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ABSTRACT 

Aims 

The overall aim of this doctoral thesis was to further examine the anthropometric, 

metabolic and adipose tissue dysfunctions, as well as explore novel metabolites, associated 

with type 2 diabetes mellitus (T2D), examining individuals both with and without known 

genetic predisposition to T2D. This thesis is part of the research conducted at Lundberg 

laboratory for diabetes research, Institute of Medicine, Sahlgrenska Academy, at Gothenburg 

University. 

 

In study I, we aimed to investigate if markers of adipose tissue dysfunction, as well as 

anthropometric and biochemical markers of glucose metabolism dysfunction, were present 

in subjects with a family history of T2D and controls. 

In study II, we aimed to identify predictive factors of deteriorating glucose tolerance in 

individuals with known genetic predisposition to T2D, using similar measures as in study I. 

In study III, we aimed to compare individuals with and without genetic predisposition to 

T2D. 

In study IV, we aimed to examine how, in addition to anthropometric and biochemical 

variables, adipose tissue distribution and morphology and non-targeted serum metabolites 

predict cardiometabolic profile.  

In study V, we further examined non-targeted serum metabolites and its associations to 

markers of glucose and insulin metabolism, as well as to adipose tissue morphology and 

distribution. 

 

Materials and methods (study I-V) 

In study I, we examined 17 first-degree relatives (FDR) and compared them to 17 controls 

without known genetic predisposition using anthropometric data, OGTT data and 

subcutaneous adipose tissue biopsy data. 

In study II, we explored predictive factors of deteriorating glucose tolerance in 138 FDR 

using anthropometric data, OGTT, IVGTT euglycemic clamp data as well as adipose tissue 

cell size. 

In study III, we compared 200 FDR to 73 controls in a cross-sectional manner, examining 

the same variables as described in study II. 
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In study IV and V, we examine 53 male individuals with extensive clinical, biochemical and 

magnetic resonance imaging phenotyping, as well as targeted and non-targeted serum 

metabolites. Machine learning methods were used.  

 

Results (study I-V) 

In study I we found that FDR displayed adipocyte dysfunction and impaired insulin 

sensitivity, compared to controls.  

In study II, we found that the FDR that developed IGT and T2D at baseline displayed both 

markers of impaired insulin sensitivity and impaired insulin secretion, as well as adipose 

tissue dysfunction. 

In study III we found differences in several OGTT measurements between groups, indicating 

that OGTT can be an easy yet effective measure to assess glucose tolerance in high risk 

individuals.  

In study IV we found that visceral fat accumulation and age predicted ectopic fat storage in 

heart and liver, and found metabolites associated with a family history of T2D. 

In study V, we presented metabolites predicting markers of glucose and insulin metabolism, 

as well as markers of adipose tissue morphology and distribution.  

 

Conclusion 

In this doctoral thesis we further characterized the development of T2D in individuals 

genetically predisposed to the condition, with a focus on adipose tissue dysfunction and the 

usefulness of the OGTT. We finally explore novel metabolomic markers of T2D. 

 

Key words 

Type 2 diabetes mellitus – OGTT – insulin resistance – β-cell function - ectopic fat – 

dysfunctional adipose tissue – metabolomics 
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POPULÄRVETENSKAPLIG SAMMANFATTNING PÅ SVENSKA 

Typ 2 diabetes är en sjukdom med störningar i socker-, fett- och proteinmetabolismen, och 

är tätt kopplad till övervikt och fetma. Det senaste halva seklet har vi sett en lavinartad 

ökning av dessa tillstånd och idag lever nästan en halv miljard människor med typ 2 

diabetes. Släktingar till personer med diabetes löper ökad risk att själva få sjukdomen. 

Denna avhandling ämnade studera en sådan grupp med ökad risk för typ 2 diabetes, och 

karaktärisera i detalj hur denna ökade risk för typ 2 diabetes såg ut. 

 

Vi undersökte sammanlagt 273 individer som har följts över tid på Lungberglaboratoriet för 

diabetesforskning. I delstudierna användes antingen alla individer, eller mindre grupper av 

dem. Vi vägde dem, räknade ut body mass index (BMI) och mätte kroppsfettsmängd, samt 

tog blodprover för att undersöka bland annat blodfettsnivåer. Individerna fick sedan 

genomgå detaljerade tester av deras glukos- (socker-) tolerans, hur väl kroppen utsöndrade 

insulin (det hormon som hjälper socker in i cellen) och hur väl kroppen reagerade på insulin 

(så kallad insulinkänslighet). Vi tog även ett vävnadsprov från bukens fettvävnad för att 

undersöka avvikelser i fettvävnaden. Vi gjorde sedan i en mindre grupp även olika röntgen- 

och magnetkamerundersökningar för att bedöma var fett ansamlades hos dess individer, 

och undersökte hur olika fettansamlingar var kopplade till olika tecken till typ 2 diabetes. 

Slutligen undersökte vi en mängd nya små molekyler, så kallade metaboliter, och 

undersökte om dessa var kopplade till typ 2 diabetes.  

 

Vi fann att släktingar till personer med typ 2 diabetes hade förändringar i sin fettvävnad, 

försämrad insulinproduktion och försämrad insulinkänslighet, vilka alla är förenligt med 

typ 2 diabetes, trots att dessa individer inte hade diabetes. Vi bekräftade att den idag vanligt 

förekommande orala sockerbelastningen är lika bra som mer avancerad testning vid 

bedömning av individer med hög risk för typ 2 diabetes. Vi fann att fettlagring i buken och 

stigande ålder ökar risken för fettinlagring runt organ. Slutligen presenterade vi en rad 

metaboliter som var kopplade till socker- och insulinnivåer, samt till olika typer av 

fettinlagring.  

 

Våra fynd bekräftar bilden forskare idag har av att släktskap är en viktig riskfaktor i 

utveckling av typ 2 diabetes och dessa till synes friska individer bär på avvikelser i sin 

omsättning av ämnen i kroppen redan innan de utvecklar diabetes. Ett särskilt intressant 
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område är hur fettvävnaden, möjligen nedärvt, tycks dysfunktionell hos dessa individer. Här 

finns möjlighet till läkemedelsutveckling i framtiden. De nya så kallade metaboliterna vi 

fann var kopplade till typ 2 diabetes är del i ett fortfarande nytt område inom 

diabetesforskningen och bör tolkas med försiktighet. Mer forskning inom detta nya fält 

behövs.  
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1 INTRODUCTION  

Type 2 diabetes mellitus (T2D) is a disease diagnosed by hyperglycemia, but characterized 

also by disturbances in the metabolism of lipids and proteins, and closely associated with 

obesity and the metabolic syndrome. It is a major risk factor of cardiovascular morbidity, 

which is the number one cause of death globally today. With the ongoing obesity epidemic, 

T2D has risen to endemic proportions and has become a major public health concern. 

