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Abstract 

Obesity has in recent times become a more serious health issue and was estimated to affect over 650 
million people world-wide in 2016. Furthermore, the list of obesity-associated diseases is countless, 
many of which have severe consequences. Type 2 diabetes (T2D) is such a disease, and it was 
estimated to be over 1.5 million new cases in America alone in 2015. It is thought that insulin 
resistance development which causes T2D is associated with a low-level chronic inflammation in the 
adipose tissue. The inflammatory state is caused by the pro-inflammatory cytokine tumor necrosis 
factor-alpha (TNF-α) which is secreted by macrophages. To further understand the complexity of the 
underlying mechanisms of both the adipocytes as well as the macrophages, mathematical models are 
being developed in the fields of systems biology. However, as of now, no mathematical model has 
been developed which can explain the association between chronic inflammation and the 
development of insulin resistance. Because of this, a first model will be presented which is able to 
describe the mechanisms of insulin resistance development caused by chronic inflammation. The 
model was fitted to data from intraperitoneal glucose tolerance test in mice and yielded a cost below 
the threshold of chi-square test, which suggests that the model cannot be rejected. Furthermore, the 
model was expanded, introducing more complexity in the intracellular cascade reaction of an 
activated macrophage. Once again, the model was fitted to the same data and yielded a cost below 
the threshold of chi-square test. Uncertainty tests were made to further validate the models and 
showed a low uncertainty for both models. These results increase the understanding regarding the 
association between adipocytes and macrophages, in the role of insulin resistance caused by chronic 
inflammation. This increased knowledge can help, for instance, in the development of new drugs 
which are able to prevent the development of insulin resistance and T2D. 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 



Sammanfattning 

Fetma har under den senaste tiden blivit ett allt mer seriöst hälsoproblem och det är uppskattat att 

ha påverkat över 650 miljoner människor under 2016. Listan av fetmarelaterade sjukdomar är gränslös 

många av sjukdomarna har allvarliga konsekvenser. Typ 2 diabetes (T2D) är en sådan sjukdom, med 

över 1.5 miljoner nya fall av T2D är uppskattad i enbart USA. Det är trott att utvecklingen av 

insulinresistens vilket leder till utvecklingen av T2D är associerad med en låg nivå av kronisk 

inflammation i fettvävnaden. Det inflammatoriska tillståndet är orsakad av det pro-inflammatoriska 

cytokinet, tumörnekrosfaktor-alfa (TNF-α) vilket är utsöndrat av makrofager. För att förstå de 

komplexa underliggande mekanismerna av både fettvävnaden samt makrofagerna har matematiska 

modeller utvecklats inom området systembiologi. Dock, så har ingen för tillfället utvecklat en modell 

som kan beskriva associationen mellan kronisk inflammation och utvecklandet av insulinresistens. På 

grund av detta har en första modell utvecklats vilket kan beskriva mekanismerna för utveckling av 

insulinresistens orsakad av kronisk. Modellen var tränad mot data där möss har blivit injicerade med 

glukos direkt in i buken och fick en kostnad under chi-två-testet, vilket tyder på att modellen inte kan 

förkastas. Sedan var modellen även expanderad, vilket introducerade mer komplexitet angående den 

intracellulära kaskadreaktionen som sker i en aktiverad makrofag. Återigen var modellen tränad mot 

samma data som tidigare och resulterade i en kostnad på under chi-två-testtröskeln. 

Osäkerhetsanalyser gjordes för att validera modellerna och visade att båda modellerna hade låg 

osäkerhet. Med dessa resultat har förståelsen ökat angående associationen mellan adipocyter och 

makrofager, samt insulinresistensens roll vilket är orsakad av kronisk inflammation. Den ökande 

förståelse kan vara användbar i utvecklande av nya droger som kan förhindra utvecklingen av 

insulinresistens och T2D.  
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1. Background 
Inflammation is a crucial part of the body’s defense mechanism. Whenever the body sustains tissue 
damage due to injury or pathogen invasion, the body will induce an acute inflammation process. The 
induced acute inflammation removes the threat and starts the tissue healing process. Furthermore, 
the inflammation process is constantly being regulated by pro- and anti-inflammatory cytokines, 
which are acting as signaling molecules. Whenever the threat is neutralized, it is essential that the 
inflammation response is quickly resolved, as too much inflammation can result in the development 
of several diseases. On the other hand, an insufficient response can make the immune system unable 
to remove the harmful pathogens or unable to heal the damaged tissue properly (1). Therefore, the 
regulation of the inflammation is crucial. Furthermore, an uncontrolled inflammation can result in 
chronic inflammation, which is also referred to long-term inflammation, and is associated with 
diseases such as type 2 diabetes (T2D), asthma, obesity, allergies, cancer, just to name a few (2).   

During inflammation, the macrophages, which are a part of the innate immune system, act as a first 

line of defense to combat the pathogen. When stimulated, macrophages start a complex intracellular 

cascade reaction, which leads to the production of many different, both pro- and anti-inflammatory 

cytokines. One specific pro-inflammatory cytokine, tumor necrosis factor-alpha (TNF-α) is of high 

interest, as it is the first cytokine to be secreted. Also, at the end of 20th century, through TNF-α, a link 

between inflammation and obesity was found. It has previously been revealed that pro-inflammatory 

cytokines were overly expressed in the body fat of obese rodent models (3). The same indication was 

presented in obese humans. Although, in humans, pro-inflammatory cytokines were overly expressed 

in body fat as well as in muscle cells. However, to fully understand how chronic inflammation affects 

T2D is a difficult task due to the large and complex intracellular web of signaling pathways.  

In modern times, immense amount of data can be gathered simultaneously using new techniques. The 

amount of data can be misleading and hard to interpret without the proper tools. These tools can be 

found in the field of systems biology, which can describe complex systems with the usage of 

mathematical models. In theory, a mathematical model can mimic the behavior of a real system, for 

example how macrophages are associated to insulin resistance and T2D through TNF-α. If a 

mathematical model can successfully mimic this association between macrophages and T2D, a crucial 

step towards understanding T2D and how to cure it, is taken. In this master’s thesis, some steps in this 

direction has been taken.   

1.1. Obesity and insulin resistance: A fast-growing problem 
According to World Health Organization (WHO), in 2016, over 1.9 billion adults, aged 18 or older were 

considered overweight with regards to the body mass index (BMI). Out of these 1.9 billion overweight 

adults, 650 million were considered obese. Also, the amount of obese people has nearly tripled since 

1975 (4).  Clearly, this is a fast-growing problem and without any solution, this will have dire 

consequences as the list of diseases that are associated with obesity are many and severe.  

The idea of an association between obesity and inflammation was born over 100 years ago. Today, it 

is known that there is a linkage between obesity and inflammation through the cytokine TNF-α. Also, 

it is known that adipocytes secrete many different bioactive molecules that affects the insulin resistant 

of other tissues. These bioactive molecules are known as adipokines or adipocytokines. Furthermore, 

using mice that have been engineered to express monocyte chemoattractant protein-1 (MCP-1) in 

adipose tissue, showed a promotion of macrophage infiltration into the adipose tissue which increases 

the concentrations of triglycerides which are composed of free fatty acids (FFAs) (5). The infiltration 

of the macrophages to the adipose tissue is a key factor to the inflammatory state as an increase of 
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inflammatory cytokines such as TNF-α is produced by the macrophages (6).  Another study using mice 

revealed that TNF-α was overexpressed in a type of fat cell called white adipose tissue (WAT) in obese 

and insulin-resistant scenarios. Lastly, mice lacking the TNF-α ligand were somewhat protected against 

obesity-induced insulin resistance (7).  

1.1.1. Adipocytes 
Adipocytes, also known as fat cells, are cells that are specialized in storing energy as fat. These cells 

are the primary composition of adipose tissue and derives from mesenchymal stem cells. Adipose 

tissue is divided into two groups, WAT and brown adipose tissue (BAT). The different adipose tissues 

have different functions, gene expressions and distributions. WAT functions as an energy container 

and secretes many different cytokines and hormones that regulate the metabolism and insulin 

resistance. When developing obesity, the food intake and energy expenditure is not the only 

contributing factor, the balance between WAT and BAT is also crucial. The primary function of BAT is 

to control the body temperature, but BAT can also affect the body metabolism and insulin resistance 

(8). Adipose tissue insulin resistance can be affected by the dysregulation of cytokines secreted from 

macrophages. Therefore, the immune system is also a key player in insulin resistance caused by 

obesity.  

1.1.2. Overview of the immune system 
The human immune system can be divided into two groups, the innate and the adaptive immune 

system and consists of many different types of immune cells (Fig 1.1). Together, the immune cells 

cooperate in coordinated attacks against pathogens in order to keep the host from developing 

diseases.  

The innate immune system is, as the name states, inherited from the parents and acts as a first line of 

defense once the pathogen manages to penetrate the physical barrier, for instance the skin. The 

innate immune system attacks pathogens more generally or nonspecific, meaning that the innate 

immune system targets anything that is foreign or non-self. Another important role the innate immune 

system has, is to activate the adaptive immune system through the secretion of cytokines.  

The first step of the innate immune system, once the pathogen has penetrated the outer barrier such 

as the skin, is to detect the foreign object. This is done by the immune cells, macrophages and dendritic 

cells. These cells are classed as antigen presenting cells (APC) meaning that they possess the ability to 

engulf and degrade foreign object through a process called phagocytosis and present the degraded 

antigen by displaying the antigen on its surface. By presenting the antigen, the adaptive immune 

system is activated, and the maturation of adaptive immune cells occurs. The adaptive immune system 

involves B-lymphocytes and T-lymphocytes also known as B cells and T cells. The matured B cells and 

T cells will only target pathogen that shares the same specific part that was presented by the APC, 

hence the adaptive immune system is also called the specific immune system. 
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Fig. 1.1: An overview of a simplified version of the human immune system showing both the innate (left side) and 

the adaptive (right side) part of the immune system. The innate immune system act as a first line of defender 

against pathogen that have penetrated the external defense and is crucial for the activation of the adaptive 

system. The adaptive immune system can fight the pathogen more effectively than the cells of the innate immune 

system. However, the adaptive immune system can only fight against selected pathogens and creates memory 

cells which prepares a more effective protection if the same pathogen enters the host in the future. 

