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SUMMARY 

 Biological systems are organized in distinct but connected layers, which makes 

their analysis a challenge. The higher layers usually correspond to a “big picture” of a 

physiological event, whereas the lower levels account for increasing granularity and 

detail. It is infeasible to carry along all details from lower levels, partly for technical 

reasons, but also because they would overwhelm insights at the higher level due to their 

sheer numbers and the fact that they typically run on much faster time scales. 

 I address the well-known challenge of biomedical multiscale analysis with a novel 

adaptation of the Template-and-Anchor (T&A) modeling paradigm. We consider a 

template as a high-level, coarse-grained model that focuses exclusively on the main 

physiological components of a system and involves correspondingly few variables, 

processes and parameters. Anchor models are modules of component sub-systems that 

provide more elaborate descriptions of specific biological details. This conceptual 

framework does not attempt to capture simultaneously all details within a single 

computable structure as many other multiscale models do. Instead, the often-

overwhelming multilevel task is dissected into smaller, stand-alone models that are 

analyzed separately. This new adaptation of the T&A approach offers substantial 

advantages without losing resolution. First, the divide-and-conquer method enhances 

computational efficiency. Second, unlike other methods, each anchor is analyzed 

individually, producing a record of crucial input-output relationships that are ultimately 

used in the template model. Third, anchor models can be interchanged without affecting 

the structure of the template or other anchors. Fourth, the T&A model provides flexible 

guidelines for its setup and for defining variables across scales. Using this approach, we 
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investigate the health implications of exposure to dioxin (specifically, 2,3,7,8-

tetrachlorodibenzo-p-dioxin), a persistent organic pollutant which can severely affect 

health, depending on the magnitude of exposure. We present a template capturing the 

overall effects of dioxin on the dynamics of cholesterol, a prominent target of dioxin. The 

anchor models that comprise the overall template model include hepatic cholesterol 

biosynthesis (via the mevalonate pathway), lipoprotein metabolism, and estrogen 

synthesis. The creation of all anchor models and the template enable a holistic evaluation 

of dioxin's impact on the liver, which can be translated into a tool for comprehensive 

computational health risk assessments.  

 Multiscale modeling, and more specifically T&A modeling, holds promise for a 

deeper understanding of complex systems and for advancing personalized medicine, 

interspecies translation, and virtual clinical trials. 

 

 



 

1 

CHAPTER 1  INTRODUCTION1  

Biological phenomena occur and interact across multiple levels of organization, from 

molecules and cells to tissues, organs, organisms, and ecosystems. Each level is 

intricately connected and may influence others, making the study of these multiscale 

systems complex and challenging. As a generic example, molecular interactions govern 

the behavior of proteins, nucleic acids, lipids, and other biological macromolecules. 

These molecular interactions manifest in cellular functions such as metabolic processes, 

ligand binding and signal transduction. At the tissue level, cells interact through specific 

characteristics and play crucial roles in phenomena such as hormonal signaling, which 

governs many aspects of physiology. As a consequence, the collective behaviors of the 

various molecular processes within and among cells affect tissues, organs, organ systems 

and ultimately organisms that respond adequately to their environments.  

 Further complexity arises if one considers the interplay among different cell 

types, tissues, and organs, where a solid understanding of these relationships is key to 

deciphering biological processes such as digestion, circulation, and disease, to name just 

a few [1]. The intricacies of these processes are not only manifest in individual multi-

cellular organisms, but quickly arise if one considers the interactions between organisms, 

 

 

 

1 Much of the material in this chapter is in revision for publication in PLOS Computational Biology 
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populations, and entire ecosystems, wherein interactions among different environments 

and species introduce even greater complexity. These interactions in turn influence 

numerous phenomena, from population growth to the spread of infectious diseases and 

environ-mental changes. 

 The often-encountered multilevel complexity implies that traditional reductionist 

methods alone do not provide a comprehensive understanding of biomedical phenomena 

and mandates an integrated approach that considers interactions and dependencies across 

multiple scales [1-3]. For example, unraveling diseases such as cancer requires 

knowledge of how molecular-level interactions translate into higher-level effects within 

the body. Accordingly, cancer is often rightfully described as a systemic disease, due to 

the intricate interplay of factors at multiple levels that contribute to its onset and 

progression [4]. Namely, while cancer is known to be characterized by ill-regulated cell 

proliferation and the invasion into healthy tissues, its manifestation and behavior are 

influenced by a vast network of cellular and physiological interactions, such as immune 

responses. Furthermore, tumors are heterogeneous cellular assemblies, whose growth and 

metastatic potential depend upon dynamical interactions among the cancer cells 

themselves and their constantly changing microenvironment. Additional systemic factors, 

such as hormonal responses, have profound effects on the behavior of cancers [5]. This 

complex web of interactions, which spans from the molecular to the organismal level, 

necessitates an integration of diverse processes on multiple levels for a better under-

standing and treatment of this disease [6]. 

 Not surprisingly, substantial challenges exist for the design and development of 

computational models describing multiscale phenomena. The fundamental reason is the 
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vastly increased number of components at various scales, both temporally and spatially, 

and the need to define, quantify, and often adjust numerous parameters of different types 

that possibly interrelate with one another across scales. As a part of this challenge, de-

fining the linkage between different scales is a substantial hurdle. Often, these links are 

bidirectional, implying that variables, parameters, and functions characterizing the 

biomedical system influence one another [7]. The new complexities associated with 

multiscale models confound the challenges already occurring when large numbers of 

variables, nonlinear interactions and emergent behaviors are at play on each level. These 

challenges are manifest in computational demands, validation, and standardization. 

Simulating the dynamics across various scales can be computationally intensive, 

requiring specialized algorithms. A separate issue is the validation of these models, which 

may need unique criteria at each level, thereby potentially leading to compounded 

uncertainties. Finally, the lack of standardized methodologies across different domains 

complicates the analysis, comparison, and interpretation of multiscale systems [8]. 

 

1.1 Multiscale Modeling Approaches 

In an overview on multiscale modeling in biology [1], the authors discuss the scientific 

progression and advances in scientific tools and technologies that have enabled the 

research community to explore complex biological systems that are inherently multi-

scaled in nature. Future progress will require not only advancements of these methods, 

but also transdisciplinary collaboration among researchers in molecular and cellular 

biology, physiology, evolution, ecology, mathematics, bioinformatics and what is now 

called data science. This collaboration is needed not just to obtain, organize, and analyze 
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the massive volumes of data generated through experimentation, but for constructing, 

improving, and standardizing comprehensive models that can elucidate the functioning of 

life across different temporal and spatial scales. With this mandate for collaboration 

comes the need for improved transdisciplinary communication (Chapter 19 of [9]). 

Numerous structured and ad hoc approaches to multiscale modeling have been proposed 

to capture the intricate interactions and phenomena occurring across different scales of 

biological systems. Two very different yet representative examples are physiologically 

based pharmacokinetic (PBPK) models and agent-based models (ABM). 

 Physiologically based pharmacokinetic (PBPK) models simulate the absorption, 

distribution, metabolism, and excretion of drugs or chemicals within living organisms 

(Figure 1). These models are structured to represent in a somewhat simplistic manner the 

actual physiological architecture of the organism and take the format of a hybrid between 

a compartment model at the organismal level and a set of kinetic models within the 

compartments [10, 11]. What renders PBPK models inherently multiscale is their ability 

to bridge different levels of biological organization. At the molecular level, they address 

interactions like drug-lipid partitioning, as it occurs in fatty tissue, while they account at 

the cellular level for processes like drug uptake and metabolism, for instance, in the liver. 

Moving up the scale, they define compartments for specific organs or tissues, each with 

its distinct drug-related parameters. Collectively, the integrative modeling of these 

different components enables a holistic view of how a substance behaves across the entire 

organism, from initial drug administration to eventual elimination, thus offering a 

comprehensive perspective that spans multiple biological scales and on the practical side 

offers guidance regarding drug doses and administration regimens. 
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Figure 1.1 Generic PBPK model as a multiscale structure. The primary scale of 

granularity reflects organs and tissues, but the drug concentrations in these organs are 

subject to molecular and cellular events, such as sequestration and degradation in the 

liver. 

 

 The second example is an agent-based model (ABM), which is a generic 

stochastic approach that simulates the actions and interactions of autonomous agents, 

which are individual entities with distinct attributes and behaviors [10, 12]. The agents 

typically move on a grid and can represent a myriad of entities, ranging from molecules 

and cells in biological systems to individuals in social scenarios. Governed by predefined 

rules, ABM agents can adapt, learn, and evolve based on their experiences and 

interactions within their environment. This modeling approach is inherently multiscale 

because it can span a wide range from the micro-level where, for instance, agents might 

represent cells or individuals, to the macro-level, where tissue function or societal 

dynamics emerge. The temporal aspect of ABMs can capture both immediate agent 
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decisions and long-term system evolutions. Further, ABMs can account for spatial 

differences in the environment and capture behaviors that arise from numerous 

individuals dynamically interacting according to preset collective properties [13, 14]. 

More generally, multiscale modeling often adopts a “hybrid” approach in which the 

actions of migrating agents may be governed by systems of differential equations, which 

are updated at every discrete step of the ABM [15-17]. Several other types of hybrid 

models have been discussed in the literature [18-20]. Due to their intuitive nature and 

flexibility, ABMs are increasingly used as teaching tools in biology classes [21]. 

 

1.2 Technical Challenges of Multiscale Modeling 

The organization of biological systems as distinct but connected layers poses one of the 

grand challenges for biomathematical modeling, because processes occurring at the 

various layers often have different time scales and almost always focus on different types 

of variables. The higher layers usually correspond to a “big picture” of physiological 

events, whereas the lower levels account for increasing granularity and detail. When 

investigating a system at a high level, it is often infeasible to carry along all details from 

lower levels, partly for technical reasons, but also because they would overwhelm 

insights at the higher level due to their sheer numbers and the fact that they typically run 

on much faster time scales. For instance, the growth of an embryo from a fertilized 

oocyte throughout the phases of blastula, gastrula and further development may span 

several weeks, during which uncounted metabolic and cellular processes occur at a much 

more rapid pace.  
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 A partial solution that was proposed a long time ago is time-scale separation, 

which yields a reduction in model size (e.g., [22]). As an explanation for the validity of 

this reduction, it has been argued (e.g., [23, 24]) that the processes at lower levels are so 

fast that they are essentially always in a quasi-steady state, which permits their 

conversion from differential equations to explicit algebraic equations that may be entered 

as constraints in a much smaller set of governing equations. As an example, the clouding 

of the human lens is a very slow, life-long process that is caused by clearly identifiable 

biochemical reactions that occur on an ongoing basis at the sub-second scale. In this case, 

the biochemical aspects may be analyzed separately from the slow clouding process 

during aging [25]. While separation of time scales is certainly an option for processes 

with time constants at different orders of magnitude, such a separation is not feasible if 

the layers of biological organization are not all that distant. For instance, the dynamics of 

calcium exchanges in the heart is fast in comparison to macroscopic heart physiology, but 

it is close to impossible to separate the two [26]. In another example, discussed later in 

detail, the direct effects of dioxin exposure on human health are manifest at the 

transcriptional and metabolic levels, which have similar time scales, although their 

consequences may, over the span of years, lead to liver disease, reproductive dysfunction, 

and possibly cancer. 

 

1.3 Template and Anchor (T&A) Modeling 

To address the various challenges inherent in multiscale modeling, we propose a 

modeling paradigm suggested over two decades ago, but seldom actually implemented, 

namely Template-and-Anchor (T&A) modeling [27]. A template is a high-level model 
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that focuses exclusively on the main physiological components of a system and involves 

correspondingly few variables, processes, and parameters. It provides a coarse-grained 

representation of the system under investigation. Anchor models provide more elaborate 

views of the specific biological details characterizing the mechanisms that govern the 

system and are represented in the template model as variables. The original authors and 

proponents of T&A modeling, Full and Koditschek [27], considered this approach most 

useful not for multiscale modeling per se, but for the embedding of a generic design 

principle into a space of alternate implementations. Expressed differently, they 

considered the template model as the representation of a design principle and the anchor 

models as differently structured implementations of this common design. Their key 

example assessed the locomotion of terrestrial animals, which the authors demonstrated 

to have numerous, quite different manifestations (which they called “degrees of 

freedom”), such as the number and structure of legs. While distinctly different, all 

implementations had to comply with a common set of biomechanical design features. 

Kvalheim and Revzen [28] formally investigated this aspect of the T&A approach from a 

standpoint of control theory. They embedded all anchors in a high-dimensional space 

such that their intersection consisted of the low-dimensional template, which was thereby 

seen as the common design principle that all implementations had to satisfy. As the 

authors expressed it, “the template is not only a description of a typical subset of poses 

[of a galloping horse], but also a low-dimensional dynamical model that captures features 

of the aggregate behavior of the body.” Our focus here is not on an embedding of 

different implementations of a design feature but on a method for taming complexity by 

replacing anchor models with input-output relationships that later inform the template 



 9 

model. Specifically, we consider the template model as a representation of processes at 

some fixed level of biological organization. As is typical in dynamic modeling, this 

template contains variables that interact dynamically and are formulated as explicit 

functions with appropriate parameters. The model may be assessed with the usual steady-

state analyses (e.g., characterizing stability and sensitivities), as well as with 

computational simulations. Of importance for the T&A approach, the variables of the 

template model, when zoomed in, are in themselves more finely grained models, which 

serve as anchor models. The anchor models are analyzed separately across applicable 

scenarios, and the main outcome of each anchor analysis is a functional or tabulated 

record of all pertinent input-output relationships, which are subsequently used to connect 

to other anchors and to calibrate the template model. In the end, the template model can 

be simulated without simultaneously simulating the anchor models while retaining and 

utilizing pertinent results from all anchors. This strategy of “logistic level separation” is 

different from typical multiscale models that attempt to represent all information at once 

and carry it forward in some fashion. 

 

1.4 Dioxin (2,3,7,8-tetrachlorodibenzo-p-dioxin) 

To illustrate the functionality of the T&A model, we model the effects of dioxin (2,3,7,8-

tetrachlorodibenzo-p-dioxin) on human health and, especially, on the dynamics of 

cholesterol and the sequelae of exposure. 
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1.4.1 Features of Dioxins and their Effects on Human Health 

Dioxins are polychlorinated aryl hydrocarbons, the most toxic of which is 2,3,7,8-

tetrachlorodibenzo-p-dioxin (TCDD) [29]. (Figure 2). 

 

 

Figure 1.2: Chemical structure of 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD). 

 

 Dioxins are widely generated as by-products in a number of industrial processes, 

such as chlorine bleaching of paper pulp, smelting of metals, and burning of municipal 

and industrial waste. Like other persistent organic pollutants (POPs), dioxins are typically 

very stable in the environment, and essentially every person worldwide is exposed to 

dioxins to some degree. The exact exposure levels vary considerably. They are usually 

below the reference dose (RfD) in terms of dioxin toxicity equivalency (TEQ) [30], but 

higher exposures have been observed. The RfD has been estimated to be between 1 and 

10 pg/kg-day, which means that a lifetime average daily dose in this range is highly 

unlikely to cause noncarcinogenic effects; it aligns well with recommendations of the 

international Joint FAO/WHO Expert Committee on Food Additives [31]. Outside 

accidental contact, most individuals receive about 90% of their exposure from food, 

while 10% comes from breathing air contaminated by incineration processes [32]. The 

highest levels of dioxins are found in meat and dairy products because livestock and fish 

often take up plants to which contaminated soils and sediments are attached.  
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 Several catastrophic incidents have exposed the general population to high levels 

of dioxin. During the Vietnam war, dioxin was an active ingredient in the defoliation 

compound Agent Orange, which was used by the American Military as a “tactical 

herbicide” to expose Viet Cong and North Vietnamese forces concealed by vegetation 

[33]. A notable accident happened in 1976 in Seveso, Italy, where high levels of dioxin 

were released into the environment due to an explosion in a chemical plant [34]. In 2008, 

dioxin-contaminated oil used in a direct-drying feed operation system led to 

contaminated livestock feed in a facility located in Clohamon, Ireland, causing an 

international recall of all pork products originating in Ireland [35].  

 Adverse health effects of dioxin may result from both short-term and long-term 

exposures [36]. It is known that short-term exposure to high levels of dioxin may cause 

skin conditions like chloracne. Long-term exposure is associated with impairment of the 

endocrine system, reproductive dysfunction, and altered cholesterol dynamics, potentially 

leading to non-alcoholic fatty liver disease (NAFLD). Moreover, chronic dioxin exposure 

has been demonstrated to pose a strongly increased risk of developing diabetes and 

various cancers, often in the form of soft-tissue sarcoma, non-Hodgkin lymphoma, 

chronic lymphocytic leukemia, and liver cancer [37]. Confounding direct effects of 

dioxin is its long biological half-life, which causes it to remain and gradually accumulate 

in human tissues for several decades after exposure [38] (Fig. 1). The impact of dioxin on 

human health and many contributing factors have been documented in an enormous body 

of toxicological studies [36]. 



 12 

 

Figure 1.3:  Measured gradual accumulation of dioxin concentration in humans of 

age 18 years and older. This is expressed as TEQ, which combines the weighted toxicity 

of numerous dioxins, furans, and polychlorinated biphenyls (PCBs) [38]. Image credit 

and source: WikiCommons file File:Dioxin concentration by age.png [39]. 

 

 However, assessing the severity of each contribution to the overall impairment of 

health remains to be a challenge. As an intriguing, counterintuitive example, dioxin 

exposure leads to reduced de novo cholesterol biosynthesis in the liver, as well as reduced 

levels of cholesterol, HDL, and LDL in serum in mice [40, 41]. Despite these reductions, 

dioxin can ultimately cause fatty liver disease, which seems contradictory, but turns out 

to be caused by changes in processes associated with extrahepatic cholesterol. In 

addition, dioxin may indirectly influence fatty acid metabolism and, possibly, glycolysis 

to induce steatosis [40]. 
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In comparison, epidemiological studies have shown that dioxin exposure is associated 

with steatosis and increased serum total cholesterol levels in humans [42-46]. Modern 

chemical toxicity testing and health risk assessments are steadily moving away from 

animal-based methods and increasingly adopt “new approach methodologies” (NAMs), 

which use cells, organoids, or organs-on-a-chip assays that are based on in vitro or ex 

vivo testing systems, machine-learning, statistical prediction algorithms, and dynamic 

models [47-49]. Among the latter, physiologically based toxicokinetic (PBTK) models 

and toxicodynamic models (TD) have become instrumental for in vitro to in vivo 

extrapolations (IVIVE) [50-52]. While PBTK models allow the translation of chemical 

concentrations in in vitro cultures to external exposure levels in the macroscopic world, 

systems-based TD models allow extrapolations of local chemical effects in cells, isolated 

organs or tissues to systemic-level health outcomes, which often involve multi-level, 

multi-organ interactions.  

 In an effort to address the challenge of integrating multiple distributed effects of 

TCDD, we propose a novel multiscale computational NAM, using the conceptual 

framework of “template-and-anchor” (T&A) modeling [27]. In contrast to the T&A 

approach proposed by Full and Koditschek though, we use the T&A approach in a 

different manner. Namely, instead of pursuing an embedding of different 

implementations of the same fundamental design [27, 53], we consider the template 

model as a representation of processes at some fixed level of biological organization. 

Generically, a template is a model that focuses on the main physiological components of 

a system. It provides a coarse-grained, high-level representation of the system under 

investigation. Like in other mathematical models, these components of a template model 
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are represented by state variables that are connected through functional interrelationships. 

By contrast, anchor models capture the dynamics of specific biological details within the 

template model. They characterize the mechanisms governing a subsystem at a lower 

level of biological organization.  

 In this thesis, I present three anchor models and an overall template model for the 

effects of TCDD toxicity on cholesterol dynamics. The three anchor models depict the 

biosynthesis of cholesterol via the mevalonate pathway in the liver, the metabolism and 

transport of lipoproteins facilitating cholesterol exchange among the liver, plasma, and 

peripheral tissues, and the process of steroidogenesis in the ovaries. These processes, 

selected for representation as anchor models, hold particular importance, as dioxin 

exposure influences multiple steps within these biological pathways.  

 I will demonstrate how the dioxin-dependent outcomes of these anchors—such as 

the amount of cholesterol produced under a specified dioxin exposure—integrate into 

subsequent variables within the overarching template model. Substituting all variables of 

the template model with information from the anchor models ultimately allows us to 

assess the global effects of dioxin exposure on the human body which has seldom been 

done before. 
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CHAPTER 2  Hepatic Cholesterol Biosynthesis and Dioxin-Induced 

Dysregulation2 

The mevalonate pathway in the liver is the main source of cholesterol biosynthesis. A 

slightly simplified depiction is shown in (Figure 2.1) It is straightforward to design a 

dynamic model of cholesterol biosynthesis via this pathway, although many different 

mathematical representations are available [54]. This pathway model serves as one of the 

anchor models supporting the template model, which I will discuss in Chapter 5.  It 

includes the following metabolic and regulatory processes:  

1. Transcriptional pathways of HMGCR (3-hydroxy-3-methyl-glutaryl-coenzyme A 

reductase) and squalene, lanosterol, and farnesyl synthases, controlled by the 

transcription factor SREBP; 

2. Metabolic system of the mevalonate pathway;  

3. Negative feedback regulation of SREBP activity by cholesterol;  

4. HMGCR degradation promoted by intermediate metabolites of the mevalonate 

pathway;  

5. Bile formation;  

6. Cholesterol storage in the form of cholesterol esters;  

7. Exchange of cholesterol between liver and plasma;  

8. Dietary cholesterol intake. 

 

 

 

2 Much of the material in this chapter is published in Food and Chemical Toxicology PMID: 37820785 
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Figure 2.1: Anchor model describing hepatic cholesterol biosynthesis via the 

mevalonate pathway, its regulation and perturbation by TCDD. In addition to 

biosynthesis, this anchor accounts for bile and cholesterol storage and cholesterol 

exchange with the plasma. Molecules are color-coded by type, as indicated. Solid lines 

show metabolic reactions and transport steps, with red solid lines signifying steps 

impacted by TCDD. Dashed lines represent feedback inhibition (pink) and local 

activation (green) of transcriptional, translational, posttranslational and enzymatic 

processes. Boxes outlined in red represent mRNAs whose transcription is affected by 

TCDD. SREBP is the key transcription factor. It binds to sterol regulatory elements 

(SREs) in the promoter regions of its target genes and controls the mevalonate pathway 

together with HMG-CoA reductase, which is considered the rate-limiting step of the 

pathway, even though control of the pathway is distributed.  

 

 

 

Plasma Cholesterol

vPH vHP
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2.1 Methods 

2.1.1 Molecular details of dioxin-impacted mechanisms 

The nucleus of mammalian cells is protected by a membrane that prevents foreign 

molecules from entering. Dioxin interferes with this transport process. Specifically, 

dioxin binds to the aryl hydrocarbon receptor (AhR) [55]. This receptor ultimately 

regulates the expression of numerous genes, particularly those associated with 

detoxification and cell growth. AhR heterodimerizes with the AhR Nuclear Translocator 

ARNT [56]. The resulting complex penetrates the protective membrane barrier and, once 

inside the nucleus, serves as a transcription factor for genes possessing an AhR-, dioxin- 

or xenobiotic- responsive element (AHRE, DRE or XRE) containing the core sequence 

5'-GCGTG-3. As a result of AhR binding, dioxin exposure leads to the downregulation of 

several genes associated with hepatic cholesterol synthesis, namely, HMG-CoA reductase 

(HMGCR), farnesyl-diphosphate farnesyltransferase 1 (FDFT1), squalene epoxidase 

(SQLE), and lanosterol synthase (LSS) [57]. In spite of this down-regulation, increased 

hepatic cholesterol levels have been observed after strong dioxin exposure [58]. This 

apparent contradiction is attributed to the upregulation of the lecithin–cholesterol 

acyltransferase (LCAT), apolipoprotein AI (APOA1), and low-density lipoprotein 

receptor (LDLR) genes that are involved in the reverse cholesterol transport pathway 

[59]. Furthermore, the upregulation of these genes results in an increased influx of 

cholesterol entering the hepatocyte and thus, contributes to the accumulation of 

cholesterol in the liver [60].  
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2.1.2 Databases documenting TCDD effects on gene expression 

Over the past decade, a significant amount of information has been amassed regarding the 

effects of TCDD and many other toxic compounds on gene expression and regulation. 