Therefore, it is of great essence to further explore the underlying mechanisms of T2D (1-3). 

In this thesis, we aim to do so.  

 

1.1 Hyperglycemia - clinical presentation and diagnostic criteria 

The typical symptoms of diabetes mellitus (DM) are due to marked hyperglycemia, and 

consist of polyuria, polydipsia and fatigue. In T2D the onset of disease is often gradual, and 

symptoms are mild. Due to the unspecific and mild symptoms, T2D is grossly under-

diagnosed and it is estimated that between a third and half of all T2D cases are undiagnosed 

and thus untreated (4). T2D constitutes over 90 % of cases of diabetes mellitus (DM) 

globally (1).  

 

The diagnosis of DM, defined by the WHO, can be made in four different ways: 

 

- Two independent fasting plasma glucose measurements of 7.0 mmol/L, separated in 

time by at least 24 hours 

-  A plasma glucose measurement at 120 minutes during an oral glucose tolerance test 

(OGTT; described below) of 11.1 mmol/L or above 

- A HbA1c of 48 mmol/mol (6.5 %) or more, using a method that is NGSP certified and 

standardized to a DCCT assay 

- A random plasma glucose measurement of 11.1 mmol/L or more, when symptoms of 

hyperglycemia are present (5). 

 

Once a diagnosis on DM has been made, differentiating between the types of DM is made 

clinically, as the diagnosis of T2D, specifically, is a clinical one. Indicative of a T2D diagnosis 

are age above 40 years, a sedentary lifestyle, concomitant (especially android ie abdominal) 

obesity and/or metabolic syndrome, a high waist-hip ratio, family history of T2D, normal 

levels of C-peptide and the absence of autoantibodies. It should be noted, that apart from the 
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major type 1 diabetes (T1D) and T2D, several other types exist, but they and T1D will not be 

further discussed in this thesis (5). 

 

Impaired fasting glucose (IFG) is defined as a fasting plasma glucose value of 5.6 – 6.9 

mmol/L and OGTT normoglycemia. Impaired fasting glucose (IGT) is defined as a normal 

fasting glucose level, ie <5.6 mmol/L, but elevated plasma glucose measured at 120 minutes, 

ie 7.8 – 11.0 mmol/L, during an OGTT. These conditions are associated with a markedly 

increased risk of T2D, as well as an increased risk of macrovascular disease and the 

metabolic syndrome (further discussed below) (6).  

 

1.2 Pathophysiology of T2D  

Before further exploring the pathology and pathophysiology of glucose intolerance and its 

associated conditions, the major risk factor that is lifestyle must be mentioned. A diet high 

in calories, lack of exercise and cigarette smoking are major risk factors in developing T2D 

and cardiovascular disease, ie cardiometabolic disease (7, 8).  Making positive lifestyle 

changes has also proven to normalize metabolic disturbances, further emphasizing the 

heavy role lifestyle factors play in the global obesity and T2D epidemic (9). 

 

Until the early 2000, T2D was described as a disease of reduced insulin action peripherally 

(in skeletal muscle and adipose tissue) and centrally (in the liver) and reduced insulin 

secretion by the pancreatic β-cells, resulting in hyperglycemia. It has since been extensively 

studied and today there is a general consensus that T2D is a heterogeneous disease 

characterized by disturbances in pancreatic islet β-cell (ie insulin secretion), the liver and 

muscle cells (ie insulin action), adipose tissue metabolism and morphology, gut hormone 

regulation (ie incretin action), kidney function and pancreatic α-cell function (ie glucagon 

secretion, which is the major antagonizing hormone of insulin), as well as central nervous 

system neurotransmitter dysfunction (2, 10). Mechanistically, there will be extra emphasis 

on adipose tissue metabolism, as well as overall glucose tolerance, in this thesis and the 

other areas of pathophysiology will be mentioned less. 

 

Insulin resistance  

A major player in the development of T2D is decreased insulin action in insulin sensitive 

tissues, ie liver, skeletal muscle and adipose tissue. Then mechanisms describing an insulin 
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Table 1. Summary of organs and cell types involved in the pathogenesis of T2D. 

Hepatocytes Increased glucose production through 

glycogenolysis and gluconeogenesis and 

increased lipid storage 

Skeletal muscle cells Decreased glucose uptake and increased 

lipid storage 

Subcutaneous adipose tissue Increased lipolysis and morphological 

changes towards hypertrophy and 

inflammation 

Pancreatic islet α-cell Increased glucagon secretion 

Pancreatic islet β-cell Reduced insulin secretion 

Small intestine K- and L-cells Reduced incretin effect 

Central nervous system Decreased inhibition of appetite by insulin 

and leptin 

Renal tubular system Increased glucose reuptake 

 

resistant state have been extensively studied and include, but are not limited to, 

disturbances of the intracellular insulin signaling pathways. In the liver, IR results in 

increased gluconeogenesis and decreased glycogen storage, which results in increased 

endogenous glucose production. The insulin resistant liver also exhibits an increased uptake 

of FFAs, released from insulin resistant adipose tissue. FFAs stimulate lipogenesis, 

increasing production and release of VLDL-particles, and lipid storage in the liver (liver 

steatosis). In peripheral insulin sensitive tissue, IR causes a decrease in lipoprotein lipase, 

an enzyme that is responsible for triglyceride (TG) uptake from VLDL-particles (11). By 

these mechanisms, hyperlipidemia ensues. Hypertriglyceridemia also gives rise to a 

decrease in serum HDL, as the lipoprotein composition is altered by the high percentage of 

TG (12, 13).  