A study revealed that in obesity, an increase of hypertrophic adipocytes is present. Hypertrophy is 

when cells becomes enlarged and is an adaptive response when the cell has excess to nutrients (9).  

Consequences of hypertrophy is adipocyte cell death which is a contributing factor to the macrophage 

infiltration (6). This makes macrophages a point of interest in this master’s thesis project. Therefore, 

it is of high importance to understand the mechanisms of macrophages and the interaction between 

macrophages and adipocytes.  

1.1.3. Macrophages 
In the bone marrow, progenitor cells can differentiate into monocytes. The monocytes are then 

released into the blood stream and can be further differentiated into either dendritic cells (DC) or 

macrophages when the monocytes migrate into tissue. Monocyte migration can be the result of an 

inflammatory stimulus (10). Whenever a harmful pathogen has entered the host, macrophages are 

one of the first line of defense to encounter and fight off the pathogen. In short, the innate immune 

system can act very quickly and target a much broader spectrum of pathogens whereas the adaptive 

immune system is more specialized to fight a certain type of pathogen more effectively. On the surface 

of macrophages, toll-like receptors (TLRs) which is part of the pattern recognition receptors are able 

to recognize pathogen associated molecular patterns (PAMPs). As the name suggests, PAMPs are 

molecular patterns associated only to pathogens. This facilitates the macrophages identification of 

these pathogens. TLRs, ranged from TLR 1-11 can be found in humans while TLR-12 and TLR-13 can 

also be observed in mice. TLRs are mainly divided into two groups based on its location. The first group 
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is located within the cell membrane and specializes in recognition of the microbial cell wall. The second 

group is located at different intracellular compartments of the macrophage (11). TLR-4, which is 

known to bind to lipopolysaccharides (LPS), a type of PAMP found in the membrane of Gram-negative 

bacteria are essential as this results in secretion of pro-inflammatory cytokines such as TNF-α and IL-

12 (10).  

Macrophages are usually divided into two subgroups, M1 and M2. Macrophages that secrete pro-

inflammatory cytokines which encourages inflammations are M1 macrophages whilst M2 

macrophages decrease the inflammation and encourages tissue repair. Furthermore, the interplay 

between the cytokines secreted from macrophages plays a crucial role in the regulation of 

inflammatory substances which is necessary to keep the inflammatory response at healthy levels.  

1.1.4. Cytokines secreted from macrophages  
Cytokines are small soluble proteins that act as a signaling molecule. Immune and non-immune cells 

use cytokines to communicate, sending information or instructions between each other. Macrophages 

are required to secrete a many different types of cytokines (table 1) to function as a defender of the 

innate immune system, but also initiates the activation of the adaptive immune system. TNF-α, is 

arguably the most important pro-inflammatory cytokine as it is the first pro-inflammatory cytokine to 

be secreted from stimulated M1 macrophages. However, even if TNF-α is well studied and usually a 

target for drug development, the functions of TNF-α are not fully understood. IL-12, another important 

pro-inflammatory cytokine that is secreted from M1 macrophages has a more defined task compared 

to TNF-α. IL-12 is responsible to help T-cells differentiate into a more specific type of T-cell, the Th-1, 

which are able to combat the pathogen more effectively. This is a crucial connection between the 

innate and the adaptive immune system. The anti-inflammatory cytokine IL-10 is crucial for its 

inhibitory effect of TNF-α production in both macrophages and T-cells to maintain a healthy balance 

between the pro and anti-inflammatory cytokines. As previously mentioned, it is important to 

correctly regulate inflammation. Once the threat has been neutralized, anti-inflammatory cytokines 

needs to be secreted in order to decrease the inflammation as a malfunction in the regulation process 

can lead to chronic inflammation.   

Table 1: A table of some of the cytokines secreted by macrophages. The table also shows a separation between 

pro-inflammatory cytokines which promotes inflammation and anti-inflammatory cytokines which suppresses 

inflammation.  

Pro-inflammatory Anti-inflammatory 
IL-1 IL-4 

IL-12 IL-10 
IL-18 IL-13 

TNF-α Interferon-alpha (IFN-α) 
Interferon-gamma (IFN-γ) Transforming growth factor-beta (TGF-β) 

Granulocyte-macrophage colony stimulating 
factor (GM-CSF) 

 

However, if there is a dysregulation between pro- and anti-inflammatory cytokines, a long-lasting 

inflammation, also known as chronic inflammation can occur which is the root cause of several 

diseases.  

1.1.5. Chronic inflammation: the root of several diseases 
When most multicellular organisms, e.g. humans and mice, encounters harmful stimuli, whether it is 

physical, chemical or biological the organism will respond with an inflammation. The inflammation 

process is a coordinated attempt from many different immune cell types and mediators to fight off 
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the harmful stimuli (12). Macrophages, a part of the innate immune system, trigger an intracellular 

cascade reaction which results in the secretion of the pro-inflammatory cytokine TNF-α when 

stimulated (13). However, if the inflammation is not correctly downregulated after a successful 

removal of the harmful stimuli or if the harmful stimuli is never removed, chronic inflammation will 

occur. A chronic inflammation or long-term inflammation is defined if the inflammation is lasting for 

a prolonged time ranging from a few months up to years. This type of inflammation is the root of many 

diseases such as T2D, obesity, asthma, allergies, different types of cancer, just to name a few 

(14)(15)(16). Chronic inflammation can occur due to three different reasons. Firstly, a malfunction in 

the regulation of cytokine secretion which is caused due to mutations at gene level. Secondly, the 

pathogens are simply never removed and lastly, there is a constant stimulus.  

In the case of insulin resistance development, the chronic inflammation is due to the latter, constant 

stimulus. Once macrophage infiltration occurs, the macrophages will secrete more pro-inflammatory 

cytokines to promote local inflammation. One of the pro-inflammatory cytokines, TNF- α binds to 

TNFR-1 receptor located on the surface of the adipocyte resulting in both insulin resistance 

development and the release of FFAs from adipose tissue. FFAs can stimulate macrophages by binding 

to TLR4, the same receptor that LPS binds to. This stimulation results in more secretion of TNF-α. This 

creates a positive feedback loop which results in insulin resistance development. 

1.2. The mechanisms behind the positive feedback loop 
To understand a certain biological system or any other system, one needs to understand the 

underlying mechanisms to be able to explain the purpose and function of the system. However, in 

most biological system, mechanisms which defines the systems functions and purposes are still 

unknown or not yet fully understood. The association between chronic inflammation and diabetes is 

such a system and has been discovered through the pro-inflammatory cytokine TNF-α which is 

secreted from the macrophages (3)(6)(13).  

1.2.1. Macrophage mechanism 
As mentioned in previous chapter, macrophages are a kind of immune cell and are a part of the innate 

immune system. Macrophages, together with a few other cells, are the first line defense to encounter 

pathogens. Macrophages have phagocytosing capabilities and can act as an antigen presenting cell 

(APC). When stimulated, macrophages can also promote inflammation and initiate the adaptive 

immune system by helping T-cells differentiate into many different kinds of specific T-cells which can 

combat the pathogen more effectively. 

Today, many different ligands and its corresponding TLRs have been identified. The pro-inflammatory 

reaction is initiated by stimulated TLR-4 which are located on the surface of the macrophages. Also, 

TLR-4s is most known for its ability to bind to LPS found on gram-negative bacteria. LPS is a common 

inflammation inducer during experimental trials, hence LPS stimulated macrophages during 

inflammation is well studied (17). When macrophages are stimulated by LPS, the toll-interleukin-1 

receptor (TIR), part of TLR-4 recruits either both or one of the downstream adaptor proteins MyD88 

and TRIF. 

MyD88 is an essential adaptor protein for inflammatory signaling pathways and act as the downstream 

pathway of different TLRs and IL-1 (Fig 1.2). Using protein-protein interaction, MyD88 links IL-1 

receptor (IL-1R) or TLR to IL-1R-associated kinase (IRAK). An activation of the IRAK family results in the 

activation of many pathways such as nuclear factor-kappa B (NF-κB), mitogen-activated protein 

kinases and activator protein 1. Because of this, MyD88 is considered to have a central role in 
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inflammatory (18). NF-κB is regulating the TNF-α gene expression at a transcriptional level and is thus 

essential for the production of TNF-α mRNA (13).  

TLR-4 is unique among other TLRs as it is the only TLR that can activate the signaling pathways MyD88 

to induce pro-inflammatory cytokines via NF-κB and TRIF to induce a large subgroup of interferons 

(IFNs) that are of type 1 IFN. A clear difference between the two signaling pathways is that they occur 

at different locations. MyD88 signaling occurs at the surface whilst signaling from TRIF occurs in the 

endosomes. 

 

Fig. 1.2: An overview and simplification of the cross-talk between macrophages and adipocytes during 

development of insulin resistance caused by chronic inflammation. Free fatty acid (FFA) works as a ligand to 

TLR-4 and activates the classical pro-inflammatory reaction through NF-κB regulates the TNF-α gene expression 

at a transcriptional level. In turn, the secreted TNF-α increases the release of FFAs from adipocytes. Also, the 

local inflammation caused partly by TNF-α induces insulin resistance through JNK. Adipocytes promotes the 

accumulation of macrophages into adipose tissue through the MCP-1/CCL2 pathway which further increases 

the local adipose inflammation. 

Free fatty acids (FFAs) which are secreted from white adipocyte tissue (WAT) can also serve as a ligand 

to TLR-4 which results in the same signaling pathways as mentioned above. This means that FFAs, 

secreted from WAT serves as a stimulus to the secretion of pro-inflammatory cytokines and promotes 

inflammation at the location.  

