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ABSTRACT 
Obesity and a sedentary life style are associated with type 2 diabetes, a 

disease starting with insulin resistance in the adipose tissue, which spreads 

to the whole body. Despite large research efforts to understand the insulin 

signaling system, there is little knowledge of the mechanisms behind insulin 

resistance and type 2 diabetes developments. We have herein focused on 

the insulin signaling in adipocytes, elucidating mechanisms for early 

signaling. We have also modeled isolated adipocytes and data from the in 

vivo, whole body situation, concurrently. We also mapped and 

quantitatively described differences in the insulin signaling of adipocytes 

from type 2 diabetics and non-diabetics. 

In paper I we show that neither insulin degradation, receptor internalization, 

nor feedback signals can as separate explanations cause the overshoot in 

tyrosine phosphorylation of IRS1, while an endocytosis-dependent feedback 

mechanism explains all available data.  

In paper II we show that it is not possible to scale up the experimentally 

determined glucose uptake by isolated human adipocytes to match the 

glucose uptake profile of the whole adipose tissue in vivo. Other insulin 

effects need to be accounted for. 

In paper III we show that attenuation of the positive feedback to serine 307 

phosphorylation of IRS1 can explain the insulin resistance in the insulin 

signaling in adipocytes seen in type 2 diabetes. However, to fully explain 

both the signaling and the glucose uptake, a reduction in the amount of 

Glut4 is also needed.  
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SAMMANFATTNING PÅ SVENSKA 
 

Typ 2 diabetes är en sjukdom som ökar i hela världen till följd av att en 

stillasittande livsstil blir vanligare och att allt fler äter mer energi än de gör 

av med. Typ 2 diabetes föregås av att de vävnader i kroppen som svarar på 

hormonet insulin blir okänsliga för hormonet, detta kallas insulinresistens. 

Insulinresistens börjar i fettväven och sprider sig sedan vidare i kroppen. I 

fettväven signalerar insulin i normalfallet att mer glukos än nödvändigt finns 

i blodet och bör tas upp av fettcellen för lagring till dess att mer energi 

behövs. Vid insulinresistens fungerar insulins signal sämre, mer insulin 

behövs för att nå önskad effekt i fettcellerna och upptaget av glukos i 

fettcellen sjunker. Ett välfungerande upptag av glukos är viktigt då hög 

glukosnivå i blodet är skadligt för många olika vävnader i kroppen och ökar 

risken för såväl hjärt-kärlsjukdom som skador på nerver, njurar och ögon.  

Jag har studerat hur insulin påverkar fettceller, både i normalfallet och vid 

insulinresistens hos typ 2 diabetiker. Jag har uppmätt aktivitetsnivå och 

känslighet för insulin hos många av de viktigaste proteinerna som påverkas 

av insulin. Jag har också mätt hur fettcellens upptag av glukos beror av 

koncentrationen insulin de utsätts för och hur detta varierar hos människor 

med olika grad av insulinresistens. Dessa mätningar ligger till grund för flera 

matematiska modeller som vi använt för att analysera informationen i våra 

mätningar. Modellerna har även använts för att testa olika hypotesers 

möjlighet att förklara resultatet av våra mätningar.  

Vi har funnit att vissa signalmönster i den tidiga insulinsignaleringen i 

fettceller är beroende av att insulinreceptorn internaliseras, det vill säga tas 

in, i cellen. Förutom internalisering av receptorn, krävs i vår modell också 

andra signaler från senare delar av signalkedjan tillbaka till receptorn. 

Vi har även visat att det experimentellt uppmätta glukosupptaget i isolerade 

fettceller från människa inte helt motsvarar en fettcells del i det uppmätta 

glukosupptaget som hela fettväven har i den levande människan. Det krävs 

en ytterligare påverkan av insulin på fettcellerna för att de ska ta upp den 

mängd glukos som en fettcell i fettväven i kroppen gör. Vilken eller vilka 

mekanismer som de effekterna svarar mot är inte helt känt. 



5 
 

Vi har också jämfört fettceller från människor med och utan diabetes. De 

fynd vi gjort visar att signalering från proteinkomplexet mTORC1, som ligger 

i en senare del av kedjan, tillbaka till proteinet IRS1, som ligger i den tidiga 

delen av signalkedjan, är störd i typ 2 diabetes. Om man i vår matematiska 

modell återställer denna tillbaka-signalering liknar resultatet friska cellers 

signalering. Men, våra fynd pekar även på att det inte är bra att återställa 

fettcellernas svar på insulin hos insulinresistenta diabetiker, eftersom detta 

skulle kunna leda till att fettcellerna lagrar så mycket fett att de till slut 

spricker, med sjuklig vävnadsdöd som följd. En bättre behandlingsstrategi 

vore istället att stimulera fram fler fettceller. Läkemedel som gör precis 

detta finns redan och används vid behandling av vissa diabetiker. 

Modellerna vi har skapat kan användas av andra forskargrupper för att 

utveckla förståelsen av signalering i celler och förståelsen av cellulära 

mekanismer som leder till sjukdom på helkroppsnivå. Informationen och de 

matematiska modellerna i min avhandling kan också användas för att ta 

fram nya behandlingsstrategier för insulinresistens och typ 2 diabetes.   
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ABBREVIATIONS 
 

AS160 Akt Substrate of 160 kDa 
4EBP Eukaryotic Translation Initiation Factor 4E-binding Protein 
Glut1 Glucose Transporter 1 
Glut4 Glucose Transporter 4 
GTT Glucose Tolerance Test 
HOMA Homeostasis Model Assessment 
IR Insulin Receptor 
IRS1 Insulin Receptor Substrate 1 
MODY Maturity Onset Diabetes of the Young 
mTOR Mammalian Target of Rapamycin 
OED Ordinary Differential Equation 
OGTT Oral Glucose Tolerance Test 
PDK1 3-Phosphoinositide-Dependent protein Kinase 
PH Pleckstrin Homology 
PTB Phospho Tyrosine Binding 
PI3K Phosphatidylinositol-3-kinase 
PIP Phosphatidylinositol phosphate 
PKB Protein Kinase B 
PKC Protein Kinase C 
Rheb Ras Homology Enriched in Brain 
SH2 Scr Homology 2 
S6 Ribosomal protein S6 
S6K p70S6 protein Kinase-1 
QUICKI Quantitative Insulin Sensitivity Check Index 
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INTRODUCTION 
The incidence rates of overweight and obesity are increasing dramatically 

world-wide. Consequences of obesity, such as insulin resistance, 

cardiovascular disease and type 2 diabetes, are also increasing 

correspondingly.  

Insulin resistance in the insulin target tissues precedes clinically manifested 

type 2 diabetes, often with many years.  Despite large research efforts to 

understand the insulin signaling system, there is little knowledge about the 

mechanisms behind the development of insulin resistance and type 2 

diabetes. A greater understanding of insulin signaling, both normally and in 

diabetic conditions, is a cornerstone in the search for new treatments for 

this disease.  

The insulin signaling network is complex, with many interacting molecules, 

multiple regulatory sites, different feedback loops and cross talk to other 

signaling systems. Also, insulin signals at the cellular level but affects 

metabolism at the whole body level. Such complex systems are difficult to 

analyze using conventional biological methods, but can be greatly helped 

using mathematical modeling. Our combined modeling–experimental 

approach allow for analysis of data, ranging from the cellular level to the 

whole body level, when testing new hypotheses. 

This thesis will focus on insulin signaling in human adipocytes both normally 

and in type 2 diabetes. In paper I we thoroughly elucidate mechanisms of 

the early phase of insulin signaling, progressing with differences between 

the behavior of an adipocyte in vivo and in vitro in paper II. In paper III we 

present a mechanistic model of insulin signaling normally and in type 2 

diabetes, and we find that the difference between the normal and diabetic 

insulin signaling can be explained with three diabetes parameters. 

 

THE ADIPOSE TISSUE AND THE ADIPOCYTE  

The adipose tissue plays a central role in the metabolism of the whole body. 

The classically described function of the adipocyte is to store excess energy 

as triacylglycerol and release fatty acids to the blood when needed. Another 

important function of the adipocyte is to release various hormones referred 
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to as adipokines. Among these the most well studied are leptin, which 

inhibits food intake, and adiponectin that inhibits glucose production in the 

liver and increases the sensitivity towards insulin in insulin target tissues, 

reviewed in [1].   

The adipocyte is a large cell, with a diameter reaching up to 200 μm.  Most 

of the cell volume is occupied by a central lipid droplet, where the energy 

substrate fatty acids are stored as triacylglycerol (figure 1). The parts usually 

thought of as the cell content, the cytosol and the other organells are 

located in a thin film between the plasma membrane and the lipid droplet, 

resulting in a small cytosolic volume in comparison to the total cell volume. 

 

 

Figure 1. The adipocyte is a large lipid droplet surrounded by a thin cytosolic layer 

containing all the organells.  

 

The adipocytes´ plasma membrane is covered with invaginations called 

caveolae, these light bulb-like invaginations range from 25 to 150 nm in size 

[2]. Three different subclasses of caveolae have been described in human 

adipocytes [3].  

 

GLUCOSE HOMEOSTASIS   

The control system governing the plasma glucose level includes several 

organs e.g. liver, pancreas, brain, muscle and adipose tissue and many 

hormones, including insulin and glucagon. The interplay between these 

organs and hormones keep the glucose level of the blood within a tight 
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range of 4-8 mM. The liver can release and take up glucose depending on 

the state of the system. The muscles stores glucose and the brain have 

regulatory functions [4].  

INSULIN  
The peptide hormone insulin is released from the beta cells in the pancreas 

in response to a rise in glucose concentration in the blood. Insulin is 

released into the portal vein and about 80 % is taken up in the first passage 

through the liver [5], hence the liver cells see much higher insulin 

concentrations than the rest of the body. Release of insulin occurs in pulses 

of about 5 min, but these pulses are damped by the first passage effect in 

the liver [6]. A normal fasting insulin concentration in the peripheral plasma 

is 18-185 pM, whereas the portal vein can have much higher concentrations. 

An important action of insulin is to lower the blood glucose concentration, 

which is achieved by an increased glucose uptake in insulin sensitive tissues 

and a decrease in glucose output from the liver. Keeping the plasma glucose 

within a narrow range is important. A too high plasma glucose concentration 

will be harmful to several tissues in the body in a long term perspective; a 

too low glucose concentration, on the other hand, will rapidly lead to 

unconsciousness.  

MODELS OF GLUCOSE HOMEOSTASIS 
There are several mathematical models that describe glucose homeostasis 

of the human body with different scopes. Modeling as a method is described 

in the Methods section. Variations in plasma glucose and insulin levels 

during a day has been modeled [7], both for type 2 diabetic and nondiabetic 

subjects. Specialized glucose homeostasis models with focus on the insulin 

release [8, 9] and hepatic glucose metabolism are also available [10, 11].  

Common ways of studying glucose metabolism in patients are glucose and 

insulin tolerance tests, where glucose and/or insulin is administered via oral 

intake or intravenously, respectively, and the levels of plasma insulin and 

glucose are monitored. There are several models describing glucose 

tolerance tests (GTT) [12-15] with some differences in data used and scope 

of the models. The most well-known is probably the Bergman model [14], 

based on a glucose tolerance test in dogs. Several groups have develop this 

model further, for example Roy and Parker added fatty acid metabolism and 

an interconnection between glucose and fatty acid metabolism [16].  
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The Dalla Man model for insulin and glucose homeostasis after  a meal [17] 

is based on high quality measurements of glucose and insulin fluxes 

between the different organs involved in insulin and glucose homeostasis. 

The organs included in the Dalla Man model are: the gastro-intestinal tract 

that take up glucose from the meal, the liver producing glucose, the major 

insulin sensitive tissues and the beta-cell of the pancreas releasing insulin in 

response to an increase in plasma glucose levels [17]. The liver is 

implemented as a glucose producing organ although it is well known that 

the liver also take up glucose from the plasma. This is because the Dalla Man 

model only considers the net flow of glucose between the organs and the 

liver has a net glucose release [17]. 