 

In skeletal muscle, IR interrupts glucose uptake and glycogen synthesis. Insulin resistant 

skeletal muscle also displays increased lipid storage, which at least in part is the result of 

increasing circulating FFA (further explained below) being taken up by the cells and not 

properly oxidized, and thus intermediate metabolites accumulate and exert so called  

lipotoxicity, increasing local IR (14).  
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In adipose tissue, IR results in an increased activity of the hormone sensitive lipase, 

otherwise inhibited by insulin, which releases stored triglycerides as FFAs and glycerol into 

the blood stream. The glycerol is transported to the liver, where hepatocytes through 

gluconeogenesis produce glucose for the tissues that cannot metabolize FFAs. FFAs can be 

oxidized by most tissues (except erythrocytes and neurons) when glucose is not available. 

(These tissues rely on β-oxidation of FFAs in the liver, which in turn creates ketone bodies 

that can be utilized for energy in neurons and other cells.) Increasing serum FFAs are taken 

up by skeletal muscle and liver to be oxidized in the absence of glucose (which is in fact not 

absent but inaccessible for the cells due to IR). However, oxidation of FFAs in insulin 

resistant skeletal muscle is often incomplete, and intermediate lipid metabolites – 

ceramides, among others - accumulate and exert lipotoxicity, further aggravating IR. The 

result is increased glucose and FFAs in the blood stream, and a catabolic state similar to that 

of starvation, however glucose is plentiful in circulating blood (12).  I will go further into 

insulin resistant adipose tissue below. 

 

Briefly, IR, obesity and the metabolic syndrome are all associated with hypertension, 

dyslipidemia and accelerated atherosclerosis (13). Mechanistically, hyperinsulinemia 

causes excess sodium reuptake by the kidney, increasing the extracellular volume, and it 

increases the activity of the sympathetic nervous system, which increases blood pressure 

through increased cardiac output and peripheral vasoconstriction (13, 15).  IR induces high 

FFA, which have been shown to be an independent vasoconstrictor, thus increasing blood 

pressure (13). T2D is a pro-atherogenic state both mediated by hyperglycemia, and, 

independent of hyperglycemia, by IR itself. Dyslipidemia, which often coexists with T2D and 

IR, further aggravates the atherosclerosis process (16, 17). 

 

The processes that mediate peripheral insulin resistance pathophysiologically are being 

extensively studied. One well-established theory is hypertrophic versus hyperplastic 

adipose tissue expansion. This hypothesis, already proposed by Sims et al in 1971, claims 

that subcutaneous pre-adipocytes must differentiate properly into adipocytes to store 

excess energy upon caloric overload. This differentiation of pre-adipocytes can be impaired, 

resulting in fewer, very large, ie hypertrophic mature adipocytes, instead of hyperplastic, 

smaller mature adipocytes. Hypertrophic subcutaneous adipocytes display local anoxia and 
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a macrophage-like phenotype, causing low grade inflammation locally in the adipose tissue, 

which in turn results in local IR. The link between hypertrophic, IR and low-grade 

inflammation, hallmark findings in T2D and metabolic syndrome, have been shown 

numerous times (18-21). Mechanistically, in the adipocyte, studies have also shown that the 

presence of proinflammatory cytokines, serum FFAs and hyperinsulinemia all “stress” the 

endoplasmic reticulum (ER) of adipocytes (as well as skeletal muscle cells), decreasing 

production of IRS1 and GLUT-4 proteins, which are vital to insulin signaling and glucose 

uptake (22). Finally, stressing the role of adipose tissue in the development of 

cardiometabolic disease, weight loss has been shown to – in addition to lowering the risk of 

cardiometabolic disease - reverse hypertrophic obesity and pro-inflammatory adipokine 

production (23).  

 

A final important marker of adipose tissue dysfunction is altered serum adipocyte derived 

cytokines, ie adipokines. Adipose tissue is an endocrine organ and releases cytokines, 

adipokines, to influence the metabolism of other metabolically active organs. Certain 

adipokines are potent pro-inflammatory hormones, increasing IR, and others, for example 

adiponectin, are anti-inflammatory and functioning as an insulin sensitizer, decreasing 

gluconeogenesis and lipid accumulation in the liver and increasing glucose uptake and 

glycogen synthesis in skeletal muscle. It also has central nervous effects and in mouse 

models has shown to promote weight loss. It is considered protective against cardiovascular 

disease (24). In IR, serum adiponectin is decreased, compared to insulin sensitive controls 

(25). Increasing adiponectin is correlated to normalizing glucose tolerance and metabolism, 

and lipid metabolism (24, 26, 27). 

 

Subcutaneous adipose tissue (SAT) dysfunction is also associated with ectopic adipose 

tissue storage, ie fat storage around internal organs abdominally and around the heart, 

intrahepatically and in skeletal muscle tissue. There is a well-established theory that the 

SAT has a finite ability to store excess energy, and upon further excess energy intake ectopic 

fat storage and secondary lipotoxicity occurs (28). Fat storage in the liver further aggravates 

the above-mentioned IR state in the liver by increasing gluconeogenesis and lipolysis, thus 

adding to glucose and FFA production in the liver. Fat in skeletal muscle has been shown to 

aggravate local IR through decreasing glucose uptake. Ectopic fat storage,  
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possibly due to inability to store fat subcutaneously, is tightly associated with IR, T2D and 

cardiovascular disease. (29). 

 

Pancreatic islet β-cell dysfunction 

In the mammal body, insulin is synthesized and released by the β-cell in the pancreatic 

islets. It is our main anabolic hormone, responsible for facilitating storing excess energy in a 

positive energy balance, ie postprandially. The most powerful insulin stimulant is glucose 

rising in the blood stream. In times of glucose depletion, insulin is suppressed and 

endogenous production of glucose and ketone bodies from FFAs ensues to fuel the cellular 

machinery in lack of exogenous glucose intake (30). Upon manifest T2D there is marked β-

cell dysfunction. Previously, consensus was that β-cell dysfunction was a mere result of 

exhaustion after decades of IR and a too large need for insulin to compensate for whole 

body IR to override the resistance in tissues and maintain normoglycemia. More recently, it 

has been shown that β-cell dysfunction is present early in the development of T2D, possibly 

preceding IR (31). Whichever dysfunction came first, hyperinsulinemia is strongly 

associated with cardiometabolic disease and – as one can intuitively also understand –a 

strong predictor of T2D (32). The production of insulin is classically described as inversely 

U-shaped, where the y axis is insulin concentration and the x axis is time. The bottom left 

corner is insulin sensitive normoglycemia, and as glucose tolerance decreases, via IGT, 

insulin secretion increases towards the top of the curve and islet cell mass increases. 