1.2.2. Adipocyte mechanism 
Adipocytes or fat cells are the energy storages of the human body. Free fatty acids (FFAs) are stored 

as triglycerides and are released from hypertrophic adipocytes during periods of fasting. This 

mechanism is done through lipolysis and is the result of hydrolysis of the triglyceride which turns them 

into FFAs (19). However, the released FFAs can function as a ligand to TLR-4 receptors, triggering the 

classical inflammation response of, for instance, macrophages.  
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Also, necrosis of adipocytes, which is caused by hypertrophic conditions, has been proven to be a 

strong stimulus for phagocytes, and this promotes the infiltration of macrophages into WAT. 

Furthermore, it has been shown that, macrophage infiltration occurs more in obese people (6)(20). 

During late stages of adipose tissue obesity, macrophages form so called crown like structure and 

surround the necrotic adipocyte. A crown like structure facilitates the selective localization of 

macrophages to necrotic adipocytes (21). Another way adipocyte attracts the infiltration of 

macrophages into WAT is through the monocyte chemoattractant protein-1 (MCP-1)/CC chemokine 

receptor 2 (CCR2) pathway. The secretion of MCP-1 from adipocytes directly triggers the recruitment 

of macrophages into adipocyte tissue. In turn, once the macrophages have infiltrated the adipocyte 

tissue, a low-level inflammatory response is promoted which over time results in systemic insulin 

resistance (21). 

c-Jun N-terminal kinases (JNK) are members of the mitogen-activated protein kinases (MAPK) family 

and plays a critical and central role in cell stimuli response, such as cytokines. JNK are well studied and 

is one of the most interesting signal transducers in obesity and insulin resistance. Previous studies 

suggest that JNK inhibition improves insulin sensitivity in obesity. However, the exact role of JNK in 

the progression from insulin resistance to diabetes remains unknown (22).  

By involving FFAs and TNF-α and the usage paracrine signaling which is a type of cell to cell signaling 

that uses signals to change the behavior of an adjacent cell, macrophages and adipocytes form a 

harmful positive feedback loop by constantly stimulating each other.  

1.2.3. The connection between chronic inflammation and diabetes 
As mentioned previously, FFAs serves as a ligand to TLR4, inducing pro-inflammatory reactions 

through NF-κB activation in the macrophages resulting in the secretion of TNF-α. In turn, TNF-α serves 

as a ligand to the TNFR1 receptor which resides at the surface of the adipocytes. Once bound to the 

receptor, TNF-α stimulates the activation of various MAPKs in the adipocyte. One of these includes 

the JNK which is thought to be one of the underlaying mechanisms behind insulin resistance 

development (23). Furthermore, TNF-α promotes the release of FFAs from adipocytes through the 

mechanisms of  lipolysis (21). The released FFA can bind to TLR-4, further promoting the secretion of 

more pro-inflammatory cytokines resulting in the long-lasting chronic inflammation.  

When studying complex biological system such as this, proper tools are required in order to attempt 

to unravel the underlying mechanisms and fully understand it. Systems biology is such a tool which 

can facilitate the understand of complex systems.  

1.3. Systems biology 
Systems biology is a great tool when the goal is to understand and study complex biological systems.  

The usage of systems biology offers the opportunity to study the whole system simultaneously by 

studying the relationship between the components within the system in a hierarchical manner. This 

saves the effort of trying to study each component separately on individual scale. Biological systems 

can be studied at different levels, ranging from whole-body down to gene-interaction network. 

However, for systems to be precise, a lot of data is required. Therefore, it is crucial to gather as much 

data as possible to get robust systems which can describe multiple datasets.  

To study biological systems such as the association between inflammation and insulin resistance using 

systems biology, mathematical models and simulation tools are required. If the model is able to 

successfully mimic the system of interest, huge beneficial approaches are available. For instance, one 

can modify the model however desired to create in silico experiments and study the consequences of 

the modification. In silico experiments are an effective approach to design and predict future 
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experiments. Scientists can, using the much more ethical approach of systems biology instead of 

animal or human testing also benefit tremendously in many aspects such as economical and time (24). 

Furthermore, experiments that would otherwise be unable to be performed due to law restrictions or 

restrictions in terms of technology can be simulated using the tools of systems biology.  

1.3.1. Mathematical models 
Mathematical models are often applied in physics and engineering and have been very impactful on 

the advances made. Despite this, the usage of mathematical models in the field of biology does not 

share the same history. This is due to the complexity of applying mathematical models to biological 

systems. Compared to physics, which often have fewer and less varying parameters, biological systems 

have many parameters that can vary heavily depending on many aspects such as cell type, organism, 

genome just to name a few. Also, the parameters will often more or less vary on a daily basis. Because 

of the complexity of biological systems, the usage of mathematical models within systems biology will 

often include assumed simplifications. Also, the mathematical models will usually only describe parts 

of the whole system one wants to study.  

In dynamic models, ordinary differential equation (ODEs) can describe how the quantity of something, 

for instance a concentration, changes over time. ODE-based modelling is a common approach to 

describe biological systems (25). The application and functions of ODE-based models will be further 

described in the methods chapter.  

The development of mathematical models is an iterative process (Fig 1.3). It requires basic knowledge 

about the system in order to create plausible hypotheses as well as robust experimental data. Using 

the current knowledge and hypothesis, a first model is created. This model is then tested to the 

existing experimental data and is either accepted or rejected. A rejected model will require 

modification or a new hypothesis whilst an accepted model will be validated using new data. If the 

model can describe the new data as well, the model is validated. Otherwise, it is once again rejected, 

and the model needs to be reformulated.  

 

 

 

Fig 1.3: An overview of the iterative modeling process showing that, to create a model, basic knowledge to 

formulate a hypothesis and robust experimental data is required. Once a model has been created, it will be tested 

on the experimental data and will either be accepted or rejected depending on if the model can describe the data 

or not. If it is model is rejected, a new hypothesis needs to be reformulated. If the model is accepted and if another 

data set exists, the model will be validated using the new data set. Again, the model will either be rejected or 

accepted based on if the model can describe the new data or not.  
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Mathematical modeling has previously been applied to inflammation, macrophages and adipocytes. 

However, these models give an incomplete view of the relation between macrophages and adipocytes 

and the development of insulin resistance caused by chronic inflammation.   

1.4. Previous work 
Both the macrophage and the adipocyte model that are used in this master’s thesis have previously 

been developed by others. Although, the models were modified as some of the mechanisms are not 

of interest in this project. In other words, the models have been simplified by removing mechanisms 

that is not necessary to describe the association between inflammation and insulin resistance. 

1.4.1. Macrophage model 
A previous master’s thesis performed by Ellen Lesshammar at Linköping’s University in the fall of 2018, 

a model of macrophages was developed. By stimulating macrophages using two different 

concentrations of LPS (100 ng/ml and 1000 ng/ml) and one experiment without stimuli, data from a 

total of three experiments were gathered. The data obtained shows the levels of TNF-α produced LPS 

stimulated macrophages. Using this data Lesshammar developed a macrophage models that 

successfully describes TNF-α production 

by LPS stimulated macrophages.  

The macrophage model developed by 

Lesshammar (Fig 1.4) was, as mentioned 

before, simplified by removing 

mechanisms which are not of interest, 

but the model was still required to 

describe how stimulated macrophages 

secrets TNF-α. The simplification is 

necessary to facilitate the merge of the 

two models to avoid unnecessary 

complexity that hinder the progress. For 

instance, larger models require more 

computational power to simulate which 

is more time consuming. Also, errors can 

occur in the part of the model which are 

of non-interest, which have no beneficial 

aspects of solving. Although, once a 

merge model can describe the 

experimental data, the removed 

mechanisms will be brought back one by 

one. The part which was added from the 

Lesshammar model, will from now on be 

referred as the Lesshammar module. 

 

Fig 1.4: A macrophage model developed by Ellen Lesshammar during her master’s thesis project. The models 

show LPS stimulated TLR-4 which activates an intracellular cascade reaction which involves many previously 

mentioned key mechanisms such as MyD88 and NF-κB. Lastly, through NF-κB which regulates TNF-α gene 

expression at a transcriptional level, TNF-α protein is secreted from the macrophage.  
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1.4.2. Adipocyte model 
The adipocyte model that inspired the model shown in Fig 1.2, was previously developed by Engin 

2017 (21). The model describes how TNF-α binds to TNFR-1 of the adipocyte. This activates JNK which 

plays a central role in the development of adipose tissue inflammation and insulin resistance. Also, 

the model describes how TNF-α increases the release of FFAs and that adipocytes attracts the 

infiltration of macrophages into adipose tissue through the MCP-1/CCR2 pathway. However, the 

model presented in Engin 2017 (21) is more complicated and also describes how insulin binds to insulin 

receptor substrate 1 (IRS-1) which has an inhibitory effect on insulin resistance (21).   

Another model developed by Bergqvist (24) is the result of the combination of three sub-models. The 

first sub-model describes the insulin receptor (IR) and IRS-1 dynamics and is of interest as it can be 

connected to the IRS-1 of model developed by Engin (21).  

Furthermore, the second sub-model used in the combined model was previously developed by 

Stenkula et al (26) and describes the glucose transporter-4 (GLUT4) vesicle translocation. GLUT4 plays 

a central role in the insulin regulated glucose metabolism (26). This model is of interest to incorporate 

as the GLUT4 data can serve as a validator to the model created in this project.  

Lastly, the third sub-model was created from scratch by Bergqvist and act as an intermediator 

between the two above mentioned sub-models. This sub-model is based on both well-established 

pathways and newly acquired data. Even though this sub-model is not directly linked with any addition 

that will be made in this master’s thesis project, it is essential to keep the cross-talk between the first 

and second sub-models.   

The combination of the three sub-models that Bergqvist developed will serve as a starting point of this 

master’s thesis project and the model developed by Bergqvist will from now on be referred as the 

Bergqvist model.  

1.4.3. Limitation of existing models 
At the moment, the above-mentioned models do not to my knowledge, have a merged model that 

can describe the association between the adipocytes and macrophages. However, the macrophage 

model and adipocyte model that have previously been developed are built using data from different 

organisms. The macrophage model developed by Lesshammar uses rat data whilst the adipocyte 

model developed by Bergqvist uses mouse data.  