The data that the Dalla Man model is based on were obtained from more 

than 200 healthy men and there is also a smaller data set based on patients 

with type 2 diabetes. Although describing the fluxes between the organs 

well, there is no mechanistic details within the modules describing the 

organs. This model is approved by the American Food and Drug 

Administration (FDA) for early phase, preclinical testing of type 1 diabetes 

treatments, which shows the potential role of good models to increase the 

effectiveness and reduce the costs of drug development. We have further 

developed the adipose tissue module in the Dalla Man model to include 

insulin signaling and glucose uptake mechanisms in primary human 

adipocytes (paper II).  
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TYPE 2 DIABETES  

In 2011 the International Diabetes Federation estimated the number of 

people  in the world living with diabetes to 366 million and  that at least 90% 

of these persons suffer from type 2 diabetes  [18]. Even more worrying than 

the numbers of people living with the disease is that the incidence rate of 

type 2 diabetes is increasing rapidly. The increase is especially pronounced 

in the third world, transforming type 2 diabetes from a luxury problem 

among the rich to a truly global problem. Consequences of type 2 diabetes 

include cardiovascular disease, nephropathy and retinopathy. Known 

predictive risk factors for type 2 diabetes are parental type 2 diabetes, 

obesity and some gene-variants [19]. 

 

Definition of Type 2 Diabetes  

Criteria for diagnosis of type 2 diabetes in Sweden are: two fasting plasma 

glucose samples ≥ 7 mmol/liter or two non-fasting plasma glucose samples ≥ 

12.2 mmol/liter or using an oral glucose tolerance test (OGTT).  

 

Definition of the Metabolic Syndrome  

The metabolic syndrome has been defined differently by different consortia. 

A widely accepted definition was presented by the International Diabetes 

Federation in 2005: Central obesity (waist circumference > 80 cm for women 

and >94 cm for men) is obligate. Also two of the following criteria must be 

fulfilled: blood pressure > 135/80 mmHg or medical treatment for high 

blood pressure, triglycerides > 1.7 mmol/l , HDL > 1.3 mmol/l for women and 

>1.0 mmol/l for men,  impaired glucose tolerance or type 2 diabetes or a 

fasting plasma glucose >5.6 mmol/l.  

 

These criteria define persons as diagnosed with type 2 diabetes or not, also 

the pre-diabetic or insulin resistant state that precedes type 2 diabetes is 

diagnosed and described in a similar manner by other criteria. The insulin 

sensitivity can be measured using the fasting plasma glucose and plasma 

insulin concentrations as e.g. the Homeostasis Model Assessment-index 

(HOMA-index) [20].  
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GENETICS AND EPIGENETICS 
Although there is no doubt that there is an inheritable factor in type 2 

diabetes, there is no clear picture of what the genetic factor is. There are 

quite rare, monogenic, variants of type 2 diabetes, such as Maturity Onset 

Diabetes of the Young (MODY), but the common form of type 2 diabetes is 

believed to be both multigenic and have a large environmental factor. 

Several gene variants have been found to be associated with type 2 

diabetes, but correlations are in most cases week and less than 15 % of the 

heritability of type 2 diabetes can be explained by all the known genetic 

markers [21].   

Also epigenetic factors have been suggested to be important for the 

heritability of type 2 diabetes. Dabelea et al. showed that children born by a 

mother with T2D have an enhanced risk of having type 2 diabetes compared 

to their siblings being born before onset of the mothers’ type 2 diabetes 

[22], suggesting that the environment in the uterus is important for the risk 

of type 2 diabetes. Low birth weight for gestational age has also been 

associated with increased risk for type 2 diabetes in several studies, as 

reviewed in [23, 24]. Studies of epigenetic factors are in its infancy and more 

knowledge in this area will probably further develop the understanding of 

intrauterine environment and its importance for disease later in life.  

 

OBESITY 
Overweight and obesity is an important risk factor for type 2 diabetes and 

72-94 % of type 2 diabetes patients are obese or overweight [25, 26]. 

Obesity is steadily increasing all over the world, the mean BMI of the world 

population has increased by 0.4-0.5 kg/m
2
/year during the last 30 years [27], 

which in turn is driving an increase in incidence rates of type 2 diabetes. The 

prevalence of overweight and obesity was investigated by the World Health 

Organization (WHO) in 2008. They found that 35% of the adult world 

population was overweight and 12% obese [28]. The highest prevalence of 

overweight was found in the US where 62% of adults were considered to be 

overweight [28]. 
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Definitions of Overweight and Obesity 

Overweight is defined as a body mass index (BMI) 25-29,9 kg/m
2
 and obesity 

is defined as a BMI 30 kg/m
2
 or higher by the World Health Organization 

(WHO).  

 

INSULIN SENSITIVITY IN OBESITY 
Even though there is a correlation between obesity and insulin resistance, 

not all obese people are insulin resistant; 11-43% of obese persons are 

insulin sensitive [29-32]. Several hypothesis have been raised to explain the 

differences between insulin sensitive and insulin resistant obese subjects 

based on genetic predisposition, such as more and smaller adipocytes, 

differences in diet or physical activity, as reviewed in [33].  

The location of the body fat seems to be important for the risk of developing 

metabolic disease. Central obesity, i.e. a large waist circumference, is 

correlated both with cardiovascular risk and events and with type 2 diabetes 

[34-36]. Women, more often carrying their excess fat in the hip and thigh 

region, have a lower risk for metabolic disease compared to males, which 

often have a belly centered adiposity [37]. During weight gain, the increase 

in adipose tissue mass in the waist region was mainly in the intra-abdominal 

fat in men, whereas in women, the subcutaneous depot in the same area 

was increasing more than the intra-abdominal depot [38]. In the same 

study, Erlingsson et al. also found that the intra-abdominal fat mass 

correlated to fasting plasma insulin concentrations whereas the 

subcutaneous fat mass did not. On the other hand, surgical removal of the 

omental fat depot, does not improve the metabolic function in obese 

humans [39].  

Insulin resistance, obesity and central fat accumulation all independently 

contribute to the risk for cardiovascular disease, although they often occur 

together [40].  

 

MODELS OF TYPE 2 DIABETES  

Modeling of diseases can be very helpful to understand the mechanisms 

behind diseases and in the search for new drug targets, as well as to decide 
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which treatment to give to a certain patient. An example is the Dalla Man 

model [41]. The Dalla Man model is based on absorption data of glucose 

after a meal in 204 healthy men [41], and they have also published a type 2 

diabetes model fitted to data from 14 type 2 diabetic subjects [17].  

In Paper III I present the only available comprehensive model of type 2 

diabetes that is based on insulin signaling data from cells donated by 

patients with and without type 2 diabetes. This model will be further 

described later. 

The progression of type 2 diabetes has been modeled, comparing its natural 

course and different treatments [42]. Taking all available clinical data into 

account, similar modeling efforts might be of value when choosing the 

treatment for patients with type 2 diabetes. 

An interesting and ambitious type 2 diabetes model is presented in [43] 

where Klinke et al. are using the commercial Entelos modeling platform,  

Metabolism Physiolab® [44],  to create so called “virtual patients”. A “virtual 

patient” is a simulated set of patient data. By simulation of a large set of 

“patients”, all with different ingoing glucose sensitivity and insulin secretion 

patterns, a virtual cohort has been created [43]. The model, based on the 

“virtual patients” data, covers glucose homeostasis in type 2 diabetic 

subjects, including insulin signaling, glucose uptake and metabolism [43]. 

This kind of models can be helpful in treatment evaluation, however a 

problem with the model in [43] is that the Entelos modeling platform is not 

available for scientific scrutiny. 
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INSULIN RESISTANCE AND POSSIBLE CAUSES 

Years before the onset of type 2 diabetes, the insulin target tissues have 

been insulin resistant, meaning that the concentration of insulin needed for 

a certain response has been increased. The body compensates this 

increased requirement of insulin by releasing more insulin from the 

pancreas. This state is sometimes referred to as “pre-diabetes” but not all 

insulin resistant people become diabetic.  Insulin resistance seems to start in 

the adipose tissue, where it is manifested as a reduced insulin-stimulated 

glucose uptake [45], and then spreads to muscle and liver tissues [46]. The 

mechanisms behind this spreading are not known but several different 

hypotheses have been raised, including changed release of fatty acids and 

ectopic fat deposition. Also, the cause or mechanisms behind insulin 

resistance in the adipocytes are not known. Several hypotheses have been 

raised concerning what those mechanisms are; two of them are described 

here:   

INFLAMMATION 
Many studies have shown a higher macrophage content in adipose tissue 

from overweight or obese persons compared to normal weight persons [47-

49]. The macrophage infiltration in the omental and subcutaneous fat 

depots of morbidly obese humans seems to correlate with insulin resistance 

[49]. This has led to the hypothesis that there is a constant low-grade 

inflammation in obesity [48, 50]. Macrophages release cytokines that can 

induce insulin resistance in insulin-sensitive tissues. However straight 

forward this might seem, what causes this increased inflammation in obesity 

is unclear. Saturated fatty acids (SFAs) have been suggested to induce 

inflammatory signaling in macrophages [51, 52], and due to lipolysis, 

macrophages in adipose tissue are subjected to high concentrations of SFAs. 

In addition, the plasma free fatty acids levels are increased in obesity [53]. 

Inflammation as a cause or consequence of insulin resistance and type 2 

diabetes is an active and rapidly evolving research area. 

 

LIMITATION OF THE SIZE OF ADIPOCYTES 
The adipocytes grow as the amount of stored lipid increases, but they seem 

to have a maximal size of below 300 µm in diameter [49]. To control the cell 

size is important as a too large cell would be very fragile and could burst and 
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cause necrosis. There is an interesting coupling between cell size and insulin 

resistance as large adipocytes are more insulin resistant than small from the 

same person [54] and people with large adipocytes are more prone to 

develop type 2 diabetes than people with small adipocytes [55]. The main 

regulator of cell size is the mammalian target of rapamycin in complex with 

raptor (mTORC1). Down regulation of mTORC1 in large adipocytes would 

lead to decreased glucose uptake, lipid storage and hence decreased growth 

of the fat cells. In line with this, inhibition of insulin stimulated glucose 

uptake by the mTORC1 inhibitor rapamycin in human adipocytes is inversely 

correlated to adipocyte size [56]. We find mTORC1 activity to be attenuated 

in adipocytes from patients with type 2 diabetes [45] (paper III).  

At the whole-body level this mechanism could lead to increased insulin 

resistance as more and more adipocytes become large, with increasing body 

mass. Notable is that treating patients with the mTOR inhibitor rapamycin 

causes whole body insulin resistance [57] and rats with chronic rapamycin 

treatment have smaller adipocytes and smaller adipose tissue mass than 

their untreated littermates [58]. Also, in an adipocyte like cell line (3T3-L1) 

over activation of mTORC1 via overexpression of its activator Ras homolog 

enriched in brain (Rheb) lowers lipolysis and increase lipogenesis and lipid 

storage [59].   

In paper III we find an mTORC1-feedback to IRS1 to be at the heart of insulin 

resistance of human adipocytes. Reversing this feedback to normal in a type 

2 diabetes model restores the insulin sensitivity of the adipocytes, as will be 

further discussed below.   

How mTORC1 senses cellular size is not known. Possible mechanisms can be 

that the diffusion of nutrients and/or oxygen become too slow, that the 

intracellular signaling becomes inefficient or, perhaps more probable, 

through an integration of several signals.  
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Figure 2. Large adipocytes are more insulin resistant and take up less glucose than 

small adipocytes from the same subject. There is an increased risk for developing 

type 2 diabetes having large adipocytes compared to having small adipocytes. Is this 

due to growth restriction by mTORC1 in large adipocytes? 

 

FROM INSULIN RESISTANCE TO TYPE 2 DIABETES  

What pushes the system from insulin resistance to type 2 diabetes is not 

completely understood. It is, however, known that the beta cells in the 

pancreas fail to produce the amounts of insulin needed to overcome the 

insulin resistance of the target tissues. Many of the genes associated with 

risk of type 2 diabetes are connected to the beta cells and their function. 