Much of this information has been collected in the Toxin and Toxin Target Database 

(T3DB) [61] and the Comparative Toxicogenomic Database (CTD) [62].  T3DB is a 

bioinformatics resource that contains over 40,000 manually curated toxin-target 

interactions across approximately 4,000 toxins, thus providing data for investigating 

mechanisms and direct targets for each toxin. Complementing this information, CTD 

provides manually curated information about toxin-gene associations for over 10,000 

toxins, thus providing expression signatures associated with downstream effects for each 

toxin.  

 According to these databases, TCDD exposure affects the expression of over 

8,000 genes that are associated with numerous physiological systems in humans and/or 

mice, including hepatic processes involved in cholesterol biosynthesis. TCDD 

furthermore interacts with genes indirectly involved in cholesterol metabolism and in 

detoxification, including those coding for AhR, CYP1A1 (cytochrome p450 enzyme A1), 

and TIPARP (TCDD-inducible poly [ADP-ribose] polymerase), which is a negative 

regulator of AhR signaling [63, 64]. One caveat of CTD is that the cataloged outcomes of 

dioxin exposure on gene expression, whether an increase or decrease, may differ based 

on the referenced source [65, 66]. In our analysis, we mitigated this variability by 

selecting results that were corroborated by the highest number of references, thereby 

increasing the probability of reliable foundation for our assessment. Genes that are 

pertinent for our model and impacted by TCDD in rodents and/or humans are presented 
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in Table 2.1 They are the most researched genes impacted by dioxin, and ample 

references can be found in CTD. 

 

Table 2.1: Dioxin-affected genes, enzymes, and other proteins related to cholesterol 

metabolism in the liver. The listed genes correspond to enzymes of the mevalonate 

pathway (shaded grey in Figure 2.1) and other pertinent pathways that are affected by 

dioxin.. Dioxin generally causes a decrease in expression or activity, except for the gene 

coding for CYP1A1, which diverts cholesterol toward secondary metabolites [67] and for 

genes coding for the cholesterol importers LCAT and APOA1 for which TCDD alters the 

expression. 

 

 

 

Sources Organisms
Impact	of	
Dioxin	on	

Expression  
Enzymes  /	ProteinsGene

Boutros PC (2009)Mus musculus↓Acetyl-CoA acetyltransferase ACAT

Fracchiolla NS (2016 )
Homo sapiens 

Mus musculus
↓ Farnesyl diphosphate synthase  FDPS 

Boutros PC (2009)
Homo sapiens 

Mus musculus
↓ HMG- CoA ReductaseHMGCR 

Iqbal K (2021)
Homo sapiens 

Mus musculus
↓ HMG- CoA synthase HMGCS1 

Labaronne (2017)
Homo sapiens 

Mus musculus
↓ Lanosterol- synthase  LSS 

Hurst CH (1998)
Homo sapiens 

Mus musculus
↓ Squalene-epoxidase  SQLE 

Angrish (2013)Mus musculus↑Apolipoprotein A1APOA1

Chen (2019)
Homo sapiens 

Mus musculus
↑

Cytochrome P450, family 1, 

subfamily A, polypeptide 1
CYP1A1

Angrish (2013)Mus musculus↑
Lecithin–cholesterol 

acyltransferase
LCAT

Angrish (2013)Mus musculus↑Low-density lipoprotein receptorLDLR

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/secondary-metabolite
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2.1.3 Model formulation of cholesterol biosynthesis anchor model  

The regulated pathway system in (Figure 2.1) is mathematically represented with non-

linear ordinary differential equations (ODEs). They are formulated here within the 

framework of Mass-Action Kinetics and Biochemical Systems Theory (BST) [68-70], 

which has been used for a variety of biological and nonbiological systems analyses (e.g. 

[53, 71-79]. Details are presented in Appendix A.6. We evaluate the model mainly at the 

steady state, since only the long-term effects of dioxin exposure are of interest here. Each 

metabolite, mRNA, and protein species is modeled with an ODE that contains two types 

of parameters: (1) non-negative rate constants (ri) of production and degradation, and (2) 

kinetic orders (aj), whose signs directly align with the modeled function: activating or 

augmenting processes are modeled with a positive aj, while inhibitory or diminishing 

processes are modeled with a negative aj. Typical examples are the ODEs for Squalene 

(SQ), Lanosterol (L), Hepatic Cholesterol (C), and Plasma Cholesterol (Cp): 

Squalene 

𝑆𝑄̇ = (𝑟23 ∗ 𝐹𝑃𝑃 ∗ 𝑆𝑄𝑆𝑎7 − 𝑟24 ∗ SQ ∗ 𝐿𝑆𝑎10) *SF 

Lanosterol 

𝐿̇ = (𝑟24 * SQ * 𝐿𝑆𝑎10 − 𝑟25 ∗ 𝐿) ∗SF 

Hepatic cholesterol 

𝐶̇ = (𝑟25 ∗ L + 𝑟26 − 𝑟27 ∗ C − 𝑟28 ∗ 𝐶𝑎11 + 𝑟29 ∗ 𝐶𝑃 + 𝑟33 ∗ 𝑆 − 𝑟34 ∗ 𝐶 ) ∗ 𝑆𝐹 

Plasma cholesterol 

𝐶𝑝̇ = 𝑟28 ∗ 𝐶𝑎11 − 𝑟29 ∗ 𝐶𝑃 − 𝑟30 ∗ 𝐶𝑃 + 𝑟31 

The complete ODEs can be found in Appendix A.4; computer code in PLAS and 

MATLAB format is available on GitHub.com/LBSA-VoitLab/TCDD_Chol. 
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2.1.4 Parameter determination and model evaluation 

A summary of the parameter values for the model is provided in Appendix A.5. The 

model was primarily evaluated against the steady-state concentrations in human 

hepatocytes or plasma obtained from the literature (Table 2). Upon calibrating the model 

parameters, the steady-state metabolite concentrations available in the literature, e.g., for 

3-hydroxy-3-methyl-glutaryl Coenzyme A (HMG-CoA) and squalene, and those 

computed from the parameterized model were rather similar to each other (Table 2.2).  

Basal protein and mRNA activity levels were arbitrarily set as 100, reflecting “normal 

conditions.” Other model parameters were based on literature information and reasonably 

adjusted to render model outputs consistent with published steady-state concentration 

data. Kinetic orders were set to default values of either 0.5, 1, or −1. A value of 0.5 

corresponds to a power-law representation of a Michaelis-Menten rate law operating with 

a substrate concentration close to the Michaelis constant KM. A value of 1 is appropriate 

for mass-action and transport processes operating in a linear range, whereas a value of −1 

represents moderately strong inhibition [69, 70]. The remaining parameter values were 

manually adjusted to align roughly with the expected half-lives of metabolites, proteins, 

and mRNAs. Finally, we calibrated the percent reduction in hepatic cholesterol 

biosynthesis under TCDD exposure based on animal studies for each TCDD dose [80, 

81]. Because we are not considering the short-term dynamics of the pathway, specific 

values of rate constants are not as critical as they would be otherwise, as long as their 

ratios are adequate, and we used rounded values rather than attempting to match observed 

values precisely. 
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Table 2.2: Comparison of the steady-state concentrations of key metabolites in the 

mevalonate pathway from the literature with results from model simulations. 

Steady-state values cited in the literature and corresponding values obtained for the 

model with parameter values presented in the Supplementary Materials. GPP: Geranyl 

pyrophosphate, FPP: Farnesyl pyrophosphate. 
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2.2 Results 

 

Using the parameter values listed in Appendix A.5 and methods presented in the A.2, 

numerical simulations and sensitivity analyses were conducted to examine the impact of 

various doses of dioxin exposure on hepatic and serum cholesterol homeostasis. We also 

analyzed the effect of normal, high, and very high dietary cholesterol intake on the 

system and tested how these dietary variations, combined with dioxin exposure, impact 

hepatic and serum cholesterol levels. 

 

2.2.1  Sensitivity analysis for the cholesterol biosynthesis anchor model  

Parameter sensitivity analysis for the biosynthesis anchor model, comprising the 

mevalonate pathway and cholesterol transport into and out of the liver, revealed that 44 

of the 45 model parameters yielded changes in steady-state hepatic cholesterol 

concentration of less than 10% in magnitude when their values were increased or 

decreased by 10% (absolute values of relative sensitivity <1; Figure 2.2). Thus, the 

impacts of alterations in most parameter values are attenuated by the system, consistent 

with the stabilizing negative feedback structure of the mevalonate pathway. Only one 

parameter, a6 a kinetic order with a value of −1, turned out to be relatively influential. 

This parameter reflects the strength of the negative feedback signal exerted by hepatic 

cholesterol on the inhibition of the transcription factor SREBP (cf. In in Figure 2.1). 

Upon a 10% increase in this parameter, hepatic cholesterol decreases by about 35%. This 

somewhat higher relative sensitivity of 3.5 appears to be a reasonable compromise 

between extreme signal amplification (say, with an absolute value of 10 or 20) and a 
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systemic lack of adequate responsiveness to changing cellular demands (such as an 

absolute value < 1). The positioning of this feedback is consistent with the typical natural 

design of negative feedback loops, in which the end product regulates the first step in the 

pathway [82, 83].   

 

 

Figure 2.2: Results of a relative sensitivity analysis addressing the steady-state level 

of de novo generated hepatic cholesterol by varying each parameter in the 

mevalonate pathway model by ±10%. 
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2.2.2 Effects of TCDD on hepatic and plasma cholesterol  

To quantify the impact of TCDD on cholesterol biosynthesis, we analyzed the effects of 

different practically relevant doses of TCDD, ranging from 0 to 50 μg/kg body weight. 

Specifically, we varied the values of the rate constant parameters of each flux altered by 

TCDD such that the outcome matched literature information based on experimentation in 

rodents, such as the percentage inhibition of hepatic cholesterol synthesis rate for each 

TCDD dose [80, 81]. The hepatic cholesterol concentrations resulting from these 

alterations were recorded and used to construct a dose-response relationship.  

 The model analysis of TCDD impact was performed in two variants. The first 

targeted a “partial model,” which included only the TCDD effects on the biosynthesis of 

hepatic cholesterol via the mevalonate pathway, along with cholesteryl ester and bile 

formation. The second analysis addressed the entire system (“full model”), which also 

included the TCDD effects on the transport of cholesterol between the liver and plasma. 

The dose-response curves for TCDD exposure and the resulting effects on hepatic and 

plasma cholesterol are shown in Figure 2.3.  
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Figure 2.3: Dose-response curves quantifying the effects of increasing dosage of 

TCDD on hepatic and plasma cholesterol concentrations. The partial model, accounts 

for the mevalonate pathway along with cholesterol storage and bile formation, and the 

full model, additionally accounts for the effects of TCDD on the hepatic exchange of 

cholesterol with the plasma. (A–B) Effect of dioxin on hepatic cholesterol according to 

the partial (A) versus the full (B) model; note the opposite trends. (C–D) Effect of dioxin 

on plasma cholesterol according to the partial (C) versus the full (D) model. 

 

 With increasing doses of TCDD exposure, hepatic cholesterol decreases 

noticeably in the partial model, which does not consider the impact of TCDD on the 

exchange of cholesterol between liver and plasma. This decrease is clearly attributable to 

the downregulation of several biosynthesis genes including those encoding HMGCR, 

FDPS, SQS and LSS. Importantly, this downregulation affects the key enzyme HMGCR, 

which catalyzes the alleged rate-limiting step of the pathway [84]. The change in the 

relative rate of cholesterol biosynthesis versus the dioxin dose, calculated as a percent 

change with respect to control, is shown in (Figure 2.4) . It aligns with the trend in 
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hepatic cholesterol concentration in the partial model (Figure 2.3, line A) and with 

experimental data in mice [80, 81].  

 

 

Figure 2.4: Dose-response curve of the effect of TCDD on the rate of hepatic 

cholesterol biosynthesis. This rate is expressed as the percent of remaining activity in 

comparison with the control. The trendline was matched to fit experimental data 

(triangle) in mice [80, 81].  

 

In contrast to the partial model, analysis of the full model, which accounts for the 

interactions with the plasma, reveals that hepatic cholesterol levels accumulate under 

TCDD exposure. This increase is primarily due to the upregulation of the transport of 

cholesterol from the plasma into the liver (vPH, cf. Figure 2.1), which can be contributed 

mainly to the upregulation of LCAT and LDLR. This accumulation is consistent with the 

onset of NAFLD following strong TCDD exposure [85]. Confounding the risk of 

NAFLD is the observation that bile formation decreases [85], which decreases the usage 
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of hepatic cholesterol. The hydrolysis of cholesteryl ester to cholesterol is reduced under 

TCDD, but the effect is apparently minor in comparison to the other effects [86]. In both 

the partial and full models, plasma cholesterol decreases, with the full model suggesting a 

greater reduction than the full model (Figure 2.3, line C vs. D). This decrease of plasma 

cholesterol in the model simulation is consistent with results from mouse models [87]. It 

is interesting to note that the TCDD effect on hepatic cholesterol accumulation is strong 

for low exposures and that the effect ultimately seems to approach saturation for high 

exposures. Indeed, it appears that the dose-response is biphasic, with a robust increase in 

severity for low doses (below ∼10 μg/kg) and limited further increases for higher doses 

(Figure 2.3, line B). However, these reductions in biosynthesis may not be of clinical 

significance, especially if other compensatory mechanisms are included, such as 

cholesterol storage and bile production, which are affected by TCDD as well. Like in 

animals, human exposure to dioxins including TCDD is also associated with steatosis (fat 

build-up) in the liver steatosis [45, 46]. However, except for a few studies showing no 

significant differences [88], most epidemiological studies indicate that serum total 

cholesterol levels increase in individuals exposed to high levels of dioxins [42-46]. This 

is in contrast to the rodent studies where TCDD caused a decrease in serum cholesterol 

levels [40, 41]. Therefore, one must use caution interpreting the these predictions. Further 

investigations are needed to differentiate the species differences before inter-species 

extrapolations can be applied with confidence. 
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2.2.3 Effects of dietary cholesterol on hepatic and plasma cholesterol  

The model allows us to assess the potential additional role of dietary cholesterol intake. 

The recommended range of dietary cholesterol intake is < 300 mg/day, which is reduced 

to < 200 mg/day for individuals with risk factors for heart disease [89]. The model 

indicates that cholesterol intake increases both hepatic and plasma cholesterol (Figure 

2.5) but in a much more insensitive manner, which is consistent with literature reports 

[90]. 

 

 

Figure 2.5: Effect of increased dietary cholesterol intake on hepatic and plasma 

cholesterol in the model. Note different scales of the Y-axes. 

 

Using these results, we explored with simulations the effects of combinations of dietary 

intake and TCDD exposure. Without TCDD exposure, the steady-state value of hepatic 

cholesterol under a normal daily consumption of ∼250 mg cholesterol is about 11,200 

μM (Table 2.2). As expected, the hepatic cholesterol levels rise with both increased 

dietary intake and increasing doses of TCDD (Figure 2.6). For the recommended 

cholesterol intake, the model predicts a rise in hepatic cholesterol concentration to about 

18,000 μM, if the individual is exposed to a high dose of 50 μg/kg of TCDD. In 

comparison, the concentration reaches only approximately 14,000 μM if no cholesterol 



 30 

comes from the diet. For the same dose of TCDD, but with 600 mg/day of dietary 

cholesterol intake, the model predicts approximately 27,000 μM of hepatic cholesterol, 

which is more than twice the normal concentration. 

 

 

Figure 2.6: Combined effects of TCDD exposure and dietary intake of cholesterol on 

hepatic cholesterol as indicated. 
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2.3 Discussion 

2.3.1 Summary of Findings  

2.3.1.1 Impact of dioxin on exposure and changes in gene expression 

The current model of cholesterol biosynthesis accounts for pathway features that are 

known to be relevant, including important regulatory steps, such as feedback inhibition of 

the main transcription factor, SREBP, by hepatic cholesterol. Importantly, the model 

permits us to study the effects of TCDD exposure on the biosynthetic pathway in detail. 

For instance, it is known that several genes involved in cholesterol biosynthesis in the 

liver are downregulated under TCDD exposure, and the model enables us to assess the 

consequences of the downregulation. As is to be expected, and confirmed by the model, 

the overall result is a decrease of hepatic cholesterol synthesis de novo. However, it has 

also been observed that TCDD exposure leads to a build-up of hepatic cholesterol and, 

possibly, NAFLD [91]. Dietary intake and TCDD effects on the mevalonate pathways 

alone cannot explain this observation, but the model demonstrates a mechanism of 

reconciliation explaining the apparent discrepancy. It reveals that the upregulation of 

genes outside the mevalonate pathway, such as LCAT and LDLR, which are involved in 

cholesterol transport between plasma and the liver (vPH and vHP in Figure 2.3), not only 

compensates for the reduction in cholesterol biosynthesis but indeed results in hepatic 

cholesterol accumulation. 
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2.3.1.2 Impact of dietary cholesterol and dioxin exposure on gene expression and 

cholesterol levels 

As an illustration of the use of the proposed types of models, we studied the interrelations 

between diet and TCDD exposure. Studies in the literature [92] had suggested synergistic 

effects between the two, and the model permitted us to assess this synergism 

quantitatively. Consistent with observations, the model revealed that increased 

cholesterol in the diet has a greater impact on hepatic cholesterol levels than on plasma 

levels [92]. Introducing various doses of TCDD, along with increased levels of 

cholesterol in the diet, resulted in enhanced accumulation of cholesterol in the liver. 

2.3.2 Limitations of the biosynthesis anchor model  

While the biosynthesis anchor model appears to function properly, it is obviously 

simplified, like any other model. For instance, further complexity could be added to the 

mevalonate pathway model by including other sterol intermediates of the cholesterol 

derivatives, such as 25-hydroxycholesterol, which can also inhibit SREBP-2 through 

binding to an oxysterol-sensing protein [93]. Numerous other extensions would be 

possible. Nonetheless, we believe the approach is sufficient for revealing the essence of 

the complex phenomenon of dioxin impact on cholesterol biosynthesis.  

 The mathematical structure of the model is, as in all modeling efforts, debatable. 

We use a straightforward and essentially unbiased combination of mass-action and 

power-law representation for the design of the differential equations governing the 

model, which numerous times has proven to be effective for capturing complex 

phenomena in biology and medicine while, at the same time, being mathematically 

tractable (see ([54]) as well as references therein and above).  
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 Even the best model is only as good as the data that are available for its 

calibration. In our case, there are clearly numerical uncertainties regarding parameter 

values and the slightly simplified structure of the model. In particular, human data are 

scarce, and our supplanting them with mouse data poses a clear limitation. Given the 

differential serum cholesterol changes in response to TCDD between humans and mice, 

as mentioned above, additional sites of action of TCDD in extrahepatic organs may need 

to be introduced for the model to account accurately for increasing cholesterol levels in 

circulation while the liver continues to accumulate cholesterol in humans.  

2.3.3 Significance and Future Directions 

Future implementations of the model will allow us to overcome shortcomings of the 

current set-up. For instance, we presently introduce high levels of dioxin into the system 

within a short time frame, which may be relevant for acute high-dose exposure scenarios 

but is not realistic for the average population. It has been reported [94] that the typical 

average daily intake of dioxin in the U.S. ranges from 28 to 41 ng of TEQ/kg lipids and 

from 36 to 58 ng of TEQ/kg lipids if dioxin-like PCBs are included. Considered in 

comparison with the RfD of 70 pg/kg-bodyweight per month [36], these numbers will 

become important for risk assessments in public health. 

As a potentially very powerful new NAM, the T&A approach—with future 

refinements—will allow us to analyze in vitro findings regarding dioxin effects in 

primary hepatocyte culture. For instance, it will help us predict and explain system-level 

responses when it is used in conjunction with a PBTK model of TCDD or dioxin-like 

compounds for toxicokinetic IVIVE [95, 96].  
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The T&A approach will eventually permit the exploration of personalized health 

risk scenarios, which will require an examination of the various heterogeneities that are 

inherent in all complex biomedical systems, including gender, age, race, diet, genetics 

and comorbidities.  

While the current T&A model focuses on liver and plasma cholesterol, future 

iterations may include other tissues/organs such as the brain, where disruptions of 

cholesterol metabolism have been linked to multiple neurogenerative diseases including 

Parkinson’s diseases and dementia [97, 98]. As personalized data including dioxin 

exposure data become more widely available, one may even envisage that models might 

allow us to predict cholesterol levels in different tissues and screen for at-risk individuals 

and populations, thereby contributing to the public health of environmental exposure to 

dioxins.  

Lastly, as the hepatic cholesterol synthesis pathway model is further improved, 

the mechanistically based T&A model may be applied to make predictions for other 

cholesterol-altering chemicals that induce different molecular initiating events that 

ultimately impact cholesterol biosynthesis.    
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CHAPTER 3  The Impact of Dioxin on Lipoprotein Metabolism and 

Cholesterol Transport  

Lipids are hydrophobic and therefore require special carriers to travel in the aqueous 

environment of the blood [99]. Lipoproteins serve as these carriers. They consist of a core 

of cholesterol esters and triglycerides surrounded by a shell of phospholipids, free 

cholesterol, and apolipoproteins [99]. The apolipoproteins play an important role in 

classifying the lipoprotein into one of five classes: chylomicrons, very low-density 

lipoproteins (VLDL), VLDL remnants (IDL), low-density lipoproteins (LDL), and high-

density lipoproteins (HDL) [99]. 

  The transport of lipoproteins is essential for maintaining a proper lipid balance 

within the body and ensuring that lipids are delivered to various tissues where they are 

needed for cell growth and repair, bile production, which is essential for digestion, and 

the production of hormones such as estradiol, testosterone, and vitamin D [100].  

3.1.1 Cholesterol transport and delivery  

Lipoprotein metabolism is divided into two generative pathways: exogenous, which 

pertains to lipids obtained from dietary sources, and endogenous, which includes 

synthesis by the liver. Lipoprotein metabolism furthermore includes degradation and 

utilization. In the endogenous pathway, lipoproteins are assembled within the liver and 

intestine by combining lipids with apolipoproteins [101]. The latter help stabilize the 

lipoprotein structure and facilitate their transport in the bloodstream. Once assembled, 

lipoproteins are secreted into the bloodstream. Lipoproteins transport lipids for utilization 

and storage through the bloodstream to various tissues and organs, including adipose and 
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muscle tissue, and facilitate lipid reentry into the liver [102].   As they travel, lipoproteins 

release their cargo of triglycerides and cholesterol to these peripheral tissues. 

Lipoproteins undergo various metabolic processes as they circulate through the 

bloodstream. Enzymes and lipoprotein receptors on cell surfaces interact with 

lipoproteins to metabolize them, remodel their composition, and regulate lipid uptake by 

cells. The lipoprotein pathway plays a critical role in maintaining a proper lipid balance 

in the body. Disruption such as an increase in LDL cholesterol due to environmental 

toxin exposure such as dioxin and/or poor diet, can contribute to the development of 

diseases such as atherosclerosis [103], non-alcoholic fatty liver disease (NAFLD) [104], 

and polycystic ovary syndrome (PCOS)  [105].  

3.1.2 A model of lipoprotein cholesterol metabolism and transport  

A simplified depiction of lipoprotein metabolism and transport is shown in Figure 3.1. A 

mathematical representation of this diagram serves as one of the anchor models 

supporting the template model which I discuss further in Chapter 5. A simplified version 

of this system was included into the biosynthesis anchor model, which demonstrates the 

flexibility of the template-and-anchor approach. 
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Figure 3.1: Overview of cholesterol metabolism and transport pathways. This 

diagram illustrates the process of cholesterol dynamics, highlighting the lipoproteins 

VLDL, IDL, LDL, and HDL responsible for the transport of cholesterol between the liver 

and peripheral tissues. The receptors proteins SR-BI and LDL-R along with enzymes 

such as LPL and ACAT are also depicted. Notably, the impact of dioxin on specific 

processes are depicted. 