Furthermore, the rat data used in the macrophage model uses slices of lung tissue which were 

incubated in different concentrations of LPS to stimulate TNF-α production. However, the 

macrophages are not isolated, meaning that T-cells are also present. The presence of T-cell can disrupt 

the data as it can activate macrophages through a variety of pathways (27).  

Looking at the adipocyte model, as mentioned in chapter 1.2, previous studies have shown that 

obesity is associated to macrophage infiltration into adipocyte and creates a state of chronic low-level 

inflammation which results in a positive feed-back loop causing insulin resistance. However, to my 

knowledge, no model has been developed which can directly create a link between the insulin 

resistance and lipolysis even though it is supported by data (28)(29)(30).  

1.5. Experimental data 
The experimental data used in this project is acquired from mice which were given a controlled diet 

for a total of 14 days (31). The mice were separated into four different groups and were either given 

a regular chow diet or a high-fat diet (HFD). All groups started with the regular chow diet and switched 
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to the HFD after either 0, 2, 6 or 14 days, meaning that the first group (control group) only ate regular 

chow diet and the last group started with the HFD from the beginning. After the diet period was over, 

the mice were in a fasting state for 14 hours after which an intraperitoneal glucose tolerance test 

(IPGTT) were carried out resulting in dose response curves for glucose in the blood. An IPGTT is 

commonly used during obesity related experiments and is basically an injection of a glucose shot right 

into the abdomen, after which multiple pre-chosen time-points for blood sample collection to 

calculate the glucose concentration. The data used in this project had the blood samples taken at 0, 

15, 30, 60 and 120 minutes after the IPGTT.  

 

1.6. Aims 
In this master’s thesis, the implementation of an inflammation module to the existing Bergqvist model 

will be done. By doing so, the concept of insulin resistance development caused by chronic 

inflammation is introduced. Once successful, the inflammation module will be expanded. By 

introducing a part of the Lesshammar model, which is able to describe the intracellular cascade 

reaction of an activated macrophage, to the inflammation module, a more detailed version of the 

inflammation module is created. 

The model will be created in Wolfram SystemModeler (WSM) and exported as a SBML-file to MATLAB 

using the MATLAB toolboxes IQM and SBTOOLBOX2. Using the two mentioned MATLAB toolboxes and 

MATLAB’s global optimization toolbox, optimization of the parameters will be done. Furthermore, the 

usage of specific simulation and visualization packages will be done in MATLAB. Once a set of 

parameters have been optimized, rejection software will be applied to test the significance of the 

parameter-set. If the parameter-set passes the test, the parameter-set will be sent back to WSM via 

Mathematica which is a program, also developed by Wolfram.  
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2. Methods 
Biological systems are often very complex and hard to interpret as the underlying mechanisms are 

many and not yet fully understood. This is the case for systems that describes the association between 

inflammation and the development of insulin resistance. However, the complexity of such biological 

systems can be simplified to smaller problem areas with cleaver usages of mathematical models. 

Because many diseases are indirectly caused by inflammation, it is of high importance to study the 

underlying mechanisms behind inflammation. Once the model is able to describe the desired system, 

more complexity can be introduced. In systems biology, mathematical models are often based on 

ordinary differential equations (ODEs) to describe how a concentration of a substance changes over 

time.  

In this chapter, the methods that were used to produce the results of this project will be introduced. 

This will include software programs, functions and workflow. Also, the concept of tools such as 

functions and ODE-modeling and simulations will be further explained. 

2.1. Overview of the workflow 
As mentioned in chapter 1.3, the process of model development is an iterative process (Fig 1.3). In 

addition to the iterative process, many steps were done in different software programs. An overview 

of the workflow (Fig 2.1) describes the overall process of creating the model.  

The modelling process was facilitated by using WSM which provides a drag and drop environment. 

The benefits of WSM is that it facilitates the visualization and the development of the model. Once a 

model is finished, it is exported as systems biology markup language (SBML) format. Using SBML as an 

import/export between programs, different tools can operate on an identical representation of the 

model. This removes the risk of translation errors and ensures that no additional modifications are 

needed before use, once imported from another software program (32). The model was imported into 

MATLAB using the tool box IQM tools which is a newer version of systems biology toolbox2 

(SBTOOLBOX2). Due to the fact that SBTOOLBOX2 is no longer being update, it can not import newer 

version of SBML. However, once the model has been imported and converted to .txt using IQM tools, 

the functions of SBTOOLBOX2 can be applied to the model. For instance, optimization algorithms are 

applied to the model in order to fit the best parameter that fits the experimental data. Once an 

acceptable set of parameters are found, the parameters will be exported to Wolfram Mathematica. 

This step facilitates the parameter value update in WSM as it can be done automatically using 

functions of Wolfram Mathematica instead of changing each parameter value manually. 
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Fig 2.1: An overview of the workflow 

process. The red circles represent the 

steps that were carried out in 

MATLAB whilst the blue circles were 

done in software developed by 

Wolfram. The overview shows that 

the modeling process was done in 

WSM and exported as SBML-format. 

The model was imported into 

MATLAB using IQM tools which also 

provides function to convert the 

model into txt-format. This is 

necessary as SBTOOLBOX2 does not 

possess SBML import but is required to perform the optimization algorithms in order to obtain the best parameter 

sets. Once a set of acceptable parameters are obtained, the parameters are exported to Wolfram Mathematica. 

This step facilitates the parameter value update in WSM as it can be done automatically instead of changing 

each parameter value manually. 

2.2. Formulation of ODE-based models 
Usually, when modeling ODE-based systems biology models, it is beneficial to start at the drawing 

board. A visual drawing of the model such as Fig 1.2 can facilitate the creation of the mathematical 

model. The graphical drawing of the model serves as a hypothesis and is often inspired by 

experimental data (33). Therefore, the model usually composes of components which are able to 

describe the data.  

Fig 2.2 describes the translation of a graphical model to an ODE-based mathematical model. The 

mathematical model is split into three parts. First, one can see the model states which resembles the 

ovals in the graphical drawing and the differential equation of the states which is resembled by the 

arrows. Secondly, the initial conditions of the states and lastly, the values of the parameters which 

directly affects the values of the arrows in the graphical drawing. Before simulations can be 

performed, additional information such as the initial conditions of the states and initial values of the 

parameters must be set. Also, more features can be added to the model’s complexity such as events. 

An event is a change in model at a certain time, e.g. how will an injury, 2 hours into the simulation 

affect the production of TNF-α.  
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Fig 2.2: A description of how a graphical model (left) is translated into an ODE-based mathematical model (right). 

The graphical model is inspired by a real biological system and describes how the substances (S1-S4) are 

connected and how they affect each other. The mathematical model is divided into three different parts, 

describing the model’s state definition, e.g. the affection between the substances within the model, initial 

conditions of the states and the parameter values respectively.  

The reactions are based on real biological kinetics such as Michaelis Menten or mass action, as this 

facilitates the replication of a real biological system. Additionally, the parameter values are often 

based on literature values or reasonable estimates.  

Because the graphical drawing of the model can facilitate the modelling process, it is time-saving to 

firstly create such graphical drawing before applying mathematics. Software such as Wolfram 

SystemModeler facilitates the creation of a graphical model and posses’ other benefits which 

simplifies the modeling process.   

2.3. Wolfram SystemModeler 
As mentioned in chapter 2.1, WSM provides a drag and drop environment which facilitates the 

modeling process. WSM also offers packages of premade parts. For instance, reactions, WSM already 

has predefined both reversible and irreversible Michealis-Menten or mass action reactions. Also, one 

can mix between different reactions however one wants. Fig 2.3 demonstrates the WSM’s version of 

the same model as in fig 2.2. By using WSM, the mathematical equations are automatically set during 

the modelling. However, parameter values and initial conditions requires a manual input.  

Fig 2.3: A model with the same structure as in the model 

of fig 2.2 but created in WSM. WSM provides a drag 

and drop environment which facilitates the modeling 

process and have many premade parts such as 

michealis-menten or mass action reaction.  

 

Once all the required inputs have been set, 

simulation of the model can be done using the 

function simulation center. By doing simulations 

of the model, one can get an idea of how well the 

model fits to data. However, the parameter values 

that are initially set will, most often, be required 

to go through optimization steps before the 

model can be accepted.  

 

2.4. Optimization 
Optimization is an iterative process to find the most optimal parameter-set which provides the best 

fit for a simulation to the data. Mathematically, there is always a best fit to the data. This is also known 

as the global optimum (fig 2.4). However, this can be hard to find due to many different local optima. 

As the name suggests, a local optimum is the best solution locally.  
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Fig 2.4: A surface plot to illustrate global optimum which resembles the best fit to data, local optima which are 

the best fit locally and global minimum which are the worst fits. However, this is the case with only 2 parameters 

and in reality, the optimization part is much more complicated most models have much more than only 2 

parameters. The plot is created in the software program MATLAB. 

By using equation 1, one can calculate the cost, v(p), of a parameter-set. The cost is a measurement 

of how well the simulation fits the data. Where y(t) is the experimental data and ŷ(t) is the simulated 

value. The different between y(t) and ŷ(t) is also known as a residual of the time t. The residual is then 

divided by the standard error of mean (SEM) at time t. To get the cost, v(p), the quota is then squared 

and summed up. The lower the cost is, the better is the fit of the simulation to the data. Therefore, it 

is of interest to lower the cost as much as possible using different optimization algorithms (33).  