This and the fact that some insulin resistant individuals never become 

diabetic suggests genetic predisposition to be important for being more or 

less vulnerable to developing type 2 diabetes, in response to insulin 

resistance.  
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NORMAL INSULIN SIGNALING IN HUMAN ADIPOCYTES 
Insulin signaling is often described as a chain of events occurring after 

insulin binding to the insulin receptor. This is a simplification as the insulin 

signaling pathway is more of a network than a pathway. This signaling 

network includes multiple feedbacks and proteins with several binding-

partners. The complexes of the signaling network will signal differently 

depending upon the composition of the formed complex. Hence, differences 

originating from one single perturbation of a protein can change the state of 

the whole signaling system. Understanding insulin signaling on a systems 

level, both normally and in type 2 diabetes, is crucial to identify the 

mechanisms leading to insulin resistance, and if possible, how to cure the 

system. However, for convenience, I will first introduce important signaling 

intermediates of the normal insulin signaling network in order to introduce 

the systems level analysis of the normal and the insulin resistant state.  

THE INSULIN RECEPTOR 

The insulin receptor (IR) is a heterotetramer with two 135 kDa alpha subunit 

and two 94 kDa beta subunit both subunits are cleavage products from the 

same precursor [60]. The alpha subunit is the extracellular, insulin binding, 

part whereas the beta subunit is transmembrane and transmits the insulin 

signal to the interior of the cell through its tyrosine kinase activity [61] 

(figure 3). There is a lot of quantitative data available for insulin binding to 

its receptor in different cell types and the binding has been modeled by 

many groups [62-65].  The model from Kiselyov et al  [65] is a large and 

detailed model of insulin binding and has been included in our whole-body  

model for glucose homeostasis and insulin signaling in the adipose tissue 

(paper II).  

In adipocytes the IR is located in caveolae in the plasma membrane when 

insulin is absent [66, 67]. In human adipocytes the downstream target 

insulin receptor substrate 1 (IRS1) is located in caveolae, in close proximity 

to IR, also in the absence of  insulin stimulation [68]. After insulin 

stimulation and tyrosine phosphorylation [69, 70], IR is rapidly internalized 

into the endosomal compartment [71-74]. The internalized receptor 

dissociates from insulin and is dephosphorylated and recycled back to the 

plasma membrane [75, 76].   
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Figure 3. A schematic illustration of IR and IRS1 at the plasma membrane. The PH 

domain targets IRS1 to the plasma membrane and the PTP domain binds to 

phosphorylated tyrosine residues of IR. 

 

 

INSULIN RECEPTOR SUBSTRATE 1 

Several downstream targets of the insulin receptor have been identified 

among these are the four proteins denoted IRS1-4. Although highly 

homologous, the functions of these IRS proteins differ somewhat. There is 

no functional gene for IRS3 in humans [77] and mouse knockouts of IRS 4 

show only small changes in glucose tolerance compared to wild type 

suggesting that IRS4 is not the prime regulator of insulin mediated glucose 

uptake [78, 79]. IRS2 is important for insulin signaling in the liver [80, 81] 

and IRS1 is the main IRS protein signaling to glucose uptake in muscle and 

fat [81-83]. 
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IRS1 is targeted to tyrosine phosphorylated IR by its phosphotyrosine 

binding (PTB) domain and to the plasma membrane by its pleckstrin 

homology (PH) region [84] (figure 3). IRS1 contains 34 tyrosine residues [85] 

and, after insulin stimulation, IR phosphorylates IRS1 on several of these 

[86]. These modifications enable proteins containing a Src Homology 2 (SH2) 

binding domain to bind to IRS1 and further transduce the insulin signal. One 

such protein being very important for insulin signaling to metabolic control 

is phosphatidylinositol-3-kinase (PI3K). 

IRS1 has many putative serine phosphorylation sites [85] and 

phosphorylation of several of these have a proposed regulatory role in 

insulin signaling. Serine 307 (human sequence , corresponding to serine 302 

in the murine sequence) has been found to have a positive effect on the 

tyrosine phosphorylation of IRS1 in human adipocytes [87-89] and in a 

muscle cell line [90], although the opposite have also been suggested based 

on data from other cell lines [91, 92].  

The in vivo protein kinase responsible for phosphorylation of IRS1 at serine 

307 is not known. However, as the phosphorylation of serine 307 is sensitive 

to rapamycin in human adipocytes [56, 87] it is clear that the protein kinase 

phosphorylating this site lies downstream of mTOR. This is supported by 

attenuation of insulin-stimulated serine 307 phosphorylation during 

rapamycin treatment of mouse embryonic stem cells [93]. Also, mTORC1 

have been suggested to regulate phosphorylation of serine 307 in human 

adipocytes [56, 87] and in the adipocyte-like cell line 3T3-L1 [94]. The in vivo 

protein kinase responsible for the serine 307 phosphorylation has also been 

suggested to be p70S6 protein kinase-1 (S6K1), which can phosphorylate 

IRS1 in vitro [92]. S6K is located downstream of mTORC1 in the insulin 

signaling pathway (figure 7) and it is therefore also rapamycin sensitive. 

However, in human adipocytes neither S6K1 nor mTORC1 is the in vivo 

kinase for phosphorylation of serine 307 on IRS1 (Rajan et al., manuscript in 

preparation).  
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INTERNALIZATION OF INSULIN BOUND INSULIN RECEPTOR IS 

NECESSARY FOR EARLY INSULIN SIGNALING (PAPER I) 

Upon insulin binding the IR undergoes a conformational change and 

autophosphorylates on tyrosine residues in the beta subunit. In human 

adipocytes this tyrosine phosphorylation has a characteristic overshoot 

behavior with a rapid, within 2 min,  peak of phosphorylation followed by 

establishment of a quasi-steady state maintained for at least 2 hours in the 

continuous presence of insulin [95] (paper I). IRS1 is phosphorylated by the 

activated insulin receptor on tyrosine residues with the same overshoot 

behavior in parallel with IR (paper I).  

In paper I we aimed to understand the mechanisms behind this overshoot in 

the phosphorylation of tyrosine residues of both IR and IRS1 (paper I). In a 

previous paper several mechanistic explanations including only 

phosphorylation and de-phosphorylation at the plasma membrane of IR and 

IRS1 were shown to be unable to explain the overshoot [95]. More 

complicated mechanisms including feedback from downstream signaling 

intermediates or endocytosis of IR were found to be able to explain the data 

in [95]. In paper I we proposed four different classes of hypotheses to 

explain the overshoot and we experimentally tested model predictions in 

order to discriminate between the different hypotheses.  

A first explanation (Md, figure 4) included a lowering of the insulin 

concentration in the media, due to degradation of insulin inside or outside 

the cells, as the explanation for the overshoot. We searched for core 

predictions, further discussed in the methods section, which give 

experimentally testable predictions from models and thus enabling 

discrimination between different models. The Md model predicted that 

insulin would have to be degraded and less than 5 % of the initial 

concentration of insulin could remain in the media after the first few 

minutes of incubation in order for the model to explain the data. After 

experimental testing of this core prediction, Md was rejected as we found 

that adipocytes do not substantially degrade insulin in the surrounding 

media during 30 min incubation (Paper I). The adipocyte-like cell line 3T3-L1 

and isolated rat adipocytes have also been found to degrade only little 

insulin during 30 min of insulin incubation [96, 97].  
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As  mentioned earlier, clearance of insulin from the blood stream is 

important in the liver, where 80 % of the plasma insulin is cleared in each 

passage [5]. Our findings therefore suggest that the mechanisms during 

initial insulin signaling differ between adipocytes and hepatocytes.  

 

 

 

Figure 4. The four investigated hypotheses from paper I. Md including insulin 

degradation. Mm with phosphorylation and de-phosphorlyaltion being the only 

included mechanisms. Mf includes a feedback from downstream IRS1 to the de-

phosphorylation of IR. Mi includes internalization of IR in response to insulin. 
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To further investigate the possible mechanisms for the overshoot we again 

searched for core predictions that could discriminate between the three 

remaining hypotheses: Mm, Mf and Mi (figure 4). These three models could 

all explain both the overshoot data and the insulin-degradation data. A 

difference between the three models was that for Mm and Mf 

internalization of IR in response to insulin was not included. The Mi model 

predicted that the overshoot would be affected if internalization was 

experimentally blocked during insulin stimulation. For the Mm and Mf 

models on the other hand, experimental blocking of the internalization 

would not alter these models’ response to insulin. This core prediction was 

tested by blocking internalization of IR using two different experimental 

methods. Both Mm and Mf were refuted, as they could not explain these 

data obtained (paper I).  

The fourth class of models (Mi) (figure 4) fully explained the overshoot and 

the internalization data, but was rejected as it could not explain the 

measured extent of internalization of IR (paper I). 

Even though we found the internalization of IR to be necessary for the 

overshoot in tyrosine phosphorylation of IR and IRS1, it was not sufficient to 

cause the overshoot behavior (paper I). A final acceptable model Mifa 

includes a feedback, dependent on internalization  of IR, from IRS1 back to 

IR that was needed to explain all our data in (paper I) (figure 5). This 

feedback could not explain the data if it was modeled as independent of 

internalization of IR. The importance of IR internalization for down 

regulation of the insulin signal was further supported by an increased extent 

of tyrosine phosphorylation of IRS1 when the internalization of IR was 

blocked by low temperature (paper I).    

The modus operandi presented in paper I with several iterations between 

experimental work, core predictions and rejection of hypotheses will be 

further discussed in the methods section below.  
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Figure 5. The Mif-model from paper I that can explain all available data. The model 

includes both internalization of IR and a feedback from downstream of IRS1 to IR. 

The internalized, non-phosphorylated IR state, not yet ready to anew bind insulin is 

important for this model to explain the data. 
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SIGNALING DOWNSTREAM OF IRS1 

Tyrosine phosphorylated IRS1 binds PI3K at the plasma membrane where 

PI3K converts phosphatidylinositol-4,5-bisphosphate (PIP2) to 

phosphatidylinositol-3,4,5-trisphosphate (PIP3) [98]. Protein kinase B (PKB) 

has a PIP3-binding PH-domain that locates PKB to the plasma membrane 

when PIP3 is present [98, 99]. PIP3 also recruits 3-phosphoinositide-

dependent protein kinase-1 (PDK1) to the plasma membrane [100] where 

this constitutively active kinase phosphorylates PKB on threonine 308 [101] 

(figure 6). In addition, mTOR in complex with rictor (mTORC2) can 

phosphorylate PKB on serine 473 [102-104] (figure 6). Both sites need to be 

phosphorylated for full activation of PKB [105]. Downstream targets of PKB 

include Akt Substrate of 160 kDa (As160) [106, 107] which propagates the 

insulin signal towards enhanced glucose uptake (figure 7).  

 

Figure 6. PKB is phosphorylated by insulin on threonine 308 PDK1 and on serine 473 

by mTORC2.  

 

 

MAMMALIAN TARGET OF RAPAMYCIN  
Target of rapamycin (TOR) is a central nutrient sensor and regulator of 

metabolism, conserved in many species. It was first discovered in flies, as 

the target for the immunosuppressant rapamycin and was named 
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thereafter. In humans the orthologous protein is called mammalian TOR 

(mTOR) and is present in two multi protein complexes, mTORC1 and 

mTORC2. These two complexes have different in- and out-puts but have 

several interconnections, as reviewed in [108].  

mTORC1 

The mTORC1 complex consists of mTOR, raptor, the mammalian ortholog of 

yeast lethal with Sec13 protein 8 (mLST8), proline-rich Akt/PKB substrate 40 

kDa (PRAS40) and mTOR interacting protein (deptor) [109-111]. mTORC1 is 

activated by nutrients and growth factors such as insulin and promotes cell 

growth and prevents autophagy [112] (figure 6). The mechanisms whereby 

insulin activates mTORC1 are not completely known, but involve at least PKB 

phosphorylation of Tuberous sclerosis complex 2 [113] and the GTP-binding 

protein Rheb, as reviewed in [114]. PKB can also activate mTORC1 through 

dissociation of PRAS40, independent of phosphorylation of Tuberous 

sclerosis 2 [115].  