Hyperglycemia and high circulating FFA stimulate insulin production and release, further 

inducing hyperinsulinemia and stressing the insulin producing cells by a mechanism 

referred to as lipoglucotoxicity (5, 10, 33). Also, adipokines associated with IR and 

hypertrophic adipocytes have been shown to directly increase insulin secretion (34). There 

is also an IR associated decrease in insulin clearance, which aggravates hyperinsulinemia 

(30). Hyper-secreting β-cells display ER stress and amyloid deposition that induce apoptosis 

(10, 22). As a clinical diagnosis of T2D can be made, β-cell function has dropped significantly 

and we have arrived at the bottom right corner of the curve. The stressed islet β-cells have 

undergone apoptosis and around 80% of the normal β-cell mass is gone by the time a T2D 

diagnosis is made (2, 35). Interestingly, upon T2D diagnosis studies have shown a normal 

level of incretin hormones, but a reduced or absent incretin effect in the β-cell (36). 

 

1.3 The metabolic syndrome and obesity 
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The metabolic syndrome is a clustering of conditions all related to IR. Individually, these 

conditions increase one’s risk of atherogenic disease, and clustered together the 

cardiometabolic risk profile becomes highly unfavorable. It is, understandably, a major 

public health concern today (13, 29). Mechanistically, IR is strongly correlated with all 

aspects of the metabolic syndrome and how it contributes to the metabolic syndrome has 

been described above.  

 

The metabolic syndrome was defined in 1999 by the Word health Organization (WHO) as 

insulin resistance (confirmed by a hyperinsulinemic, euglycemic clamp, further explained 

below) or T2D, IGT or IFG and two of the following criteria; 

- obesity (BMI >30.0 kg/m2 or WHR >0.9 (men) and >0.85 (women) 

- dyslipidemia (serum TG >1.7 mmol/L or HDL < 0.9 mmol/L (men) and <1.0 mmol/L 

(women) 

- hypertension (blood pressure >140/90 mm Hg) 

- microalbuminuria (albumin excretion >20μg/min) (13) 

 

Obesity is defined by the WHO as a diagnosis based on BMI (kg/m2); 

- underweight is defined as a BMI of less than 18.5 kg/m2 

- normal weight 18.5 – 24.9 kg/m2  

- overweight 25.0 – 29.9  kg/m2  

- obese 30.0 - 34.9 kg/m2  

- morbidly obese > 35.0 kg/m2  

 

As mentioned above, the regional adipose tissue distribution is important to assess 

cardiometabolic risk profile. Abdominal (android) obesity and higher waist measurements 

are a measurement of ectopic fat storage and are associated with an increased risk of IR 

related conditions such as T2D and cardiovascular disease (37, 38). The waist-hip ratio 

(WHR) is a measurement of abdominal obesity. To minimize risk of cardiometabolic disease, 

it should be below 0.8 in women, and 0.9 in men (13). 

 

1.4 Heritability and first-degree relatives  

It has long been well established that a family history of T2D increases one’s risk of  
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developing the same disease (1, 39). Specific genes haves been identified, but the 

associations with T2D diagnosis for each specific found locus have been weak. With 

technical advances, it has been shown in the last few years, however, that clustering of many 

risk loci increases one’s risk of T2D more substantially (10, 40). Schmid et al. concluded that 

the presence of a specific genotype is inferior to a family history of T2D in predicting T2D 

(41). In part, this increased risk could be explained by lifestyle factors such as exercise and 

dietary habits (42). However, it has been shown, that FDR display metabolic derangements 

both with and without obesity and or hyperglycemia present. Wagner et al. showed in a 

large cohort that, especially at a normal BMI, FDR show higher rates of IGT and IFG, and 

these results have been reproduced in smaller studies (43-45). FDR have been shown to 

display higher overall glucose levels during an OGTT, and show signs of IR and early insulin 

secretion dysfunction, despite technically normoglycemic (46). In FDR, IR was shown to be 

superior to obesity in predicting T2D (47). FDR have furthermore been characterized with 

larger amounts of ectopic fat (48, 49), with dyslipidemia and with anthropometric risk 

factors for cardiometabolic disease such as higher BMI and waist circumference than 

controls (50-52). In subcutaneous adipose tissue, FDR have been shown to display 

adipocyte hypertrophy, as seen in IR and glucose intolerance, despite normal BMI and 

normoglycemia (53, 54).  

 

Further characterization of FDR and their increased risk of T2D, was a major interest of ours 

in the work with this doctoral thesis and also at the Lundberg Laboratory for Diabetes 

Research. 

 

1.5 Assessment of metabolic derangements in T2D 

1.5.1 Oral glucose tolerance test 

The OGTT is used both in primary and specialist care, as well as in research. It is performed 

to confirm or reject a diagnosis of IGT and DM. The patient or subject ingests 75 g of liquid 

glucose and the health care provider or research nurse performing the test takes 

intravenous plasma glucose test in the fasting state before the glucose has been ingested, 

and subsequently at 30, 60, 90 and 120 minutes. The 120 minute-value is used to assess 

glucose tolerance status as NGT, IGT or T2D. This test is and has been abundantly used, but 

concern has been raised regarding its intrapersonal variability and being unspecific, thus 

overestimating glucose intolerance (55). 
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From the plasma glucose levels during an OGTT one can plot glucose concentration over 

time. An area under curve (AUC) can be calculated from this model, and is in diabetes 

research usually done by a simplification of integral calculations; the trapezoid method. Of 

special interest is often the incremental AUC (iAUC), achieved by subtracting the baseline 

value of the y axis, as is leaves out fasting values and is only in response to the glucose given 

(56). 

 

1.5.2 Assessment of insulin sensitivity 

The widely considered gold standard method to quantify whole body insulin sensitivity is 

the hyperinsulinemic, euglycemic clamp. It is this method that surrogate estimates are 

compared to for validation, as it is considered superior to all other estimates. It is performed 

in a fasting state. During a clamp, hyperinsulinemia is achieved by a set amount of insulin 

administered intravenously. Simultaneously, glucose is given to reach a fixed value, usually 

5,0 mmol/L, and the rate at which the glucose can be administered, is a rate of how quickly 

glucose leaves the blood stream. It thus becomes a direct measurement of whole body 

glucose uptake, ie insulin sensitivity. Glucose infusion rate (GIR) is referred to as the M-

value, where a high M-value equals a fast glucose clearance and thus good insulin 

sensitivity. Also, to account for endogenous insulin levels, an M/I (I being insulin levels 

during the trial) can also be calculated (57, 58).  