 

The main types of lipoproteins involved in this pathway system include:  

• Very Low-Density Lipoproteins (VLDL): They transport cholesterol and 

triglycerides synthesized in the liver to tissues throughout the body. As they 

release triglycerides, VLDLs shrink in size and become denser. 

• Low-Density Lipoproteins (LDL); often referred to as "bad cholesterol." They 

are formed from VLDL remnants (IDL) and contain a higher proportion of 

cholesterol in comparison to VLDL. LDL particles deliver cholesterol to various 

peripheral tissues and the liver. High levels of LDL cholesterol are associated 

with an increased risk of cardiovascular disease. 

Mevalonate 
Pathway

Hepatic 
Cholesterol 

LDL-R

Dietary Intake 

Cholesterol 
Storage

SR-BI

Bile

Peripheral 
Tissue



 38 

• High-Density Lipoproteins (HDL); often termed "good cholesterol." They are 

smaller and denser than LDL particles and remove excess cholesterol from the 

bloodstream and transport it back to the liver for excretion, a process known as 

reverse cholesterol transport. 

In the liver, cholesterol is synthesized de novo (see Chapter 2) or taken up from the 

bloodstream via low-density lipoprotein receptors (LDLR). Hepatic cholesterol can then 

be converted to cholesterol esters and stored, a process catalyzed by the enzyme acetyl-

CoA acyltransferase (ACAT), or it can be incorporated into VLDL for secretion into the 

bloodstream. Once in the bloodstream, VLDL is hydrolyzed by lipoprotein lipase (LPL) 

leading to the formation of IDL. IDLs are either taken up by the liver or further 

catabolized to LDLs by an enzyme called hormone sensitive lipase (HSL). LDLs are then 

taken up by the liver or peripheral cells where they can be utilized for various cellular 

processes, including membrane synthesis and steroid hormone production [106]. The 

LDL receptor (LDLR) facilitates the uptake of VLDLs, IDLs, and LDLs into the liver 

[107]. Additionally, HDL acquires free cholesterol from the cell membranes of peripheral 

tissues, which allows it to be esterified by lecithin: cholesterol acyltransferase (LCAT). 

Furthermore, it is believed that the esterification of cholesterol by the action of LCAT 

promotes the net removal of cholesterol from peripheral tissue and incorporation into 

HDL [108]. HDLs then transport the excess cholesterol from peripheral tissues back to 

the liver for excretion, storage or recycling in a process termed reverse cholesterol 

transport [109]. This process is facilitated by scavenger receptor class B type 1 (SR-B1), 

which mediates selective uptake of cholesterol from HDL particles by hepatocytes [110].  
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3.1.3 Effects of dioxin on lipoprotein cholesterol metabolism and transport 

Dioxin (TCDD) exerts a complex influence on the lipoprotein transport pathway, which 

is critical for the distribution and regulation of lipids in the body, as described above. 

Through its interaction with the aryl hydrocarbon receptor (AhR), dioxin can alter the 

expression of genes that are integral to the production, conversion, and uptake of 

lipoproteins. The changed expression can lead to disruptions in the normal balance and 

function of lipoproteins including VLDL, LDL, and HDL. According to the Comparative 

Toxicogenomic Database (CTD) (refer to Chapter 1), dioxin interacts with several genes 

that are directly or indirectly involved in lipoprotein formation and transport. Genes that 

are pertinent for our model and impacted by dioxin in rodents and/or humans are 

presented in Table 3.1.  

 

Table 3.1: Dioxin-affected genes, enzymes, and other proteins related to lipoprotein 

cholesterol transport between the liver and peripheral tissues. 
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3.2 Methods  

3.2.1  Model formulation of the lipoprotein cholesterol transport pathway  

The lipoprotein transport pathway depicted in Figure 3.1 is mathematically represented 

with nonlinear ordinary differential equations (ODEs) in the same fashion as for the 

mevalonate pathway anchor model (Chapter 2). Thus, the equations are formulated 

within the framework of Biochemical Systems Theory (BST) [68-70], and its special 

case, Mass-Action Kinetics. Details are presented in Appendix A.2. The model is 

evaluated at the steady state, as with the previous anchor model since we are only 

interested in the long-term effects of dioxin exposure. Each lipoprotein and enzyme is 

modeled with an ODE that contains two types of parameters: (1) non-negative rate 

constants (ci) of production and degradation, and (2) kinetic orders (kj), whose signs 

directly align with the modeled function as described in Chapter 2.  Typical examples are 

the ODEs for LDL and HDL:  

LDL Cholesterol:  

𝑥5
′ = 𝑣65 ∗ 𝑥6 ∗ 𝐷𝑅9 − 𝑣51 ∗ 𝑥5 ∗ 𝐷𝑅6 + 𝑣35 ∗ 𝑥3 ∗ 𝐷𝑅11 − 𝑣57 ∗ 𝑥5 ∗ 𝐷𝑅12 

HDL Cholesterol:  

𝑥6
′ = 𝑣76 ∗ 𝑥7 ∗ 𝐷𝑅10 − 𝑣61 ∗ 𝑥6 − 𝑣65 ∗ 𝑥6 ∗ 𝐷𝑅9 − 𝑣62 ∗ 𝑥6 ∗ 𝐷𝑅7 

Here, the indexed quantities DRi are placeholders that have a value of 1 at the baseline 

but allow us later to modify rates according to process-specific dioxin dose-response 

relationships.  

The complete ODEs can be found in Appendix A.6; computer code in PLAS and 

MATLAB format is available on GitHub.com/LBSA-VoitLab/TCDD_Chol. 
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3.2.2 Parameter determination and model evaluation 

A summary of the parameter values for the model is provided in Appendix A.7. The 

model was primarily evaluated against the steady-state concentrations in human 

hepatocytes or plasma obtained from the literature Table 3.2. Upon calibrating the model 

parameters, the steady-state lipoprotein concentrations obtained from the literature and 

those computed with the parameterized model were quite similar to each other (Table 

3.2).  Basal protein activity levels were arbitrarily set as 100, reflecting “normal 

conditions.” Values of other model parameters were based on previously set parameters 

from the mevalonate anchor model, where applicable, and from literature information; 

they were reasonably adjusted to obtain model outputs consistent with published steady-

state concentration data. The remaining parameter values were manually adjusted to align 

roughly with the expected half-lives of the lipoproteins and enzymes. Finally, we 

calibrated the percent change in lipoprotein cholesterol concentration under TCDD 

exposure based on animal studies for a TCDD dose of 30 ug/kg [40]. For simplicity, and 

due to the lack of information, we then used linear interpolation to obtain lipoprotein 

cholesterol concentrations at other doses of dioxin. It is important to note, as previously 

mentioned in Chapter 2, that we are not considering the short-term dynamics of the 

pathway, so that specific values of rate constants are not as critical as they would be 

otherwise, as long as their ratios are adequate. 
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Table 3.2: Comparison of the steady-state concentrations of key lipoproteins from 

the literature with results from model simulations. Steady-state values cited in the 

literature and corresponding values obtained for the model with parameter values 

presented in the Appendix A.7 

 

 

Using the parameter values listed in Appendix A.7 and methods presented in Appendix 

A.2, numerical simulations and sensitivity analyses were conducted to examine the 

impact of various doses of dioxin exposure on hepatic and lipoprotein cholesterol 

homeostasis. 

3.3 Results 

3.3.1 Sensitivity analysis for the  lipoprotein cholesterol metabolism and transport 

anchor model 

Local sensitivity analysis for the lipoprotein anchor model, comprising the formation 

transfer of cholesterol between VLDL, IDL, LDL and HDL, and the transport of 

lipoproteins between hepatocytes plasma and peripheral tissue, was conducted to quantify 

the influence of model parameters for LDL, HDL and total plasma cholesterol (Figure 

3.1).  Total plasma cholesterol was calculated as the sum of VLDL, IDL, LDL, and HDL 

cholesterol  steady-state concentrations. The sensitivity analysis was performed by 
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increasing and decreasing one parameter at a time by 10% from the default value and 

calculating the percentage change of LDL HDL, and total plasma cholesterol. The 

relative sensitivity coefficient was calculated by averaging the ratios of the percentage 

change of the cholesterol concentrations to 10% in both directions. 

 

Figure 3.2: Sensitivity analysis of plasma cholesterol, LDL, and HDL. All parameters 

have a sensitivity coefficient below 1 in magnitude. 

 

v65, reflecting the transfer of cholesterol from HDL to LDL; v62, reflecting the transfer 

from HDL to VLDL; v10, reflecting the hepatic removal of cholesterol for excretion; and 

v57, reflecting the transport of LDL cholesterol to peripheral tissues. All parameters 

exhibited sensitivity coefficients of less than ± 0.9 when adjusted by 10%. Therefore, 

these parameters can be considered as relatively influential, although the relative 

sensitivity is still below 1 in magnitude. The low sensitivities indicate that inaccuracies in 

parameter determination are not particularly influential. 
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3.3.2 Impact of dioxin on lipoprotein, hepatic, and plasma cholesterol   

To evaluate the influence of dioxin on the lipoprotein transport pathway, we assessed the 

effects of varying doses of TCDD, spanning a range from 0 to 50 μg/kg body weight. 

Specifically, the assessment was executed by adjusting the parameters 𝐷𝑅𝑖 for each 

TCDD-impacted flux such that the outcome matched literature information, which was 

only available for a dose of 30 g/kg [40]. Additionally, we calibrated the model against 

the dioxin-versus-hepatic cholesterol dose-response curve, which was previously reported 

in Chapter ## for the mevalonate anchor model. In response to these dose-specific 

adjustments, the total plasma cholesterol, LDL, and HDL all decreased by ~25% 

following treatment with 30 g/kg TCDD. At the same time, this increasing “loss” of 

plasma cholesterol is reflected in strong increases in hepatic cholesterol, as they have 

been observed (Figure 2.3). 
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Figure 3.3: Dose-response curves quantifying the effects of increasing dosage of 

TCDD on LDL, HDL, hepatic, and plasma cholesterol concentrations. 

 

Thus, similar to the dose response curves reported in Chapter 2 (Figure 2.4),  the  dioxin 

effect on hepatic cholesterol accumulation is strong even for low exposures and 

ultimately approaches saturation for high exposures. This increase in hepatic cholesterol 

under higher doses of dioxin is in some sense compensated by a concomitant reduction in 

the concentrations of total plasma cholesterol, HDL, and LDL. Specifically, at a dose of 

30 g/kg an approximate ~26% decrease of total plasma cholesterol, ~17% decrease of 

HDL, and ~30% decrease of LDL is observed which is consistent with the literature [40]. 
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3.3.3 Effects of dietary cholesterol on LDL and HDL  

 

The model allows us to assess the potentially synergistic role of dietary cholesterol intake 

and its effects on hepatic and serum cholesterol. As mentioned before, the recommended 

range of dietary cholesterol intake is approximately <200 mg/day [89]. The model 

indicates that cholesterol intake increases hepatic, VLDL, IDL, HDL, LDL, and total 

plasma cholesterol (Fig. 3.4) but again, in a rather insensitive manner, which is consistent 

with literature reports [90]. 

 

Figure 3.4: Effect of increased dietary cholesterol intake on LDL, HDL, IDL, VLDL 

hepatic, and plasma cholesterol concentrations in the model. 
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Using these results, we explored with simulations the effects of combinations of dietary 

intake and dioxin exposure. Without dioxin exposure, the steady-state value of LDL and 

HDL cholesterol under a normal daily consumption of ∼200 mg cholesterol is about 

2,600 μM and 1,300 μM respectively (Table  3.2) As expected, both LDL and HDL 

cholesterol levels increase with increasing dietary intake but show a decrease with 

increasing doeses of dioxin (Fig. 8). For the recommended cholesterol intake, the model 

predicts a decrease in LDL and HDL 1782 μM and 1064 μM respectively, if the 

individual is exposed to a relatively high dose of 50 μg/kg of dioxin.  In comparison, for 

the same dose of TCDD, but with 600 mg/day of dietary cholesterol intake, the model 

predicts approximately 2,200 μM and 1,315 μM of LDL and HDL cholesterol 

respectively, which is close to the concentrations observed with the recommended dietary 

intake but with no dixoin exposure. Again, these decreases are accompanied by increases 

in hepatic cholesterol. 

 

Figure 3.5:  Dose response curves accounting for the effect of dioxin and  increased 

diet on the lipoprotein transport pathway. The lipoproteins included are LDL and 

HDL (A). We also consider the response of hepatic and plasma cholesterol (B). 200 mg/ 

day is the recommended amount of cholesterol in diet/ day while 400 mg/day is high and 

600 mg/day is considered very high.  
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3.4 Discussion 

3.4.1 Summary of Findings  

3.4.1.1 Impact of dioxin exposure and changes in gene expression 

The presented lipoprotein model encompasses features known to be relevant, such as the 

synthesis of IDL, LDL, and VLDL, the reverse cholesterol transport process—

encompassing the generation of HDL from peripheral cholesterol and its return to the 

liver—, and the exchange of cholesterol between the liver and plasma mediated by LDLR 

and SR-B1. Importantly, this model permits us to study the effects of dioxin exposure on 

this mechanism in detail. In particular, we can assess the balance between 

downregulation of pertinent genes, such as LDLR, LCAT, SR-B1 and LPL, and the 

upregulation of ACAT, and investigate the effect of this balance on various forms of 

cholesterol.  

 As the model demonstrates, the overall result is an increase in hepatic cholesterol 

and a decrease in plasma cholesterol. The same effect was observed in the mevalonate 

anchor model (Figure 2.4), which employed a drastically simplified plasma lipid module. 

As in the mevalonate model, the upregulation of genes such as SR-B1 and LDLR, 

involved in cholesterol transport between the plasma and liver, contribute to a decrease in 

serum cholesterol concentrations and the accumulation of hepatic cholesterol.  
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3.4.1.2 Impact of dietary cholesterol and dioxin exposure on gene expression and 

cholesterol levels 

To illustrate the utility of the proposed types of models further, we studied the 

interrelations between dietary cholesterol intake and dioxin exposure. As mentioned 

previously, studies suggested synergistic effects between diet and dioxin exposure [92], 

and this model permitted us to assess this synergism quantitatively. Indeed, the results 

were more nuanced, as there is synergism with respect to hepatic cholesterol but 

antagonism with respect to plasma lipoproteins. Aligning well with findings from both 

the literature and simulations using the mevalonate anchor model, the model 

demonstrates that dietary cholesterol exerts a substantial impact on hepatic cholesterol 

levels, while having a slightly compensatory effect on plasma cholesterol levels. 

3.4.2 Limitations of the lipoprotein cholesterol metabolism and transport anchor 

model 

While the lipoprotein anchor model appears to function properly, it is obviously 

simplified, like any other model. For instance, further complexity could be added to 

include the intricacies of cholesterol absorption from diet, which involves a large number 

of enzymes and transport proteins in a multi-step process [111]. Additionally, the 

complexities involved in the formation of bile from hepatic cholesterol, which plays an 

important role in the excretion of excess cholesterol-containing lipoproteins, have been 

simplified [112]. Other complexities could be added to the model to include more 

detailed steps of reverse cholesterol transport which governs the flux of cholesterol from 

the peripheral tissues to the liver via HDL.  
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 It goes without saying that the quality of any model, regardless of its 

sophistication, is fundamentally limited by the availability and accuracy of the data used 

for its calibration. In our situation, there are obvious uncertainties related to the values of 

parameters and the model’s simplified structure. In particular, the scarcity of human data 

and our reliance on mouse data represent a significant constraint. This aspect is somewhat 

worrisome, considering the different responses to TCDD in serum cholesterol levels 

observed between humans and mice. To capture these observed changes in circulating 

plasma cholesterol levels accurately, while concurrently accounting for the accumulation 

of cholesterol in the human liver and integrating into the model additional pathways of 

TCDD's impact on organs besides the liver , it would be desirable to develop separate 

human-only or mouse-only models. 

While certainly not complete or perfect, the approach was shown to be sufficient 

for revealing the essence of the complex phenomenon of dioxin affecting cholesterol 

handling. As mentioned in other anchor models (see Chapters 2, 4, and 5), and as is true 

in all modeling efforts, the mathematical structure of the model  is debatable. 

Nonetheless, the use of mass-action and power-law representations for the design of the 

differential equations in the model is arguable the most straightforward and least biased 

approach (see ([54]) as well as references therein and above).  

3.4.3 Significance and Future  

The current model serves as a foundational platform for studying lipoprotein metabolism 

and cholesterol transport and the impact of dioxin on this process. Once the requisite data are 

available, future iterations of this anchor model will aim to incorporate the complex multi-step 

process of dietary cholesterol absorption and bile formation more accurately. By integrating a 
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more comprehensive set of enzymes, transport proteins, and biochemical pathways, the model has 

the potential of achieving greater fidelity with biological reality.  

Given the species-specific responses to dioxin, there is a compelling need for separate 

models that can singularly represent human and mouse physiology [113]. This separation will 

allow for a more nuanced analysis of TCDD's effects on cholesterol levels across the different 

species.  

Overall, the dynamics of this model is linked to the other anchor models (see Chapters 2 

and 4) in the template model, enabling a comprehensive evaluation of the effect of dioxin on 

cholesterol dynamics (see Chapter 5). 
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CHAPTER 4  The Impact of Dioxin on Ovarian Steroidogenesis 

4.1 Introduction  

4.1.1 The menstrual cycle    

4.1.1.1 Background 

Menstruation is the cyclic shedding of the uterine lining in response to the interactions of 

hormones from the hypothalamus, pituitary gland, and ovaries. The menstrual cycle is 

divided into two phases: the follicular, also known as the proliferative, phase, and  the 

luteal, also known as the secretory, phase. The length of the menstrual cycle is defined as 

the number of days between the start of menses of one cycle to the beginning of the next 

cycle. On average, the menstrual cycle spans 28 days, with individual variations 

commonly ranging from 25 to 30 days [114, 115].  

 The follicular phase is the preparatory stage of the menstrual cycle that starts on 

the first day of menstruation and ends with ovulation. At the end of the previous cycle, 

accompanied by the breakdown of the corpus luteum, there is a decrease in the hormones 

estrogen (E2), progesterone (P4), and inhibin A. This decrease allows disinhibition of the 

negative feedback action of these ovarian hormones in the hypothalamus and anterior 

pituitary, leading to an increased release of follicle-stimulating hormone (FSH) into the 

bloodstream [116]. The rise in FSH stimulates the granulosa cells of the antral follicles 

and thus facilitates the recruitment and maturation of the follicles. Among them, a single 

follicle emerges as dominant, continues to grow, and ultimately progresses to ovulation 

within that cycle [117, 118]. Additionally, as the dominant follicle grows, it secretes 

increasing amounts of estradiol and inhibin B into the bloodstream. These hormones act 
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to suppress FSH levels, which diminish until ovulation occurs. [118]. When the 

circulating estradiol level secreted by the dominant antral follicle reaches a sufficiently 

high level, it signals the hypothalamus and anterior pituitary that the follicle is mature 

and ready for ovulation. At this stage, estradiol begins to stimulate the hypothalamus and 

anterior pituitary gland, leading to a surge in both LH and FSH . The LH surge initiates 

the release of the oocyte from the dominant follicle—known as ovulation—after 

which the residual follicular tissue collapses. Subsequently, the granulosa and theca 

cells contained within differentiate to form the corpus luteum. Finally, the corpus 

luteum starts to secrete progesterone along with estrogen. This rise in progesterone 

thickens the uterine lining during the luteal phase, providing an ideal environment for a 

fertilized egg to implant and pregnancy to occur. If pregnancy does not occur, the corpus 

luteum dissolves and hormone levels decline, thus causing the uterine lining to shed and 

producing menses [119].  

4.1.1.2 Ovarian steroidogenesis pathway 

The female sex steroid hormones, mainly E2 and P4, are synthesized in the ovary, 

specifically by the antral follicles during the follicular phase and by the corpus luteum 

during the luteal phase. Antral follicles are composed of an inner layer of granulosa cells 

and an outer layer of theca cells. The two types of cells work together to produce steroid 

hormones according to a well-known two-cell, two-gonadotropin principle [120], where 

the theca cells utilize cholesterol to make progesterone and androgen, the latter of which 

diffuses into the granulosa cells where it is converted to estrogen. The steroidogenesis in 

the corpus luteum works in a similar fashion involving luteinized/differentiated theca and 

granulosa cells [121]. 
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The initial and rate-limiting step in the steroidogenesis pathway is the transport of 

cholesterol from the mitochondrial outer membrane to the inner membrane, 

mediated by the steroidogenic acute regulatory protein (StAR). Subsequently, 

cholesterol is converted to pregnenolone (P5) by the enzyme CYP11A1, which is 

located at the inner membrane. [122-124]. P5 then moves out of the mitochondrion and 

into the endoplasmic reticulum where it is converted to P4 by 3β-hydroxysteroid 

dehydrogenase (HSD3B1), or to dehydroepiandrosterone (DHEA) by CYP17A1. P4 can 

either be released into the bloodstream or partially transformed into androstenedione (A4) 

by the enzyme CYP17A1. Additionally, DHEA can be converted into A4 by the enzyme 

HSD3B1. 

A4 is then converted to testosterone (T) by HSD17B1, and T is converted to E2 by the 

aromatase. CYP19A1. An alternative path in the last two steps is that A4 is first 

converted to estrone (E1) by CYP19A1, and then E1 is converted to E2 by HSD17B1. E2 

is eventually secreted into circulation. 

4.1.2 Dioxin’s impact on steroidogenesis and the menstrual cycle  

 Exposure to dioxin has been demonstrated to cause a variety of adverse reproductive 

outcomes, including altered sex hormone dynamics, anovulation, reduced fecundity, 

delayed fetal growth and development, and endometriosis [125]. While TCDD has 

multiple toxicity targets within the female reproductive system, inhibition of female 

steroid hormone production and disruption of the reproductive cycles appear to be a 

common theme in a variety of species. Earlier studies showed that exposure of rhesus 

monkeys to 500 ppt TCDD in the diet for 6 months  caused decreases in both E2 and P4 

levels [126]. Chronic exposure to TCDD dose-dependently induced decreases in E2 level 
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on proestrus in rats [127]. In human luteinizing granulosa cells, TCDD caused E2 to 

decrease [128]. In  mouse antral follicles studied in vitro, TCDD exposure suppressed 

the secretion of progesterone (P4), androstenediol (A5), testosterone (T), and 

estradiol (E2) over a period of 96 hours, showing a concentration-dependent and 

non-monotonic pattern of inhibition. [129]. 

Exposure to TCDD in rats has been observed to interfere with the estrous cycle, 

resulting in an extended duration of the diestrus phase [130]. Furthermore, rhesus 

monkeys exposed to TCDD through their diet exhibited a trend toward longer 

menstrual cycle lengths, increasing from 27.3±4.3 to 27.8±3.9 days, although this 

increase was not statistically significant [126]. Epidemiological studies showed that 

the menstrual cycle length of women living in dioxin-polluted areas in Seveso, Italy, was 

positively associated with serum TCDD concentrations [131], and women with high 

serum TCDD concentration experienced increased time to pregnancy and risk of 

infertility [131]. Serum levels of estrogenic PCBs, some of which are dioxin-like 

compounds, were significantly associated with increased menstrual cycle length, which 

can be prolonged by approximately 3 days [132]. 

While animal and in vitro studies showed that exposure to dioxin generally leads 

to suppression of ovarian E2 secretion, the steroidogenic enzymes altered by dioxin 

appear to vary depending on the species and experimental conditions. In human 

luteinizing granulosa cells, TCDD caused E2 to decrease without changing either 

aromatase protein or its enzyme activity [128], however, there was a decrease in 

CYP17A1 protein abundance and activity [133]. In these cells, it was shown recently that 

TCDD decreased mRNA expression of CYP11A1 and CYP19A1. Similarly, in granulosa 



 56 

cells from young or adult rats, TCDD also reduced CYP11A1 and CYP19A1 mRNA 

expression [134]. In rats chronically exposed to TCDD, CYP17A1 mRNA expression 

was significantly inhibited while the expression of genes of other steroidogenic enzymes 

were not altered [127]. In mouse antral follicles, TCDD inhibited CYP11A1, CYP17A1, 

HSD17B1, and CYP19A1 mRNA expression, and increased HSD3B1 mRNA 

expression; however, at the protein level only the abundance of HSD17B1 was 

significantly reduced  [135]. 