Downstream targets of mTORC1 are S6K1 and Eukaryotic translation 

initiation factor 4E-binding protein 1 (4EBP1) [116, 117] (figure 7). S6K1 in 

turn phosphorylates ribosomal protein S6. 4EBP is a translation repressor 

that upon phosphorylation by mTORC1 dissociates from eukaryote 

translation factor 4E (eIF4E) and releases its inhibitory effect on 

transcription.  

mTORC2 

The mTORC2 complex contains mTOR, rapamycin insensitive companion of 

mTOR (rictor), mLST8, protein observed with rictor (protor) and mammalian 

stress-activated protein kinase interacting protein (mSIN1) [111, 118]. 

mTORC2’s kinase activity towards phosphorylation of PKB at serine 473 is 

stimulated by insulin [102, 103]. The mechanisms of activation of mTORC2 

by insulin are not known. Pezze et al. analyzed these mechanisms using 

mathematical models [119]. They found the activation of mTORC2 to be 

independent of IRS1 and PKB activation but dependent on PI3K activity 

[119].  

 

GLUCOSE UPTAKE IN ADIPOCYTES 
The glucose uptake in human adipocytes is facilitated by two glucose 

transporter proteins, glucose transporter 1 (Glut1) and glucose transporter 4 
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(Glut4). Glut1 is much less sensitive to insulin than Glut4 and the glucose 

uptake by Glut1 is mainly dependent on the glucose concentration outside 

the adipocyte. In our models in paper II and III Glut1 has been modeled as 

insulin insensitive.  

Insulin-stimulated glucose uptake in adipocytes is mediated by Glut4 which 

upon insulin stimulation is directed from intracellular stores to the plasma 

membrane [120]. In the absence of insulin only about 5 % of Glut4 is in the 

plasma membrane, compared with more than 20 % at maximal insulin 

stimulation [121]. Insulin regulates Glut4’s spatial distribution in several 

ways via activation of PI3K, PKB and atypical protein kinase C (PKC) [122]. 

These signals have been suggested to be integrated through AS160 [123] 

that governs the translocation of Glut4-containing vesicles (GSVs) to the 

plasma membrane [124, 125]. After translocation the GSVs dock and tether 

to the plasma membrane. The tethering process includes the G protein 

TC10. In adipocytes TC10 is located in caveolae [126]. Also, 88% of the 

plasma membrane bound Glut4 is found in caveolae of 3T3-L1 adipocytes 

after insulin stimulation [120] indicating the importance of caveolae in 

insulin mediated glucose uptake. In the adipocyte-like cell line 3T3-L1 TC10 

binds caveolin-1 when insulin is absent [127]. Upon insulin stimulation the 

two proteins dissociate and TC10 becomes active towards its substrates 

[127]. The next step in the exocytosis of Glut4 is that the GSVs fuse with the 

plasma membrane, a process that seems to be regulated by SNARE and rab 

proteins [128]. Also, PI3K is involved in the control of fusion of GSVs to the 

plasma membrane. Treating the adipocyte-like cell line 3T3-L1 with the 

PI3K-inhibitor wortmannin before insulin stimulation resulted in 

accumulation of GSVs at the plasma membrane [129]. During the 

wortmannin-treatment the GSVs did not fuse with the plasma membrane, 

demonstrating PI3Ks pivotal role in the regulation of the fusion process 

[129]. Reviews of the Glut4-mediated uptake of glucose can be found in 

[125, 130].  

 

 



35 
 

 

 

Figure 7. Schematic picture of insulin signaling in human adipocytes. 
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MODELS OF INSULIN SIGNALING 

As described earlier, there are several available mathematical models on the 

binding of insulin to its receptor. Downstream signaling has also been 

modeled, with some examples described in table 1. However, most models 

of insulin signaling, in contrast to the models of insulin binding, are based on 

little and scattered data from different cell lines obtained in different labs 

making the downstream models less well defined.  

Model   
(first author) 

Scope of models Data which models are 
based on 

Koscherreck 
[131] 

Plasma insulin, hepatic and 
renal clearance of insulin. 

Data from different in 
vitro and in vivo systems 
and many research 
groups. 

Mangnall [132] Insulin-stimulated glucose 
uptake in human adipocytes. 

Not based on data. 

Giri [133] Insulin-stimulated glucose 
uptake via Glut4. 

Limited data from 
different in vitro systems 
and several research 
groups. 

Vinod [134] Amino acid stimulated mTOR 
response and its effect on 
insulin signaling. 

Limited data from 
several different cell 
lines. 

Wu [135] Insulin signaling in liver cell 
lines. 

Dynamic data with 
several perturbations in 
liver cell line. 

Chew [136] Insulin signaling and glucose 
homeostasis on whole body 
level and intracellular insulin 
signaling. 

Sedagath model [137] + 
Cobelli model [12]. 

Dalla Pezze 
[119] 

Activation of mTORC2 by 
insulin. 

Data from myoblast 
(C2C12) and liver (HeLa) 
cell lines. 

Sonntag [138] Regulation of adenosine 
monophosphate-activated 
protein kinase (AMPK) by 
insulin. 

Data from myoblast 
(C2C12) and liver (HeLa) 
cell lines. 

Sedagath [137] Detailed model on insulin 
binding and insulin signaling. 

Limited data from rat 
adipocytes. 

 

Table 1. Some mathematical models of insulin signaling.  
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Using two previous models of insulin-IR binding [64] and [139] and a model 

of glucose transporter 4 (Glut4) regulation  [140], Sedaghat et al constructed 

a model of insulin signaling [137]. This model covers most of the important 

signaling intermediates in the insulin signaling network and is of special 

interest as it has been used in other models of insulin signaling [133, 134]. 

The Sedaghat model is based on experimental data and includes details of 

both insulin binding and insulin signaling. However, the data are taken from 

different experimental settings and model systems, and the validation of the 

model is based on non-dynamical data.  

In (paper I) we present a model for the initial phase of insulin signaling in 

human adipocytes, covering IR and IRS1 dynamics, including the importance 

of internalization of IR upon insulin stimulation. We used the final model, 

Mifa (figure 5), in (paper I) as a starting point for development of a model 

describing the difference between normal insulin signaling and signaling in 

type 2 diabetes (paper III). As the insulin signaling models in paper I and 

paper III are based on a relatively large quantity of data from primary 

human adipocytes, they are more relevant than previously models of insulin 

signaling.  
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THE INSULIN SIGNALING NETWORK IN TYPE 2 DIABETES  
In type 2 diabetes the insulin signaling in the adipose tissue is in a different 

state than normally. As previously described, the adipose tissue becomes 

resistant to insulin prior to development of type 2 diabetes.  This section will 

describe important differences between normal insulin signaling and the 

insulin resistant state of type 2 diabetes.  

Figure 8 show the response of insulin of some of the important insulin 

signaling intermediates in human adipocytes, both for the diabetic and non-

diabetic states. Analyzing the data, we find that the steady-state levels of 

phosphorylation, at maximal insulin stimulation, of most of the measured 

signaling intermediates are lower in adipocytes from type 2 diabetic subjects 

as compared to control subjects (paper III) (figure 8). Also, the sensitivity to 

insulin is lower for most signaling intermediates in type 2 diabetes (paper III) 

(figure 8). We used mathematical modeling to understand the mechanisms 

behind these changes .  

 

ROLE OF IR IN TYPE 2 DIABETES 
An obvious way to down-regulate the activity of an intracellular pathway 

such as insulin signaling is reduction of the receptor levels or receptor 

activity. IR levels are reduced in adipocytes from obese and patients with 

type 2 diabetes [141, 142], although unchanged levels have been reported 

[143]. A lowered level of IR can however only explain the differences in 

steady state levels of activation of the downstream proteins in the signaling 

pathway, but not changes of the sensitivity to insulin (paper III). A second 

possibility for reduction of the insulin response in the signaling pathway 

would be at the level of IR activation. The maximal level of insulin stimulated 

phosphorylation of IR is reduced in adipocytes from patients with type 2 

diabetes (paper III) (table 2). However, this reduction in measured maximal 

tyrosine phosphorylation is probably, at least partly, due to the reduction in 

IR levels. Another aspect of the activity of IR is the sensitivity towards 

insulin. The sensitivity to insulin for auto-phosphorylation of IR is not 

affected in adipocytes donated from type 2 diabetic subjects [144].  

An altered ability for IR to induce downstream insulin signaling is a third 

possible mechanism that can explain the differences between the insulin 
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signaling networks seen in type 2 diabetes and the non-diabetic state. This is 

directly reflected in the phosphorylation at tyrosine residues of IRS1. 
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ROLE OF IRS1 IN TYPE 2 DIABETES 
The insulin response of adipocytes in type 2 diabetes can also be affected at 

the level of IRS1. Several polymorphisms coupled to type 2 diabetes have 

been found in the gene coding for IRS1 [145-147]. However, these 

polymorphisms have questionable impact on the risk of type 2 diabetes [21].  

The level of IRS1 is unchanged in adipocytes from type 2 diabetic subjects as 

compared to subjects without diabetes [142], although others report 

conflicting data [143]. The activation of IRS1 is altered in type 2 diabetes. 

The sensitivity, measured as a dose-response curve, for insulin-stimulated 

tyrosine phosphorylation of IRS1 is decreased in type 2 diabetes [87] (table 

2). Also, the absolute maximal value of insulin-stimulated tyrosine 

phosphorylation of IRS1 is reduced in adipocytes from type 2 diabetic 

subjects compared to controls (paper III) (table 2). The lowering of the 

maximal tyrosine phosphorylation of IRS1 in type 2 diabetes can be 

explained by the lower IR levels seen in type 2 diabetes (paper III).  

 

Figure 8. Freshly isolated mature human adipocytes from non-diabetic (blue) or T2D 

subjects (red) were incubated with insulin as indicated, and the extent of protein 

phosphorylation or glucose uptake was determined. A1-A4 show dose-responses and 

B1-B4 show the corresponding time-courses for the indicated insulin signaling 

intermediaries. A5, glucose uptake with indicated concentration of insulin. b5, 

glucose uptake with or without insulin (10 nM), as indicated; bars show experimental 

data and the corresponding model simulations. C1, amount of internalized IR (% of 

total IR) at indicated time after addition of 100 nM insulin. D1, time-course for 

phosphorylation of IRS1 at tyrosine, with 1.2 nM insulin added at t=0, and additional 

insulin to 10 nM at t=4 min. C2-C5 and D2-D5, dose-responses and time-courses for 

insulin signaling intermediaries as indicated. A1-A4 and C2-C3, cells incubated with 

indicated concentration of insulin for 10 min. C5, cells incubated with indicated 

concentration of insulin for 40 min. B1-B2, cells incubated with 100 nM insulin for 

indicated time. B3-B4 and D2-D5, cells incubated with 10 nM insulin for indicated 

time.  The extent of protein phosphorylation is expressed as % of max in order to 

compare dose-response/insulin sensitivity; or in arbitrary units (a.u.) that in each 

experiment are the same for non-diabetic and diabetic conditions and thus directly 

comparable. Time-courses were determined for 60 min, but for clarity only the first 

30 min are shown. Blue (non-diabetic) and red (diabetic) circles denote experimental 

data ±sem. 
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However, as the sensitivity of IR’s auto-phosphorylation to insulin is 

unaffected in type 2 diabetes, whereas the tyrosine phosphorylation of IRS1 

is altered, there must be something more than IR’s auto-phosphorylation 

that regulates the tyrosine phosphorylation of IRS1 (paper III). A feedback is 

a possible mechanism for this other regulation. In paper III we show that a 

feedback from downstream of IRS1 back to IRS1 can produce the sensitivity-

shift in the tyrosine phosphorylation of IRS1 seen in diabetes (paper III). 

Such a feedback cannot, however, give rise to the lower maximal level of 

phosphorylation on tyrosine residues of IRS1 in type 2 diabetes (paper III), 

further discussed below.  

 

  
Control Type 2 Diabetes 

IR 
 

Protein level (% of normal)  100 55  

EC50 PY (nM insulin)  0.95  1.2  

Peak time PY (min) 1.5  1.5  

Steady State PY (fold over 
control without insulin)  4.3  1.5 

IRS1 

Protein level (% of normal)  100 100 

EC50 PY (nM insulin)  0.28  2.4 

Peak time PY (min)  1.5  1.5  

Steady State PY (fold over 
control without insulin)  2.6 1.0 

 

Table 2. Comparison of tyrosine phosphorylation (PY) and protein levels of IR and 

IRS1 in adipocytes from non-diabetics and diabetics. Data from [87, 142, 144] and 

(paper III).  