 

Due to its invasive, resource-consuming nature, several estimates have been developed.  

The most commonly used is the homeostasis model assessment of insulin resistance index 

(HOMA-IR), where fasting glucose and fasting insulin levels are used to calculate an index, 

and estimates using OGTT glucose and insulin measurements to calculate and index 

estimating insulin sensitivity. They are however flawed, and must be interpreted with more 

caution than clamp data (59-61). 

 

1.5.3 Assessment of β-cell function 

Insulin secretion, ie β–cell function, can be evaluated in a few different ways. In studies, an 

intravenous glucose tolerance test (IVGTT) is generally considered superior to other 

evaluations. This test is performed by intravenous glucose administration, followed by 

venous blood samples collected at times 0, 10 and 60 minutes to analyze plasma or serum 

insulin concentrations (35).  The fixed intravenous glucose bolus administered given will 
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to confirm or reject a diagnosis of IGT and DM. The patient or subject ingests 75 g of liquid 

glucose and the health care provider or research nurse performing the test takes 

intravenous plasma glucose test in the fasting state before the glucose has been ingested, 

and subsequently at 30, 60, 90 and 120 minutes. The 120 minute-value is used to assess 

glucose tolerance status as NGT, IGT or T2D. This test is and has been abundantly used, but 

concern has been raised regarding its intrapersonal variability and being unspecific, thus 

overestimating glucose intolerance (55). 
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From the plasma glucose levels during an OGTT one can plot glucose concentration over 

time. An area under curve (AUC) can be calculated from this model, and is in diabetes 

research usually done by a simplification of integral calculations; the trapezoid method. Of 

special interest is often the incremental AUC (iAUC), achieved by subtracting the baseline 

value of the y axis, as is leaves out fasting values and is only in response to the glucose given 

(56). 

 

1.5.2 Assessment of insulin sensitivity 

The widely considered gold standard method to quantify whole body insulin sensitivity is 

the hyperinsulinemic, euglycemic clamp. It is this method that surrogate estimates are 

compared to for validation, as it is considered superior to all other estimates. It is performed 

in a fasting state. During a clamp, hyperinsulinemia is achieved by a set amount of insulin 

administered intravenously. Simultaneously, glucose is given to reach a fixed value, usually 

5,0 mmol/L, and the rate at which the glucose can be administered, is a rate of how quickly 

glucose leaves the blood stream. It thus becomes a direct measurement of whole body 

glucose uptake, ie insulin sensitivity. Glucose infusion rate (GIR) is referred to as the M-

value, where a high M-value equals a fast glucose clearance and thus good insulin 

sensitivity. Also, to account for endogenous insulin levels, an M/I (I being insulin levels 

during the trial) can also be calculated (57, 58).  

 

Due to its invasive, resource-consuming nature, several estimates have been developed.  

The most commonly used is the homeostasis model assessment of insulin resistance index 

(HOMA-IR), where fasting glucose and fasting insulin levels are used to calculate an index, 

and estimates using OGTT glucose and insulin measurements to calculate and index 

estimating insulin sensitivity. They are however flawed, and must be interpreted with more 

caution than clamp data (59-61). 

 

1.5.3 Assessment of β-cell function 

Insulin secretion, ie β–cell function, can be evaluated in a few different ways. In studies, an 

intravenous glucose tolerance test (IVGTT) is generally considered superior to other 

evaluations. This test is performed by intravenous glucose administration, followed by 

venous blood samples collected at times 0, 10 and 60 minutes to analyze plasma or serum 

insulin concentrations (35).  The fixed intravenous glucose bolus administered given will 
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result in different insulin responses, depending on the fitness of the β-cells. The IVGTT has 

received critique for the fact that as it is an intravenous glucose load given, it bypasses the 

gastrointestinal canal and its incretin effect, which under physiological circumstances would 

influence the insulin response to glucose entering the blood stream (35, 58).  An IVGTT 

performed in a healthy, insulin sensitive control generally produces a biphasic response in 

insulin concentration in blood. There is an initial acute insulin response (AIR), usually 

corresponding to the first 10 minutes of the trial, and a late insulin response (LIR), usually 

meaning the subsequent 50 minutes (58). Early in the natural course of β –cell dysfunction, 

an IVGTT trial can detect a decrease in AIR, and a compensatory increase in LIR. Upon T2D 

diagnosis, also the LIR is affected and markedly decreased (62). 

 

A few other estimates of β-cell function need to be mentioned. Homeostasis model 

assessment of the β-cell function index (HOMA-β), developed simultaneously with HOMA-IR 

uses fasting levels of glucose and insulin to calculate an index. However, a possible source of 

error is insulin clearance, which usually is decreased in IR, and thus can overestimate the 

insulin production (35, 63, 64). It has – possibly because of the aforementioned flaw - not 

become as used at the HOMA-IR (65). The insulinogenic index (IGI) is the increment in 

serum insulin during an OGTT, divided by the increment in plasma glucose during the same 

time period (64). The possible confounder fasting hyperinsulinemia has thus been taken 

into account (2). The disposition index further improves its diagnostic value, as it takes the 

IGI and corrects for insulin resistance by multiplying it with glucose infusion rate (M-value) 

during a euglycemic clamp. However, by including clamp data, the idea of obtaining a test 

value in a simpler way than through an IVGTT is lost, as the clamp is indeed very involved 

for both subject and tester (66). Both the IGI and the DI are usually lower in IGT or T2D, 

reflecting impaired β-cell function, than in normoglycemic controls (2, 35, 66). 

 

1.6 Ectopic fat imaging  

As mentioned previously, fat distributed in skeletal muscle and in and around internal 

organs, ie ectopic fat, is a major risk factor of cardiometabolic disease (29). Medical imaging, 

initially by computer tomography and later by magnetic resonance imaging, has 

revolutionized the ability to quantify body composition, including ectopic fat storage (67). 

Imaging with magnetic resonance imaging (MRI) or quantifying tissue compounds with 

magnetic resonance spectroscopy (MRS) is considered gold standard, but in clinical practice 
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waist circumference (and waist/hip ratio) and sagittal abdominal diameter (SAD) are 

considered reliable and easy surrogates (68). 