In summary, exposure to dioxin can dysregulate the steroidogenic enzymes, 

inhibit steroid hormone production, and alter the ovarian cycle. 

4.1.3 Modeling approach for understanding the dioxin effects on steroidogenesis and 

female reproduction 

Based on toxicological studies in animals and epidemiological studies, we hypothesize 

that (1) dioxin dysregulates the enzymes participating in the female steroidogenesis 

pathway in the ovarian follicles by inhibiting E2 synthesis and secretion, and (2) as a 

result, it takes a longer time for the circulating E2 to rise to levels sufficiently high to 

trigger the LH surge, leading to delayed ovulation and longer follicular phase. There are 

many existing models of menstrual cycles focusing on different aspects, including follicle 

development, hormonal dynamics, and potential applications [136-149]. However, rarely 

do these models incorporate biochemical details of the steroidogenesis pathway starting 

from cholesterol as the source substrate to the final production of E2, with P4 and T as 

the intermediate steroids.  

 In the present study, we propose a mathematical model of the menstrual cycle 

containing the steroidogenesis pathway so that the effects of dioxin on the metabolic 
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enzymes in the pathway can be simulated and the outcome of follicular phase length can 

be predicted. The model will serve as the anchor model for a higher-level template 

model. 

4.2 Methods 

4.2.1 Model formulation of the steroidogenesis anchor model  

The overall structure of the model is illustrated in Figure 4.1. It contains the essential 

feedback interactions between the pituitary gonadotropins FSH and LH and the ovarian 

hormones E2 and P4, the antral follicle and corpus luteum dynamics, and the 

steroidogenesis pathway. 



 58 

 

Figure 4.1 Steroidogenesis anchor model describing the estradiol synthesis pathway, 

it’s regulation, and perturbation by TCDD. Molecules are color-coded by type, as 

indicated. Solid lines show reactions and transport steps, with the red solid line (k2) 

signifying a step impacted by TCDD. Dashed lines represent feedback regulation (red) 

from estradiol and progesterone on the synthesis and release of FSH and LH hormones 

from the pituitary to plasma, exerting control over the development of the antral follicles 

and the corpus luteum. 
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 The steroidogenesis pathway module contains the following key enzymatic steps: 

The initial rate-limiting step, which includes the StAR-mediated cholesterol transfer from 

the mitochondrial outer membrane to the inner membrane and the CYP11A1-mediated 

conversion of cholesterol to P5, is represented by the step k2, as illustrated. P5 is 

converted to P4 by HSD3B1. P4 can be secreted into the circulation and a fraction is 

further converted by CYP17A1 into A4. A4 is then converted to T by HSD17B1 and T is 

converted to E2 by CYP19A1. E2 is eventually secreted into the plasma. All steroid 

conversion steps were modeled as first-order processes, without explicit concern for the 

specific enzymes involved.  

FSH stimulates the growth of the antral follicle. As the follicle increases in mass, 

its steroidogenic activity will increase because more theca and granulosa cells are 

formed. The follicle growth-driven increase in steroid synthesis is implemented by 

increasing the supply of plasma cholesterol as the substrate to the first step of the 

steroidogenesis pathway described above. As the plasma E2 increases, it feedback-

inhibits the production of pituitary FSH, causing FSH to decrease. As the plasma E2 

increases to a certain threshold level, it triggers the release of LH stored in the pituitary 

into the blood circulation, producing an LH surge. A similar FSH surge is also triggered. 

The E2 threshold was implemented here by an intermediate signaling (S, not shown) that 

functions as a bistable switch in response to E2. The LH surge converts the antral follicle 

to the corpus luteum which eventually regresses. The corpus luteum drives the steroid 

synthesis also by increasing the supply of plasma cholesterol. In addition, the corpus 

luteum promotes the release of P4 to the circulation engendering the P4 rise in the luteal 

phase.  

The current model is not intended to produce a spontaneous oscillator of the 

menstrual cycle. Its main purpose is to recapitulate the hormonal dynamics in the 

follicular phase, at least semi-quantitatively [150, 151], which is sufficient to allow us to 

mimic the effects of dioxin on antral follicle steroidogenesis and the time to the LH 
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surge. Most of the reactions in the model were formulated as either first-order mass 

action, Michaelis-Menten kinetics, or Hill functions. The reactions were parameterized so 

that the state variables are described as fold-change rather than concerned with their 

absolute values. The model’s ODEs and parameter values are listed in Appendix A.8.1 

and A.9 respectively. For Monte Carlo simulations of population responses, a few key 

parameters were randomly sampled from pre-defined lognormal distributions as indicated 

in  Appendix A.8.3. 

4.2.2 Modeling the effects of dioxin on steroidogenesis  

Given the fact that the steroidogenic enzyme targets of dioxin can vary depending on the 

species and state of the ovarian cells [128, 134, 135, 152], it is challenging to implement 

the inhibitory effect of dioxin in an enzyme-specific manner. For simplicity, the impact 

of dioxin is implemented in the current model at the rate-limiting step of the 

steroidogenesis pathway, which is the conversion of cholesterol to P5 (k2 step in our 

model). This approach is consistent with research findings showing that the inhibitory 

effects of TCDD on P4, A4, T, and E2 in mouse antral follicles can be reversed 

completely by oversupplying P5, suggesting that the main inhibition site of dioxin is 

upstream of P5 [129]. In our model, the effect of dioxin is simulated by altering k2 to 

different fold-change levels relative to the default value. To link the dioxin exposure level 

to k2, we utilized an epidemiological study [131]. This study investigated the association 

between menstrual cycle length and serum TCDD level in women who were prepuberty 

at the time of occurrence of an industrial explosion causing dioxin pollution in the area in 

1976 and had lived there since for 20 years. The study showed that for every 10-fold 

increase in serum TCDD concentration, the menstrual cycle is lengthened by 0.92 days. 

With the serum TCDD ranging between 10-10,000 part per trillion (ppt) in these subjects, 

the mean menstrual length can vary by nearly 3 days. We implemented the TCDD dose 

response by specifying a Hill function between TCDD concentration and k2 fold-change 
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so that at high TCDD concentration k2 is lowered to a value that causes the follicular 

phase length to be increased by 3 days, with the assumption that the menstrual cycle 

length increase is caused solely by follicular phase increase. 

 

4.3 Results 

4.3.1 Standardized model of the menstrual cycle  

The model outlined in section 4.2.1 effectively delineates the hormonal interplay over the 

course of one menstrual cycle, capturing the fluctuations of steroid hormones—E2 and 

P4—as well as the gonadotropins—FSH and LH. The model was calibrated using 

literature that benchmarks the average menstrual cycle at 28 days, with ovulation 

typically occurring around day 15 shortly after the LH surge. This calibration allows us to 

track the progression of E2, P5, FSH, and LH during the follicular phase from days 1 to 

15, leading up to ovulation, and subsequently through the luteal phase from days 15 to 

28. 
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Figure 4.2: Dynamics of gonadotropins (FSH and LH)  and steroid hormones (E2 

and P4) as indicated  through one menstrual cycle in the average model.  

 

4.3.2 Sensitivity analysis for the steroidogenesis pathway model  

Local sensitivity analysis was conducted to quantify the influence of model parameters 

on the length of the follicular phase. (Figure 4.3)  The length of the follicular phase is 

defined as the duration from the start of the follicular phase to the time of the peak of the 

LH surge.  The sensitivity analysis was performed by increasing and decreasing one 

parameter at a time by 10% from the default value and calculating the percentage change 

of the follicular phase length. The relative sensitivity coefficient was calculated by 

averaging the ratios of the percentage change of the follicular phase length to 10% in 

both directions. 
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Figure 4.3: Results of a local sensitivity analysis for the steroidogenesis pathway 

anchor model. All parameters have sensitivity coefficients below 1 in magnitude. 
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 Of the 66 parameters, 13 parameters demonstrated a sensitivity coefficient of 

greater than  ± 0.1.  The parameters that exert the most influence on the model include 

k21 a rate constant reflecting the antral follicle growth rate and J16, the affinity constant 

reflecting the  E2 threshold that triggers the LH surge.  

 Moreover, all parameters exhibited sensitivity coefficients of less than ± 0.8 when 

adjusted by 10%. Therefore, the parameters can be considered to exhibit low sensitivity 

indicating that inaccuracies in parameter determination are not particularly influential. 

4.3.3 Population-based modeling of menstrual cycle variability 

Considerable variability of the menstrual cycle length exists with both intra- and inter-

individual differences [114, 115, 153, 154], particularly in the duration of the follicular 

phase  [114, 155]. Furthermore, there is a broad range of what constitutes normal 

hormonal levels across different individuals [150, 151]. Considering the documented 

effects of dioxin on menstrual cycle duration and estradiol levels, constructing a 

population-based model that accounts for these variations provides us with a 

comprehensive understanding of the menstrual effect of dioxin via the altering of ovarian 

steroidogenesis. The population dynamic trends of E2, P4, FSH, and LH, are presented in 

Figure 4.4 across one menstrual cycle. This model accounts for 100 individuals (grey); 

the figure also shows the means (solid lines) and 95% ranges (dashed lines).  
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Figure 4.4: Population model dynamics of gonadotropins (FSH and LH) and steroid 

hormones (E2 and P4)  as indicated through one menstrual cycle. Grey lines 

represent the data for 100 individual cases. The solid line denotes the average value 

across these cases, while the dashed lines define the 95% range within which most values 

lie. 

4.3.4 Impact of dioxin exposure on the standardized menstrual cycle model 

We evaluate the influence of dioxin on steroidogenesis by altering k2 as explained in the 

methods section, which accounts for the rate-limiting conversion of cholesterol to P5, to 

different fold-change levels relative to the default value as indicated in Figure 4.5. For 

instance, a 0.8-fold change of k2 corresponds to a 0.79-fold change in the peak E2 level, 

while also delaying the LH peak occurrence from the original day 14 to day 16. 
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Figure 4.5: Effect of varying k2 (conversion of cholesterol to P5) on hormone 

dynamics based on the standardized menstrual cycle model. 

 

4.3.5 Effect of dioxin on the population model  

To quantify the impact of TCDD on the population steroidogenesis model, the serum 

TCDD level is mapped to fold decreases in k2 values as detailed in the methods. The 

simulation indicated that the length of the follicular phase appears to have a right-skewed 

distribution, as depicted in Figure 4.6, with the mean increasing as TCDD levels rise. 

Within the serum TCDD concentration range of 1 – 10,000 ppt, the follicular phase 

lengthens by approximately 3 days, starting from a mean of 14.4±0.8 days to 17.3±2.4 

days, accompanied by increased variability, which includes instances of individuals 

displaying a 24-day follicular phase. The cumulative probability distribution of follicular 

phase lengths skews rightward as TCDD levels rise, suggesting that TCDD exposure 

impacts nearly the entire population under study. 
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Figure 4.6: Dose response curve depicting the influence of TCDD serum level vs. 

follicular phase length expressed as the mean +/- SD in the population model. We 

include the probability distributions and the corresponding cumulative probability 

describing the relationship between dioxin serum levels (ppt) and follicular phase length.  
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4.4 Discussion 

4.4.1 Summary of findings  

The presented steroidogenesis anchor model effectively captures the dynamics of key 

hormones throughout one menstrual cycle, specifically illustrating the oscillations of 

gonadotropins LH and FSH, as well as the steroid hormones E2 and P4, across both the 

follicular and luteal phases. Moreover, the model is adept at simulating both average 

hormonal patterns and population variations, thereby accounting for individual 

differences in cycle length due to the variable duration of the follicular phase [156]. 

Importantly, this model permits us to study the effects of dioxin exposure on 

steroidogenesis in detail. In particular, we can assess the downregulation of CYP11A1, 

an enzyme that catalyzes the rate-limiting step of the steroidogenesis pathway, and 

investigate the effect on follicular phase length. As the model demonstrates, the overall 

result is an increase in the menstrual cycle by nearly 3 days with the maximum dioxin 

serum level of 104 ppt which is consistent with findings based on epidemiological studies 

[157]. Additionally, we were able to notice a decrease in E2 levels with increasing doses 

of TCDD, consistent with studies found in the literature [157].   

 

4.4.2 Novelty of the model  

A number of established models of the menstrual cycles exploring various aspects of 

follicle development and hormonal dynamics are currently available, along with their 

respective applications [128, 134, 135, 152]. Yet, such models seldom integrate the 

biochemical details of the steroidogenesis pathway, which includes the process from 

cholesterol, as the source substrate, to the final synthesis of E2, with intermediates 

involving the production of P4 and T. Moreover, to our knowledge, none have explored 

the TCDD-mediated effects on steroid hormone synthesis and on the menstrual cycle. To 
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address this aspect, we developed a mathematical model that not only integrates the steps 

of the steroidogenesis pathway but also captures the influence of dioxin on menstrual 

cycle dynamics. This strategy allows us to simulate and predict how varying dioxin doses 

may affect the length of the follicular phase. The model's effectivness is further 

emphasized by its capacity to reflect population-wide hormonal responses to dioxin, 

offering a comprehensive view that acknowledges the heterogeneities observed among 

individuals. 

4.4.3 Limitations  

The model we developed examines the effects of dioxin during the follicular phase and 

helps us understand its impact on menstrual cycle duration.  Although it is noted that 

most variability of cycle length is usually derived from varying lengths of the follicular 

phase [156], our assumption does not reflect physiological reality, considering that the 

corpus luteum also synthesizes steroid hormones similarly to the antral follicles during 

the follicular phase, and thus could potentially be influenced by dioxin exposure. 

Additionally, our current understanding of the specific enzymatic dysregulation caused 

by dioxin is incomplete. As more information becomes available, the model can be 

refined accordingly to include these targets, thereby enhancing its accuracy and 

predictive capability.  

4.4.4 Significance and future directions  

In the future, this model can be used for in vitro to in vivo extrapolation (IVIVE) in the 

risk assessment of dioxin and other potential endocrine disrupting chemicals. 

Additionally, the dynamics of this model can be linked to other anchors in the template 

model, which allows us to evaluate the effect of estradiol levels on cholesterol along with 

the overall effects of dioxin on estrogen and cholesterol synthesis (see Chapter 5).  
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CHAPTER 5  The Template Model3 

Dioxin is known to alter the expression of a wide range of genes, including those 

involved in cholesterol biosynthesis, lipoprotein transport, and steroid hormone synthesis. 

Its ultimate effect is mediated by the xenobiotic aryl hydrocarbon receptor AhR [40, 

158]. The complexity of this broad spectrum of effects on various processes and organ 

systems poses a challenge for modeling the overall, “global” effect of “local” changes, 

thus necessitating a multiscale approach. As briefly introduced in Chapter 1, the 

Template-and-Anchor (T&A) modeling paradigm provides a structured framework for 

exploring both the overarching dynamics and the intricate details of these complex 

biological systems.  

 Several options are feasible for structuring the problem space of dioxin effects as 

a T&A system. The biomedical interaction system for a template specifically focusing on 

the cholesterol handling by various organs in the human body is shown in Figure 5.1. The 

boxes represent the dependent variables of this template model, while the arrows indicate 

fluxes among them. Ultimately, each box (variable) is modeled separately as an anchor 

model.  

 

 

 

 

3 Much of the material in this chapter is in revision for publication in PLOS Computational Biology 

 



 71 

 

The prominent anchor models considered here are: 

1) Cholesterol biosynthesis in hepatocytes, cholesterol storage through reversible 

formation of cholesterol esters, and transport among liver, plasma, and peripheral 

tissues [159]; see Chapter 2. 

2) The lipoprotein pathway governing the dynamics of LDL, HDL, VLDL and IDL 

cholesterol in the plasma; see Chapter 3. 

3) Endocrine dynamics pertaining to the synthesis of progesterone, testosterone, 

estradiol, and related steroids in gonads; see Chapter 4. 

As a future refinement, one could explicitly consider further anchor models, which are 

presently not addressed or subsumed in the three anchors above, such as cholesterol 

storage and utilization in peripheral tissues. 
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Figure 5.1: Organ systems forming the basis for the template model of cholesterol 

dynamics under TCDD exposure. Processes affected by TCDD exposure are indicated 

by red arrows. 

 

 In the analysis of the template model, all variables are informed by output from 

the anchor models, thereby allowing a global assessment of the effects of dioxin on the 

human body, which is novel and otherwise difficult to achieve.  
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5.1 Methods 

5.1.1 Theoretical considerations regarding the structure of T&A models 

We have been using T&A models in a straightforward manner, according to the intuitive 

notion of the template as a high-level, coarse-grained umbrella structure and the anchors 

as models elucidating parts of the template in greater detail. At first glance, the 

mathematical structures of template and anchor models seem to be simple variations of 

the same theme. Closer inspection, however, reveals an interesting combination of 

differences and correspondences between template and anchor models in general. This 

combination is most easily seen for a dynamic system operating at a steady state. At this 

prominent state, the two types of models have the structures of a regular directed graph 

(anchor model) and an edge-to-vertex dual graph (template model), respectively [85]. In 

the language of graph theory, the dual graph G* of a primal (line) graph G is constructed 

by exchanging edges and vertices. For directed graphs, which are most pertinent here, the 

vertex set of G* corresponds to the edge set of G, and every directed edge in G* 

corresponds to an instance in G where the head of an edge ei meets the tail of another 

edge ej. Figure 5.2 shows a generic example. 

 

 

 

 



 74 

 

Figure 5.2: Example of a directed line graph G and its (edge-to-vertex) dual graph 

G*.  The vertices of G* correspond directly to the edges in G, as indicated by letters a – 

h. The edges of G* correspond to vertices in G if one edge is entering this vertex and 

another one is leaving it. For instance, vertex in G is represented in the directed dual 

graph G* through the edges from  to  and from  to , because these 

edges meet head to tail at vertex  in G. 

 

 In graph theory, the different types of graph duality have been a topic of 

discussion for many years (e.g., [85]). In contrast, the literature on dual dynamic models 

is scattered, with rather different concepts using the term “dual” (e.g., [160-162]). Closest 

in spirit to the situation of T&A models is an article on flux duality [163], where the 

exchange of variables and fluxes in certain types of primal and dual differential equation 

models was investigated. 

A typical anchor model has the underlying graph structure of a common metabolic or 

physiological model. In particular, the variables (vertices) are metabolites and the fluxes 

(directed edges) among them represent (regulated) biochemical reactions, transport steps, 

or the formation or disassociation of complexes; a typical example is the system of 
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cholesterol biosynthesis model in Figure 2.1. This type of diagram represents the 

biosynthesis anchor well and, as a natural consequence of the model design, there is 

perfect flux balance at steady state: the fluxes into any of the variables collectively equal 

the fluxes leaving this variable in magnitude.  

 Surprisingly, these fundamental features are not the same in a template model. 

The variables (vertices) in a template model are usually physiological or bio-chemical 

processes, or conglomerations of such processes. In the case of the cholesterol template, 

for example, the variables are cholesterol biosynthesis through the mevalonate pathway, 

cholesterol storage, the dynamics of (cholesterol-containing) plasma lipids, and so on 

(Figure 2.1), which are all processes altering the concentration of free or bound 

cholesterol. Concomitantly, the directed edges in the template model do not represent 

material fluxes. Rather, they indicate modifying effects that may increase or decrease the 

activity of another template variable. These effects either consist of handing molecules 

like cholesterol from one subsystem to another or they represent direct or indirect 

modulations. Importantly, there is no material flow between template variables in a strict 

sense, because “Biosynthesis” does not become “Plasma Dynamics,” in analogy to, for 

instance, “Lanosterol” becoming “Cholesterol” in the anchor model. Instead, the variable 

“Diet” increases the amounts of cholesterol in the variables “Plasma Dynamics” and 

“Storage,” and the variable “Biosynthesis” indirectly affects an increase in the input to 

the template variable “Steroid Hormone Production.” Furthermore, material may be 

generated or disappear within boxes. For instance, in the template box “Biosynthesis,” 

cholesterol is seemingly created out of nothing. Analogously, cholesterol disappears 
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within the box “Steroid Hormone Production,” because it is converted into testosterone, 

estradiol, and other steroids.   

 Thus, a more accurate, although slightly awkward depiction of the cholesterol 

template is shown in Figure 5.3; it is instructive to compare this figure with Figure 5.1.  It 

is of note that the template representation actually runs counter to the standards of typical 

biological diagrams [10]. As an example, consider the signal emitted by a box like 

“Peripheral Tissue Utilization” on “Storage” within this diagram: It signifies that 

increased use of cholesterol in the peripheral tissues indirectly triggers a release of 

cholesterol from storage in the liver. 

 

Figure 5.3: Cholesterol template model as a dual graph. In this novel and unusual 

representation, the variables are in truth processes and the edges either represent the 

moving of cholesterol among processes or indicate (possibly indirect) inhibitory 

signals Note that the arrows defy the standards of typical proper model diagrams 

[10]. 
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 The stark difference in model structures has implications for the stacking of sub-

models for different biological levels during the zooming between templates and anchors. 

Specifically, it is possible that “anchors” associated with a template model in fact have 

the structure of lower-level templates. As an example different from cholesterol handling, 

suppose a high-level template represents some aspect of cellular physiology. The anchors 

then could represent mitochondrial energy dynamics, protein synthesis, generation of 

reactive oxygen species, and features like cell contraction. These anchors clearly have the 

structure of template models, as they represent systems of processes, rather than 

processes whose variables are biological entities like metabolites. Thus, in typical T&A 

models, the variables of a template models might be true anchor models, which are 

usually not further reducible to sub-models, or they are themselves lower-level template 

models with variables that may either be further templates or true anchors. For some 

psychological reasons, we tend to think downward from a template to anchors. Here, it 

might be more convenient to start with pure anchors at the lowest level of interest, which 

become the variables of templates at a higher level, which in turn are integrated in 

template models at even higher levels until one reaches an overarching umbrella template 

at the desired level.  

 As another example, consider again a typical physiologically based 

pharmacokinetic (PBPK) model (Figure 1.1). At first glance, the variables appear to be 

organs, but a slightly misleading moniker like “Liver” in truth means the concentration of 

a drug being processed by this organ at some point in time. The value of this variable is 

not only driven by the influx of the drug from the arterial blood and its efflux into the 

venous blood but also by the enzymatic, transport, and storage activities that alter (e.g., 
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bind, degrade or excrete) some of this drug within the organ. Without accounting for this 

enzymatic activity or excretion, there is no valid flux balance at a steady state. This 

situation is reconciled if one recognizes that the variable “Liver” represents a system of 

processes in which the overall influx is converted into the overall efflux. In other words, 

this situation of a PBPK model is typical for a template model, whose anchor “Liver” is a 

lower-level template that contains as anchors subsystems of biosynthesis, metabolism, 

degradation, excretion, or storage. At the same time, each apparent flux in the PBPK 

model in truth represents the concentration of the drug being transported from one organ 

to another. As yet a different example, we recently proposed a template model for cystic 

fibrosis, where the variables at first glance appear to be organs (e.g., intestine), but in 

reality consist of processes, such as digestion [164]. 

 Taken together, anchors have the structure of typical biomathematical models. 

Their constituents are pools or vertices (e.g., organic compounds) and arrows or edges 

(e.g., enzymatic reactions, transport processes).  By contrast, typical template models 

have the structure of dual systems: The vertices are processes, and the edges are entities 

like chemical compounds or signals. In the relationship between templates and anchors, 

the template variables become anchor models. These anchors may be true anchors or 

new, lower-level template models. A true anchor, like “Biosynthesis” in Figure 2.1, 

contains variables that are molecules (e.g., lanosterol), which are handed off from one 

vertex to the next. Its processes are fluxes in the truest sense, as lanosterol is converted 

into—and thus becomes—cholesterol. However, if an anchor is a new template at a lower 

level, its variables are again processes or systems of processes. The edges of a template 

model, whether at the highest or a lower level, consist of signals or of entities (molecules) 
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that are handed from one anchor to the next. Thus, the multiscale organization effort is 

complete once all template variables are true anchors with variables that are entities 

rather than processes. 