 

The phosphorylation of IRS1 at serine 307 is attenuated in adipocytes from 

patients with type 2 diabetes [87] (paper III). Serine 307 has been shown to 

be part of a positive feedback loop originating downstream of mTOR and 

affecting IRS1. This feedback is reduced in type 2 diabetes [88, 148] (paper 

III) (figure 9). Furthermore, when inhibiting mTORC1 experimentally using 
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rapamycin the phosphorylation at serine 307 of IRS1 is attenuated in the 

same manner as in type 2 diabetes [87].  

 

THE INSULIN SIGNALING NETWORK DOWNSTREAM OF IRS1 IN TYPE 2 

DIABETES 
PKB levels have been found to be unchanged in adipocytes in type 2 

diabetes compared to controls [143, 149]. PKB has reduced insulin 

stimulated activating phosphorylation [149, 150] and reduced insulin 

stimulated activity [150, 151] in muscle cells from patients with type 2 

diabetes  however, conflicting results exist [152]. We find that the activating 

phosphorylation of threonine 308 of PKB is reduced in adipocytes from type 

2 diabetic subjects (paper III) [144]. However, the sensitivity to insulin is 

unchanged in diabetes (paper III) (figure 8). The phosphorylation of another 

activating phosphorylation site of PKB, serine 473, is unchanged in diabetes 

(paper III) (figure 8). This is supported by data from human muscle showing 

a reduction in the insulin stimulated phosphorylation of threonine 308, but 

no alteration of  insulin stimulated phosphorylation of  serine 473 [153].  

Downstream PKB activates the signaling hub mTORC1 (figure 7). We find 

insulin stimulated mTORC1 activity to be attenuated in adipocytes from 

patients with type 2 diabetes [148] (paper III), in line with this we also find 

increased autophagy [148]. Increased autophagy in adipose tissue from 

obese humans subjects, as compared to non-obese subjects, has been 

confirmed by others [154]. Conditions associated with insulin resistance, 

mitochondrial dysfunction, inflammation and hypoxia, are all known to 

inhibit mTORC1 activity.  

The glucose uptake is lower in adipocytes from subjects with type 2 diabetes 

One of the important outputs of the insulin signaling network, glucose 

uptake, is altered in type 2 diabetes. The alterations can be seen both at the 

whole body level and in isolated adipocytes. At the whole body level, the 

insulin stimulated glucose uptake in the tissues are slower and lower after a 

meal in patients with type 2 diabetes as compared by non-diabetic controls 

[17]. Also, the insulin stimulated, whole body glucose uptake during clamp 

studies are lower in obese and type 2 diabetic subjects [155].  

The adipose tissue takes up a relatively small fraction of the plasma glucose. 

The sensitivity of glucose uptake to insulin in human adipocytes is inversely 
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correlated to whole body insulin sensitivity as calculated by Quantitative 

Insulin Sensitivity Check Index (QUICKI) [45]. In the adipose tissue, the rate 

of the glucose uptake is lower in obese than in non-obese subjects [156, 

157] and the glucose uptake is increased when obese subjects lose weight 

[158]. In isolated human adipocytes the insulin stimulated glucose uptake is 

lower [159] (paper III) and the sensitivity towards insulin is reduced in type 2 

diabetic subjects as compared to non-diabetic subjects [144] (paper III). 

Also, in the absence of insulin the glucose uptake in isolated human 

adipocytes is lower in type 2 diabetes (paper III) [159].  

The activation of important proteins governing the glucose uptake in human 

adipocytes is also altered in type 2 diabetes. AS160 has been found to be 

less phosphorylated in muscle cells and adipocytes from type 2 diabetics 

compared to non-diabetics [123] [153] (paper III). Glut4 levels are reduced 

in adipocytes from type 2 diabetic compared to non-diabetic subjects [160-

164].  

  



44 
 

A NETWORK ANALYSIS OF INSULIN SIGNALING NORMALLY AND IN 

TYPE 2 DIABETES (PAPER III) 

In paper III we present the first systems-level analysis of insulin resistance in 

primary human cells and we provide a mechanistic explanation for the 

differences between adipocytes isolated from subjects with type 2 diabetes 

and control subjects.  

As described above the insulin resistance of T2D is manifested as 

dysfunctional signaling in two aspects: (i) a reduced sensitivity to insulin for 

most signaling intermediates downstream of IR (paper III) (figure 8), and (ii) 

the extent of steady-state phosphorylation at maximal insulin stimulation is 

for most signaling intermediates reduced in type 2 diabetes as compared to 

the non-diabetes situation (paper III) (figure 8).  

Using small models we tested which mechanisms could describe the two 

differences in the IR/IRS1 phosphorylation, between the diabetic and non-

diabetic situations. The difference in steady-state phosphorylation of IR 

could be described with a lower level of IR (paper III). However, this 

perturbation could not describe the change in insulin sensitivity. This change 

could instead be obtained with a feedback, positive or negative, from 

downstream of IRS1 back to the tyrosine phosphorylation of IRS1 (paper III). 

However, when fitting a model to data describing the whole signaling 

network, both normally and in type 2 diabetes (figure 9), the model required 

a positive feedback, which is attenuated in type 2 diabetes. 

In addition to this feedback we also implemented two additional differences 

between the normal and diabetes versions of the model. The levels of IR and 

Glut4 were set to be lower in the type 2 diabetes version of the model 

(paper III). That the IR and Glut4 levels are lower in adipocytes from subjects 

with type 2 diabetes has been discussed above. The resulting two versions 

of our model fitted with our data (figure 9). 
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Figure 9. Blue (non-diabetic) and red (diabetic) circles denote experimental data 

±sem. Lines represent best fit model-simulations for the paper III model. 

Experimental data is described in figure legends for figure 8. 
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We showed that increasing the feedback in the type 2 diabetes version of 

the model restores the insulin sensitivity (paper III). This suggests that 

enhancing the effect of the insulin-stimulated kinase that phosphorylates 

serine 307 or suppressing the corresponding protein phosphatase could be a 

possible treatment strategy for treating insulin resistance. However, the 

restoration of the feedback in the diabetes model will not restore the 

maximal glucose uptake, as this is also depending on the lower levels of Glut 

4 in the model. Although, in a long term perspective, restoring the feedback 

may improve also the maximal glucose uptake by the adipocytes by 

increasing transcription of Glut4 and reducing autophagic degradation of 

insulin receptors (paper III) (figure 10).  

We used data produced by ourselves and others to verify the model. Our 

model could predict behaviors in different kinds of data sets, which it had 

not been fitted to, in qualitatively correct manner (paper III).  
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Figure 10. A schematic overview of the paper III model including the diabetes 

parameter implemented as a difference in mTORC1s ability to phosphorylate serine 

307 of IRS1. The red, dashed, inhibitory arrow suggests increased IR break down due 

to increased autophagy in diabetes. The red, dashed arrow suggests decreased 

transcription of Glut4 due to lower mTORC1 activity in type 2 diabetes.  
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HIERACHICAL MODELLING AS A LINK BETWEEN THE IN VITRO AND 

IN VIVO SITUATION (PAPER II) 

Even though human primary adipocytes are a very relevant model system 

for investigating the insulin signaling of human fat cells, it is still an in vitro 

system. To be able to model insulin signaling on the whole body level, where 

it is monitored in the clinic, concurrently with the cellular level, where 

insulin has its effects, these two systems need to be merged. However in 

doing that one has to question what the differences between the adipose 

tissue of a human being and isolated adipocytes are. The suspension of 

isolated adipocytes, in the incubator is very different from the in vivo 

situation, where each cell is surrounded by other cells. Also, isolation and 

experimental procedures can affect the cells. One example is that Glut4 can 

translocate to the plasma membrane due to cell handling [165]. 

Furthermore, the importance of the insulin response in surrounding cells 

and tissues, such as increased blood flow [166, 167], will be lost in the in 

vitro situation. 

One way to study, quantify and evaluate the in vitro/in vivo differences are 

to model them with a mathematical model fitted to data from both the in 

vitro and the in vivo settings. Such a model can include the whole body 

level, where for example, plasma glucose and insulin levels are measured ex 

vivo, and the intracellular signaling at the level of the adipocyte studied in 

vitro (figure 11)(paper II). This type of model that covers multiple levels or 

scales are referred to as hierarchical models [168] and have interchangeable 

modules corresponding to sub-systems of the described biological system. 

In a whole body glucose-homeostasis model a sub-system can be the 

pancreas with plasma glucose levels being the signal and insulin release the 

output. In a model of the cellular level, a sub-system can be a module 

describing insulin binding to the insulin receptor. 

In (Paper II) we used a hierarchical modeling approach and a glucose and 

insulin homeostasis model of the whole body level from Dalla man et al. and 

inserted our insulin signaling model [17, 169]. The Dalla Man model is based 

on data monitoring the glucose and insulin fluxes of more than 200 subjects 

after a meal [17]. In this model the major organs, involved in glucose 

homeostasis and the flow of glucose and insulin between the organs are 

adequately described. However, no details of intra-cellular mechanisms are 
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included and the muscles and the adipose tissue contribution are not 

separated.  

The combined adipose and muscle tissue module of the Dalla man model 

was further developed to distinguish between the adipose tissues and the 

muscle tissues in the model. The new adipose tissue module was thereafter 

further developed to include details in the insulin signaling of adipocytes 

(paper II). The adipose tissue module was fully compatible with the whole 

body data of the Dalla man model (paper II). Thereafter we used our newly 

developed model for conclusive modeling-experimental work.  

We analyzed the insulin stimulation of glucose uptake in isolated human 

adipocytes and found that scaling between the glucose uptake in the 

adipose tissue in response to a meal in the Dalla Man model and in the 

isolated adipocytes in response to insulin could not explain our data (paper 

II). There were differences in the glucose uptake for the adipose tissue 

derived from whole body measurements and the data from our isolated fat 

cells. The glucose uptake in the isolated adipocytes was too high when 

insulin was absent and too low when maximally stimulated by insulin, as 

compared to the adipose tissue data (paper II).  In order to explain all the 

data we added two parameters to our model. An experimentally induced 

Glut4 translocation to the plasma membrane, described earlier, could 

account for the high glucose uptake in isolated fat cells when insulin was 

absent. The mechanistic explanation for the low glucose uptake during 

maximal insulin stimulation was accounted for by an insulin stimulated 

increase in blood flow (paper II). An increased blood flow in adipose tissue 

after insulin stimuli has been reported [167]. With these two 

adipocytes/adipose tissue differences it was possible to explain all the data 

with our adipocyte module inserted in the Dalla man model.  

From our findings in paper II we can conclude that i) when studying the 

results from a model system you need to be aware that there can be 

important differences between this model system and the in vivo situation 

of interest and ii) that these differences can be investigated using 

mathematical modeling.  

The adipocyte module in paper II can serve as a starting point to add more 

details to the insulin signaling model. Other systems such as lipid 

metabolism and adipokines can be added to the whole body level. Also, 
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models for the other organs in the network of glucose metabolism can be 

added. The diabetes version of the model in paper III for insulin signaling in 

human adipocytes, was inserted in the corresponding whole-body models 

from paper II (paper III).  

Some other models in the hierarchical modeling framework also exist for 

insulin signaling and glucose homeostasis. Hierarchical glucose homeostasis 

models [170, 171] range from the whole body level to the subcellular level 

and focus on glucose homeostasis during exercise. These models are based 

on literature data from many sources and include details of the metabolism 

from several tissues; insulin signaling is not included in the models and no 

mechanistically insights are possible.  

 

 

 

 

 

 

 

 

 

 

Figure 11. Schematic picture of hierarchical modeling with the whole body level and 

organ modules, which are interchangeable with minimal models, which in turn are 

interchangeable with detailed models. 
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METHODS 

BIOLOGICAL METHODS  

All data presented in this thesis are obtained using human samples. All 

studies using human material are confronted with confounding factors such 

as differences in life style, diet and known and unknown diseases. In our 

studies the inclusion criterion for non-diabetes is simply not to be diagnosed 

with type 2 diabetes.  