 

(1)           𝑣(𝑝) = ∑ (
(𝑦(𝑡) − ŷ(t,p))

𝑆𝐸𝑀(𝑡)
)

2

𝑡
 

 

A typical simulation plot (fig 2.5), where time is on the X-axis and usually some kind of concentration, 

for instance the glucose concentration in blood, on the Y-axis. The green graph is the simulation, the 

black error bars are the data-points and the red and blue brackets are the residuals and standard error 

of mean respectively. By changing the parameter-set, the simulated graph will change, resulting in 

either larger or smaller residuals. As mentioned earlier, optimization is an iterative process and 

optimization algorithms tests many different parameter-sets in order to find the most optimal 

parameter set, in order words, finding the parameter-set with the lowest cost.  
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Fig 2.5: A simulation plot where time is on the X-axis and some type of concentration on the Y-axis. The green 

graph is the simulation, the black error bars are the experimental data-points and the red and blue brackets are 

residuals and standard error of mean respectively. Optimization algorithms tests many different parameter-sets 

in order to find the parameter-set with the lowest cost, i.e. the best fit to the data.  

If the optimization algorithms yield a parameter-set with a cost, below the threshold of chi-square 

test, the model cannot be rejected according to the chi-square test. Once passing the chi-square test, 

the model can be exported using the SBML-format to Wolfram Mathematica.  

2.5. Wolfram Mathematica 
Wolfram Mathematica is a programming language developed by Wolfram and is very efficient, when 

used together with WSM as there are built-in functions that can directly affect the model in WSM and 

vice versa. For instance, one can import a WSM model into Mathematica and change it however one 

wants. Also, the changes can be exported back to WSM and the model updates according to the 

changes made and because Mathematica can import MATLAB-files, it is an effective way to import 

changes from MATLAB into WSM through Mathematica. One of these instances are, once optimization 

is done in MATLAB, one can import the parameter-set into the model created in WSM automatically, 

using the built-in functions in Mathematica. This step saves time since manual updating of larger 

models is very ineffective. 

Another benefit with using Mathematica is the “manipulate”-function it provides, which requires a 

function and at least one parameter of the function as input. Consider an easy sinus function (fig 2.6) 

with two variables, a, which affects the frequency and b, which affects the amplitude. By changing the 

value of the variable, one can see how the change of the variable affects the function in real-time. 

Similarly, one can change the value of a certain parameter and see how it affects other parts of the 

model. This can be used to further understand how the parameters affects the simulations.  
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Fig 2.6: A showcase of the Mathematica “manipulate”-function, which requires a function and at least one 

variable. Here, a simple sinus function is showcased with the variable a and b which affects the frequency and 

amplitude respectively. The change in the variable will affect the function in real-time. The same principle can be 

applied to a model and the parameters of the model. By changing a parameter, one can see how the model reacts 

to the change. This way, one can study a specific parameter and how it affects the whole model.  
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3. Results 
The result of this master’s thesis is an updated version of a model previously developed by Bergqvist 

(24). By adding an inflammation module, the updated model is now able to describe insulin resistance 

development caused by chronic inflammation in the adipose tissue. Furthermore, addition of parts of 

a macrophage model, previously developed by Lesshammar resulted in a more detailed version of the 

model. Hence, the model is able to describe the intracellular mechanisms behind the interplay 

between macrophages and adipocytes which creates a positive feedback-loop resulting in insulin 

resistance development in the adipose tissue. The production and secretion of the pro-inflammatory 

cytokine, TNF-α, is also described in the model and often serves as a target in the development of anti-

inflammatory drugs.  

In both sub-chapters, an overview of the developed inflammation module will firstly be presented. 

Followed by a simulation graph showing how well the Bergqvist model with the addition of the 

inflammation module can explain the data. Furthermore, graphs showing the concentration changes 

during the simulated diet period of significant states will be presented and lastly, uncertainty plots of 

both the simulations as well as the uncertainty of the parameter-sets will be shown.  

3.1. Addition of the inflammation module 
The inflammation module (Fig 3.1) is a simplified version of the inspired model (Fig 1.2) combined with 

literature studies. For instance, it is known that macrophages migrate from the blood to the location 

of injury and becomes activated once stimulated by pathogen (34). The inflammation module is aimed 

to introduce the concept of insulin resistance caused by chronic inflammation. Furthermore, it is 

essential that the inflammation module contains the positive feedback-loop previously mentioned, 

creating the chronic inflammation. To prevent the parts involved in the positive feedback-loop to 

increase to too high concentrations, empty sets (Ø) seen in Fig 3.1 were introduced. Empty sets are 

states which are empty and reactions which the arrow points towards the empty sets can be seen as 

degradation steps and arrows pointing from the empty set can resemble something unknown or 

insignificant to the model which is converted into the state which the arrow points towards.  

The inflammation module is incorporated into the Bergqvist model through diet effect. The value of 

this term is based on two things. Firstly, the weight-increase during the diet period and secondly, how 

many days of diet the mice have had so far. Furthermore, dysfunctional fat directly decreases the 

clearance rate of glucose in the blood and thus, directly affects the glucose concentrations shown in 

later simulations.  
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Fig 3.1: An overview of the inflammation module. The black arrows are reactions where a concentration of 

something is converted to something else whilst red arrows are activating a reaction. The inflammation shows 

how macrophages migrates from blood to the location of interest. Here, the macrophages are stimulated by 

dysfunctional fat which is another name of previously mentioned FFA, resulting in the secretion of TNF-α. 

Furthermore, the secreted TNF-α increases the concentrations of dysfunctional fat, resulting in a positive 

feedback-loop. However, to prevent dysfunctional fat, activated macrophages and TNF-α from increasing to too 

high concentrations, degradation steps were introduced which are marked with “Ø”.  

With the addition of the inflammation module to the Bergqvist model, the whole model simulated to 

the IPGTT data. However, the model was only fitted against the data of the groups that had 0 and 14 

days of HFD whilst the groups that had 2 and 6 days of HFD were used as prediction markers. 

Furthermore, because the parameter values of the Bergqvist model could already explain the IPGTT 

data, the parameter values were considered acceptable. However, 18 of the 104 parameters of the 

Bergqvist model were re-optimized as they did not have the same supportive strength from literature 

as the rest of the parameters. In addition of the 18 parameters, the 7 parameters introduced from the 

inflammation module were also optimized. In total, 25 parameters were optimized to fit to the data.  

The purpose of the simulation is to generate parameter-sets that results in a cost low enough, to be 

considered not rejected when statistical tests are applied. Fig 3.2 shows a simulation using the best 

parameter-set generated. The cost of the parameter-set was 15.82 and thus the model cannot be 

rejected as the chi-square test threshold is 18.307. On the Y-axis, one can find the concentration of 

glucose in the blood and on the X-axis, the time. The black error bars are the data and the blue curve 

is the simulation.  
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Fig 3.2: A simulation with the addition of the inflammation module to the Bergqvist model. Glucose concentration 

in the blood can be found on the Y-axis and time on the X-axis. Furthermore, the black error bars are the data-

points and the blue curve is the simulation. The simulation uses the best parameter-set generated in terms of 

cost (15.82) and is fitted to only the groups of mice that received 0 (14days Chow) and 14 days of HFD whilst the 

2 and 6 days of HFD serve as prediction markers. The parameter-set is below the threshold value of chi-square 

test which is at 18.307 and thus, the parameter-set is considered acceptable.  

Looking at Fig 3.2, there are three things that are of interest. The basal concentration, peak 

concentration and peak delay which can be seen in table 2. 

Table 2: Table showing the IPGTT simulation values after which the inflammation module has been implemented. 

The table shows the values of the basal concentration, peak concentration and peak delay between the four 

groups of mice which had HFD for 0, 2, 6 or 14 days. 

 0 days HFD 2 days HFD 6 days HFD 14 days HFD 

Basal concentration 
(mmol/L) 

5.89 6.13 7.02 9.40 

Peak concentration 
(mmol/L) 

19.26 20.22 22.91 28.17 

Peak delay  
(min) 

18.3 18.4 19.4 22.4 

 

Furthermore, the changes in the concentration of the inflammation module states can be seen in Fig 

3.3 can be used to validate the module. For instance, if the changes in concentrations are following a 

logical pattern that are consistent with literature. 
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Fig 3.3: A graph showing the concentration changes in the five inflammation states over the diet period. On the 

Y-axis is the concentration and the X-axis is the time in days. All curves use the same parameter-set as previously 

used in Fig 3.2. The black, pink, green and blue curve represent 14, 6, 4 and 0 days the mice received HFD. These 

graphs can be used as a validation step to investigate if the concentrations changes follow a logical flow and if 

they are consistent with literature.  

Also, uncertainty tests were made to investigate how much the simulations and the parameter-sets 

can differ from each other. Firstly, an uncertainty test of the IPGTT simulation were made (Fig 3.4). 

This is done by using all the parameter-sets which has a cost below the threshold limit of chi-square 

test. In total, there were 73 parameter-sets which has a cost lower than the chi-square test threshold. 

The lowest and the highest value of each time-point out of 73 parameter-sets are used to set the 

boundaries of the width of the curve. A wider curve indicates that there are multiple ways to explain 

the data and thus, the model is more uncertain which is undesirable.  

21



 

Fig 3.4: An uncertainty test of the IPGTT simulations showing the difference in the simulations between a total 

of 73 parameter-sets which all yields a cost below the chi-square test threshold. A wider curve indicates a more 

uncertain model which is undesirable as it means that there are multiple ways for the model to explain the data.  

Furthermore, Fig 3.5 shows the variety in the parameter values. In total, 25 parameters were 

optimized to find a simulation which could fit the data. The parameter values of the 73 parameter-

sets were divided by the values of the best parameter-set, i.e. the set that yields the lowest cost. This 

way, one gets the variety of the parameters in percentages.  

 

Fig 3.5: An overview of the uncertainty of the 25 optimized parameters. A total of 73 parameter-sets were divided 

to the best parameter-set yielding difference in percentages. The parameters with ID 1-18 are from the Bergqvist 

model whilst 19-25 are the parameters of the inflammation module.   
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Once the inflammation module was successfully implemented, the module was expanded, introducing 

a more detailed version of an activated macrophage. This was done by implementing a part of the 

Lesshammar model describing the intracellular pathways of an activated macrophage in more detail.  

3.2. Addition of the Lesshammar module 
With the addition of the Lesshammar module, describing the intracellular pathways of an activated 

macrophage in more detail, the inflammation module is able to describe the cross-talk between 

macrophages and adipocytes in the development of insulin resistance in more detail. The addition of 

the Lesshammar module to the inflammation module can be seen in Fig 3.6 whereas the added states 

from the Lesshammar module are green colored.   