There are bound to be exceptions to this sweeping generalization of the T&A structure, 

but the feature of duality in typical T&A models highlights the fundamental difference 

between templates and anchors. It is unclear whether the recognition of this duality has 

practical ramifications beyond academic insights, but it does demonstrate that the two 

model types in T&A structures contain intrinsic differences. These differences offer 

guideposts for an effective hierarchical model design that spans different levels. 

 

5.1.2 Model formulation of the template model  

The pathway system in Figure 5.3 is slightly simplified toward the diagram in Figure 5.4 

and mathematically represented with nonlinear ordinary differential equations (ODEs). It 

would be difficult to devise true mechanistic formulations of the edges connecting the 

variables, but it is comparatively straightforward to use generic approximations and, in 

particular, the format of a Generalized Mass Action (GMA) system from Biochemical 

Systems Theory (BST) ) [68-70] and one of its special cases, Mass-Action Kinetics. 

Because the variables in the template model are processes, their steady-state values 

correspond to the steady-state fluxes of the anchor models; they may be directly affected 

by other template variables. The edges and their mathematical representations capture 

how the change in one template box (process system) affects a neighboring box. As the 

boxes are now directly affected by signals, these signals are represented slightly 

differently than in typical anchor-like models. The resulting GMA equations are 
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presented below. As is typical, they contain two types of parameters: (1) non-negative 

rate constants (𝑣i) of production and degradation, and (2) kinetic orders (aj), whose signs 

directly align with the modeled function: activating or augmenting processes are modeled 

with positive kinetic orders, while inhibitory or diminishing processes are modeled with 

negative kinetic orders. 

 

  

Figure 5.4: Simplified template model corresponding to variable names in the 

ODEs. 
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The GMA representation of the template model in Figure 5.4 thus has the following 

format:  

Biosynthesis  

X1′ = 𝑣01 ⋅ X0𝑎1 + 𝑣21 ⋅ X2 ⋅ X3𝑎3 ∗ 𝐷𝑅1 + 𝑣41 ⋅ X4 ⋅ X5𝑎2 ⋅ X3𝑎4 ∗ 𝐷𝑅2 

−𝑣14 ⋅ X1 ∗ 𝐷𝑅3 − 𝑣12 ⋅ X1 ∗ 𝐷𝑅4 − 𝑣1𝐸 ⋅ X1 ∗ 𝐷𝑅5 

Storage 

X2′ = 𝑣12 ⋅ X1 ∗ 𝐷𝑅4 − 𝑣21 ⋅ X2 ⋅ X3𝑎3 ∗ 𝐷𝑅1 

Peripheral Tissue Utilization 

X3′ = 𝑣43 ⋅ X4 ∗ 𝐷𝑅6 − 𝑣34 ⋅ X3 ∗ 𝐷𝑅7 − 𝑣30 ⋅ X3 

Plasma Dynamics 

X4' = 𝑣34 ⋅ X3 ∗ 𝐷𝑅7 − 𝑣43 ⋅ X4 ∗ 𝐷𝑅8 − 𝑣41 ⋅ X4 ⋅ X5𝑎2 ⋅ X3𝑎3 ∗  𝐷𝑅9  + X0𝑎4 

+𝑣14 ⋅ X1 ∗ 𝐷𝑅3 − 𝑣45 ⋅ X4 ∗ 𝐷𝑅10 

Steroid Hormone Production 

X5′ = 𝑣45 ⋅ X4 ∗ 𝐷𝑅10 − 𝑣40 ⋅ X5 

 

 Here, the quantities DRi represent the effects of dioxin on a given flux. At the 

baseline, they all have a value of 1. For different dioxin exposure scenarios, the DRi are 

numerically adjusted according to dose-response curves developed in the anchor models. 
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5.1.3 Global effects of TCDD on cholesterol dynamics  

As documented in the CTD database and compiled in Table 5.1, the expression of 

numerous genes is affected by dioxin; shown here are only genes directly associated with 

dioxin and the organ systems in the anchors. 

 To set up a representative template model, the amount of cholesterol produced 

under continuous exposure to a TCDD dose of interest is extracted from the dose-

response relationships obtained from the anchor models that had been produced 

previously (Chapters 2-4) and are now handed off to other variables of the template 

model. In other words, dose-response relationships are used as TCDD-dependent 

modulators of the healthy baseline fluxes (TCDD = 0; all DRi = 1) between the various 

template variables, such as the flux of mevalonate into the biosynthesis pathway and 

hepatic cholesterol export into the bloodstream (see Figure 2.1).  

 Once implemented as an independent variable, the dioxin dose can be increased 

incrementally across all known affected processes, where different degrees of dioxin 

effect can be represented with varying fold changes (DRi > 1 or DRi  < 1) and signs 

reflecting augmenting or diminishing effects. The template model thus allows us to gain a 

comprehensive understanding of dioxin's systemic impact on affected processes at a 

global level. 

5.1.4 Parameter determination and model evaluation 

To parameterize the template model, the input/output relationships obtained from the 

previously established anchor models (Chapters 2-4) were used to inform steady-state 

values of the template variables and the connections between them. Kinetic order 

parameters which, for instance, describe the influence of estradiol signaling and 
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peripheral tissue utilization on cholesterol uptake in hepatocytes, as well as hepatic 

cholesterol storage, were adjusted to render outputs consistent with published steady state 

concentration data. 

 The original anchor model of steroid hormone production represented the 

dynamics of estradiol production and utilization throughout the menstrual cycle, as 

detailed in Chapter 4. For the purposes of the overall template, we simplify this anchor 

here, thereby demonstrating how different anchor models of a subsystem may be 

swapped without affecting other anchors. Specifically, we assume for purposes of the 

template model analysis, an average steady-state level of estradiol obtained +/- 3 days 

around the time of ovulation [165]. This average level represents a value consistent with 

concentrations commonly referenced in clinical practice.  

 Upon calibrating the model parameters to match the steady-state concentrations 

that have been reported for the anchor models (Chapters 2-4) the output of the template 

model at baseline (TCDD = 0) exhibits strong correspondence with the anchors, as 

documented in Table 5.2.  

 

Table 5.1: Flux values simulated in the template model compared to the values 

obtained from the anchor models. 
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5.2 Simulation Results 

5.2.1 Sensitivity analysis for the template model  

Sensitivity analysis of parameters for hepatic cholesterol and plasma cholesterol, which 

was selected due to its high connectivity within the template model. The sensitivity 

analysis was performed by increasing and decreasing one parameter at a time by 10% 

from the default value and calculating the percentage change of LDL HDL, and total 

plasma cholesterol. The relative sensitivity coefficient was calculated by averaging the 

ratios of the percentage change of the cholesterol concentrations to 10% in both 

directions. In the model, the parameter that exerts the most influence includes the rate 

constant v_01 reflecting the influx of cholesterol to the liver. However, the analysis 

revealed that variations of ±10% in each of the 16 parameters yielded changes in the 

steady-state values of less than 10% in magnitude (absolute values of relative sensitivity 

<1; Figure 5.5). Therefore, all parameters were deemed to exhibit low sensitivity, thus 

indicating a robust system response to parameter fluctuations.  
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Figure 5.5: Sensitivity analysis fpr the template model. All parameters values exhibit 

changes in the steady-state values of less than 10% in magnitude (absolute values of 

relative sensitivity <1. 

 

5.2.2 Overall Impact of dioxin on the template model  

To quantify the impact of TCDD on cholesterol biosynthesis in the template model, we 

analyzed the effects of different doses of TCDD ranging from 0 to 50 μg/kg body weight. 

As reported in the cholesterol biosynthesis anchor model (Chapter 2, Figure2.4) the effect 

of TCDD on the rate of hepatic cholesterol biosynthesis, as reported previously  [80], was 

implemented into the template model. Specifically, the rate constants of each edge known 

to be effected by dioxin were adjusted through the different DRi according to the percent 

changes obtained from the previously reported anchor-based dose-response curves. The 

hepatic cholesterol biosynthesis rates resulting from these alterations were recorded and 

used to construct a template-based dose-response relationship (Figure 5.6), which is very 

similar to what was produced previously in Chapter 2 .  
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Figure 5.6: Dose response curve of dioxin vs cholesterol biosynthesis. The trend is 

ssimilar to what was previously reported in Figure 2.4. 

 

By implementing the dose-response-curve of cholesterol biosynthesis rate versus dioxin 

in the template model, we were able to predict the overall effects of dioxin on the various 

processes comprising the template model (Table 5.3). 

 

Table 5.2: Dose-response-curve of the processes versus dioxin dose. Grey highlighted 

sections represent simulated outcomes generated by applying the dose-response curve for 

cholesterol biosynthesis to the template model. 

  

 

 The values for biosynthesis outlined in the table correspond to the dose-response 

curve information presented in Figure 5.6. The grey highlighted sections in Table 5.3 
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represent simulated outcomes generated by applying the dose-response curve for 

cholesterol biosynthesis to the template model. Thus, the table illustrates the global 

impact of dioxin on cholesterol biosynthesis and the resulting effects on hepatic 

cholesterol storage, peripheral tissue usage, plasma dynamics, and steroid hormone 

production. 

With increasing doses of dioxin, the rate of cholesterol biosynthesis decreases, as 

was demonstrated previously in the literature (e.g., [81] and anchor simulations in 

Chapter 2. The observed decline can be explained by the suppressed expression of 

multiple genes involved in biosynthesis, including those encoding HMGCR, FDPS, SQS, 

and LSS.  

Increasing doses of dioxin are predicted by the template to raise peripheral cholesterol 

utilization and plasma dynamics, while concurrently causing a reduction in hepatic 

storage and steroid hormone production. It is not known whether these predictions are 

correct. 

 The decrease in hepatic storage is attributed to the decreased expression of ACAT 

[166]. This observation is paralleled by a decrease in sex hormone production, which 

aligns with animal studies that indicate a reduction in estradiol production and with 

epidemiological studies that associate a decrease in estradiol levels with exposure to 

dioxin in humans [157]. Additionally, the model predicts an increase in the utilization of 

cholesterol in peripheral tissues, a change that is consistent with findings from studies 

indicating that exposure to dioxin promotes myocardial growth in female rodents [167]. 

This funding can also be related to human health, where such exposure has been linked to 



 88 

the development of ischemic heart disease [168], a condition precipitated by the 

accumulation of cholesterol within the coronary artery lining [169]. 

5.2.3 Impact of diet in the template model   

The template model allows us to assess the role of dietary cholesterol intake and its 

interaction with dioxin exposure on a broader scale. We begin with the effect of dioxin at 

the baseline of TCDD = 0. 

 As described previously (Chapter 2), the recommended range of dietary 

cholesterol intake is approximately 200mg/day [89]. The template model indicates that an 

increase in cholesterol intake results in a decrease of cholesterol synthesis in the liver. A 

possible explanation is that the increase in hepatic cholesterol, as a result of increased 

dietary cholesterol intake, promotes the reduction of cholesterol synthesis enzymes 

through the down-regulation of SREBP [170].  

 Our simulations with the template model demonstrate this relationship of 

increased cholesterol in diet and decreased biosynthesis rate, which is consistent with the 

results found in the cholesterol biosynthesis anchor model detailed in Chapter 2. Exact 

values can be seen in Table 5.4.  

 

Table 5.3: The impact of diet on the various processes of the template model. The 

grey highlighted sections represent simulated outcomes generated by applying the dose-

response curve for cholesterol biosynthesis to the template model. 
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 Overall, our model indicates a wide-spread decrease across all outlined processes 

including storage, peripheral cholesterol utilization, plasma dynamics, and steroid 

hormone production. An explanation for this apparently counterintuitive decrease in flux 

rates is the availability of cholesterol from diet: The body does not need to produce as 

much cholesterol de novo if it receives it “for free” from diet. Additional considerations 

involve the correlation between elevated dietary cholesterol and diminished 

estradiol production [90]. There is also a documented link between heightened dietary 

cholesterol intake and the suppression of LDL receptor (LDLR) activity, which mediates 

the transport of cholesterol between the plasma and liver [171]. With the rise in 

cholesterol levels, a concurrent suppression in the transportation of LDL cholesterol to 

peripheral tissues has been found, likely due to increased levels of cholesterol in those 

tissues [112]. Moreover, it has been found that heightened dietary cholesterol intake is 

correlated with an elevation of cholesterol in peripheral tissues [172]. It is postulated that 

this elevation may serve as a feedback inhibitor to cholesterol storage, thereby mitigating 

any further accumulation of cholesterol within these peripheral tissues. 

5.2.4 Overall Impact of dietary cholesterol and dioxin exposure  

We used template simulations to explore the effects of combinations of dietary intake and 

TCDD exposure. Without TCDD exposure, the rate of hepatic cholesterol synthesis under 

a normal daily consumption of ∼200 mg cholesterol is about 32 μM/day (Table 5.5). As 

expected, the synthesis of hepatic cholesterol levels decreases with both increased dietary 

intake and increasing doses of TCDD due to the accumulation of hepatic cholesterol 

(Figure 5.7). For the recommended cholesterol intake, the model predicts a decrease in 

the synthesis rate of cholesterol to about 7.5 μM/day, if an individual is exposed to a high 
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dose (~50 μg/kg) of TCDD. For the same dose of TCDD, but with 600 mg/day of dietary 

cholesterol intake, the model predicts a synthesis rate of approximately 5.47 μM/day as 

seen in Table 5.5.  

 

 

Table 5.4: The impact of diet and dioxin on the processes comprising the template 

model. Grey highlighted sections represent simulated outcomes generated by applying 

the dose-response curve for cholesterol biosynthesis to the template model. 

  

 

As in an earlier table, the sections highlighted in grey within Table 5.3 present the 

simulation results generated by the simultaneous introduction of dioxin and increased 

dietary cholesterol intake. As a visualization, Figure 5.7 depicts a sample dose-response 

curve of the synergistic effects of dioxin and dietary cholesterol on cholesterol 

biosynthesis (first data row in Table 5.5). 
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Figure 5.7 Dose response curve of the impact of diet and dioxin vs cholesterol 

biosynthesis 
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5.3 Discussion 

5.3.1 Summary of findings 

The template model within the template-and-anchor (T&A) framework serves as a 

macroscopic representation, offering a high-level overview of physiological processes 

impacted by external agents like dioxin. This overarching model captures the dynamics 

of various systems, such as cholesterol biosynthesis, lipoprotein transport, and steroid 

hormone production, which are all influenced by TCDD exposure. Within the template 

model, the variables, represent processes, while the edges indicate modifying effects 

among them. Each of these variables, in turn, is explored in detail through the more fine-

grained anchor models. For instance, anchor models might cover specific aspects such as 

the synthesis of estradiol in the gonads or the dynamics of cholesterol-containing 

lipoproteins in plasma. The overall input/output relationships of the anchors are what 

informs the template model.  

 The dichotomy of anchors targeting concentrations as opposed to templates 

targeting processes is in some sense similar to the dichotomy between dynamic metabolic 

pathway models and approaches like flux-balance analysis[173] In contrast to FBA, a 

template model is still dynamic, and while FBA does not permit statements regarding 

metabolite concentrations, the variables of the template model, e.g., altered by dioxin, can 

be returned to the anchor models as altered influxes and used to compute resulting 

steady-state concentrations.  

 The template model does well in encapsulating the comprehensive effects of 

dioxin as partially found in the literature. Specifically, the template demonstrates a dose-

dependent reduction in cholesterol synthesis, concurrent with a reduction in estradiol 
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production, highlighting the systemic influence of dioxin exposure. At the same time, 

plasma transport and utilization in tissues are increased. As the combined biosynthesis-

plasma anchor model showed, the result is an overall increase of cholesterol in the liver, 

leading, in extreme cases, to non-alcoholic fatty liver disease. 

5.3.2 Advantages and drawbacks of T&A modeling 

If sufficient data are available, the T&A approach offers substantial benefits without 

unduly losing resolution. First, the divide-and-conquer approach greatly increases 

computational efficiency, as the anchors are analyzed with methods devised for their 

specific levels; in other words, problems of data heterogeneity are substantially reduced. 

Second, since anchor models can be designed and analyzed in isolation, the T&A 

structure can be developed gradually by utilizing output information from increasingly 

more anchors, while ill-defined components of the template remain as simple variables. 

Thus, the approach offers flexible guidance for setting up a multiscale model and for the 

definition of variables and processes at the different stages of the modeling process. 

Third, in contrast to other multiscale approaches, there is no need to analyze anchors 

repeatedly together with other anchors and the template. Instead, each anchor is analyzed 

separately for all applicable scenarios and the main output consists of a functional record 

of all pertinent input-output relationships, which are later used to inform other anchors 

and to calibrate the template model. Fourth, the anchor models can be “hot-swapped” in a 

sense that they may be replaced, if deemed necessary, with more or less detailed models, 

while other anchors and the template remain intact. We indicated this by developing a 

detailed estradiol synthesis model, which we then simplified for the template analysis. 
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 Given the novelty of the T&A modeling paradigm as it is proposed here, there is 

clear realization that this approach is still developing. More refinements will be necessary 

to fully harness its potential. Future directions may include enhancing the granularity of 

the anchor models to improve accuracy of input-output relationships used to inform the 

template model, incorporating more comprehensive data at the genetic level to better 

estimate the impact of dioxin on each process, and accounting for the heterogeneity found 

in different species or physiological conditions. Finally, as the template focuses on 

processes, results must be translated back to concentrations, which appears to necessitate 

a return to the anchor models. 

 Overall, the approach has other drawbacks and limitations, which are discussed in 

the future chapter.  
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CHAPTER 6  CONCLUSIONS AND FUTURE DIRECTIONS  

6.1 Summary and Novelty of the Presented Research 

The T&A modeling approach was originally proposed over two decades ago for the 

purpose of discerning sets of common design concepts from different implementations 

modeling [27]. The authors addressed with this approach the system of posture and 

movement, which must adhere to fundamental principles of biomechanics but at the same 

time permits drastically different modes of locomotion among terrestrial species, from 

ants to antelopes and cockroaches to crocodiles. The authors pursued this goal by creating 

a model on a conceptual low-dimensional manifold describing the key aspects of 

locomotion. This invariant manifold was conceived as being embedded within a much-

higher-dimensional space describing the various observed modes of locomotion, and all 

species-specific implementations were seen as intersecting in the subspace of the 

common design [27, 28, 174]. 

 Here, the T&A paradigm is used for a different purpose, namely for analyzing 

multiscale biomedical models in an effective manner. As demonstrated, the approach 

provides a systematic and intuitively organized strategy for multi-level analysis of 

complex biological systems. The template model serves as a high-level, coarse-grained 

representation that focuses on the main physiological components of a system and entails 

a minimal set of variables and parameters. It acts as an overarching representation of the 

entire system, providing an encompassing view of the dynamic interactions among its 

core constituents. By contrast, the anchor models provide a more detailed and finely 

grained view of specific biological details and mechanisms within the system. They allow 

the user to zoom into individual variables within the template, thereby permitting an 
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account of intricate aspects of the underlying processes. Furthermore, as discussed 

earlier, the approach is not restricted to two levels, but permits refinements in several 

steps. Together, the template and anchor models form a hierarchical structure, allowing 

for both broad overviews and in-depth analyses, thereby offering a versatile tool for 

multiscale modeling.  

 To demonstrate the practical application of the T&A model, we detail how dioxin 

exposure influences a range of processes integral to cholesterol dynamics across multiple 

organs. We have established three anchor models that are embedded in the template 

model. These include models for hepatic cholesterol biosynthesis, lipoprotein transport, 

and sex hormone synthesis. The models demonstrate at the organismal level the impact of 

dioxin on hepatic and plasma cholesterol (including LDL IDL VLDL and HDL 

cholesterol) and reveal how intestinal cholesterol increases while hepatic cholesterol 

storage decreases. They furthermore show how estradiol synthesis is reduced, thereby 

resulting in a lengthened menstrual cycle and a delay in ovulation.  

 The T&A modeling approach carries distinct advantages in handling multiscale 

problems. In particular, the method enhances computational efficiency through a divide-

and-conquer strategy and provides a flexible structure for model setup and the definition 

of variables across different levels. In contrast to other multiscale approaches, each 

anchor is separately analyzed, yielding a comprehensive record of essential input-output 

relationships that inform other anchors and calibrate the template model, while allowing 

for the interchangeability of anchor models without affecting the overall template 

structure. 
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Of course, the T&A approach is no panacea, and our exposure-response model is 

obviously simplified, like any other model. For instance, we performed our analysis at the 

steady state of the pathway system, which may seem restrictive. However, it is expected 

that the dose-response curve we determined with each anchor model is similarly 

applicable to non-steady-state situations and that pathways within the human body 

operate close to the homeostatic steady state. Despite these possible limitations, the 

proposed approach appears to be sufficient for revealing the essence of a complex 

phenomenon, as in our example the impact of dioxin on cholesterol handling.  

 A different caveat is that even the best model is only as good as the supporting 

data, and the data need for a complete T&A analysis may greatly exceed reality. In our 

example, the amount of human data is scarce and our supplanting them with mouse data 

raises clear uncertainties. At a theoretical level, the duality between templates and 

anchors will require a deeper investigation and an exploration of its speculated generality. 

 Overall, multiscale models are clearly important, and the T&A approach is 

intended to provide a novel, effective tool for complex modeling tasks as it provides a 

comprehensive and holistic perspective that accommodates a range of organizational 

scales.  

 It is quite evident that an approach like T&A can readily be tailored toward many 

different research goals and applications, which could, for instance, support traditionally 

difficult extrapolations of in vitro to in vivo results [175] and the important translation of 

observations between different species [176]. For our example of TCDD exposure, this 

translation poses an interesting challenge, as some enzyme activities and the crucial 

TCDD-AhR mechanism are species-specific [65, 177]. More generically, the T&A 
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approach has the potential of serving as an effective tool for advancing computer-

supported personalized medicine[178, 179] and in virtual clinical trials [180, 181]. 

 

6.2 Future Directions 

6.2.1 Quantitative implementation of global dioxin-induced dysregulation 

Dioxin notably impacts the expression of a wide range of genes involved across a 

spectrum of biological processes including cholesterol biosynthesis, lipoprotein transport, 

and steroid hormone production.  In our T&A analysis, we adopted, by necessity, only a 

semi-quantitative approach to model the influence of dioxin on gene expression. The 

main reason was that the database CTD informs our model simply by indicating the 

directionality of gene expression changes in response to dioxin exposure, which we 

incorporate as estimated percentage adjustments to pertinent processes. A more precise 

understanding, including fold changes in gene expression in relation to dioxin dose-

response curves, would presumably enhance our model's accuracy, possibly substantially. 

Although such data exist for certain genes within our scope, the information remains 

limited. Moreover, our current models are still simplified representations. In the future, 

with increasingly comprehensive availability of quantitative data, we envision fine-tuning 

the anchor models in our analysis to include more granular processes at the genetic and 

physiological levels, thereby enhancing the model's detail and predictive power. 
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6.2.2 Accounting for heterogeneity  

6.2.2.1 Species differences in cholesterol biosynthesis  

The pathways of cholesterol biosynthesis are known to exhibit significant variations 

among mammalian species. These manifest as alterations in parameter values within our 

generic model and appear to be specific to each species and possibly cell type. A 

particularly striking example that is pertinent to this work  is the in vivo retention time of 

dioxin, which varies significantly between mice and humans [182].  

 Additionally, experimental findings indicate that dioxin exposure results in an 

increase in hepatic cholesterol and a concurrent decrease in plasma cholesterol in mice 

[40].  This pattern is not observed in humans, where epidemiological data suggest an 

increase in both hepatic and plasma cholesterol levels [42-46]. 

 In constructing the Template and Anchor (T&A) model, we primarily relied on 

human data, integrating disruptions in gene expression from CTD when human-specific 

information was available. In the absence of such data, we had to resort to evidence 

derived from mouse studies. Given the differences in dioxin response between species, 

and the ethical impossibility of obtaining dose-response data from human subjects, it will 

be beneficial to develop a parallel whole-mouse model. Such a model would enable us to 

perform cross-species comparisons and enhance our mechanistic understanding of 

cholesterol dynamics and the effects of dioxin. 
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6.2.2.2 Account of hepatic zonation  

The liver is divided into four lobes, namely the right, left, caudate, and quadrate lobe. 