The inclusion criteria for the type 2 diabetes group are to have a type 2 

diabetes diagnosis and to be overweight. Therefore it is possible that our 

groups include persons with different diseases and that they receive 

treatments for these diseases. This can influence our findings and is in some 

sense a weakness. However, it also strengthens our results, in that the 

differences we see between the two groups are robust enough to be seen 

despite these possible confounders. We have studied the influence of 

treatment with the insulin sensitizing drug metformin on insulin signaling 

intermediates in paper III and we found no difference between the 

metformin treated and untreated groups. We present all our data as the 

mean of measurements on samples from several different subjects. 

To study phosphorylation of proteins having fast dynamics it is important to 

terminate the incubation of the cells rapidly. Our method of termination 

includes separation of the cells from the medium and rapid freezing of the 

samples, as described in [172]. The samples are thawed by boiling in a 

denaturing SDS-containing buffer with phosphatase and protease inhibitors 

present to minimize artefactual dephosphorylation and degradation of 

signaling proteins.  

Immuno-blotting is a semi-quantitative method, but its simplicity and high 

selectivity has made it a method of choice. We optimized the antibody 

incubation protocols to ascertain a linear response. To be able to make 

comparisons of measurements on different gels we included standard 

samples when running the gels. The standard sample was prepared by 

pooling insulin-stimulated samples with different length of insulin-

stimulation from several individuals.  
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MATHEMATICAL MODELS ARE POTENT TOOLS FOR ANALYZING 

AND UNDERSTANDING COMPLEX BIOLOGICAL SYSTEMS 

Intracellular signaling is an example of a highly complex system with many 

proteins with multiple phosphorylation sites and numerous interactions 

over different time scales.  Because of this complexity, one might think that 

models and the power of computers has been an important tool in 

biological research. As for instance in physics and mechanics there is a long 

tradition of using mathematical models as tools for data analysis and 

hypothesis testing. However, the distance between an expert in physics and 

a mathematical modeler is much shorter than between a biologist doing the 

experiments and a modeler. In a recent review of systems biology of 

signaling systems, only about 400 new papers which used a combination of 

quantitative biological data and mathematical modeling was found in the 

time period 2000-2010 [173].  

By using models in data analysis and hypothesis testing, it is possible to 

draw strong conclusions, which are final and cannot be falsified by adding 

more data [174]. Strong conclusions are typically rejections, where a model 

structure lacks necessary mechanisms to explain the data. Also, models can 

help with predicting what new experiment will provide most information 

concerning the system of interest.  

In the modeling of biological signaling pathways there are many challenges. 

One such challenge is that even though the interactions and activation 

patterns of the ingoing proteins are established by biological methods, the 

importance of different states are not known. Also, there is a lack of 

knowledge about the influences a certain disturbance of the system, such as 

a disease or a drug, will have on the whole system. By analyzing a signaling 

pathway as a system, instead of as separate parts, modeling can answer 

questions like: “How much of a proteins activity have to be changed in order 

to restore the system in a quantitative manner?”. 
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MODEL CONSTRUCTION 

Models are created from insights gained from experimental data, prior 

knowledge of the system, and possible mechanisms thought to explain the 

behavior of the system [175]. This is done by translating a mechanistic 

hypothesis concerning a signaling system to a model by expressing ideas as 

an interaction graph (figure 12) and translating the graph to a system of 

ordinary differential equations (ODEs). It can be done in two steps, first the 

rate-equations for the reactions of the system is expressed (equation 1). 

Second, how the states change over time is described by the sum of the 

rates for the states (equation 2). Translating the graph to differential 

equations is in theory easy but requires very precise formulation of the 

ideas. During this process possible gaps in the understanding of a system are 

identified and they need to be addressed in order to further the formulation 

of the model, either by constructing a different model corresponding to a 

different hypothesis, making assumptions about the system or by producing 

data to fill in the gap.  

 

 

 

 

 

Figure 12. An interaction graph of the insulin induced phosphorylation of IR. Below 

follows the corresponding equations when translating this interaction graph using 

mass action kinetics.  

 

     [  ][       ] 

     [   ] 

Equation 1. 

where the rate (v) relates to the concentrations of the ingoing reactants (IR and 

insulin) and the rate constants for the reactions kf and kb. 
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Equation 2.  

 

A common way of modeling biological systems is to use ODEs [173]. Other 
modeling frameworks are for example Bayesian modeling, based on 
probabilities for the possible events in the model structure and Boolean 
models, which have two possibilities for each state, often corresponding to 
“on or off” [176, 177]. The choice of modeling framework is depending on 
both the data and on the purpose of the model.  

ODE models describe dynamic systems and consist of states corresponding 
to concentrations of ingoing proteins or variants of proteins such as 
phosphorylated states. The parameters correspond to the rate constants for 
the reactions in the system [178], which are either known, guessed or 
treated as unknown, as further discussed below. Other elements of the 
model are the input signals, such as the insulin concentration and other 
experimental conditions, and the output which is the measured data value.  

The reaction rate in a ODE model can be simply described by mass action 
kinetics (figure 12, equation 2). This is usually the starting point and 
surprisingly often this equation type is enough to explain signaling data. 
However, in biological systems rates are typically dependent on enzymes 
and can be better described by Michaelis-Menten expressions 

 

   
     [ ]

  [ ]
 

Equation 3.  

where the initial reaction rate (  ) relates to the substrate concentration, 

[ ], or by Hill expressions 
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Equation 4. 

where     denotes the binding constant,     is the concentration of 

substrate to the power of the number of substrates. Michaelis-Menten 

creates a hyperbolic function and hence allow for a saturation of the 

reaction. A Hill expression describes cooperativity and results in a switch like 

behavior.  
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PREPARING SIGNALING DATA FOR MODELING  

Most data are possible to use when creating a mathematical model. 

However, there are some issues to consider when producing data for 

modeling which can aid the process. 

In classical biology, insulin signaling is often examined after i) a single 

addition of insulin and ii) at different concentrations of insulin and length of 

time of insulin stimulations. When producing data for modeling it can be 

awarding to make other perturbations of the signaling system, such as 

multiple additions of insulin or lowering of the insulin concentration. For 

example, in paper I we conducted an experiment with two additions of 

insulin, first 1.2 nM of insulin for 4 min with multiple data points measured 

and then adding insulin to 10 nM and observing the system for 4 more 

minutes. The results of our experiment, two peaks in tyrosine 

phosphorylation of IRS1 in response to the insulin additions, provided us 

with a lot more information about the system than a single-addition 

experiment did.  We could e.g. reject mechanisms unable to cause repetitive 

overshoots.  

Normalization is also important to address in preparing data for modeling. In 

classical biology you use a normalization method that suits your purpose 

with the experiment in question. When preparing data for modeling you 

need to consider that all ingoing data will be considered simultaneously and 

that all normalization processes reduce the information in the data. In the 

ideal situation all data would be given in absolute entities such as 

concentration, number of molecules or rates in molecules per second. 

However, in reality, this is often not possible and coming as close to 

absolute values as possible is favorable. In paper III we used a standard mix 

of proteins which made it possible to quantitatively compare data between 

SDS-gels, and enabled us to conclude for example that there is a lower 

steady state level for the phosphorylation of most proteins in the insulin 

signaling pathway in type 2 diabetes. This conclusion is of course 

independent of modeling; however, modeling urged us to use the protein 

standard to improve the data quality and modeling possibilities.  
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UNKNOWN PARAMETERS 

The parameters of a model correspond to the rate constants for the ingoing 

reactions or the scaling between a measured data point and the 

corresponding state in the model. As the rate constants in a biological 

system can be hard or impossible to determine, the parameters are rarely 

known. The parameters can either be approximated or they can be treated 

as unknown. In our case, we treat all the parameters as unknown and try to 

find the values of the parameters that optimize the fit of a model to our 

data. 

PARAMETER OPTIMIZATION 

The model is fitted to the data by optimization of the parameters so that the 

simulated model behaves as the data as much as possible. The model is 

simulated with randomly chosen parameters, limited by chosen realistic 

boundaries, and the simulation is compared with the measured data. This is 

performed by an optimization algorithm in a systems biology toolbox for the 

computer software MATLAB [179]. The optimization process strives to 

minimize the residuals between the simulated values for all measured states 

and the measured data for the same states (figure 13). The models’ 

collected deviation at each data point, taking the standard error into 

account, is presented as a cost function  

 

 ( )  ∑(
   ̂

  
)
 

        

 

 

 

Equation 4  

where V(p)  denotes  the distances between simulations and experimental 

data; y, the experimental data;  ̂, the simulated value; and SD standard 

deviation of the experimental data. 
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 Figure 13. Experimental data points (filled circles) with the corresponding model 

simulation (---) and the residuals drawn as arrows. Optimization strives to minimize 

the collected residuals for all included data points. 

 

It is possible to add different “penalties” to the cost function, which 

determines the cost, in order to emphasize the importance of some special 

behavior in the data. After calculating the cost for a certain parameter set, 

the algorithm will calculate which new parameters to test and the 

optimization is repeated.  

The results from an optimization are the optimal solution (that was found) 

and all the other solutions with higher costs [95, 174].  Prior knowledge, 

such as known rates, or estimated range for the rates, of reactions or 

concentrations of the ingoing states are added to reduce the searched 

parameter space. 
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CORE PREDICTIONS (PAPER I) 

A problem in testing which of several model structures is the best to 

describe the system of interest is that the best fit to the data is only one out 

of numerous possible combinations of parameter values. Out of all these 

sets of parameter combinations many sets match the data equally good 

from a statistical point of view. All the parameter values that are in the 

statistically acceptable range we refer to as acceptable parameters. When 

evaluating models ability to describe the data we examine not only at the 

best parameters, but all acceptable parameters, for a certain model and 

search for a non-tested behavior that is described by all parameters. This 

behavior can then be experimentally tested. Such shared properties are 

referred to as a core predictions [174]. An example to illustrate the concept 

of core predictions: In Paper I we found that for a certain model (Mi) to 

explain the data, more than 55 % of IR needs to be internalized at 10 min 

after insulin addition for all acceptable parameters (figure 14). This core 

prediction could be experimentally tested and was falsified; hence the 

model structures ability to explain the data could be rejected.  Assuming 

that the data are correct, these rejections are final and the discarded 

hypothesis cannot explain the data, even if more data is added. In 

conclusion, another model structure is needed to explain the data. If one 

instead had performed a prediction from only the best set of parameters, 

there would be no strong conclusions drawn, as another set of equally good 

parameters could have predicted a completely different behavior.  

The concept of core predictions can be used in an iterative process 

alternating between data-driven modeling and data-gathering (paper I), 

where each iteration rejects model structures and reveals new aspects of 

the system (figure 15). A recent paper, using the core prediction approach 

for modeling insulin signaling in rat adipocytes, revealed two mechanistic 

explanations for a contra-intuitive behavior, where the experimentally 

determined tyrosine phosphorylation of IRS1 peaks before the auto-

phosphorylation of IR [180].  
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Figure 14. All the acceptable parameters for a model structure (Mi) predict that after 

10 minutes of insulin stimulation percentage of IR internalized is higher than 55 %. 

Each red line represents one simulated parameter set. 

 

 

 

Figure 15. A description of our iterative experimental-modeling approach. Models 

are created from prior knowledge (data) and hypothesis (model structures), fitted to 

experimental data, rejected or accepted. Thereafter we analyze the model to find 

shared properties for all acceptable parameters of acceptable models, core 

predictions. These core predictions are tested experimentally and the cycle is 

restarted.  
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CONCLUSIONS  
In paper I we created a model for initial insulin signaling in human 

adipocytes. We introduced the concepts of core predictions and conclusive 

modeling independent of known parameter values. Iterating between 

conclusive modeling and experimental work we found that: 

 Neither insulin degradation, receptor internalization, nor feedback 

signals can, as separate explanations, cause the overshoot in 

tyrosine phosphorylation of IRS1, while an endocytosis-dependent 

feedback mechanism explains all available data.  

 Interfering with the feedback from downstream of IRS1 back to IR 

may substantially increase overall signaling strength, suggesting 

novel therapeutic targets for insulin resistance and type 2 diabetes. 