 

1.7 Metabolomics 

Metabolomics describes the extensive study of low molecular weight molecules involved in 

metabolic processes, ie metabolites. It is part of the emerging field of ‘-omics’ research. It is 

also referred to as high dimension biology, where very large amounts of data are explored in 

an unbiased fashion, searching for novel associations of interest. Samples of biological fluid 

matter (for example blood or saliva) are analyzed by mass spectroscopy or nuclear 

magnetic resonance and run either in a targeted or untargeted matter. As the names 

suggest, untargeted analysis characterizes all molecular compounds found in the sample, 

while targeted analysis only search for a select number of compounds. Targeted analysis 

requires an a priori hypothesis, while untargeted analysis does not. Especially in untargeted 

analyses, very large amounts of data can be collected. However, the findings should be 

considered exploratory in nature, and replication of results and mechanistic studies are 

needed to confirm an association with the examined endpoint (69, 70). Early on, branched 

chain amino acids (BCAA) and aromatic amino acids were found to be associated with an 

increased risk of T2D and its associated metabolic derangements (71), and more recent 

studies have found similar findings (72), and also a positive correlation between hexoses 

and T2D, and a negative correlation with glycine and glutamine (73, 74). However, 

conclusions drawn have been tentative, and more research is needed (73, 74). 
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2 AIM 

The overall aim of this doctoral thesis was to further examine the pathogenesis of T2D. In 

individuals both with and without known genetic predisposition to T2D, we explored 

anthropometric, biochemical data, glucose and insulin metabolism, adipose tissue 

dysfunction, ectopic fat distribution and finally also untargeted serum metabolites to in 

detail characterize the metabolic dysfunctions associated with decreasing glucose tolerance 

and T2D. 

 

In study I, we aimed to investigate if markers of adipose tissue dysfunction, as well as 

anthropometric and biochemical markers of glucose metabolism dysfunction, were present 

in subjects with a family history of T2D. 

 

In study II, we aimed to identify predictive factors of deteriorating glucose tolerance in 

individuals with known genetic predisposition to T2D. 

 

In study III, we aimed to compare individuals with and without genetic predisposition to 

T2D with regards to anthropometrics, metabolic profiling and adipose tissue morphology. 

 

In study IV, we aimed to examine how, in addition to anthropometric and biochemical 

variables, adipose tissue distribution and morphology and a smaller number of serum 

metabolites predict cardiometabolic profile.  

 

In study V, we further examined a large number of non-targeted serum metabolites and its 

associations to markers of glucose and insulin metabolism, as well as to adipose tissue 

morphology and distribution. 
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3 PARTICIPANTS AND METHODS  

The work with this doctoral thesis was part of the research at Lundberg laboratory for 

diabetes research, Institute of medicine, Sahlgrenska Academy, at Gothenburg University.  

 

The subjects were recruited through newspaper advertisements and examined at the 

laboratory, starting in 2003 and finishing in 2018. Data analyzed in the studies reported 

here was extracted previous to that finishing. The participants were either recruited as an 

FDR of a patient with T2D, defined as having a sibling, parent or child with the disease, or as 

a control, with no genetic predisposition to T2D. The subjects in all five studies recruited 

were non-obese, of general good health, and taking no continuous medications. In paper I, II 

and III both female and male participants were examined. In paper IV and V we only 

examined male subjects.  

 

In paper I, 17 FDR were recruited and compared in a cross sectional manner to 17 control 

subjects. We examined anthropometric and biochemical data, including glucose tolerance 

data and HOMA-IR. We also performed a subcutaneous adipose tissue biopsy, and examined 

adipocyte cell size, expression of genes regulating adipogenesis, local inflammation markers 

and markers of fibrosis.  

 

In paper II, a cohort of 138 FDR was examined prospectively to characterize metabolic 

derangements over time in a genetically susceptible population. At baseline, we examined 

lifestyle factors, anthropometric and biochemical data, OGTT data, IVGTT and 

hyperinsulinemic, euglycemic clamp data. Every three years, an OGTT was performed to 

assess any deterioration in glucose tolerance status. We then set out to find predictors at 

baseline of deteriorating glucose tolerance. 

 

In paper III, the FDR examined in paper II, as well as 72 more recruits, thus making it 200 

FDR, were compared cross-sectionally to a control group of 73 individuals. We compared 

lifestyle factors, anthropometric data, biochemical data, OGTT data, clamp data and 

calculated several surrogate measures of insulin secretion. Only the FDR group underwent 

an IVGTT and thus data from this examination could not be used. 

 

In paper IV and paper V, we recruited 25 FDR and 28 controls. The subjects were recruited  
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both from earlier studies at the laboratory, as well as from newspapers and advertisements. 

The tests performed included lifestyle questionnaire, anthropometrics, biochemical data, 

OGTT data, IVGTT data, clamp data, an adipose tissue biopsy and imaging, as well as 

metabolomics data.  

 

The subjects underwent the following tests after a fast of a minimum of 12 hours. We firstly 

collected anthropometric data and the subjects also filled out a questionnaire regarding 

lifestyle, including tobacco use, level of exercise and stress and family history of diabetes. In 

paper II, we defined high heredity for T2D as having more than one FDR with the disease. A 

research nurse manually measured the subjects’ weight to the nearest 0.1 kg using a 

weighing scale and height, waist and hip circumference with a measuring tape. The 

weighing scale was calibrated at several occasions during the study time. BMI was 

calculated using the following formula: 

 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (
𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘
𝑚𝑚𝑚𝑚2

) =
𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑘𝑘𝑘𝑘ℎ𝑡𝑡𝑡𝑡 (𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘)

(𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ℎ𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑘𝑘𝑘𝑘ℎ𝑡𝑡𝑡𝑡 (𝑚𝑚𝑚𝑚)) 2 

 

The proportions of body fat and lean body mass (LBM) were determined using bioelectrical 

impedance (single frequency, 50 kHz; Animeter, HTS, Odense, Denmark). Using a mercury 

sphygmomanometer, we measured the subjects’ blood pressure was measured in a sitting 

position after a five minute rest.  

 

A research physician then performed a subcutaneous abdominal adipose tissue biopsy. 

After local infiltrative anesthesia with lidocaine (20ml, 0.5%) the biopsies (approximately 

20–30 mg) were obtained with a needle aspiration technique from the paraumbilical region. 