Each lobe is divided into thousands of liver lobules that are composed of hepatocytes and 

other cells. Lobules are divided into three zones: periportal (zone 1), midzonal (zone 2), 

and centrilobular (zone 3). Each zone differs in hepatocellular enzymatic function and 

blood oxygenation. Importantly, key hepatic genes, many of them pertinent to this study, 

have been shown to be differentially expressed along the lobule axis. This is termed 

zonation.  

 For reasons of simplicity, the model design for the cholesterol biosynthesis anchor 

model (Chapter 2) ignores spatial heterogeneity and instead averages cholesterol 

biosynthesis via the mevalonate pathway over all hepatocytes. In addition to permit a 

simpler model, this averaging allows us to obtain corresponding parameter values from 

literature information. It is presently unknown whether future studies should indeed 

consider the well-known microanatomical zonation of liver lobules, thereby 

acknowledging the fact that gene expression and metabolic activity vary among the 

distinct layers of hepatocytes close to, and further away, from the central vein [183].  

With respect to the overall effect of TCDD on cholesterol dynamics, which is of 

particular importance here, it is at present unclear whether the granularity of zonation is 

significant or whether averaging is sufficient, especially given the semi-qualitative nature 

of our study. Explicitly addressing the zonation of liver lobules could affect the input-

output relationships of the different anchor models and their interactions, although the 

degree of effect is unclear. A gradually refined anchor model, to be embedded in the 
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overall template model of the effect of TCDD on cholesterol dynamics, could be set up in 

the future to answer this question when pertinent data become available.   

 One viable strategy for modeling liver zonation could be based on individually 

simulating each zone to reflect their unique volumes, specific kinetic parameters, and 

distinct transport mechanisms. Subsequently, a comprehensive macroscopic model could 

be developed to integrate all zones using weighted averages. Alternatively, one might 

consider modeling the dynamics of cholesterol flow through the various hepatic zones 

using partial differential equations. While this approach might be a natural default, it 

would seem to encounter substantial theoretical and practical challenges due to the 

heterogeneity of liver lobules.  Instead, it appears to be more practical and effective to 

develop an agent-based model [14, 184], wherein hepatocytes would serve as agents, 

with differentiating properties according to their hepatic zones and appropriate definitions 

of interactions. 

 

6.2.3 Expansion of the T&A model  

6.2.3.1 Addition of anchor models  

Dioxin exposure has been shown to dysregulate bile acid synthesis, a process integral to 

the digestion and elimination of cholesterol. Furthermore, bile acids, synthesized from 

cholesterol in the liver, promote the absorption of dietary lipids and provide an excretion 

mechanism for excess hepatic cholesterol [185]. Dioxin exposure has been shown to 

result in hepatic bile acid accumulation due to the increase of intestinal reabsorption to 

hepatocytes and decreased fecal excretion of bile acids, thus contributing to AhR-
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mediated hepatotoxicity[65].  While our current T&A model accounts for the ingestion of 

dietary cholesterol and the elimination of hepatic cholesterol, its structure may be too 

coarse. As a remedy, expansions of the T&A model, for instance, with an added anchor 

that thoroughly tracks dietary cholesterol intake, absorption, and bile-mediated excretion, 

could provide deeper insights and enhance the model’s predictability regarding dioxin-

mediated effects on cholesterol dynamics.  

6.2.3.2 Synergistic Impacts: Assessing the cumulative effects of multiple toxins within 

the T&A model  

Humans are more often than not exposed to multiple environmental toxins 

simultaneously, which can have combined effects that differ from those of individual 

exposures. To reflect this complexity, we could expand the T&A model to encompass not 

only the impact of dioxin but also the synergistic effects of various other toxins on 

cholesterol dynamics. The CTD database [62] offers some insights into such interactions, 

including, for example, the downregulation of HMGCR when TCDD is co-treated with 

diethylhexyl phthalate. While the account for synergism appears to be intriguing, the 

practical feasibility and granularity of future models will largely hinge on the availability 

and richness of data on multi-toxin exposures. 

6.2.4  T&A for personalized medicine and drug discovery 

Looking ahead, the T&A framework holds potential for advancing personalized risk 

assessments and personalized medicine in general. By the same token, it could become 

relevant and effective for enhancing drug discovery and development. The current 

version of the model is mostly calibrated with average data, but also considers population 

variability, for instance, in menstrual cycle length, when modeling the dioxin-mediated 
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effects on estradiol (Chapter 4). For uses in personalized medicine, the model design 

would have to be readily customizable, allowing for the easy adjustment of relevant 

parameters based on personalized data [186, 187].  

 The proposed T&A strategy indicates how to study the impact of simultaneous 

external inputs such as dietary cholesterol and environmental toxins, notably dioxin. 

Obviously, the approach itself is independent of this application and it is quite evident 

that the T&A platform is versatile and can be expanded further to simulate the body's 

response to a wide array of pharmaceutical compounds, thereby potentially serving as a 

predictive tool for drug behavior and interactions within the body [188]. 

 Furthermore, T&A presents an innovative potential approach in the context of 

virtual clinical trials.  By simulating patient populations and drug responses, these models 

in the future will enable the prediction of drug dose-response outcomes, optimize dosing 

regimens, and identify the most promising therapeutic candidates. This application, as 

part of NAMs, not only streamlines the drug development process but also offers a more 

ethical approach by reducing the need for extensive animal testing. Through these diverse 

applications, T&A models offer a path toward more personalized, effective, and ethically 

responsible approaches to biomedical, public health and pharmaceutical research. 

 

6.3 Closing Remarks 

In this study, we address the well-known challenge of biomedical multiscale analysis 

with a novel, fundamentally different adaptation of the Template-and-Anchor (T&A) 

modeling paradigm. It considers a template as a high-level, coarse-grained model that 

focuses exclusively on the main physiological components of a system and involves 

correspondingly few variables, processes and parameters. The template contains as 

variables the anchor models, which are modules of component sub-systems that provide 

more elaborate descriptions of specific biological details. This conceptual framework 
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does not attempt to capture simultaneously all details within a single computable 

structure as many other multiscale models do. Instead, the often-overwhelming multilevel 

task is dissected into smaller, stand-alone models that are analyzed separately. This new 

adaptation of the T&A approach offers substantial advantages without losing resolution. 

First, the divide-and-conquer method enhances computational efficiency. Second, unlike 

other methods, each anchor is analyzed individually, producing a record of crucial input-

output relationships that are ultimately used in the template model. Third, anchor models 

can be replaced with alternative representations without affecting the structure of the 

template or other anchors. Fourth, the T&A model provides flexible guidelines for its 

setup and for defining variables across scales.  

 Using the T&A approach, this work addresses the molecular basis for health 

implications caused by exposure to dioxin (specifically, 2,3,7,8-tetrachlorodibenzo-p-

dioxin), a persistent organic pollutant that can severely affect health, depending on the 

magnitude of exposure. The template captures the overall effects of dioxin on the 

dynamics of cholesterol, a prominent target of dioxin. The anchor models serving as 

variables in the overall template model include hepatic cholesterol biosynthesis (via the 

mevalonate pathway), lipoprotein metabolism, and estrogen synthesis. The creation and 

combination of anchor and template models enables a holistic evaluation of the impact of 

dioxin, which can be translated into a tool for comprehensive computational health risk 

assessments.  

              On the theoretical side, this work discerns fundamental differences in the 

conceptual set-up of templates and anchors which may be viewed as dual structures of 

each other, as the variables in anchor models are material quantities, whereas the 

variables in template models are processes.  

 T&A modeling, and multiscale modeling in general, hold promise for a deeper 

understanding of complex systems and for advancing personalized medicine and risk 

assessment, interspecies translation, and the development of virtual clinical trials.
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APPENDICES 

A.1. T&A Model Design 

The primary focus of the paper is the introduction of the T&A concept as a “new-

approach methodology” (NAM). The actual implementation of this concept mandates 

the choice of a mathematical representation, which we selected from Mass-Action 

Kinetics and Biochemical Systems Theory [10, 69, 70, 189] because their tenets 

constitute a very effective and essentially unbiased compromise between biomedical 

realism and mathematical tractability. BST, along with MAK, which is a special case, 

always represents systems as sets of nonlinear ordinary differential equations (ODEs), 

in which each process vi is formulated as a product of power-law functions that 

contain all variables Xj contributing to this term, each raised to a power 𝑓𝑖𝑘𝑗, called a 

kinetic order. In addition, a positive rate constant 𝛾𝑖𝑘 determines the turnover rate of 

the process. Thus, each process representation has the format. 

 

𝑣𝑖 = 𝛾𝑖𝑘 ⋅ 𝑋1
𝑓𝑖𝑘1 ⋅ 𝑋2

𝑓𝑖𝑘2 ⋅ … ⋅ 𝑋𝑛
𝑓𝑖𝑘𝑛. 

 

If a kinetic order is positive, it signifies a positive effect on the process, while a 

negative value signifies an inhibitory or diminishing effect. Typical kinetic orders 

vary between -1 and +2, while the rate constants may take any non-negative values. A 

rich literature has documented the theoretical underpinnings of BST as well as 

numerous applications. For a comprehensive review, see (Voit, 2013). 

 Applying the BST representation to the mevalonate pathway, we obtain the 

following set of differential equations; the complete code is available in Matlab and 

PLAS implementation at GitHub.com/LBSA-VoitLab/TCDD_Chol. 
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A.2. Dioxin Simulation 

The effect of TCDD is coded either as positive or negative: 

 

DEP = 1  // positive effect of TCDD if DEP > 1   

DEN = 1  // negative effect of TCDD if DEN < 1 

Specifically, DEP codes for a positive dioxin effect on some process and is implemented 

by an incremental increase in value, i.e., 1.1, 1.2, 1.3… DEN codes for a negative dioxin 

effect on some process and is implemented by an incremental decrease in value, i.e.,  0.9, 

0.8, 0.7… DEP and DEN are altered simultaneously. They affect the following rate 

constants:  

r1 = 0.0012 * DEN 

r7 = 0.0012 * DEN 

r3 = 0.0012 * DEN 

r5 = 0.0012 * DEN 

r28 = 36.697 * DEN 

r27 = 0.000356 * DEP  

r30 = 0.7 * DEP 

 

 The specific values for DEP and DEN were taken from Figure S1, in which the 

trend line was deduced from (Lakshman et al. 1988, 1989). In these articles, the authors 

introduced various doses of dioxin in mice and determined the consequent synthetic rate 

of cholesterol in the liver.  

 Similarly, we matched our simulation results to the cholesterol synthesis rate 

found in the literature in order to determine dioxin dosage and the resulting concentration 
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of hepatic cholesterol (Figure 2.4 of the text). The synthetic rate was calculated as percent 

of control. For instance, given that our control is 11,200 M hepatic cholesterol, 80% of 

our control corresponds to 8,960 M hepatic cholesterol. 

A.3. Simulations of dioxin exposure and cholesterol intake from diet 

The default dietary intake of cholesterol is set at the recommended value of 200 mg/day, 

which corresponds to 517.26 µmol/day. High cholesterol diet is coded as 400 mg/day or 

1030 µmol/day, while extremely high cholesterol diet is modeled as 600 mg/day = 1552 

µmol/day. 

 To account for diet and dioxin exposure simultaneously, one changes both the 

parameter value accounting for dietary change Diet and the parameter values for the 

dioxin effects DEN and DEP.  

Dietary parameters are set in the computer code as: 

• Normal cholesterol diet: 200mg or 0.2g / day ~ 517.26, which is implemented as  

dD= (517.26/SF)/ VL  

• High cholesterol diet:  0.4g/day ~ 1030 

• Extremely high cholesterol diet:  0.6g/day ~ 1552 
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A.4. Cholesterol Biosynthesis Anchor Model Equations  

HMGCR mRNA 

𝐻𝑀𝑟̇ = 𝑟1 ∗ 𝑆𝑅𝑝𝑎01 − 𝑟2 ∗ 𝐻𝑀𝑟 

FDPS mRNA 

𝐹𝐷𝑃𝑆𝑟̇ = 𝑟3 ∗ 𝑆𝑅𝑝𝑎02 − 𝑟4 ∗ 𝐹𝐷𝑃𝑆𝑟 

Lanosterol synthase mRNA 

𝐿𝑆𝑟̇ = 𝑟5 ∗ 𝑆𝑅𝑝𝑎03 − 𝑟6 * 𝐿𝑆𝑟 

Squalene Synthase mRNA 

𝑆𝑄𝑆𝑟̇ = 𝑟7 ∗ 𝑆𝑅𝑝𝑎04 − 𝑟8 ∗ 𝑆𝑄𝑆𝑟 

SREBP 

𝑆𝑅𝑝̇ = 𝑟9 ∗ 𝐶𝑎6 − 𝑟10 ∗ 𝑆𝑅𝑝 

HMG-CoA Reductase 

𝐻𝑅𝑝̇ = 𝑟11 ∗ 𝐻𝑀𝑟𝑎05 − 𝑟12 ∗ 𝐻𝑅𝑝 ∗ 𝐺𝑃𝑃𝑎1 ∗ 𝐹𝑃𝑃𝑎2 ∗ 𝐿𝑎3 ∗ 𝐶𝑎4 

Farnesyl diphosphate synthase 

𝐹𝐷𝑃𝑆𝑝̇ = 𝑟13 ∗ 𝐹𝐷𝑃𝑆𝑟𝑎06 − 𝑟14 * 𝐹𝐷𝑃𝑆𝑝 

Lanosterol Synthase 

𝐿𝑆𝑝̇ = 𝑟15 ∗ 𝐿𝑆𝑟𝑎07 − 𝑟16 ∗ 𝐿𝑆𝑝 

Squalene Synthase 

𝑆𝑄𝑆𝑝̇ = 𝑟17 ∗ 𝑆𝑄𝑆𝑟𝑎08 − 𝑟18 * 𝑆𝑄𝑆𝑝 ∗ 𝐶𝑎09 

HMG-CoA 

𝐻𝐶̇ = (𝑟19 − 𝑟20 ∗ 𝐻𝐶 ∗ 𝐻𝑅𝑎5 ∗ 𝐹𝐷𝑃𝑆𝑎8)  ∗SF 

Geranyl-PP 

𝐺𝑃𝑃̇ = (𝑟20 ∗ 𝐻𝐶 − 𝐻𝑅𝑎5 ∗ 𝐹𝐷𝑃𝑆𝑎8 − 𝑟21 ∗ GPP∗ 𝐹𝐷𝑃𝑆𝑎9- 𝑟32 ∗ 𝐺𝑃𝑃) ∗ 𝑆𝐹 

Farnesyl-PP 

𝐹𝑃𝑃̇ = (𝑟21 * GPP∗ 𝐹𝐷𝑃𝑆𝑎9 − 𝑟22 * FPP − 𝑟23 ∗ FPP ∗ 𝑆𝑄𝑆𝑎7) ∗ SF 

Squalene 
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𝑆𝑄̇ = (𝑟23 ∗ 𝐹𝑃𝑃 ∗ 𝑆𝑄𝑆𝑎7 − 𝑟24 ∗ SQ ∗ 𝐿𝑆𝑎10) *SF 

Lanosterol 

𝐿̇ = (𝑟24 * SQ * 𝐿𝑆𝑎10 − 𝑟25 ∗ 𝐿) ∗SF 

Hepatic cholesterol 

𝐶̇ = (𝑟25 ∗ L + 𝑟26 − 𝑟27 ∗ C − 𝑟28 ∗ 𝐶𝑎11 + 𝑟29 ∗ 𝐶𝑃 + 𝑟33 ∗ 𝑆 − 𝑟34 ∗ 𝐶 ) ∗ 𝑆𝐹 

Plasma cholesterol 

𝐶𝑝̇ = 𝑟28 ∗ 𝐶𝑎11 − 𝑟29 ∗ 𝐶𝑃 − 𝑟30 ∗ 𝐶𝑃 + 𝑟31 

Cholesterol storage 

𝑆̇ = 𝑟34 ∗ 𝐶 − 𝑟33 ∗ 𝑆 
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A.5. Summary of the Parameters Used in the Cholesterol Biosynthesis Anchor 

Model 
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A.6. Lipoprotein Metabolism and Cholesterol Transport Anchor Model 

Equations  

Mevalonate Pathway 

𝑥̇0 = 𝑣0 ∗ 𝑥1
𝑘0 ∗ 𝐷𝑅1−𝑣01 ∗ 𝑥0

𝑘1 

Hepatic Cholesterol  

𝑥̇1 = 𝐷𝑖𝑒𝑡 + 𝑣01 ∗ 𝑥0 − 𝑣14 ∗ 𝑥1 ∗ 𝐷𝑅2 − 𝑣10 ∗ 𝑥1 ∗ 𝐷𝑅3 − 𝑣12 ∗ 𝑥1 ∗ 𝐷𝑅3 − 𝑣21 ∗ 𝑥2

∗ 𝐷𝑅4−𝑣31 ∗ 𝑥3 ∗ 𝐷𝑅5 − 𝑣51 ∗ 𝑥5 ∗ 𝐷𝑅6 − 𝑣61 ∗ 𝑥6 ∗ 𝐷𝑅7 + 𝑣41 ∗ 𝑥4 

VLDL  

𝑥̇2 = 𝑏12 ∗ 𝑥1 − 𝑏21 ∗ 𝑥2 − 𝑣23 ∗ 𝑥2 ∗ 𝐷𝑅8 +  𝑣62 ∗ 𝑥6 ∗ 𝐷𝑅7 

IDL 

𝑥̇3 = 𝑣23 ∗ 𝑥2 − 𝑣31 ∗ 𝑥3 ∗ 𝐷𝑅8 − 𝑣35 ∗ 𝐼𝐷𝐿 ∗ 𝐷𝑅11 

Cholesterol Storage  

𝑥̇4 = 𝑣14 ∗ 𝑥1 ∗ 𝐷𝑅2 − 𝑣41 ∗ 𝑥4 

LDL 

𝑥̇5 = 𝑣65 ∗ 𝑥6 ∗ 𝐷𝑅9 − 𝑣51 ∗ 𝑥5 ∗ 𝐷𝑅6 + 𝑣35 ∗ 𝑥3 ∗ 𝐷𝑅11 − 𝑣57 ∗ 𝑥5 ∗ 𝐷𝑅12 

HDL 

𝑥̇6 = 𝑣76 ∗ 𝑥7 ∗ 𝐷𝑅10 − 𝑣61 ∗ 𝑥6 − 𝑣65 ∗ 𝑥6 ∗ 𝐷𝑅9 − 𝑣62 ∗ 𝑥6 ∗ 𝐷𝑅7 

Peripheral Tissue  

𝑥̇7 = 𝑣57 ∗ 𝑥5 ∗ 𝐷𝑅12 − 𝑣76 ∗ 𝑥7 ∗ 𝐷𝑅10 − 𝑣70 ∗ 𝑥7 
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A.7. Summary of the Parameters Used in the Lipoprotein Metabolism and 

Cholesterol Transport Anchor Model  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Parameter	 Values	
v0	 0.05	

v01	 0.001	
v14	 0.000047964	
v10	 0.0002221	
v41	 0.0001708282	
v12	 0.28066	
v21	 2.3077	
v31	 1.00	

v51	 0.2988	
v61	 0.000163	
v23	 1.801	
v65	 0.000283	
v62	 0.0000180	
v76	 0.6	
v35	 2.64	
v57	 0.10286078	
v41	 265.4	
k0	 -0.5	
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A.8. MATLAB Code: Steroidogenesis Anchor Model 

A.8.1. Steroidogenesis Anchor Model ODEs 

function dydt = Steroidogenesis_model_ODE(t, y, option, p) 

 

 

    Chol= y(1); %Cholesterol in ovary 

    P5  = y(2); %Pregnenolone 

    P4  = y(3); %Progesterone 

    A4  = y(4); %Androstenedione 

    T   = y(5); %Testosterone 

    E2  = y(6); %Estradiol 

    E2p = y(7); %Estradiol in plasma 

    P4p = y(8); %Progesterone in plasma 

    LH  = y(9); %LH in pituitary 

    LHp = y(10); %LH in plasma 

    CL  = y(11); %Corpus Luteum 

    AF  = y(12); %Growing antral follicles 

    S   = y(13); %Bistable signal S mediating E2p positive feedback onto LH release 

    S1  = y(14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

    S2  = y(15); %Intermediate promoting CL atresia 

    FSH  = y(16); %FSH in pituitary 

    FSHp = y(17); %FSH in plasma 

     

 

 

  % Define the system of ODEs 

    dydt = zeros(length(y),1); 

     

    %Chol 

    %dydt(1) = p.k1 * AF * p.Cholp + p.k33 * CL * p.Cholp - p.k2 * Chol; 

    dydt(1) = 0; %p.k1 * p.Cholp + p.k33 * p.Cholp - p.k2 * Chol; 
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    %P5 

    %dydt(2) = p.k2 * Chol - p.k3 * P5 - p.k11 * P5; 

    dydt(2) = p.k2 * (p.k2a*AF + p.k2b*CL) * Chol - p.k3 * P5 - p.k11 * P5; 

     

    %P4 

    dydt(3) = p.k3 * P5 - p.k4 * CL * P4 - p.k5 * P4; 

     

    %A4 

    dydt(4) = p.k5 * P4 - p.k6 * A4 + p.k7 * T - p.k12 * A4; 

     

    %T 

    dydt(5) = p.k6 * A4 - p.k7 * T - p.k8 * T - p.k13 * T; 

     

    %E2 

    dydt(6) = p.k8 * T - p.k9 * E2 - p.k22 * LHp^p.n22/(p.J22^p.n22+LHp^p.n22) * E2; 

     

    %E2p 

    dydt(7) = p.scale_E2p * p.k9 * E2 - p.k10 * E2p; 

     

    %P4p 

    dydt(8) = p.scale_P4p * p.k4 * CL * P4 - p.k14 * P4p; 

     

    %LH 

    dydt(9) = p.k15 - p.k25 * S^p.n25/(p.J25^p.n25+S^p.n25) * LH - p.k18 * LH; 

     

    %LHp 

    dydt(10) = p.k25 * S^p.n25/(p.J25^p.n25+S^p.n25) * LH + p.k18 * LH - p.k17 * LHp; 

     

    %CL 

    dydt(11) = p.k29 * S1^p.n29/(p.J29^p.n29+S1^p.n29) - p.k20 * CL - p.k32 * S2^p.n32 / 

(p.J32^p.n32 + S2^p.n32) * CL; 

     

    %AF 
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    dydt(12) = p.k21 * AF^2 * (1 - AF/p.AFmax) - p.k29 * S1^p.n29/(p.J29^p.n29+S1^p.n29) * AF; 

%Logistic function to describe exponential growth when AF is small and stop growing when AF is 

large  

 

    %S 

    dydt(13) = p.k160 + p.k16 * S^p.n16 / ((p.J16/(p.k24+E2p))^p.n16 +  S^p.n16 ) - p.k23*S; 

     

    %S1 

    dydt(14) = p.k190 + p.k19 * S1^p.n19 / ((p.J19/(p.k26+p.k28*LHp))^p.n19 +  S1^p.n19 ) - 

p.k27*S1; 

     

    %S2 

    dydt(15) = p.k30 * S1^p.n30 / (p.J30^p.n30 + S1^p.n30) - p.k31*S2; 

     

    %FSH 

    %dydt(16) = p.k34 - p.k37 * S^p.n37/(p.J37^p.n37+S^p.n37) * FSH - p.k35 * FSH; 

    dydt(16) = p.k34 * p.J34^p.n34/(p.J34^p.n34+P4p^p.n38) * p.k38 * 

p.J38^p.n38/(p.J38^p.n38+E2p^p.n38) - p.k37 * S^p.n37/(p.J37^p.n37+S^p.n37) * FSH - p.k35 * 

FSH; 

     

    %FSHp 

    dydt(17) = p.k37 * S^p.n37/(p.J37^p.n37+S^p.n37) * FSH + p.k35 * FSH - p.k36 * FSHp; 

     

     

     

end 

 

%% ------------------------- DEFAULT PARAMETERS -----------------------------%% 

%Hormone half-lives: https://www.kup.at/kup/pdf/4975.pdf 

p.k1 = log(2)/(1/60); 

p.k2 = log(2)/(1/60); %Assuming the conversion from Chol to P5 is fast such that the half-life of 