 

In paper II we introduced multilevel hierarchical modeling. Connecting 

experimentally determined insulin controlled glucose uptake in adipocytes 

to the glucose homeostasis at the whole body level. We demonstrate that it 

is possible to plug in sub-models describing different parts of the system in 

more detail. Also, we concluded that: 

 It is not possible to scale up the experimentally determined glucose 

uptake by isolated human adipocytes to match the glucose uptake 

profile of the whole adipose tissue in vivo. Other insulin effects, e.g. 

on blood flow in the adipose tissue and GLUT4 translocation due to 

cell handling, need to be considered. 

 

In paper III we created a model of insulin signaling in human adipocytes 

normally and in type 2 diabetes. The model is entirely driven by a large set 

of experimental data obtained in primary human adipocytes in a consistent 

way. We used the model to analyze our data from patients with and without 

type 2 diabetes and concluded that: 
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 The sensitivity towards insulin is decreased for most measured 

proteins, downstream of IR in type 2 diabetes as compared to non-

diabetics. There is also a lower maximal response to insulin for 

most measured proteins in type 2 diabetes as compared to non-

diabetic controls. 

 Attenuation of a positive feedback to phosphorylation of serine 307 

of IRS1 can explain the insulin resistance in adipocytes seen in type 

2 diabetes. Increasing the feedback, in the type 2 diabetes model, 

restores the insulin sensitivity of the whole signaling pathway.  
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FUTURE PERSPECTIVES 
Our hypothesis is that the insulin activation of mTORC1 is attenuated in 

insulin resistance and that this mechanism is a way to limit accumulation of 

triacylglycerol and growth of the individual adipocytes, in a situation with 

constantly high plasma triglycerides, glucose and insulin. This hypothesis 

implies that a good treatment for type 2 diabetes, besides reduction of food 

intake and weight loss, would be to promote recruitment of more 

adipocytes. There are already anti-diabetic-drugs on the market doing 

exactly this, the glitazones, with proven insulin sensitizing effect. A 

remaining and interesting question is what is the signal to mTORC1 saying 

“this cell must stop accumulating lipids and further growth”? 

I moreover want to stress the importance of using model systems relevant 

to the human cells and organs we wish to understand. It is also important to 

investigate the differences between the model system and the situation in 

the intact human body, to be able to fully interpret the meaning of new 

information at the cellular level.  
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Fig. S1. Comparison of sensitivity to insulin of the different signaling steps, normally and in 

adipocytes from subjects with T2D. Dose-response effects of indicated concentrations of insulin on 

indicated signaling intermediaries and glucose transport using data from Fig. 1B. (A) Adipocytes from 

non-diabetic subjects display a shift in insulin-sensitivity from IR to IRS1/PKB and from IRS1/PKB to 

AS160/glucose uptake. (B) Adipocytes from subjects with T2D display a reduced sensitivity to insulin, 

most marked for IRS1 and AS160/glucose uptake, but the increased insulin-sensitivity from IRS1to 

AS160/glucose uptake remains in subjects with T2D. The insulin sensitivity at PKB is not altered in 

subjects with T2D. (C) A profile likelihood analysis (1) estimation of mean and variance for the EC50 

variables of non-diabetic (filled blue circles) and diabetic (open red circles) subjects shows that EC50 of 

IRS1-YP and glucose uptake are separated between non-diabetic and diabetic subjects, while EC50 of IR-

YP and PKB-T308P are clearly overlapping and EC50 of AS160-T642P slightly overlapping. Also, EC50 

of IRS1-YP for non-diabetics is lower and separated from EC50 of IR-YP, while for diabetics IRS1-YP is 

higher and also separated. We performed the profile likelihood analysis using a Hill equation to allow for 

variable slope and maximum values of the parameters of a sigmoid dose-response curve. 
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Fig. S2. The removed reactions of the mechanistic model. The structure of the mechanistic 

mathematical model as in Fig. 3A. The reactions indicated in orange were not necessary to describe the 

data in Fig. 1B and were removed to reduce the number of parameters in the final model. 

  

  



 

  



 

  



 

 

Fig. S3. Analysis of the three diabetes-parameters elucidates their individual contributions to the 

diabetic state. Simulations of the non-diabetic (blue lines) and diabetic (red lines) states are the same as 

Fig. 3B in the main text. (A) Reducing the concentration of IR to 55 % of the non-diabetic state (red 

dashed lines) slightly lowers the steady state levels of IR-YP and some of the IRS1 states, as well as 

lowers the basal uptake of glucose, and slightly affects the sensitivity to insulin in AS160 and the glucose 

uptake. (B) Reducing the concentration of GLUT4 to 50 % of the non-diabetic state (red dashed lines) 

effects the basal and maximal insulin-stimulated uptake of glucose, but there is no effect on the insulin 

sensitivity. (C) Reducing the feedback, from mTORC1 to IRS1, to 15 % of the non-diabetic state (red 

dashed lines) reduces the sensitivity to insulin over the whole insulin signaling network, as well as the 

steady state responses in signaling intermediates where these effects are seen in the data. There is, 

however, a small effect on the levels of maximal glucose uptake.  

mTORC1 feedback 15 % 



Table S1. Patient data. List of data on patients and number of patients (n) in the experiments reported in 

the indicated figures. 

 

Figure 
nr 

Age 
years 

Body Mass Index 
kg/m2 

n 
female/male 

contr T2D contr T2D contr T2D 

1B a1 65 56 24 37 5/0 5/4 

1B a2 55 57 26 35 16/0 11/4 

1B a3 60 59 26 36 17/0 12/4 

1B a4 56 48 31 42 7/0 5/0 

1B a5 66 57 24 36 8/0 5/5 

1B b1a 59 55 24 41 5/0 3/1 

1B b1b,c n.a. - n.a. - 6/0 - 

1B b2a 59 54 25 40 7/0 4/2 

1B b2b,c n.a. - n.a. - 6/0 - 

1B b3 57 61 26 46 7/0 5/0 

1B b4 54 61 30 39 7/0 4/3 

1B b5 57 57 31 48 14/1 4/1 

1B c1c 55 - 24 - 3/0 - 

1B c2 66 60 27 36 5/0 6/0 

1B c3 58 61 27 36 7/0 5/0 

1B c5 62 - 27 - 5/0 - 

1B d1c 60 - 31 - 8/0 - 

1B d2 54 61 30 39 7/0 4/3 

1B d3 51 56 29 43 7/0 4/1 

1B d4 54 61 30 39 7/0 4/3 

1B d5 54 61 30 39 7/0 4/3 

5C 56 - 31 - 6/0 - 

5Cd 45 - 35 - 3/0 - 

5E 53 - 31 - 7/1 - 

5Ed 55 - 30 - 3/0 - 

7 54 66 30 35 7/0 2/1 

7e - 53 - 42 - 1/2 
 
 
a
 Determined after 0 and 10 min incubation with insulin. 

b 
Determined at 0 min, and all indicated time-points, incubation with insulin. 

c
 Data from (2). 

d 
Cells incubated with rapamycin.   

e
 Diabetes patients received metformin treatment. 

n.a., information not available 

 

  



Supplementary text 

 
 

1. Qualitative modeling of diabetes 

First, we used a model developed for the early insulin signaling pathway (2) to see the effects of lowering 

the concentration of IR or IRS1, or to increase a negative feedback to IR. We used the existing model 

structure (Mifa in (2)), and used the acceptable parameters in the simulations, as depicted in Fig. 2B. 

 

Next, we used simple ordinary differential equations (ODE) feedback models to analyze the effect of 

perturbing a positive or negative feedback. We based the models on mass action kinetics. We picked 

model parameters to be able to demonstrate the wanted qualitative behavior of the models. First, we tested 

a positive feedback model, with a perturbation parameter < 1: 

 

d/dt(IR)   = -kbasal*IR+k1*IR*input+k2*IRp       

d/dt(IRp)   = kbasal*IR+k1*IR*input-k2*IRp       

d/dt(IRS1)  = -k3*IRS1*IRp*(1+IRS1p*perturbation)+k4*IRS1p   

d/dt(IRS1p)  = k3*IRS1*IRp*(1+IRS1p*perturbation)-k4*IRS1p   

 

where (IR) and (IRp) are the inactive and active form of IR, (IRS1) and (IRS1p) the inactive and active 

form of IRS1. The feedback (IRS1p*perturbation) increases the activation of IRS1. For the positive 

feedback model we used the following parameters: 

 

input    = 0-100 nM insulin 

perturbation = 1e-2 

kbasal    = 8                        

 

k1  = 90                           

k2  = 15                           

k3  = 0.1                           

k4  = 50 

 

Next, we tested a negative feedback model, with a perturbation parameter > 1: 

 

d/dt(IR)   = -kbasal*IR+k1*IR*input+k2*IRp       

d/dt(IRp)   = kbasal*IR+k1*IR*input-k2*IRp       

d/dt(IRS1)  = -k3*IRS1*IRp/(1+IRS1p*perturbation)+k4*IRS1p   

d/dt(IRS1p)  = k3*IRS1*IRp/(1+IRS1p*perturbation)-k4*IRS1p         

 



where (IR) and  (IRp) are the inactive and active form of IR, (IRS1) and (IRS1p) the inactive and 

active form of IRS1. The feedback (IRS1p*perturbation) decreases the activation of IRS1. For the 

negative feedback model we used the following parameters: 

 

input    = 0-100 nM insulin 

perturbation = 1e3 

kbasal    = 1    

                     

k1  = 1                           

k2  = 1                           

k3  = 10                           

k4  = 0.1 

 

The perturbation parameter (perturbation) is set to 1 in the non-diabetic state for both models. The 

resulting simulations for the feedback models are depicted in Fig. 2C. 

 

2. Development of the mechanistic model 

We developed a mechanistic model of the insulin signaling pathway using knowledge of the system and 

the information in the data in Fig. 1B as well as the conclusions from the qualitative modeling. 

 

2.1 Mechanistic modeling of IR 

We used the dynamics of IR signaling from an earlier model of the initial phase of insulin signaling (2), 

and simplified the equations as much as possible while still explaining all data. The ODEs describe the 

relations between the inactive state of the receptor (IRm), tyrosine phosphorylated state of the receptor 

(IRm_YP) and insulin bound state of the receptor (IRins), as well as the tyrosine phosphorylated and 

internalized state of the receptor (IRi_YP) and the internalized state of the dephosphorylated receptor 

(IRi): 

  

d/dt(IRm)   = -v1a-v1basal+v1r+v1g 

d/dt(IRm_YP)  = v1basal+v1c-v1d-v1g 

d/dt(IRins)  = v1a-v1c 

d/dt(IRi_YP)  = v1d-v1e 

d/dt(IRi)   = v1e-v1r 

 

The IR module is activated by the input signal (insulin), which is varied between 0 – 100 nM in 

different experiments/simulations. There is also a basal activation of IR. All reactions in the IR module are 

based on mass-action kinetics: 

 



v1a  = IRm*k1a*insulin 

v1basal = k1basal*IRm 

v1c  = IRins*k1c 

v1d  = IRm_YP*k1d 

v1e  = IRi_YP*k1f*X_P 

v1g  = IRm_YP*k1g 

v1r  = IRi*k1r 

 

The measured tyrosine phosphorylated IR (measured_IR_YP) is obtained by adding the tyrosine 

phosphorylated states of IR and the measured internalized IR (measured_IRi) by adding the 

internalized states of IR: 

 

measured_IR_YP  = IRm_YP+IRi_YP 

measured_IRi  = IRi+IRi_YP 

 

2.2 Mechanistic modeling of IRS1 

We developed a new dynamic module for the IRS1 dynamics based on a model for the initial phase of 

insulin signaling (2) and the new data of IRS1 serine-307 phosphorylation. We allowed for all possible 

reactions between the states of IRS1, but after fitting to data we removed redundant reactions. The ODEs 

describe the relations between the inactive state of IRS1 (IRS1), the tyrosine phosphorylated state 

(IRS1_YP), the serine 307 phosphorylated state (IRS1_S307P), and the combined tyrosine/serine 

phosphorylated state (IRS1_YP_S307P): 

 

d/dt(IRS1)   = v2b+v2g-v2a-v2basal  

d/dt(IRS1_YP)  = v2a+v2d-v2b-v2c  

d/dt(IRS1p307)  = v2c-v2d-v2f 

d/dt(IRS1_YP_S307P) = v2basal+v2f-v2g 

 

IRS1 is tyrosine phosphorylated by the tyrosine phosphorylated and internalized IR state. Other activities 

in the IRS1 module is a basal as well as a mTORC1-mediated serine 307 phosphorylation:  

 

v2a  = IRS1*k2a*IRi_YP 

v2b  = IRS1_YP*k2b 

v2c  = IRS1_YP*k2c*mTORC1a 



v2d  = IRS1_YP_S307P*k2d 

v2f  = IRS1_YP_S307P*k2f 

v2basal = IRS1*k2basal 

v2g  = IRS1_S307P*k2g 

 

The measured tyrosine phosphorylated IRS1 (measured_IRS1_YP) is obtained by adding the tyrosine 

phosphorylated states. The measured serine-307 phosphorylated IRS1 (measured_IRS1_YP_S307P) 

by adding the serine phosphorylated states:  

 

measured_IRS1_YP  = IRS1_YP+IRS1_YP_S307P   

measured_IRS1_S307P = IRS1_YP_S307P+IRS1_S307P     

 

2.3 Mechanistic modeling of the negative feedback to IR 

We used the dynamics for the negative feedback to IR from the model of the initial phase of insulin 

signaling (2). The ODEs describe the relations between the inactive state of the negative feedback (X) and 

the active state of the negative feedback (X_P). 