Due to the structure of both the inflammation and the Lesshammar module, implementation was 

facilitated as both contains similar states. The Lesshammar module contains states that describes the 

inactive and active form of the surface receptor TLR-4. However, the inflammation module contains 

an inactive and active form of macrophage. Essentially, this has the same effect as once stimulated, 

the concentration of the active form increases whilst the concentration of the inactive form decreases. 

Therefore, the “TLR4” and the “TLR4_a” states seen in Fig 1.3 is replaced by “Macrophage Local” and 

“Macrophage Activated”. Furthermore, both the Lesshammar and the inflammation module contains 

TNF-α. Thus, the implementation was smooth and the part that was added from the Lesshammar 

module was implemented between the activated macrophage and TNF-α states. Lastly, due to the 

smooth implementation, no states from the inflammation was required to be removed.  
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Fig 3.6: An overview with the addition of parts of the Lesshammar model to the inflammation module resulting 

in a more detailed version of the inflammation module. The added states from the Lesshammar module are green 

colored. Due to the similarity of the Lesshammar and the inflammation module, implementation was smooth. In 

the Lesshammar module, states that describes the inactive and active form of the macrophage surface receptor 

TLR-4. However, these states were replaced by “Macrophage Local” and “Macrophage Activated” as it essentially 

has the same intracellular cascade reaction effect once stimulated. Furthermore, both the Lesshammar and the 

inflammation module contains TNF-α, thus the intracellular steps leading up to the production of TNF-α was 

simply added without changing anything from the Lesshammar module apart from the exclusion of one 

unnecessary step, the transcription of TNF-α mRNA which results in TNF-α protein.   

With the addition of the Lesshammar module, the whole model was once again simulated to the 

IPGTT data. As previously, the model was fitted against the mice groups that had 0 and 14 days of 

HFD and the mice groups that had 2 and 6 days of HFD served as prediction markers (Fig 3.7). The 

parameter-set used in Fig 3.7 has a cost of 16.70 which is below the chi-square test threshold of 

18.307. Furthermore, by adding the Lesshammar module, additional 14 parameters are introduced. 

These parameters were reoptimized, globally. However, the 18 parameters of the Bergqvist model 

were not reoptimized following the addition of the Lesshammar module. The values of these 18 

parameters are set to the same values received from the best parameter-set from previous 

simulations without the Lesshammar module, i.e. the parameter-set used in both Fig 3.4 and Fig 3.5. 

Thus, a total of 21 parameters were reoptimized once the Lesshammar module was added.  
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Fig 3.7: A simulation with the addition of the Lesshammar module. Similar to Fig 3.2, the concentration of 

glucose in the blood is on the Y-axis and time in minutes on the X-axis. Furthermore, the black error bars are the 

data-points and the blue curve is the simulation. Also, the model is trained to the groups of mice that had either 

0 or 14 days of HFD and the groups that had 2 or 6 days of HFD served as prediction markers. In this case, the 

best parameter-set yielded a cost of 16.70 which is below the chi-square threshold of 18.307.  

As previously mentioned, the basal concentration, peak concentration and peak delay is of interest 

and can be hard to interpret from Fig 3.7. The exact values can be seen in table 3. 

Table 3: Table showing the IPGTT simulation values after which the inflammation module and the Lesshammar 

module have been implemented. The table shows the values of the basal concentration, peak concentration and 

peak delay between the four groups of mice which had HFD for 0, 2, 6 or 14 days. 

 0 days HFD 2 days HFD 6 days HFD 14 days HFD 

Basal concentration 
(mmol/L) 

5.88 6.31 7.73 9.38 

Peak concentration 
(mmol/L) 

19.27 20.69 24.63 28.37 

Peak delay  
(min) 

18.3 18.8 20.7 22.7 

 

Concentration changes were investigated on both the inflammation module states (Fig 3.8) and the 

Lesshammar module states (Fig 3.9). The idea is to investigate if the concentration changes follow a 

logical pattern or is consistent with literature.  
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Fig 3.8: Graphs similar to the ones of Fig 3.3, showing the concentration changes in the five inflammation states 

over the diet period. The difference is the addition of the Lesshammar module and re-optimization of the 

inflammation module parameters. On the Y-axis is the concentration and the X-axis is the time in days. The curves 

use the same parameter-sets that were used in Fig 3.7. Although it can be hard to distinguish, the black, pink, 

green and blue curve represent 14, 6, 4 and 0 days the mice received HFD.  

 

Fig 3.9: Graphs similar to the graphs of Fig 3.8, showing the concentration changes in the 12 states of the 

Lesshammar module. On the Y-axis is the concentration and the X-axis is the time in days and the curves use the 

same parameter-sets that were used in Fig 3.7. The difference between the 4 groups of mice in each graph are 

minimal and distinguishing between the curves is impossible except for the most upper left graph.  

Lastly, uncertainty tests were made similar to Fig 3.4 and Fig 3.5 with the difference of the addition of 

the Lesshammar module. Fig 3.10 shows uncertainty test of the IPGTT simulation using all the 

parameter-sets which had a cost lower than the chi-square test threshold (total of 56 parameter-sets) 

to calculate the width of the curves. Furthermore, Fig 3.11 shows the variety in the parameter values. 

In total, 21 parameters were optimized to fit against the data. As previously, the 56 parameter-sets 

were divided by the best parameter-set which was used in Fig 3.7-3.9.  
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Fig 3.10: An uncertainty test of the IPGTT simulations with the addition of the Lesshammar module. This shows 

the difference in the simulations between a total of 56 parameter-sets which all yields a cost below the chi-square 

test threshold. The width of the curve indicates the uncertainty of the model. A more uncertain model is 

undesirable as it suggests that the model is able to explain the data in multiple ways.  

 

Fig 3.11: An uncertainty test of the 21 parameters that were re-optimized after the implementation of the 

Lesshammar module to fit the IPGTT data. In total 56 parameter-sets were used to create this uncertainty test. 

Parameter values can be seen on the Y-axis and the parameter ID on the X-axis. The parameter values were 

divided by the values of the best parameter-set, i.e. the parameter-set which yields the lowest value. By 

division, one gets the parameter value changes in percentages which is of more interest as the parameter 

values can differ immensely. A larger bar indicates a more uncertain parameter. 
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4. Discussion 
This chapter will contain a discussion of the data used in this project, the built models and the result 

presented in the previous chapter. Also, future work and which improvements can be made to the 

presented models will be discussed.  

4.1. The IPGTT data 
When it comes to the IPGTT data used in this project, which are the black error bars seen in Fig 3.2, 

there are three things that needs to be addressed. These are the basal level of glucose concentration 

in the blood, the peak level of the glucose concentration after the injection of glucose and lastly the 

time until the glucose concentration reaches its peak. It is known that insulin promotes the uptake of 

glucose from the blood to cells, developing insulin resistance will result in an increased basal and peak 

concentration of glucose. Also development of insulin resistance will result in a delay in uptake of the 

glucose and thus the peak of the glucose concentration should also be delayed (35). The knowledge 

of insulin is in agreement with the data. Furthermore, two additional data-sets will be compared to in 

this sub-chapter. However, keep in mind that even though all experiments are very similar, the 

experiments use different types of mouse, diet and the amount of glucose during the IPGTT. Lastly, to 

facilitate the discussion, a group of mice that received 2-days of HFD will be referred as 2 days of HFD. 

To start with the basal level of the glucose concentration, which is the value of the first data-points in 

each sub-plot of Fig 4.1, the basal glucose concentration levels between the four groups of mice are 

not following a logical flow. 0, 2, 6 and 14 day of HFD had a basal glucose concentration level of 5.85, 

7.84, 7.90 and 9.64 mmol/L. The increase from 0 to 2 and 6 to 14 days of HFD is close to 2 mmol/L 

whilst the increase between 2 to 6 days is merely 0.06 mmol/L. This suggests that the basal level 

increase has a plateau shape and that there is close to no effect to the basal levels between 2 and 6 

days of HFD. The idea is that mice which have received a HFD for a longer period of time, are 

developing more insulin resistance, resulting in a higher basal level. Therefore, one would expect an 

increase in the basal level between 2 and 6 days of HFD. Comparing to another data-set published by 

Kodama (36) and Jørgensen (31), where a similar experiment was carried out with the difference of a 

diet period of 12 weeks and 8-11 weeks respectively, instead of 2 weeks, a basal level was measured 

approximately to 7.5-8.5 mmol/L. This suggests that there is a saturation in the basal glucose 

concentration in the blood and this saturation occurs between 6 and 12 days of HFD.  

Furthermore, looking at the peak level of each data-point, one can see a steady increase going from 

20 to 28 mmol/L between 0, 2 and 6 days of HFD. However, 14 days of HFD have a similar peak values 

as 6 days of HFD, suggesting that there is a saturation in the glucose concentration peak. Comparing 

to the Kodama data (36), mice that have received 12 weeks of HFD has a peak value of approximately 

55 mmol/L suggests that there is no saturation between 6 and 14 days of HFD and thus, the peak level 

14 days of HFD should be higher than 6 days of HFD. 

Looking at Fig 4.1, the delay in the glucose concentration peak is most notably between 6 and 14 days 

of HFD. The highest glucose concentration measured in 6 days of HFD was at the second data-point 

which is measured 15 minutes after the IPGTT whilst the glucose concentration peak 14 days of HFD 

was measured at the third data-point taken 30 minutes after the IPGTT. Having a higher glucose 

concentration after 30 minutes compared to 15 minutes is consistent the data-set of Jørgensen (31) 

in mice that have received a HFD for 14 days or more. Furthermore, one can also notice a delay in the 

concentration peak between 2 and 6 days of HFD as the third data-point decreases much faster 

compared to the second data-point in the 2 days of HFD whilst the decrease between the third and 

the second data-point is minimal in 6 days of HFD. 
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Lastly, the 4th data-point of the 0 days of HFD was problematic as the standard error of mean (SEM) 

of this data-point was very small. The optimization algorithm will always prioritize to fit to the data-

points with smaller SEM. However, due to the much smaller SEM of the 4th data-point compared to 

the other data-point the simulations only tried to fit to the fourth data-point and ignored the rest of 

the data. However, arguing that, if the experiment would have been repeated using a larger 

population size (more mice in each group), the size of the 4th data-point would most likely not be as 

small. Therefore, in order to counter this, the value of this SEM was simply multiplied by 3. Also, a SEM 

this small, suggests that all the mice that had 0 days of HFD has the same glucose concentration after 

60 minutes, but the glucose concentration varies for the other time-point. This seems unlikely.  