One part of the tissue biopsy was processed for RNA extraction, or treated and washed to 

undergo measurement of cell size. RNA was extracted from the biopsy with the guanidinium 

thiocyanate method (75). To control for RNA quality we used the Agilent RNA 6000 Nano 

Assay and 2100 Bioanalyzer (Agilent Technologies, Waldbronn, Germany) and we 

determined the concentration using NanoDrop 1000 (thermo Scientific/ Saveen Werner, 

Limhamn, Sweden). To isolate adipocytes for size measurement the biopsy was initially 

washed remove traces of blood, followed by treatment with collagenase (1mg/ml) (Sigma, 

St Louis, MO, USA) for 60 minutes at 37 C in a shaking water bath. Then, the isolated 
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adipocytes were filtered through a 250 mm nylon mesh, washed with fresh medium and 

adipocyte cells were placed on a siliconized glass slide to be assessed for cell diameter. 100 

consecutive cell diameters were measured with a calibrated ocular and expressed as the 

average value in μmeter. Finally, to analyze gene expression in the obtained biopsy we used 

custom made, pre-designed gene array micro fluid cards and the ABI PRISM 7900 HT 

sequence detection system (Applied Biosystems, FosterCity, CA, USA). We ran each sample 

in duplicate and they were all normalized to ribosomal 18s RNA. In study I, all the analyses 

described in this section were performed, but in the other studies only adipocyte cell size 

was analyzed and evaluated. 

 

We also collected a venous blood sample of 10 mL for biochemical analyses. These were 

analyzed at the accredited central laboratory (Department for Clinical Chemistry, 

Sahlgrenska University Hospital, Gothenburg, Sweden) according to local standards. 

Photometry was used to analyze total serum cholesterol, serum HDL cholesterol, 

triglycerides, alanine aminotransferase (ALT), alkaline phosphatase (ALP) and serum 

creatinine, as well as plasma glucose. LDL cholesterol was calculated using the Friedewald 

equation (76). All other biochemical analyses were performed by enzyme-linked 

immunoassay (ELISA) technique. Specifically, serum adiponectin was measured by a human 

adiponectin ELISA-kit (B-Bridge International, Sunnyville, CA, USA). Both serum and plasma 

insulin was measured and when compared, a conversation factor between the two was 

used. Serum insulin was analyzed at the Wallenberg laboratory using a radioimmunoassay 

technique (Pharmacia, Uppsala, Sweden) and plasma insulin was measured at the 

University of Tübingen, Germany, by micro-particle enzyme immunoassay (Abbott 

Laboratories, Tokyo, Japan).  

 

To assess glucose and insulin metabolism, the subjects underwent the following 

examinations, all performed at separate occasions. 

To assess glucose tolerance status, an oral glucose tolerance test (OGTT) was performed. 

Fasting blood samples of glucose and insulin were drawn after which the subjects ingested 

75 g of glucose by mouth. Samples for measurement of plasma glucose and serum insulin 

were then drawn 30, 90 and 120 minutes. Fasting plasma insulin and fasting plasma glucose 

were used to calculate a homeostasis model assessment (HOMA) index to estimate  

β-cell function (HOMA-β) and insulin resistance (HOMA-IR) according to the following  
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formula: 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐴𝐴𝐴𝐴 𝐴 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 % =
𝑓𝑓𝑓𝑓𝑏𝑏𝑏𝑏𝑓𝑓𝑓𝑓𝑏𝑏𝑏𝑏𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑏𝑏𝑏𝑏𝑓𝑓𝑓𝑓𝑝𝑝𝑝𝑝𝑏𝑏𝑏𝑏 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑖𝑖𝑖𝑖𝑝𝑝𝑝𝑝𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝐿𝐿𝐿𝐿 ) × 20 ÷ 6.945
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The delta values are the difference between the plasma values at 120 minutes and fasting 

values from the OGTT (64, 77). 

Using the trapezoidal rule, where small trapezoids along the x axis are calculated and then 

added, we estimated the AUC of glucose and insulin during the OGTT. The sum of trapezoids 

converges to an integral as the number of trapezoids tends to infinity and the increments on 

the x axis tend to zero. Along the x axis was time in minutes and the y axis was the glucose 

or insulin concentrations. Here, n labeled the number of trapezoids and the index I labeled 
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The incremental AUC (iAUC) was calculated subtracting the fasting glucose or insulin 

concentration, to account for fasting hyperglycemia and fasting hyperinsulinemia, 

respectively. 

On two separate occasions, an IVGTT and a euglycemic, hyperinsulinemic clamp were 

performed to assess β-cell function and insulin sensitivity, respectively. These two tests and 

their roles in clinical and research settings have been further described in the introduction 
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of this thesis. Briefly, the IVGTT was performed by, in a fasting state, infusing glucose 

intravenously and drawing blood at times 0, 10 and 60 minutes to measure insulin 

concentrations in peripheral blood after a glucose load. The hyperinsulinemic, euglycemic 

clamp was performed by intravenous infusion of glucose until a steady state level was 

reached. Simultaneously, insulin was administered intravenously at a high rate, to override 

endogenous insulin secretion. The rate of glucose infusion at which the steady state was 

reached, represented the rate at which glucose was taken up by insulin sensitive tissues, 

and was thus a measure of insulin sensitivity. It was denoted the M-value. Using the fasting 

insulin value (denoted I), we also calculated an M/I to account for endogenous insulin levels. 

A disposition index, DI, derived from IGI from the OGTT and the M/I-value from the clamp 

performed at this visit, was also calculated and presented in paper III (66): 
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In paper IV and V, in addition to the analyses described above, radiological data was 

obtained as the subjects underwent magnetic resonance spectroscopy (MRS) as well as 

magnetic resonance imaging (MRI) to assess adipose tissue distribution. Specifically, MRI 

was used to assess amount of intra-abdominal fat and subcutaneous fat and localized 1H-

magnetic resonance spectroscopy was used to assess liver fat and heart (cardiac) lipids.  We 

used a 1.5 T MR-system (Intera/Achieva, software release 3.2), using the vendor’s 16 

channel SENSE XI Torso coil (Philips Medical Systems, Best, The Netherlands) to perform 

the MRI and MRS analyses. A research package enabling navigator triggered MRS and a field 

map based B0-shimming was included in the software used.  The MRI images used to assess 

subcutaneous and intra-abdominal fat were all evaluated at the intervertebrae level 

between the 4th and 5th lumbar vertebrae. T1 weighted axial images were used.  The 

surfaces of both intra-abdominal and subcutaneous adipose tissues were quantified. The 

obtained data was processed using an in-house developed segmentation program written in 

MatLab (MATLAB R2014b, The MathWorks Inc., USA). We excluded bone, muscle and lean 

tissue, as well as inter-muscular fat and the resulting fat volume is reported as a fraction to 

whole body volume. We used point resolved spectroscopy (PRESS, a type of MRS), acquired 

at end expiration, to assess liver lipids and cardiac lipids. Specifically, the spectroscopy 

evaluating heart lipids were also triggered to end systole. When assessing liver data, we 
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The delta values are the difference between the plasma values at 120 minutes and fasting 

values from the OGTT (64, 77). 