 

d/dt(X)  = v3b-v3a  

d/dt(X_P)  = v3a-v3b  

 

The negative feedback is activated by tyrosine phosphorylated IRS1 and the reactions are based on mass-

action kinetics: 

 

v3a  = X*k3a*IRS1_YP 

v3b  = X_P*k3b 

 

2.4 Mechanistic modeling of PKB 

We developed a new dynamic module for the PKB dynamics where we allowed for all possible reactions 

between the different PKB states. The ODEs describe the relations between the inactive state of PKB 

(PKB), the threonine-308 phosphorylated state (PKB_T308P) that is activated by IRS1, the serine-473 

phosphorylated state (IRS1_S473P), and the combined phosphorylated state (PKB_T308P_S473_P) 

that is activated by mTORC2 and IRS1: 

 

d/dt(PKB)    = -v4a+v4b+v4h  



d/dt(PKB_T308P)   = v4a-v4b-v4c 

d/dt(PKB_S473_P)   = -v4e+v4f-v4h 

d/dt(PKB_T308P_S473_P) = v4c+v4e-v4f 

 

The reaction rates follow mass-action kinetics: 

 

v4a  = k4a*PKB*IRS1_YP 

v4b  = k4b*PKB_T308P 

v4c  = k4c*PKB_T308P*mTORC2a 

v4e  = k4e*PKB_S473_P*IRS1_YP_S307 

v4f  = k4f*PKB_T308P_S473_P 

v4h  = k4h*PKB_S473_P 

 

The measured threonine-308 phosphorylated state (measured_PKB_T308P) is obtained by adding the 

threonine-308 phosphorylated state and the combined phosphorylated state. The measured serine-473 

phosphorylated state (measured_PKB_S473P) is obtained by adding the serine-473 phosphorylated 

state and the combined phosphorylated state: 

 

Measured_PKB_T308P = PKB_T308P+PKB_T308P_S473P  

Measured_PKB_S473P = PKB_S473P+PKB_T308P_S473P 

 

2.5 Mechanistic modeling of mTOR 

We modeled both mTORC1 that is activated by PKB and is involved in the phosphorylation of IRS1 at 

serine 307 (mTORC1a), and mTORC2 that is involved in the PKB threonine-473 phosphorylation 

(mTORC2a). The mTORC2 activating protein is unknown, but we model activation downstream of IR: 

 

d/dt(mTORC1)  = v5b-v5a  

d/dt(mTORC1a)  = v5a-v5b 

d/dt(mTORC2)  = -v5c+v5d 

d/dt(mTORC2a)  = v5c-v5d 

 

Using the following reaction rates based on mass action kinetics: 

 

v5a  = mTORC1*(k5a1*PKB_T308P_T473P+k5a2*PKB_T308P) 



v5b  = mTORC1a*k5b 

v5c  = mTORC2*k5c*IR_YP 

v5d  = k5d*mTORC2a 

 

2.6 Mechanistic modeling of glucose uptake 

We have measured the PKB-specific phosphorylation site threonine-642 on AS160 (AS160_T642P) that 

is involved in inducing translocation of glucose transporter-4 from the cytosol (GLUT4) to the plasma 

membrane (GLUT4m) (with no distinction between translocation, tethering, and fusion with the 

membrane), where it allows glucose to enter the cell. We have modeled the glucose uptake dynamics 

using the following ODEs: 

 

d/dt(AS160)  = v6b-v6f 

d/dt(AS160_T642P) = v6f-v6b 

d/dt(GLUT4m)  = v7f-v7b 

d/dt(GLUT4)  = -v7f+v7b 

d/dt(GLUC)   = v8 

 

The glucose concentration (glucose) in the experiments/simulations was 0 or 0.05 mM. The reactions 

are based on mass actions kinetics, except for the activation of AS160 by the serine-473 phosphorylated 

PKB state (PKB_S473P), where Hill kinetics were applied to produce the shift in EC50 values: 

 

v6f  = AS160*(k6f1*PKB_T308P_S473P   

+k6f2*PKB_S473P^n6/(km6^n6+PKB_S473P^n6)) 

v6b  = AS160_T642P*k6b 

v7f  = GLUT4*k7f*AS160_T642P 

v7b  = GLUT4m*k7b 

v8  = k8*GLUT4m*glucose+glut1*glucose  

 

Both the measured threonine-642 phosphorylated state of AS160 (measured_AS160_T642P) and the 

accumulated glucose concentration in the cell (measured_GLUCOSE) correspond to the matching states 

in the model: 

 

measured_AS160_T642P = AS160_T642P 

measured_GLUCOSE  = GLUC 



 

2.7 Mechanistic modeling of S6K/S6 

We modeled the readouts for the mTORC1 activity, S6K and S6. S6K can in its phosphorylated/activated 

form (S6K_T389P) phosphorylate/activate S6 (S6_S235/236P): 

 

d/dt(S6K)   = v9b1-v9f1 

d/dt(S6K_T389P)  = v9f1-v9b1 

d/dt(S6)   = v9b2-v9f2 

d/dt(S6_S235/236P) = v9f2-v9b2 

 

The activation of S6K by mTORC1 is described with Hill kinetics, and the other reaction rates with mass 

action kinetics: 

 

v9f1  = S6K*k9f1*mTORC1a^n9/(km9^n9+mTORC1a^n9) 

v9b1  = S6K_T389P*k9b1 

v9f2  = S6*k9f2*S6K_T389P 

v9b2  = S6_S235/236P*k9b2 

 

We have measured the active form of S6K and S6: 

 

measured_S6K_T389P  = S6K_T389P  

measured_S6_S235/236P  = S6_S235/236P 

 

3. Modeling the diabetic state 

We used three different diabetes-parameters to adapt the model to the diabetic state: (i) lowering to 55 % 

of the normal protein concentration of IR, (ii) 50 % lowering of the protein concentration of GLUT4, and 

(iii) a diabetes effect on the mTOR mediated feedback to phosphorylation at serine-307 of the tyrosine 

phosphorylated IRS1 state: 

 

v2c  = IRS1_YP*k2c*mTORC1a*diabetes 

 

4. Modeling the rapamycin effect 

We used a rapamycin parameter (rapamycin), which will decrease the PKB mediated activation of 

mTORC1, to simulate the rapamycin data: 



 

v5a       = mTORC1*(k5a1*PKB_T308P_T473P+k5a2*PKB_T308P)/(rapamycin+1) 

 

We fitted the rapamycin parameter to the IRS1-S307P and IRS1-YP rapamycin data in Fig. 5A and 5B, 

and simulated the effects of rapamycin (Figure 5C-E) using this rapamycin parameter. 

 

5. Model parameters 

We estimated all model parameters by fitting the model to the data in Fig 1C: 

 

diabetes  = 0.1548 

k1a   = 0.6331 

k1basal  = 0.03683 

k1c   = 0.8768 

k1d   = 31.012 

k1f   = 1840 

k1g   = 1944  

k1r   = 0.5471  

k2a   = 3.227 

k2c   = 5759 

k2basal  = 0.04228 

k2b   = 3424  

k2d   = 280.8 

k2f   = 2.913  

k2g   = 0.2671 

k3a  = 0.001377  

k3b  = 0.09876 

k4a  = 5790 

k4b  = 34.80 

k4c  = 4.456 

k4e  = 42.84 

k4f  = 143.6 

k4h  = 0.5361  

k5a1  = 1.842  

k5a2  = 0.05506  

k5b  = 24.83 

k5d  = 1.060  

km5  = 2.650 

k5c  = 0.08575  

k6f1  = 2.652 

k6f2   = 36.  

km6   = 30.54  

n6   = 2.137  

k6b   = 65.18 

k7f   = 50.98 

k7b   = 2286 

k8   = 724.2 

glut1  = 7042 

k9f1   = 0.1298 

k9b1   = 0.04441 

k9f2   = 3.329 

k9b2   = 31.00 

km9   = 5873 

n9   = 0.9855 

rapamycin  = 15

 

6. Simulating the total mechanistic model 

The total mechanistic model can be simulated both in the non-diabetic state (Model S1), and in the 

diabetic state (Model S2). 

 

7. Combining the mechanistic model with a whole-body glucose homeostasis model 

First, we inserted the non-diabetic version of our developed insulin signaling model in the non-diabetic 

version of a whole-body glucose homeostasis model (3). This combined multilevel model (Model S3) 

describes the dynamic response to a meal both at the whole-body level and at the mechanistic insulin 

signaling level for the adipose tissue. The connections between the two models are the insulin and glucose 



concentrations. For the insulin concentration we replaced the in vitro added insulin concentration 

(insulin) with the dynamic whole-body insulin concentration in the tissues (INS+5). 

 

v1a  = IR*k1a*insulin  =>  

v1a   = IR*k1a*(INS+5)  

 

We did the same for the glucose concentration, i.e. we replaced the in vitro added glucose concentration 

(glucose) with the dynamic whole-body glucose concentration in the tissues (G_t). Since we kept the 

diabetes model as simple as possible we did not include Michaelis-Menten saturation in the glucose 

uptake by glucose transporters 1 and 4 (GLUT1 and GLUT4), like in the previous model (4), instead the 

model is based on mass action kinetics: 

 

glucoseuptake  = k8*GLUT4m*glucose+glut1*glucose  => 

glucoseuptake  = k8*GLUT4m*G_t+glut1*G_t    

 

We also included the previously identified in vitro/in vivo differences, starting with the insulin induced 

increased blood flow (kbf*(INS+5)) that increases the glucose uptake: 

  

glucoseuptake = k8*GLUT4m*G_t+glut1*G_t+kbf*(INS+5) 

 

The other in vitro/in vivo difference, i.e. the mechanical stress that occurs on the isolated adipocytes in the 

in vitro situation, was included in the diabetes model as a change in the basal activation of the system. We 

lowered the basal activation parameter: 

 

k1basal = k1basal*0.9 

 

Finally, we did the same for the diabetes version of our developed insulin signaling model. We used the 

diabetes-parameters of the insulin signaling model and the diabetes version of the whole-body glucose 

homeostasis model (3). The combined diabetes model (Model S4) describes the meal response for a 

subject with type 2 diabetes using our mechanistic insulin signaling adipose tissue module based on in 

vitro data from subjects with type 2 diabetes. 
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Model S1. This model file includes the developed mechanistic mathematical model of the insulin 

signaling network in the non-diabetic state in Systems Biology Markup Language (SBML). Filename: 

SupplementaryModel1.xml. File size: 0.03 MB. 

 

Model S2. The model file for the insulin signaling network in the diabetic state. Filename: 

SupplementaryModel2.xml. File size: 0.03 MB. 

 

Model S3. This model file for the combined mechanistic insulin signaling/whole-body glucose 

homeostasis model for the non-diabetic state. Filename: SupplementaryModel3.xml. File size: 0.05 MB. 

 

Model S4. This model file for the combined mechanistic insulin signaling/whole-body glucose 

homeostasis model for the diabetic state.  Filename: SupplementaryModel4.xml. File size: 0.05 MB. 

 

 