4.2. Inflammation module 
The inflammation module is created from scratch and is inspired by both previous work and literature 

studies. The purpose of the inflammation module was to introduce the concept of insulin resistance 

development caused by a low-state chronic inflammation in the adipose tissue. Therefore, the 

inflammation is very simplistic to avoids unnecessary complications. However, the inflammation 

module has been and can be expanded further, introducing more complexity. Because the 

inflammation module is a simplified version of the model developed by Engin (21) it would be logical 

to expand the inflammation in the direction of the Engin model.  

4.2.1. IPGTT simulations and concentration changes of the inflammation module 

states 
The parameter-set used in Fig 3.2 has a cost of 15.82 which is below the chi-square test threshold of 

18.307 and thus, the model cannot be rejected. As previously mentioned, the model is only fitted to 

the data of 0 and 14 days of HFD and therefore, the simulations of 2 and 6 days of HFD are not as 

good. However, the data of 2 and 6 days of HFD serves as prediction markers, meaning that, these 

data-points are “hidden”. If the model can predict these hidden data-points, the model has much more 

creditability, assuming that the data is reliable. Even though the 2 and 6 days of HFD simulations does 

not quite hit the data-point, the three above mentioned details all follow a logical pattern which is 

consistent with the effect of insulin resistance. These three details are the basal level, peak level and 

peak time.  

Looking at Fig 3.2 and Table 2, one can clearly see that the basal level is increasing for mice that 

received a longer diet period. Also, similar observations can be made for the maximum peak 

concentration. Where the lowest basal and peak concentration is found in 0 days of HFD and highest 

basal and peak concentration in 14 days of HFD. Lastly, the delay in the concentration peak is also 

following a logical pattern. As previously mentioned, with more insulin resistance, the peak 

concentration should be more delayed as the effect of insulin is reduced and thus the clearance of the 

glucose in the blood is lower.  

Due to the fact that the simulations are consistent with the three above mentioned details, the model 

receives more credibility. However, a good simulation to the data is not necessarily a good model as 

there are almost always an extreme solution, also referred as a numerical solution. A numerical 

solution uses extreme parameter values solely to explain the data and are rarely realistic. Therefore, 

it is of high importance to also investigate other things such as if the states follow a logical pattern and 

not stare blindly on the simulation and how well it fits to data.  

Looking at the simulation of the concentration changes of the inflammation states during the diet 

period of 14 days (Fig 3.3), one can see that firstly, the concentration of macrophages in the blood is 

decreasing. This is consistent with the knowledge of macrophage migration as it is recruited from the 
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blood to the local area. Furthermore, the concentration of local macrophages is quickly increasing as 

a result of the decreasing local macrophages. However, after approximately 4 days, the concentration 

of the local macrophages decreases as there are more macrophages that becomes activated than the 

amount of macrophages recruited from the blood. Also, with more activated macrophages, more TNF-

α is secreted which in turn promotes more lipolysis resulting in higher concentration of dysfunctional 

fat (DysFat). Furthermore, one can see the effect between the different diet periods, as the 

concentration of activated macrophages are approximately doubled in the group of mice that had 14 

days of HFD. This can also be reflected on the concentration of both TNF-α and dysfunctional fat is 

also approximately doubled in the 14 days of HFD. The exponential increase in activated macrophages, 

TNF- α and dysfunctional fat are consistent with literature as a longer diet period will result in a more 

insulin resistance development and thus, have more inflammation due to more TNF-α secreted in the 

adipose tissue. Also, the concentration of activated macrophages is proportional to the length of the 

diet period. One can see that the group of mice received 14 has the highest concentration of activated 

macrophages, followed by 6 then 2 and lastly, 0 days of HFD. This is also the case for TNF-α and 

dysfunctional fat.  

4.2.2. Uncertainty tests 
As previously mentioned, uncertainty tests are made to further investigate whether the model is truly 

legitimate. A model can, after many iterations of optimization, yield many kinds of parameter-sets 

which all can be accepted in terms of cost. However, this suggests that the model is uncertain which 

can be the result of either too much complexity in the model, too little data, or that the model should 

be reformulated to make it more specific.  

Looking at the uncertainty test of the IPGTT simulations (Fig 3.4), the width of the curves is relatively 

small which indicates that the parameter-sets yields similar simulations and thus, it suggests that there 

is only one solution for the model to explain the data. However, the width is not unexpected as all of 

the parameter-sets generated, uses the same starting-point which is already below the threshold of 

the chi-square test, meaning that it is very difficult to find a completely new set of parameters which 

has a cost below the threshold. Therefore, the uncertainty test of the IPGTT simulations are not very 

creditable. Unfortunately, the same conclusion can be drawn for the uncertainty test for the 

parameter-sets (Fig 3.5). However, by observing the uncertainty test for the parameters, other 

conclusions can be drawn. For instance, a parameter with high variety, i.e. a parameter with a large 

bar, suggests that specific parameter is less significant to explain the data whilst a parameter with a 

low variety is more significant as the value of these parameters cannot be changed and still be able to 

explain the data. However, all the parameters were optimized with different bounds. For instance, the 

lower and upper bracket of the first three parameters were set to 0.98 and 1.02, meaning that these 

parameters, during optimization, can only change up to 2 percent of its original value. This can also be 

seen in Fig 3.5 as the size of the first three bars are very small. The settings of the upper and lower 

bound are a difficult task and are often set according to how good the parameter value already is. A 

narrower range suggests that the parameter value is already satisfying whilst a large range suggests 

that the true parameter value is unknown. The parameter with ID 6, has the largest range out of the 

first 18 parameters which are originally from the Bergqvist model. The window ranges from 10 time 

larger to 100 times small than the original value. However, the uncertainty test suggests that the 

parameter already has a good value as it has a low variability between the 73 parameter-sets. It also 

suggests that the value of this parameters is crucial and cannot be changed much and still have the 

simulation explaining the data satisfactory well. Lastly, the parameters of ID 19-25 are from the 

inflammation module and the lower and upper bounds of these parameters were 10-4 and 104 

respectively. This is due to the fact that there was no prior knowledge for a good starting point and 
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thus, with a large range between the upper and lower bounds, all solutions can be found. The 

parameter with ID 19 has the largest variety out of all the parameters. However, considering the large 

bracket window of the inflammation module parameters, the variety is rather low. 

In general, the uncertainty tests show that there is a low variability to the parameter-sets. However, 

due to the fact that all of the parameter-sets that was generated used the same starting-point which 

already had a good cost, these parameter-sets are basically a fine-tuned version of the parameter-set 

used the starting-point. Therefore, these uncertainty tests are not enough to determine whether the 

model is certain or uncertain. To find a completely different parameter-set, one must use a starting-

point which has a higher cost. This way, optimization can go into different directions rather than being 

stuck on a good position already.  

4.3. Inflammation module with the addition of the Lesshammar module 
As mentioned previously, the simplicity of the inflammation was a necessity. However, once the 

implemented inflammation module was successful, expansion of the inflammation module was 

desired. The Lesshammar module was added due to the similarities which facilitated the 

implementation. With the addition of the Lesshammar module, the model could no longer explain the 

data. However, this is not unexpected as the parameter values of the Lesshammar module are trained 

to another data-set. Because of this, the parameters of both the inflammation and the Lesshammar 

module had to be re-optimized. Furthermore, the 18 parameter values from the Bergqvist model 

which were optimized after the implementation of the inflammation module was considered good, 

resulting in no further re-optimization of these parameters. 

4.3.1. IPGTT simulations 
The parameter-set used in Fig 3.6 yielded a cost of 16.70 which below the chi-square threshold of 

18.307. Even though the cost is higher than without the Lesshammar module, the fit to the prediction 

markers, i.e. the data for 2 and 6 days of HFD are better. This suggests that, with the addition of the 

Lesshammar module has more potential to predict data.  

Furthermore, looking at table 3, the basal concentration is increasing with the amount of days the 

mice receives HFD. Comparing to the values of table 2, the values of 2 and 6 days of HFD are slightly 

higher. This results in a basal concentration curve which has a logarithmic shape. This is consistent 

with the Kodama and Jørgensen data which suggests there is a saturation in the basal glucose level. 

Also, the peak concentration and delay is also consistent with the amount of days the mice received 

HFD.  

Overall, the results from the IPGTT simulations with the addition of the Lesshammar module is 

satisfactory as none of the simulations shows any inconsistency. However, the simulations did not fit 

the prediction data of 2 and 6 days of HFD and thus more investigation is required before the model 

can be considered creditable.  

4.3.2. Concentration changes of the inflammation module and Lesshammar module 

states 
To start with the concentration changes of the inflammation module state (Fig 3.8), one can instantly 

observe differences compared to the model without the Lesshammar module. Firstly, the 

concentration of the macrophages in the blood does not migrate as much as previous case. 

Furthermore, all of the local macrophages are stimulated, become activated macrophages. However, 

the concentration of activated macrophages decreases after approximately 2 days which results in a 

decrease in the concentration of both TNF-α and dysfunctional fat which happens approximately 
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around 3 days which after, the concentrations goes into a steady-state. In general, the shapes of these 

curves are not without any doubt. The fact that the concentration of activated macrophages decreases 

is questionable as the effect of the positive feed-back loop should in theory increase the concentration 

of activated macrophages.  