Chol is 1 minute. 

p.k2a = 1; 
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p.k2b = 1; 

p.k3 = log(2)/(1/60); %Assuming the conversion from P5 to P4 is fast such that the half-life of P5 

is 1 minute. 

p.k4 = 0.015 * log(2)/(1/60)*0.5; %Assuming the loss of P4 due to conversion to A4 and to 

secretion into circulation is fast such that the half-life of P4 is 1 minute, and the split is 50/50. 

p.k5 = log(2)/(1/60)*0.5;  

p.k6 = log(2)/(1/60); %k6 and k7 are set this way so the difference between the two fluxes will be 

equal to k5 flux to maintain flux balance when A4 and T are both at 1. 

p.k7 = log(2)/(1/60)*0.5;  

p.k8 = log(2)/(1/60)*0.5;  

p.k9 = log(2)/(1/60)*0.5; 

p.k10 = 2*log(2)/2; % Estradiol half-life in circulation is 2 hours. 

p.k11 = 0; 

p.k12 = 0*log(2)/(1/60)*0.5;  

p.k13 = 0; 

p.k14 = 0.125*log(2)/(5/60); %Progesterone half-life in circulation is about 5 min according to 

wikipedia 

p.k15 = 2*1/1.45; 

p.k17 = 2*log(2)/1; % LH half-life in circulation is 1 hour. 

p.k18 = 0.1 * p.k15; 

p.k19 = 10*log(2)/0.1; 

p.k20 = log(2)/4; 

p.k21 = 0.85*log(2)/5; 

p.k22 = 2 * p.k9; 

p.k23 = log(2)/1; % S half-life is 1 hour. 

p.k24 = 1; 

p.k25 = 1e4; 

p.k26 = 3; 

p.k27 = log(2)/0.1; % S1 half-life is 0.1 hour. 

p.k28 = 40; 

p.k29 = 2; 

p.k31 = 0.25; 

p.k30 = 10*p.k31; 
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p.k32 = 10*p.k20; 

p.k33 = log(2)/(1/60); 

p.k34 = 1/1.45; 

p.k35 = 3.5*0.1 * p.k34; 

p.k36 = log(2)/2; 

p.k37 = 1e4; 

p.k38 = 4; 

p.k16 = 10 * p.k23; 

p.k160 = p.k23; 

p.k190 = 0.01*log(2)/0.1; 

p.J16 = 15; 

p.J19 = 16; 

p.J22 = 3; 

p.J25 = 5; 

p.J29 = 5; 

p.J30 = 1; 

p.J32 = 9; 

p.J34 = 3; 

p.J37 = 5; 

p.J38 = 5; 

p.n16 = 5; 

p.n19 = 5; 

p.n22 = 100; 

p.n25 = 100; 

p.n29 = 10; 

p.n30 = 5; 

p.n32 = 10; 

p.n34 = 1; 

p.n37 = 100; 

p.n38 = 1; 

p.AFmax = 7.5; 

p.Cholp = 1; 

p.scale_E2p = 1/60; %Used to scale E2p to 1. 
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p.scale_P4p = 1/2.5; %Used to scale E2p to 1. 

default_p = p; 

 

%% ------------------------- INITIAL CONDITION-----------------------------%% 

init.Chol= 1; %Cholesterol in ovary 

init.P5  = 1; %Pregnenolone 

init.P4  = 1; %Progesterone 

init.A4  = 1; %Androstenedione 

init.T   = 1; %Testosterone 

init.E2  = 1; %Estradiol 

init.E2p = 2; %Estradiol in plasma 

init.P4p = 0; %Progesterone in plasma 

init.LH  = 10; %LH in pituitary 

init.LHp = 1; %LH in plasma 

init.CL  = 0; %Corpus Luteum 

init.AF  = 1; %Growing antral follicle 

init.S   = 1; %Bistable signal S mediating E2p positive feedback onto LH release 

init.S1   = 0; %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

init.S2  = 0; %Intermediate promoting CL atresia 

init.FSH  = 15; %FSH in pituitary 

init.FSHp = 4; %FSH in plasma 

 

default_init = init; 

 

%% ------------------------- DEFAULT (AVERAGE MODEL) SIMULATION ---------------------------%% 

p = default_p; 

init = default_init; 

 

y0 = cell2mat(struct2cell(init)); 

tspan = [0:0.1:28]; 

options = []; 

[t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 
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Chol= y(:,1); %Cholesterol in ovary 

P5  = y(:,2); %Pregnenolone 

P4  = y(:,3); %Progesterone 

A4  = y(:,4); %Androstenedione 

T   = y(:,5); %Testosterone 

E2  = y(:,6); %Estradiol 

E2p = y(:,7); %Estradiol in plasma 

P4p = y(:,8); %Progesterone in plasma 

LH  = y(:,9); %LH in pituitary 

LHp = y(:,10); %LH in plasma 

CL  = y(:,11); %Corpus Luteum 

AF  = y(:,12); %Growing antral follicle 

S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

S2  = y(:,15); %Intermediatepromoting CL atresia 

FSH  = y(:,16); %FSH in pituitary 

FSHp = y(:,17); %FSH in plasma 

 

figure(100) 

plot(t, E2p, 'r', 'LineWidth',2, 'DisplayName','E2') %Plasma estradiol 

hold on 

plot(t, P4p, 'b', 'LineWidth',2,  'DisplayName','P4') %Plasma progesterone 

plot(t, LHp, 'g', 'LineWidth',2,  'DisplayName','LH') %Plasma LH 

plot(t, FSHp, 'm', 'LineWidth',2,  'DisplayName','FSH') %Plasma FSH 

%plot(t, AF, 'c', 'DisplayName','AF') %Antral follicle 

%plot(t, CL, 'm', 'DisplayName','CL') %Corpus luteum 

%plot(t, LH, 'm', 'DisplayName','LH') %Pituitary LH 

%plot(t, FSH, 'm', 'DisplayName','FSH') %Pituitary FSH 

%plot(t, S, 'k', 'DisplayName','S') %S 

%plot(t, S1, 'k.', 'DisplayName','S1') %S 

%plot(t, S2, 'k-', 'DisplayName','S2') %S 

xlabel('Time (day)') 

ylabel('Hormone level') 
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xticks([0:7:28]) 

legend 

 

% figure(110) 

% plot(t, LH, 'r') %Pituitary LH 

% hold on 

% xlabel('Time (day)') 

% ylabel('Hormone level') 

% legend('Pituitary LH') 

%  

% figure(120) 

% plot(t, Chol, 'r') 

% hold on 

% plot(t, P5, 'g') 

% plot(t, P4, 'b') 

% plot(t, A4, 'k') 

% plot(t, T, 'c') 

% plot(t, E2, 'm') 

% xlabel('Time (day)') 

% ylabel('Metabolite level') 

% legend('Chol', 'P5', 'P4', 'A4', 'T', 'E2') 

%      

%    figure(130) 

%     plot(t, y(:,11), 'r') %corpus luteum 

%     hold on 

%     xlabel('Time (day)') 

%     ylabel('corpus luteum') 

%     legend('corpus luteum') 

 

%Find the follicular phase length 

[LHpmax,idx] = max(LHp) 

LH_peak_time_default = t(idx) 
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%% ------------------------- Sensitivity Analysis for follicular phase length -----------% 

percent_change = 0.1; 

sensitivity_coeff_follicular_phase_length = [];  

 

%Run model at default parameter values 

p = default_p; 

init = default_init; 

 

y0 = cell2mat(struct2cell(init)); 

tspan = [0:0.1:28]; 

options = []; 

[t1,y1] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

LHp1 = y1(:,10); %LH in plasma 

 

 

%Find the follicular phase length 

[LHpmax1,idx1] = max(LHp1) 

LH_peak_time_default = t(idx1); 

 

 

%-----------Run model at modified parameter values 

 

%Compile parameter list for sensitivity analysis; 

param_cell = struct2cell(default_p); 

param_names = fieldnames(default_p); 

 

for n = 1:length(param_cell) 

    n 

     

    %Increase the parameter value 

        p = default_p; 

        init = default_init; 

        if n ~= (length(param_cell)+1) 
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            eval(strcat('p.', param_names{n}, '=', num2str(param_cell{n}), '*(1 + percent_change);')); 

        end 

        y0 = cell2mat(struct2cell(init)); 

        [t2,y2] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

        LHp2 = y2(:,10); %LH in plasma 

     

        %Find the follicular phase length 

        [LHpmax2,idx2] = max(LHp2); 

        LH_peak_time_up = t(idx2); 

        

     

    %Decrease the parameter value 

        p = default_p; 

        init = default_init; 

        if n ~= (length(param_cell)+1) 

            eval(strcat('p.', param_names{n}, '=', num2str(param_cell{n}), '*(1 - percent_change);')); 

        end 

        y0 = cell2mat(struct2cell(init)); 

        [t3,y3] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

        LHp3 = y3(:,10); %LH in plasma 

     

        %Find the follicular phase length 

        [LHpmax3,idx3] = max(LHp3) 

        LH_peak_time_down = t(idx3);  

     

    %Calculate sensitivity coefficient 

        sensitivity_coeff_follicular_phase_length(n) = mean([(LH_peak_time_up - 

LH_peak_time_default)/LH_peak_time_default/percent_change, (LH_peak_time_default - 

LH_peak_time_down)/LH_peak_time_default/percent_change]) 

end 

 

%  tornado plot; 
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[~,idx] = sort(abs(sensitivity_coeff_follicular_phase_length), 'ascend'); % Obtain index after sorting 

by absolute values;  

param_names_follicular_phase_length = param_names(idx); 

figure(1001) 

barh(sensitivity_coeff_follicular_phase_length(idx)); 

ylim([0.5,length(param_cell)+1.5]); 

xlabel('sensitivity coefficient (follicular phase length)'); 

yticks([1:1:length(param_cell)+1]) 

yticklabels(param_names_follicular_phase_length); 

pbaspect([0.75 1 1]) 

 

%% ------------------------- MONTE CARLO POPULATION SIMULATION ---------------------------%% 

num_indv    = 100; %100 women 

 

p = default_p; 

init = default_init; 

 

init_E2p_out = []; 

init_P4p_out = []; 

init_LHp_out = []; 

init_FSHp_out = []; 

J16_out = []; 

k10_out = []; 

k14_out = []; 

k21_out = []; 

k18_out = []; 

 

out   = {}; 

for n = 1:1:num_indv 

    n 

     

     

    %Initial E2p 
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    m = default_init.E2p; %Mean 

    v = (m*0.1)^2; %variance 

    E2p_mean = log((m^2)/sqrt(v+m^2)); 

    E2p_sd = sqrt(log(v/(m^2)+1));  

    init.E2p = lognrnd(E2p_mean, E2p_sd, 1); 

    init_E2p_out = [init_E2p_out; init.E2p];  

%      

%     %Initial P4p 

%     m = default_init.P4p; %Mean 

%     v = (m*0.1)^2; %variance 

%     P4p_mean = log((m^2)/sqrt(v+m^2)); 

%     P4p_sd = sqrt(log(v/(m^2)+1));  

%     init.P4p = lognrnd(P4p_mean, P4p_sd, 1); 

%     init_P4p_out = [init_P4p_out; init.P4p];  

     

    %Initial LHp 

    m = default_init.LHp; %Mean 

    v = (m*0.1)^2; %variance 

    LHp_mean = log((m^2)/sqrt(v+m^2)); 

    LHp_sd = sqrt(log(v/(m^2)+1));  

    init.LHp = lognrnd(LHp_mean, LHp_sd, 1); 

    init_LHp_out = [init_LHp_out; init.LHp];  

     

    %Initial FSHp 

    m = default_init.FSHp; %Mean 

    v = (m*0.1)^2; %variance 

    FSHp_mean = log((m^2)/sqrt(v+m^2)); 

    FSHp_sd = sqrt(log(v/(m^2)+1));  

    init.FSHp = lognrnd(FSHp_mean, FSHp_sd, 1); 

    init_FSHp_out = [init_FSHp_out; init.FSHp];  

         

     

    %k10 sampling for plasma E2 clearance 
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    m = default_p.k10; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k10_mean = log((m^2)/sqrt(v+m^2)); 

    k10_sd = sqrt(log(v/(m^2)+1)); 

    p.k10 = lognrnd(k10_mean, k10_sd, 1); 

    k10_out = [k10_out; p.k10]; 

     

    %k14 sampling for plasma P4 clearance 

    m = default_p.k14; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k14_mean = log((m^2)/sqrt(v+m^2)); 

    k14_sd = sqrt(log(v/(m^2)+1)); 

    p.k14 = lognrnd(k14_mean, k14_sd, 1); 

    k14_out = [k14_out; p.k14]; 

         

    %k21 sampling for AF growth rate 

    m = default_p.k21; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k21_mean = log((m^2)/sqrt(v+m^2)); 

    k21_sd = sqrt(log(v/(m^2)+1)); 

    p.k21 = lognrnd(k21_mean, k21_sd, 1); 

    k21_out = [k21_out; p.k21]; 

     

     

    %k18 sampling for different amount of pituitary LH stored such that the LH surge can reach 

different peak levels 

    m = default_p.k18; %Mean 

    v = (m*0.2)^2; %variance 

    k18_mean = log((m^2)/sqrt(v+m^2)); 

    k18_sd = sqrt(log(v/(m^2)+1)); 

    p.k18 = lognrnd(k18_mean, k18_sd, 1); 

    k18_out = [k18_out; p.k18]; 
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    %J16 sampling for E2 threshold triggering LH surge 

    m = default_p.J16; %Mean 

    v = (m*0.05)^2; %variance 

    J16_mean = log((m^2)/sqrt(v+m^2)); 

    J16_sd = sqrt(log(v/(m^2)+1)); 

    p.J16 = lognrnd(J16_mean, J16_sd, 1); 

    J16_out = [J16_out; p.J16]; 

     

     

     

    y0 = cell2mat(struct2cell(init)); 

    tspan = [0:0.1:28]; 

    options = []; 

    [t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

     

    Chol= y(:,1); %Cholesterol in ovary 

    P5  = y(:,2); %Pregnenolone 

    P4  = y(:,3); %Progesterone 

    A4  = y(:,4); %Androstenedione 

    T   = y(:,5); %Testosterone 

    E2  = y(:,6); %Estradiol 

    E2p = y(:,7); %Estradiol in plasma 

    P4p = y(:,8); %Progesterone in plasma 

    LH  = y(:,9); %LH in pituitary 

    LHp = y(:,10); %LH in plasma 

    CL  = y(:,11); %Corpus Luteum 

    AF  = y(:,12); %Growing antral follicle 

    S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

    S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

    S2  = y(:,15); %Intermediatepromoting CL atresia 

    FSH  = y(:,16); %FSH in pituitary 

    FSHp = y(:,17); %FSH in plasma 
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    out.P4p(:,n) = P4p; 

    out.E2p(:,n) = E2p; 

    out.LHp(:,n) = LHp; 

    out.FSHp(:,n) = FSHp; 

     

%     %Plasma E2 

%     figure(199) 

%     plot(t, E2p, 'DisplayName','Plasma E2') %Plasma estradiol 

%     hold on 

%     %plot(t, P4p, 'b', 'DisplayName','P4p') %Plasma progesterone 

%     %plot(t, LHp, 'g', 'DisplayName','LHp')  

%     %plot(t, AF, 'c', 'DisplayName','AF')  

%     %plot(t, CL, 'm', 'DisplayName','CL')  

%     plot(t, LH, 'm', 'DisplayName','LH')  

%     %plot(t, S, 'k', 'DisplayName','S')  

%     %plot(t, S1, 'k.', 'DisplayName','S1')  

%     %plot(t, S2, 'k-', 'DisplayName','S2')  

%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 

%      

%     %Plasma P4 

%     figure(210) 

%     plot(t, P4p, 'DisplayName','Plasma P4')  

%     hold on 

%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 

%      

%     %Plasma LH 

%     figure(220) 

%     plot(t, LHp, 'DisplayName','Plasma LH') 

%     hold on 
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%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 

     

end 

     

%Time-course figures 

%Plasam E2 

figure(200) 

plot(t,out.E2p(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day') 

ylabel('Plasam E2') 

percentile_E2p = prctile(out.E2p',[2.5,50,97.5])'; 

%plot(t,percentile_E2p(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_E2p(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.E2p'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma E2') 

xlim([0 28]) 

 

%Plasam P4 

figure(210) 

plot(t,out.P4p(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day') 

ylabel('Plasam P4') 

percentile_P4p = prctile(out.P4p',[2.5,50,97.5])'; 

%plot(t,percentile_P4p(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_P4p(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.P4p'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma P4') 

xlim([0 28]) 
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%Plasam LH 

figure(220) 

plot(t,out.LHp(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day)') 

ylabel('Plasma LH') 

percentile_LHp = prctile(out.LHp',[2.5,50,97.5])'; 

%plot(t,percentile_LHp(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_LHp(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.LHp'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma LH') 

xlim([0 28]) 

 

%Plasam FSH 

figure(230) 

plot(t,out.FSHp(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day)') 

ylabel('Plasma LH') 

percentile_FSHp = prctile(out.FSHp',[2.5,50,97.5])'; 

%plot(t,percentile_FSHp(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_FSHp(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.FSHp'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma FSH') 

xlim([0 28]) 

 

%Capture the follicular phase length 

LH_peak_time =[]; 

for n = 1:1:num_indv 

    %Find the LH time 

    [LHpmax,idx] = max(out.LHp(:,n)) 

    LH_peak_time = [LH_peak_time, t(idx)]; %code is breaking so run outside of loop or change 

tspan 
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end 

figure(240)  

h = histogram(LH_peak_time,'Normalization','probability','BinWidth',0.5); 

hold on 

%nbins = h.NumBins to find number of bins 

probability = h.Values; 

days = h.BinEdges(1:end-1);   

xlabel('Folliclular phase length (day)') 

ylabel('Probability') 

mean_folliclular_phase_length   = mean(LH_peak_time); 

sd_folliclular_phase_length    = std(LH_peak_time); 

percentile_folliclular_phase_length = prctile(LH_peak_time,[2.5,50,97.5]); 

median_folliclular_phase_length   = median(LH_peak_time); 

title('Distribution of Folliclular Phase Length') 

text(16, 0.14, strcat('mean=', num2str(round(mean_folliclular_phase_length,1)), '+/-', 

num2str(round(sd_folliclular_phase_length,1)))); 

 

%% ------------------------- DIOXIN EFFECT ON AVERAGE MODEL ---------------------------%% 

p = default_p; 

init = default_init; 

 

p.k2 = default_p.k2 * 0.8; 

 

%p.k6 = default_p.k6 * 0.01; 

 

y0 = cell2mat(struct2cell(init)); 

tspan = [0:0.1:28]; 

options = []; 

[t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

 

Chol= y(:,1); %Cholesterol in ovary 

P5  = y(:,2); %Pregnenolone 

P4  = y(:,3); %Progesterone 
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A4  = y(:,4); %Androstenedione 

T   = y(:,5); %Testosterone 

E2  = y(:,6); %Estradiol 

E2p = y(:,7); %Estradiol in plasma 

P4p = y(:,8); %Progesterone in plasma 

LH  = y(:,9); %LH in pituitary 

LHp = y(:,10); %LH in plasma 

CL  = y(:,11); %Corpus Luteum 

AF  = y(:,12); %Growing antral follicle 

S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

S2  = y(:,15); %Intermediatepromoting CL atresia 

FSH  = y(:,16); %FSH in pituitary 

FSHp = y(:,17); %FSH in plasma 

 

 

%Find the follicular phase length 

[LHpmax,idx] = max(LHp) 

LH_peak_time_dioxin = t(idx) 

 

 

A.8.2. Population Model: Monte Carlo Simulation 

 

%% ------------------------- MONTE CARLO POPULATION SIMULATION ---------------------------%% 

num_indv    = 100; %100 women 

 

p = default_p; 

init = default_init; 

 

init_E2p_out = []; 

init_P4p_out = []; 

init_LHp_out = []; 
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init_FSHp_out = []; 

J16_out = []; 

k10_out = []; 

k14_out = []; 

k21_out = []; 

k18_out = []; 

 

out   = {}; 

for n = 1:1:num_indv 

    n 

     

     

    %Initial E2p 

    m = default_init.E2p; %Mean 

    v = (m*0.1)^2; %variance 

    E2p_mean = log((m^2)/sqrt(v+m^2)); 

    E2p_sd = sqrt(log(v/(m^2)+1));  

    init.E2p = lognrnd(E2p_mean, E2p_sd, 1); 

    init_E2p_out = [init_E2p_out; init.E2p];  

%      

%     %Initial P4p 

%     m = default_init.P4p; %Mean 

%     v = (m*0.1)^2; %variance 

%     P4p_mean = log((m^2)/sqrt(v+m^2)); 

%     P4p_sd = sqrt(log(v/(m^2)+1));  

%     init.P4p = lognrnd(P4p_mean, P4p_sd, 1); 

%     init_P4p_out = [init_P4p_out; init.P4p];  

     

    %Initial LHp 

    m = default_init.LHp; %Mean 

    v = (m*0.1)^2; %variance 

    LHp_mean = log((m^2)/sqrt(v+m^2)); 

    LHp_sd = sqrt(log(v/(m^2)+1));  
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    init.LHp = lognrnd(LHp_mean, LHp_sd, 1); 

    init_LHp_out = [init_LHp_out; init.LHp];  

     

    %Initial FSHp 

    m = default_init.FSHp; %Mean 

    v = (m*0.1)^2; %variance 

    FSHp_mean = log((m^2)/sqrt(v+m^2)); 

    FSHp_sd = sqrt(log(v/(m^2)+1));  

    init.FSHp = lognrnd(FSHp_mean, FSHp_sd, 1); 

    init_FSHp_out = [init_FSHp_out; init.FSHp];  

         

     

    %k10 sampling for plasma E2 clearance 

    m = default_p.k10; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k10_mean = log((m^2)/sqrt(v+m^2)); 

    k10_sd = sqrt(log(v/(m^2)+1)); 

    p.k10 = lognrnd(k10_mean, k10_sd, 1); 

    k10_out = [k10_out; p.k10]; 

     

    %k14 sampling for plasma P4 clearance 

    m = default_p.k14; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k14_mean = log((m^2)/sqrt(v+m^2)); 

    k14_sd = sqrt(log(v/(m^2)+1)); 

    p.k14 = lognrnd(k14_mean, k14_sd, 1); 

    k14_out = [k14_out; p.k14]; 

         

    %k21 sampling for AF growth rate 

    m = default_p.k21; %Mean 

    v = (m*0.05)^2; %variance 0.1 

    k21_mean = log((m^2)/sqrt(v+m^2)); 

    k21_sd = sqrt(log(v/(m^2)+1)); 
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    p.k21 = lognrnd(k21_mean, k21_sd, 1); 

    k21_out = [k21_out; p.k21]; 

     

     

    %k18 sampling for different amount of pituitary LH stored such that the LH surge can reach 

different peak levels 

    m = default_p.k18; %Mean 

    v = (m*0.2)^2; %variance 

    k18_mean = log((m^2)/sqrt(v+m^2)); 

    k18_sd = sqrt(log(v/(m^2)+1)); 

    p.k18 = lognrnd(k18_mean, k18_sd, 1); 

    k18_out = [k18_out; p.k18]; 

     

    %J16 sampling for E2 threshold triggering LH surge 

    m = default_p.J16; %Mean 

    v = (m*0.05)^2; %variance 

    J16_mean = log((m^2)/sqrt(v+m^2)); 

    J16_sd = sqrt(log(v/(m^2)+1)); 

    p.J16 = lognrnd(J16_mean, J16_sd, 1); 

    J16_out = [J16_out; p.J16]; 

     

     

     

    y0 = cell2mat(struct2cell(init)); 

    tspan = [0:0.1:28]; 

    options = []; 

    [t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

     

    Chol= y(:,1); %Cholesterol in ovary 

    P5  = y(:,2); %Pregnenolone 

    P4  = y(:,3); %Progesterone 

    A4  = y(:,4); %Androstenedione 

    T   = y(:,5); %Testosterone 
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    E2  = y(:,6); %Estradiol 

