde 

modellen zijn opgebouwd uit een set van regels die het doen en laten van ‘agents’ 

bepalen, waar agents zelfstandig opererende elementen binnen de simulatie van het 

computermodel zijn. Het doel van het model was om meer inzicht te krijgen in hoe de 

correlatie tussen een hoog plasma triglyceride en een laag HDL-cholesterol tot stand 

komt. Het prevalerende idee is dat het HDL-cholesterol laag is als het plasma 

triglyceride hoog is doordat triglyceriden uit VLDL worden uitgewisseld met 

cholesterol ester in HDL, waarna het triglyceride in HDL wordt afgebroken door 

enzymen als lever-lipase en endotheel-lipase. Het resulterende kleinere HDL zou dan 

vervolgens makkelijker geklaard worden door de nieren. Een andere verklaring van 

deze relatie is dat de extra oppervlakte-lipiden die vrijkomen tijdens de afbraak van 

VLDL beschikbaar komen voor de productie van HDL-cholesterol ester. Een laag 

plasma triglyceride suggereert dan immers een snellere afbraak van VLDL en dus meer 

HDL-cholesterol ester productie. Het voordeel van een agent-gebaseerd model is dat 
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doordat individuele agenten onafhankelijk van elkaar kunnen opereren, het 

eenvoudiger wordt om uitwisseling van lipiden tussen deze agenten te bestuderen. 

Daarbij doet het model automatisch recht aan de variatie in grootte en samenstelling 

die in lipoproteines als gevolg van deze uitwisseling voorkomen doordat de 

eigenschappen van elk individueel gesimuleerde lipoproteine-deeltje noodgedwongen 

worden bijgehouden. Nadat we het model getoetst hadden op het correct simuleren van 

monogenetische afwijkingen in het lipoproteinen metabolisme, simuleerden we een 

toegenomen VLDL-productie zoals die ook bij mensen met het metabool syndroom 

voorkomt. Terwijl volgens de huidige theorieën het HDL dan lager zou moeten 

worden, vonden we juist een verhoging van het HDL doordat er door de toegenomen 

VLDL-productie ook meer oppervlakte-lipiden voor de productie van HDL-cholesterol 

ester beschikbaar kwam. De combinatie van een hogere VLDL-productie met een 

snellere klaring van HDL kon alleen in het model gerepliceerd worden als tegelijkertijd 

werd aangenomen dat er een HDL-onafhankelijk pad is dat de overbodige oppervlakte 

lipiden van VLDL verwerkt tijdens de lipolyse. 

 

In hoofdstuk 4 wordt beschreven hoe mannelijke muizen met een menselijk 

lipidenprofiel, apoE*3Leiden.CETP muizen, zich ontwikkelen op een vet en 

cholesterol-rijk dieet over een periode van 6 maanden. Een belangrijke observatie in 

deze studie was dat lichaamsgewicht, plasma lipiden en insuline-resistentie niet lineair 

met de tijd toenamen, maar een maximum bereikten, waarna deze parameters zich in 

tegengestelde richting begonnen te ontwikkelen. Interessant genoeg lijken de 

veranderingen in plasma lipiden op het traject die plasma lipiden in mannen afleggen 

in hun leven, waarbij deze ook dalen bij (ver) gevorderde leeftijd. Een andere 

belangrijke observatie in deze studie was dat apoE*3Leiden.CETP muizen een grote 

variatie laten zien in hun respons op het vetrijk dieet en dus niet allemaal een sterke 

toename van het lichaamsgewicht, insuline-resistentie en stijging van plasmalipiden 

lieten zien. 

 

In hoofdstuk 5 gebruik ik een computationele methode op de data beschreven in 

hoofdstuk 4 om meer te weten te komen over hoe deze variatie tot stand zou kunnen 

komen. Integreren van de  longitudinale data met een grofmazig model van de 

stofwisseling, wijst erop dat dieren die niet reageren met een hoog plasma triglyceride 

op dieet, gekenmerkt zouden kunnen worden door een hoger energieverbruik en een 

lagere cholesterol absorptie. Deze voorspellingen konden echter niet bevestigd worden 

met een validatie-experiment. Een andere voorspelling was dat dieren met een milde 

respons op dieet mogelijk een lagere vetabsorptie hebben. We vonden toen dat de 

fecale vet-uitscheiding verhoogd was, wat suggereert dat dit inderdaad het geval is. 

Daarbij was de verhoogde vet-excretie sterk gecorreleerd aan een verminderde fecale 
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galzout-excretie, wat op zijn beurt suggereert dat een groot gedeelte van de variatie wel 

eens verklaard zou kunnen worden door intrinsieke verschillen in de 

galzoutstofwisseling. 

 

In hoofdstuk 6 wordt een FXR-agonist gebruikt om de galzoutstofwisseling in de 

muizen te beïnvloeden, op zo’n manier dat de muizen die gevoelig zijn voor het 

ontwikkelen van metabool syndroom, het galzoutprofiel krijgen van muizen die dat 

niet zijn. Als na vier weken vet en cholesterol-rijk dieet de FXR-agonist aan het dieet 

wordt toegevoegd, zien we dat zoals verwacht, de fecale uitscheiding van galzouten, 

dat aangezien galzouten zich niet ophopen in het lichaam ook de productie van galzout 

weergeeft, sterk is afgenomen, en dat het galzoutprofiel is verschoven naar 

voornamelijk hydrofiele galzouten, die cholesterol-absorptie minder bevorderen dan 

hydrofobe galzouten. We zien dan ook dat de fecale cholesterol excretie is toegenomen 

en dat de cholesterol absorptie verminderd is. Belangrijker is dat dit samengaat met een 

sterke daling van het plasma triglyceride en plasma cholesterol, en dat ook het 

lichaamsgewicht sterk afnemen. Herinnerend aan de eerdere studie waarbij werd 

gekeken naar de heterogeniteit tussen dieren, was ook de fecale uitscheiding van niet 

opgenomen vetten verhoogd bij behandelde muizen. Verder waren er sterke 

aanwijzingen dat de voedselinname verminderd is als reactie op de FXR-agonist. Een 

andere interessante vondst was dat terwijl de totale hoeveelheid levervet niet 

verminderd was, de verdeling veranderde van pericentraal naar periportaal. Door de 

data te integreren met eerder besproken grofmazig computermodel vonden we dat een 

mogelijke verklaring voor dit fenomeen was dat meer van het vet dat opgenomen 

wordt in de darm in het periportale deel van de lever terechtkomt.  

 

In hoofdstuk 7 worden recente ontwikkelingen op het gebied van vet en cholesterol-

absorptie besproken. Een van de belangrijke ontwikkelingen is dat er recent is 

aangetoond dat trans-intestinale cholesterol excretie niet alleen bij muizen voorkomt, 

maar ook bij mensen. Bovendien blijkt de trans-intestinale cholesterol excretie met 

medicijnen bevorderd te kunnen worden en gaat het plasma cholesterol omlaag. 

Bevorderen van de klaring van cholesterol op deze manier geeft een nieuwe strategie 

om het cardiovasculair risico te doen zinken.  

 

In hoofdstuk 8 bespreek ik wat de inzichten in dit proefschrift betekenen voor de 

huidige ideeën met betrekking tot metabool syndroom, en wat er zou moeten gebeuren 

om metabool syndroom in de toekomst beter te kunnen behandelen. Ik stel dan dat 

FXR-agonisten een belangrijke rol zouden kunnen gaan spelen.  
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