The consistencies found in Fig 3.8 are that, first of all, the effect of the diet period can be seen. 14 days 

of HFD results in more recruitment of macrophages from the blood to the local area, higher 

concentrations of TNF-α secretion and dysfunctional fat. However, as in previous case, the effect of 

the diet period is not as significant as one would have suspected as there are minimal concentration 

differences between 0 and 14 days of HFD in term of TNF-α secretion. Furthermore, as previously 

mentioned, the concentration changes of the activated macrophages, TNF-α secretion and 

dysfunctional fat should mimic each other. This can be observed as all of the three states has a similar 

shape to the curve.  

Looking at the concentration changes of the Lesshammar module (Fig 3.9) one can see that all curves 

has a similar shape as the curves of activated macrophages, TNF-α and dysfunctional fat. All of the 

states have either a minima or a maxima somewhere between second and third day before going into 

steady-state. One thing to note is that the states which occurs earlier in the intracellular cascade 

reaction has their minima or maxima closer to the second day and the states which occurs later, has 

their minima or maxima closer to the third day.  

Furthermore, the effect of the length of the diet period is close to non-existing as the curves are 

impossible to distinguish except for the curves of MYD88. Comparing to data (37) with LPS stimulated 

macrophages, suggests an increase in TNF-α secretion with a higher concentration of LPS (stimuli). 

Therefore, one would expect the same effect as a longer diet period results in more inflammation and 

thus, more stimuli which leads to more activated macrophages and more TNF-α secretion.  

In general, the shapes of the curves are somewhat expected as the model has the same outline 

throughout the intracellular macrophage. However, due to the fact that the concentration TNF-α 

decreases after 3 days suggests that the level of inflammation is also decreased. An increase followed 

by a decrease in the concentration of TNF-α is more consistent with an acute inflammation. Because 

of this, the model has low creditability even though it has good cost and better predicative properties 

compared to the model without the Lesshammar module. However, before disregarding the model, 

further investigations on the uncertainty tests should be made. 

4.3.3. Uncertainty tests 
In total, 56 parameter-sets were used to create the uncertainty tests after the addition of the 

Lesshammar module (Fig 3.10). This is a relative low amount of parameter-sets. In theory, the more 

parameter-sets used, the better understanding one has over the uncertainty. Looking at the width of 

the curves, the same conclusion can be drawn as in previous case. The width of the curves is very 

small, resulting in a low variety between the parameter-sets. Furthermore, looking at the variety 

between each parameter (Fig 3.11) one can observe that the parameters does not vary much. This is 

due the window brackets which were set to 0.5 and 1.5 for lower and upper bracket respectively.  

One interesting point to make is that, as the parameter values are divided by the values of the same 

parameter that is a part of best parameter-set and many of the brackets have either its lowest or 

highest point very close to 1, which suggests that, the value which is a part of the best parameter-set 

is also the lowest or the highest value out of all 56 parameter-sets. This is the case for the parameters 

with ID 3, 5, 6, 8, 9, 10, 11, 14, 16, 18, 20 and 21. This means that there is great potential for even 
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better fit to the data, as many of the parameter values are still unexplored by the optimization 

algorithm.  

However, similar to the previous case, all of the parameter-sets yielded, were the result of the same 

starting point and thus, it is hard for the optimization algorithm to find a completely different 

parameter-set which also is able to describes the data. Therefore, these uncertainty tests do not have 

the legitimacy and is not enough to determine whether the model has high or low variability.  

4.4.  Future work 
As stated several times previously, the inflammation model can be further expanded as the aim of this 

project was to implement the hypothesis that there is an association between insulin resistance 

development and chronic inflammation with the addition of a simple module. Expansion of the 

inflammation module can go into several different directions. One logical direction would be to 

implement the rest of the Lesshammar model although it does not directly affect the IPGTT data. 

However, addition of the model is desiring as there exists more data which can describe the rest of 

the model. Using another data-set provides more data-point which the model can fit to. Also, another 

data-set can be used as a validation step to give more credibility to the whole model. The benefit of 

going into this direction is that the Lesshammar model is already developed which facilitates the 

addition of the rest of the Lesshammar model. 

Other directions would be to expand the adipocyte part of the inflammation model which as of now 

only consists of fat mass and dysfunctional fat. The inflammation module suggests that the released 

TNF-α increases the concentration of dysfunctional fat. According to Engin (21) there are activation of 

more intracellular steps once the TNF-α binds to the TNFR-1 receptor of the adipocyte and the release 

of FFA through lipolysis is only affected indirectly.  

Other data-sets can be added which further defines the model or used to validate the model. One 

data-sets which is of interest shows the effect of anti-CD44 on macrophage migration (36). CD44 is a 

necessary component in the migration of macrophages from blood to the local area. By introducing 

anti-CD44 monoclonal antibodies to the mouse, the effect of CD44 is decreased and this would be 

introduced as an inhibitory effect on the reaction which converts macrophages from blood to 

macrophages in local area (Fig 3.1). Furthermore, by only letting the model fit to either the IPGTT or 

the anti-CD44 data and use the other data-set as prediction markers, validation steps can be done.   

Directions other than the addition of data or expansion of the model would be to improve minor 

details in the model. Mentioned in the discussion, the effect of the diet-period is not as impactful as 

one would have suspected on the concentration changes on the inflammation module states (Fig 3.3). 

However, in order to do this, adjustments to the model or further optimizations to find a completely 

new parameter-sets are required as fine-tuning the current parameter-set would most likely not affect 

the concentration changes too much in the inflammation module states. 

Looking at the uncertainty test of the parameters which were optimized after the implementation of 

the Lesshammar module (Fig 3.11), one can see that many of the parameters has a value with either 

a lower or upper limit of 1. This suggests that the best parameter-set used has parameters which has 

the lowest or highest value out of the 56 parameter-sets which were used to create the uncertainty 

test. This means that there are a lot of parameter values which are yet undiscovered and the potential 

of finding a model which has an even greater fit compared to the results presented are not unlikely. 

Furthermore, more optimization should be carried out as the potential of finding a complete different 

parameter-set can give more uncertainty to the model and perhaps, find a parameter-set which has 

more consistencies in the concentration changes of the inflammation and Lesshammar module states. 
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4.5. Ethical and social implications 
The increasing number of animal testing in the medical field have been debated for a long period of 

time. Millions of animals are exposed to pain, fear and death yearly in order to develop new drugs. 

Therefore, alternative methods have been proposed to reduce the unethical way of animal testing 

(38). Systems biology is such a method as it can reduce the amount of animal testing needed as one 

can run simulations instead of performing the actual experiments on real animals. Although systems 

biology reduces the amount of animal testing, it cannot prevent all animal testing as it requires 

experimental data to create reliable models. However, the amount of animal testing can be reduced 

even more if all companies and research groups were willing to share experimental data between 

each other, preventing the same experiment to be carried out multiple times which in my opinion 

would be an overall benefit in terms of research progress speed.  
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5. Conclusion 
In this master’s thesis project, the creation and expansion of an inflammation module was done. The 

inflammation module was applied to the already existing Bergqvist model which establish a cross-talk 

between adipocytes and macrophages. Furthermore, with the addition of the inflammation module, 

the concept of insulin resistance being developed due to chronic inflammation caused by the pro-

inflammatory cytokine TNF-α is introduced to the model.  

The best simulation with the addition of the inflammation module yielded a cost of 15.82 which is 

below the chi-square threshold of 18.307 and thus the model cannot be rejected model. Further 

investigations were made to judge whether the model follows a logical structure and that is consistent 

with literature. The concentration changes (Fig 3.3) showed consistency with literature studies as the 

concentration of macrophages in blood decreased whilst the concentration of macrophages in the 

local area increased suggesting that macrophages has migrated from blood to the local area. 

Furthermore, an increase can be seen in the amount of activated macrophages which results in an 

increase in the TNF-α and dysfunctional fat concentrations which is to be expected due to the positive 

feed-back loop. An increase in TNF-α suggests that there is more local inflammation which is 

consistent with literature as obese mice should develop more inflammation in the adipose tissue. Also, 

the effect of the HFD can be observed and are consistent as the highest concentration of TNF-α is 

present in the simulation of mice which received 14 days of HFD followed by 6, 2 and 0 days of HFD. 

Furthermore, the uncertainty tests suggest that the uncertainty level is low. However, due to the small 

number of parameter-sets and the fact that all parameter-sets were the result of an already good 

starting point suggests that the uncertainty tests are not very reliable. Overall, the inflammation 

module has high reliability due to the fact that it yielded a parameter-set which has a cost below the 

chi-square threshold and that the concentration changes in the inflammation states are not 

contradictory. Even though the low level of reliability of the uncertainty tests, they showed low level 

of uncertainty suggesting that the model can only describe data in one way.  

After the successful implementation of the inflammation module to the Bergqvist model, the 

inflammation module was further expanded by adding the Lesshammar module. With the addition of 

the Lesshammar module, the whole model was once again fitted to data and the best parameter-set 

simulated yielded a cost of 16.70 which is also below the chi-square threshold and thus the model 

cannot be rejected. However, further investigations revealed inconsistencies in the concentration 

changes in both the inflammation module states (Fig 3.8) as well as the Lesshammar module states 

(Fig 3.9). It was shown that the concentration of activated macrophages, TNF-α and dysfunctional fat 

increased for approximately the first 2 days of the diet period followed by a decrease in the 

concentration. This suggests that the level of the inflammation decreases after 2 days which is 

contradictory to the characteristics of a chronic inflammation. Furthermore, the uncertainty test 

revealed low variety between the simulations and parameter-sets. However, as mentioned before, 

due to the low number of parameter-sets and that all the parameter-sets uses the same starting-point 

which already has a good cost suggests that the uncertainty tests made are not too reliable. Overall, 

the model yielded an acceptable parameter-set, suggesting that, with the addition of the Lesshammar 

module, the whole model can still explain the data very well. However, because of the contradictory 

changes in the concentration of both the inflammation and Lesshammar module states, more work is 

required before arguing that the inflammation module with the addition of the Lesshammar module 

is creditable.  
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