    E2p = y(:,7); %Estradiol in plasma 

    P4p = y(:,8); %Progesterone in plasma 

    LH  = y(:,9); %LH in pituitary 

    LHp = y(:,10); %LH in plasma 

    CL  = y(:,11); %Corpus Luteum 

    AF  = y(:,12); %Growing antral follicle 

    S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

    S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

    S2  = y(:,15); %Intermediatepromoting CL atresia 

    FSH  = y(:,16); %FSH in pituitary 

    FSHp = y(:,17); %FSH in plasma 

     

    out.P4p(:,n) = P4p; 

    out.E2p(:,n) = E2p; 

    out.LHp(:,n) = LHp; 

    out.FSHp(:,n) = FSHp; 

     

%     %Plasma E2 

%     figure(199) 

%     plot(t, E2p, 'DisplayName','Plasma E2') %Plasma estradiol 

%     hold on 

%     %plot(t, P4p, 'b', 'DisplayName','P4p') %Plasma progesterone 

%     %plot(t, LHp, 'g', 'DisplayName','LHp')  

%     %plot(t, AF, 'c', 'DisplayName','AF')  

%     %plot(t, CL, 'm', 'DisplayName','CL')  

%     plot(t, LH, 'm', 'DisplayName','LH')  

%     %plot(t, S, 'k', 'DisplayName','S')  

%     %plot(t, S1, 'k.', 'DisplayName','S1')  

%     %plot(t, S2, 'k-', 'DisplayName','S2')  

%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 
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%      

%     %Plasma P4 

%     figure(210) 

%     plot(t, P4p, 'DisplayName','Plasma P4')  

%     hold on 

%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 

%      

%     %Plasma LH 

%     figure(220) 

%     plot(t, LHp, 'DisplayName','Plasma LH') 

%     hold on 

%     xlabel('Time (day)') 

%     ylabel('Hormone level') 

%     legend 

     

end 

     

%Time-course figures 

%Plasam E2 

figure(200) 

plot(t,out.E2p(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day') 

ylabel('Plasam E2') 

percentile_E2p = prctile(out.E2p',[2.5,50,97.5])'; 

%plot(t,percentile_E2p(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_E2p(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.E2p'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma E2') 

xlim([0 28]) 
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%Plasam P4 

figure(210) 

plot(t,out.P4p(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day') 

ylabel('Plasam P4') 

percentile_P4p = prctile(out.P4p',[2.5,50,97.5])'; 

%plot(t,percentile_P4p(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_P4p(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.P4p'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma P4') 

xlim([0 28]) 

 

%Plasam LH 

figure(220) 

plot(t,out.LHp(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day)') 

ylabel('Plasma LH') 

percentile_LHp = prctile(out.LHp',[2.5,50,97.5])'; 

%plot(t,percentile_LHp(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_LHp(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.LHp'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma LH') 

xlim([0 28]) 

 

%Plasam FSH 

figure(230) 

plot(t,out.FSHp(:,1:end), 'Color', [0.7 0.7 0.7]) 

hold on 

xlabel('Day)') 

ylabel('Plasma LH') 

percentile_FSHp = prctile(out.FSHp',[2.5,50,97.5])'; 
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%plot(t,percentile_FSHp(:,2), 'Color', 'blue' ,'LineWidth',3) 

plot(t,percentile_FSHp(:,[1,3]), 'b--', 'LineWidth',3) 

plot(t,mean(out.FSHp'), 'Color', 'blue' ,'LineWidth',3) 

title('Plasma FSH') 

xlim([0 28]) 

 

%Capture the follicular phase length 

LH_peak_time =[]; 

for n = 1:1:num_indv 

    %Find the LH time 

    [LHpmax,idx] = max(out.LHp(:,n)) 

    LH_peak_time = [LH_peak_time, t(idx)]; %code is breaking so run outside of loop or change 

tspan 

end 

figure(240)  

h = histogram(LH_peak_time,'Normalization','probability','BinWidth',0.5); 

hold on 

%nbins = h.NumBins to find number of bins 

probability = h.Values; 

days = h.BinEdges(1:end-1);   

xlabel('Folliclular phase length (day)') 

ylabel('Probability') 

mean_folliclular_phase_length   = mean(LH_peak_time); 

sd_folliclular_phase_length    = std(LH_peak_time); 

percentile_folliclular_phase_length = prctile(LH_peak_time,[2.5,50,97.5]); 

median_folliclular_phase_length   = median(LH_peak_time); 

title('Distribution of Folliclular Phase Length') 

text(16, 0.14, strcat('mean=', num2str(round(mean_folliclular_phase_length,1)), '+/-', 

num2str(round(sd_folliclular_phase_length,1)))); 

 

%% ------------------------- DIOXIN EFFECT ON AVERAGE MODEL ---------------------------%% 

p = default_p; 

init = default_init; 
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p.k2 = default_p.k2 * 0.8; 

 

%p.k6 = default_p.k6 * 0.01; 

 

y0 = cell2mat(struct2cell(init)); 

tspan = [0:0.1:28]; 

options = []; 

[t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

 

Chol= y(:,1); %Cholesterol in ovary 

P5  = y(:,2); %Pregnenolone 

P4  = y(:,3); %Progesterone 

A4  = y(:,4); %Androstenedione 

T   = y(:,5); %Testosterone 

E2  = y(:,6); %Estradiol 

E2p = y(:,7); %Estradiol in plasma 

P4p = y(:,8); %Progesterone in plasma 

LH  = y(:,9); %LH in pituitary 

LHp = y(:,10); %LH in plasma 

CL  = y(:,11); %Corpus Luteum 

AF  = y(:,12); %Growing antral follicle 

S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL formation 

S2  = y(:,15); %Intermediatepromoting CL atresia 

FSH  = y(:,16); %FSH in pituitary 

FSHp = y(:,17); %FSH in plasma 

 

figure(301) 

plot(t, E2p, 'r', 'LineWidth',2, 'DisplayName','E2') %Plasma estradiol 

hold on 

plot(t, P4p, 'b', 'LineWidth',2,  'DisplayName','P4') %Plasma progesterone 

plot(t, LHp, 'g', 'LineWidth',2,  'DisplayName','LH') %Plasma LH 
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plot(t, FSHp, 'm', 'LineWidth',2,  'DisplayName','FSH') %Plasma FSH 

%plot(t, AF, 'c', 'DisplayName','AF') %Antral follicle 

%plot(t, CL, 'm', 'DisplayName','CL') %Corpus luteum 

%plot(t, LH, 'm', 'DisplayName','LH') %Pituitary LH 

%plot(t, FSH, 'm', 'DisplayName','FSH') %Pituitary FSH 

%plot(t, S, 'k', 'DisplayName','S') %S 

%plot(t, S1, 'k.', 'DisplayName','S1') %S 

%plot(t, S2, 'k-', 'DisplayName','S2') %S 

xlabel('Time (day)') 

ylabel('Hormone level') 

xticks([0:7:28]) 

legend 

 

% figure(110) 

% plot(t, LH, 'r') %Pituitary LH 

% hold on 

% xlabel('Time (day)') 

% ylabel('Hormone level') 

% legend('Pituitary LH') 

%  

% figure(120) 

% plot(t, Chol, 'r') 

% hold on 

% plot(t, P5, 'g') 

% plot(t, P4, 'b') 

% plot(t, A4, 'k') 

% plot(t, T, 'c') 

% plot(t, E2, 'm') 

% xlabel('Time (day)') 

% ylabel('Metabolite level') 

% legend('Chol', 'P5', 'P4', 'A4', 'T', 'E2') 

%      

%    figure(130) 
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%     plot(t, y(:,11), 'r') %corpus luteum 

%     hold on 

%     xlabel('Time (day)') 

%     ylabel('corpus luteum') 

%     legend('corpus luteum') 

 

%Find the follicular phase length 

[LHpmax,idx] = max(LHp) 

LH_peak_time_dioxin = t(idx) 

 

%% ------------------------- DIOXIN EFFECT ON MONTE CARLO POPULATION SIMULATION ------

---------------------%% 

num_indv    = 100; %100 women 

 

p = default_p; 

init = default_init; 

 

TCDD_vector = [1,10,100,1000,10000]; 

a= 0.77 

Ki = 100 %ppt 

n = 0.5 

mean_folliclular_phase_length_vector = []; 

sd_folliclular_phase_length_vector = []; 

for i = 1:length(TCDD_vector) 

    i 

    TCDD = TCDD_vector(i); 

    k2_fold_change = a + (1-a) * Ki^n / (Ki^n + TCDD^n) 

    p.k2 = default_p.k2 * k2_fold_change; 

 

 

    init_E2p_out = []; 

    init_P4p_out = []; 

    init_LHp_out = []; 
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    init_FSHp_out = []; 

    J16_out = []; 

    k10_out = []; 

    k14_out = []; 

    k21_out = []; 

    k18_out = []; 

 

    out   = {}; 

    for j = 1:1:num_indv 

        j 

 

 

        %Initial E2p 

        m = default_init.E2p; %Mean 

        v = (m*0.1)^2; %variance 

        E2p_mean = log((m^2)/sqrt(v+m^2)); 

        E2p_sd = sqrt(log(v/(m^2)+1));  

        init.E2p = lognrnd(E2p_mean, E2p_sd, 1); 

        init_E2p_out = [init_E2p_out; init.E2p];  

    %      

    %     %Initial P4p 

    %     m = default_init.P4p; %Mean 

    %     v = (m*0.1)^2; %variance 

    %     P4p_mean = log((m^2)/sqrt(v+m^2)); 

    %     P4p_sd = sqrt(log(v/(m^2)+1));  

    %     init.P4p = lognrnd(P4p_mean, P4p_sd, 1); 

    %     init_P4p_out = [init_P4p_out; init.P4p];  

 

        %Initial LHp 

        m = default_init.LHp; %Mean 

        v = (m*0.1)^2; %variance 

        LHp_mean = log((m^2)/sqrt(v+m^2)); 

        LHp_sd = sqrt(log(v/(m^2)+1));  
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        init.LHp = lognrnd(LHp_mean, LHp_sd, 1); 

        init_LHp_out = [init_LHp_out; init.LHp];  

 

        %Initial FSHp 

        m = default_init.FSHp; %Mean 

        v = (m*0.1)^2; %variance 

        FSHp_mean = log((m^2)/sqrt(v+m^2)); 

        FSHp_sd = sqrt(log(v/(m^2)+1));  

        init.FSHp = lognrnd(FSHp_mean, FSHp_sd, 1); 

        init_FSHp_out = [init_FSHp_out; init.FSHp];  

 

 

        %k10 sampling for plasma E2 clearance 

        m = default_p.k10; %Mean 

        v = (m*0.05)^2; %variance 0.1 

        k10_mean = log((m^2)/sqrt(v+m^2)); 

        k10_sd = sqrt(log(v/(m^2)+1)); 

        p.k10 = lognrnd(k10_mean, k10_sd, 1); 

        k10_out = [k10_out; p.k10]; 

 

        %k14 sampling for plasma P4 clearance 

        m = default_p.k14; %Mean 

        v = (m*0.05)^2; %variance 0.1 

        k14_mean = log((m^2)/sqrt(v+m^2)); 

        k14_sd = sqrt(log(v/(m^2)+1)); 

        p.k14 = lognrnd(k14_mean, k14_sd, 1); 

        k14_out = [k14_out; p.k14]; 

 

        %k21 sampling for AF growth rate 

        m = default_p.k21; %Mean 

        v = (m*0.05)^2; %variance 0.1 

        k21_mean = log((m^2)/sqrt(v+m^2)); 

        k21_sd = sqrt(log(v/(m^2)+1)); 
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        p.k21 = lognrnd(k21_mean, k21_sd, 1); 

        k21_out = [k21_out; p.k21]; 

 

 

        %k18 sampling for different amount of pituitary LH stored such that the LH surge can reach 

different peak levels 

        m = default_p.k18; %Mean 

        v = (m*0.2)^2; %variance 

        k18_mean = log((m^2)/sqrt(v+m^2)); 

        k18_sd = sqrt(log(v/(m^2)+1)); 

        p.k18 = lognrnd(k18_mean, k18_sd, 1); 

        k18_out = [k18_out; p.k18]; 

 

        %J16 sampling for E2 threshold triggering LH surge 

        m = default_p.J16; %Mean 

        v = (m*0.05)^2; %variance 

        J16_mean = log((m^2)/sqrt(v+m^2)); 

        J16_sd = sqrt(log(v/(m^2)+1)); 

        p.J16 = lognrnd(J16_mean, J16_sd, 1); 

        J16_out = [J16_out; p.J16]; 

 

 

 

        y0 = cell2mat(struct2cell(init)); 

        tspan = [0:0.1:28]; 

        options = []; 

        [t,y] = ode15s('Steroidogenesis_model_ODE',tspan, y0, options, p); 

 

        Chol= y(:,1); %Cholesterol in ovary 

        P5  = y(:,2); %Pregnenolone 

        P4  = y(:,3); %Progesterone 

        A4  = y(:,4); %Androstenedione 

        T   = y(:,5); %Testosterone 
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        E2  = y(:,6); %Estradiol 

        E2p = y(:,7); %Estradiol in plasma 

        P4p = y(:,8); %Progesterone in plasma 

        LH  = y(:,9); %LH in pituitary 

        LHp = y(:,10); %LH in plasma 

        CL  = y(:,11); %Corpus Luteum 

        AF  = y(:,12); %Growing antral follicle 

        S   = y(:,13); %Bistable signal S mediating E2p positive feedback onto LH release 

        S1  = y(:,14); %Bistable signal S1 mediating LH surge-triggered AF collapse and CL 

formation 

        S2  = y(:,15); %Intermediatepromoting CL atresia 

        FSH  = y(:,16); %FSH in pituitary 

        FSHp = y(:,17); %FSH in plasma 

 

        out.P4p(:,j) = P4p; 

        out.E2p(:,j) = E2p; 

        out.LHp(:,j) = LHp; 

 

    %     %Plasma E2 

    %     figure(200) 

    %     plot(t, E2p, 'DisplayName','Plasma E2') %Plasma estradiol 

    %     hold on 

    %     %plot(t, P4p, 'b', 'DisplayName','P4p') %Plasma progesterone 

    %     %plot(t, LHp, 'g', 'DisplayName','LHp') %Plasma LH 

    %     %plot(t, AF, 'c', 'DisplayName','AF') %Plasma LH 

    %     %plot(t, CL, 'm', 'DisplayName','CL') %Plasma LH 

    %     %plot(t, LH, 'm', 'DisplayName','LH') %Plasma LH 

    %     %plot(t, S, 'k', 'DisplayName','S') %S 

    %     %plot(t, S1, 'k.', 'DisplayName','S1') %S 

    %     %plot(t, S2, 'k-', 'DisplayName','S2') %S 

    %     xlabel('Time (day)') 

    %     ylabel('Hormone level') 

    %     legend 
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    %      

    %     %Plasma P4 

    %     figure(210) 

    %     plot(t, P4p, 'DisplayName','Plasma P4')  

    %     hold on 

    %     xlabel('Time (day)') 

    %     ylabel('Hormone level') 

    %     legend 

    %      

    %     %Plasma LH 

    %     figure(220) 

    %     plot(t, LHp, 'DisplayName','Plasma LH') 

    %     hold on 

    %     xlabel('Time (day)') 

    %     ylabel('Hormone level') 

    %     legend 

 

    end 

 

    %Time-course figures 

    %Plasam E2 

    figure(400) 

    plot(t,out.E2p(:,1:end), 'Color', [0.7 0.7 0.7]) 

    hold on 

    xlabel('Day') 

    ylabel('Plasam E2') 

    percentile_E2p = prctile(out.E2p',[2.5,50,97.5])'; 

    %plot(t,percentile_E2p(:,2), 'Color', 'blue' ,'LineWidth',3) 

    plot(t,percentile_E2p(:,[1,3]), 'b--', 'LineWidth',3) 

    plot(t,mean(out.E2p'), 'Color', 'blue' ,'LineWidth',3) 

    title('Plasma E2') 

    xlim([0 28]) 
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    %Plasam P4 

    figure(410) 

    plot(t,out.P4p(:,1:end), 'Color', [0.7 0.7 0.7]) 

    hold on 

    xlabel('Day') 

    ylabel('Plasam P4') 

    percentile_P4p = prctile(out.P4p',[2.5,50,97.5])'; 

    %plot(t,percentile_P4p(:,2), 'Color', 'blue' ,'LineWidth',3) 

    plot(t,percentile_P4p(:,[1,3]), 'b--', 'LineWidth',3) 

    plot(t,mean(out.P4p'), 'Color', 'blue' ,'LineWidth',3) 

    title('Plasma P4') 

    xlim([0 28]) 

 

    %Plasam LH 

    figure(420) 

    plot(t,out.LHp(:,1:end), 'Color', [0.7 0.7 0.7]) 

    hold on 

    xlabel('Day)') 

    ylabel('Plasma LH') 

    percentile_LHp = prctile(out.LHp',[2.5,50,97.5])'; 

    %plot(t,percentile_LHp(:,2), 'Color', 'blue' ,'LineWidth',3) 

    plot(t,percentile_LHp(:,[1,3]), 'b--', 'LineWidth',3) 

    plot(t,mean(out.LHp'), 'Color', 'blue' ,'LineWidth',3) 

    title('Plasma LH') 

    xlim([0 28]) 

 

    %Capture the follicular phase length 

    LH_peak_time =[]; 

    for j = 1:1:num_indv 

        %Find the LH time 

        [LHpmax,idx] = max(out.LHp(:,j)) 

        LH_peak_time = [LH_peak_time, t(idx)]; %code is breaking so run outside of loop or change 

tspan 
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    end 

    figure(430)  

    h = histogram(LH_peak_time,'Normalization','probability','BinWidth',0.5); 

    hold on 

    %nbins = h.NumBins to find number of bins 

    probability = h.Values; 

    days = h.BinEdges(1:end-1); 

    xlabel('Folliclular phase length (day)') 

    ylabel('Probability') 

    mean_folliclular_phase_length   = mean(LH_peak_time); 

    mean_folliclular_phase_length_vector = [mean_folliclular_phase_length_vector, 

mean_folliclular_phase_length]; 

    sd_folliclular_phase_length    = std(LH_peak_time); 

    sd_folliclular_phase_length_vector = [sd_folliclular_phase_length_vector, 

sd_folliclular_phase_length]; 

    percentile_folliclular_phase_length = prctile(LH_peak_time,[2.5,50,97.5]); 

    median_folliclular_phase_length   = median(LH_peak_time); 

    title('Cumulative Distribution of Folliclular Phase Length') 

    text(16, 0.14, strcat('mean=', num2str(round(mean_folliclular_phase_length,1)), '+/-', 

num2str(round(sd_folliclular_phase_length,1)))); 

 

    %Cumulative probability plot 

    figure(440) 

    hold on 

    h = cdfplot(LH_peak_time) 

 

end 

 

figure(450) 

errorbar(TCDD_vector, mean_folliclular_phase_length_vector+14, 

sd_folliclular_phase_length_vector) 

xlabel('TCDD serum level (ppt)') 

ylabel('Mean Follicular Phase Length') 
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A.9. Summary of Parameters Used in the Steroidogenesis Anchor Model  
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A.10. Sample PLAS Code for the Mevalonate Model  

Differential Equations 

---------------------- 

mRNAs 

HMGCR mRNA 

HMr' = r1 * SRp  - r2 * HMr 

 

FDPS mRNA 

FDPSr' = r3 * SRp  - r4 * FDPSr  

 

Lanosterol Synthase mRNA 

LSr' = r5* SRp  - r6 * LSr 

 

Squalene Synthase mRNA  

SQSr' = r7 * SRp  - r8 * SQSr  

 

Proteins 

SREBP 

SRp' = r9 * C ^ a6 - r10 * SRp  

 

HMG CoA Reductase 

HRp' = r11 * HMr  - r12 * HRp  * GPP ^ a1 * FPP ^ a2 * L ^ a3 * C ^ a4  

 

Farnesyl Diphosphate Synthase  

FDPSp' = r13 * FDPSr  - r14 * FDPSp  

 

Lanosterol Synthase  
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LSp' = r15 * LSr  - r16 * LSp 

 

Squalene Synthase 

SQSp' = r17 * SQSr  - r18 * SQSp * C   

 

Metabolites 

HMGCoA 

HC' = (r19 - r20 *  HC  * HRp^ a5 *  FDPSp ^ a8) * SF 

 

Geranyl-PP 

GPP' =  (r20 *  HC   * HRp ^ a5 * FDPSp ^ a8 - r21 * GPP  * FDPSp ^ a9 - r32 * GPP) * 

SF 

 

Farnesyl- PP 

FPP' =  (r21 * GPP * FDPSp ^ a9  - r22 * FPP - r23 * FPP * SQSp ^ a7) * SF 

 

Squalene 

SQ' = (r23  FPP * SQSp ^ a7 - r24 *  SQ * LSp ^ a10) * SF  

 

Lanosterol 

L' = (r24  * SQ * LSp ^ a10  - r25 *  L ) * SF  

 

Hepatic Cholesterol 

C' =   (r25 * L  + r26 - r27 * C - r28 * C ^ a11 +   r29 * CP + r33 *S - r34 * C) * SF 

 

Plasma Cholesterol  

CP' = r28 * C ^ a11 - r29 * CP - r30 * CP + r31 
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Cholesterol Storage  

S' = r34 * C - r33* S 

 

Timescale factor 

---------------- 

SF = 1000/23 

  

Initial Values 

-------------- 

mRNAs 

HMr = 100  

FDPSr = 100 

LSr = 100  

SQSr = 100 

 

Enzymes/Proteins 

SRp = 100  

HRp = 100    

FDPSp =100  

LSp = 100 

SQSp = 100 

 

Metabolites 

HC = 29.08138 

GPP = 88.89034 

FPP = 70.88889 
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SQ = 73.48281 

L = 76.90346 

C = 10993.27 

CP = 5608.411 

S = 2000 

 

Parameter Values 

---------------- 

VL = 1.93 // liver volume (L) 

VP = 3.2  // plasma volume (L)  

 

Rate Constants 

r1 = 0.0012 * DEN 

r2 = 0.0012 

r3 = 0.0012 * DEN 

r4 = 0.0012 

r5 = 0.0012 * DEN 

r6 = 0.0012 

r7 = 0.0012 * DEN 

r8 = 0.0012 

r9 = 1150 

r10 = 0.0023 

r11 = 0.0023 

r12 = 1.9E-7 

r13 = 0.0017  

r14 = 0.0023 

r15 = 0.0023 
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r16 = 0.0023 

r17 = 0.0023 

r18 = 4.7E-7 

r19 = 18150 

r20 = 39.192 

r21 = 35.216 

r22 = 255.6 

r23 = 0.09656 

r24 = 0.06215  

r25 = 0.4005 

 

Diet 

This is accounted for by the term r26 

Normal Diet is considered as 200 mg/day, which corresponds to a micromole/day level of 

517.26 

High cholesterol diet: 400 mg/day, corresponding to 1030 

Extremely high cholesterol diet: 600 mg/day, corresponding to  1552 

r26 = (517.26/SF)/ VL 

 

Cholesterol to Bile 

r27 = 0.000356 * DEP  

 

Interaction with Plasma  

vHP 

r28 = 36.697 * DEN 

VPH 

r29 = 0.7 * DEP  
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r30 = 0.006  

r31 = 0.6 

r32 = 0.000009 

 

Cholesterol Storage 

vHS 

r33 = 0.00025  * DEN 

vHS 

r34 = 0.00001* 0.5  * DEN 

 

 

 

Kinetic Orders 

a1= 0.5 

a2= 0.5 

a3 = 0.5 

a4 = 0.5 

a5= 0.5  

a6= -1 

a7 = 0.5 

a8 = 0.5 

a9 = 0.5 

a10 = 0.5  

a11= 0.5  
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Specific Simulation Settings 

---------------------------- 

 

Dioxin Effect 

DEP = 1 // positive effect as a percent increase  

DEN = 1    // negative effect as a percent decrease 

Example: To account for a 10% change we set DEP = 1.1 and DEN = 0.9 simultaneously  

 

Solution Parameters 

------------------- 

t0= 0 

tf = 60000 

hr= 1 
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