Using the trapezoidal rule, where small trapezoids along the x axis are calculated and then 

added, we estimated the AUC of glucose and insulin during the OGTT. The sum of trapezoids 

converges to an integral as the number of trapezoids tends to infinity and the increments on 

the x axis tend to zero. Along the x axis was time in minutes and the y axis was the glucose 

or insulin concentrations. Here, n labeled the number of trapezoids and the index I labeled 
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The incremental AUC (iAUC) was calculated subtracting the fasting glucose or insulin 

concentration, to account for fasting hyperglycemia and fasting hyperinsulinemia, 

respectively. 

On two separate occasions, an IVGTT and a euglycemic, hyperinsulinemic clamp were 

performed to assess β-cell function and insulin sensitivity, respectively. These two tests and 

their roles in clinical and research settings have been further described in the introduction 
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of this thesis. Briefly, the IVGTT was performed by, in a fasting state, infusing glucose 

intravenously and drawing blood at times 0, 10 and 60 minutes to measure insulin 

concentrations in peripheral blood after a glucose load. The hyperinsulinemic, euglycemic 

clamp was performed by intravenous infusion of glucose until a steady state level was 

reached. Simultaneously, insulin was administered intravenously at a high rate, to override 

endogenous insulin secretion. The rate of glucose infusion at which the steady state was 

reached, represented the rate at which glucose was taken up by insulin sensitive tissues, 

and was thus a measure of insulin sensitivity. It was denoted the M-value. Using the fasting 

insulin value (denoted I), we also calculated an M/I to account for endogenous insulin levels. 

A disposition index, DI, derived from IGI from the OGTT and the M/I-value from the clamp 

performed at this visit, was also calculated and presented in paper III (66): 
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placed the voxel in a position to attempt to avoid large blood vessel, bile ducts and 

abdominal fat. The MRS data were processed using jMRUI software and the spectra were 

eddy current corrected, and residual water and base line were removed using a Hankel–

Lanczos filter (HLSVD). For the non-water suppressed reference spectra, using a HLSVD 

algorithm, all metabolite signals, except water, were removed. All metabolites were 

corrected for T2 relaxation using T2 values from the literature (79-81). In the processed 

spectra water (H2O, 4,7 ppm), methylene (CH2, 1.3 ppm) and methyl (CH3, 0.9 ppm) were 

quantified using the AMERES algorithm. When processing the cardiac lipid data, also using 

the AMARES algorithm, in addition to the above, the processed spectra trimethylamines 

(TMA), creatine (Cr), methylene and methyl (as stated above) and an additional lipid 

complex at 2.1 ppm were also quantified. The resulting fat fractions (%), in the results 

section of this thesis referred to as MRS liver lipids and MRS cardiac lipids, were calculated 

as: 

𝐹𝐹𝐹𝐹𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑓𝑓𝑓𝑓𝑝𝑝𝑝𝑝𝑓𝑓𝑓𝑓 (%) =
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴2 + 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴3

𝐴𝐴𝐴𝐴2𝐻𝐻𝐻𝐻
 

 

Finally, in paper IV and paper V, we also performed a targeted (in paper IV) and an 

untargeted (in paper V) serum metabolite analysis. All metabolites were measured in serum 

after an overnight 12-hour fast.  In study IV we analyzed 20 metabolites that we selected 

beforehand based on earlier findings in the literature. In study V we performed an 

untargeted analysis of 670 metabolites. We used Metabolon’s untargeted Discovery HD4 

platform.  The analyses were performed by ultra-high-performance liquid chromatography–

tandem mass spectroscopy. All methods used a Waters ACQUITY UPLC and a Thermo 

Scientific Q Exactive high-resolution/accurate mass spectrometry, which was interfaced 

with a heated electrospray ionization (HESI-II) source and Orbitrap mass analyzer operated 

at 35,000 mass resolution. We used Metabolon’s hardware and software to extract raw data 

and quality control was processed using the same. Peaks were quantified using an area 

under curve estimate, ie trapezoidal method. Compounds were identified by comparison 

with library entries of recurrent unknown entities or purified standards. The metabolite 

levels were rescaled to have a median equal to 1.  
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3.2 STATISTICAL METHODS 

In this thesis a variety of study designs have been used and a variety of hypotheses have 

been made. As a result, different statistical methods have been. Broadly, more 

straightforward statistical models were used in papers I, II and III. In paper IV and V, in 

addition to simpler analyses, we added a layer of complexity when we used machine 

learning methods to both explore new associations between known variables, and also 

assess the very large number of metabolomics data acquired, and its associations with our 

clinical and imaging variables.  

 

3.2.1 Studies I-III 

In studies I, II and III, we reported values for continuous variables as means and standard 

deviations (SD) and values for categorical variables were given as frequencies. In study II 

and III we assessed normality visually and as the variables were found to be normally 

distributed, we described differences between groups using the similar methods of logistic 

fit (in study II) and student’s t-test (study III) for continuous variables. For categorical 

variables we used the Pearson Chi square test to assess differences between groups. In 

study I, as the number of individuals test was small, the observations could not be 

considered normally distributed. To assess differences between groups, the Mann-Whitney 

U-test for independent observations was used, instead of the previously described student’s 

t-test and its related tests (which requires a normal distribution of data). A p-value of 0,05 

or less was considered statistically significant. To account for confounding between 

variables, in study II, we used a multiple linear (for continuous variables)/multiple logistic 

(for categorical variables) regression. To account for confounding in study III, we used three 

statistical methods. First, we performed a 1:1 matching of FDR and controls using a 

propensity score, conditional on age, sex and BMI. Secondly, we used linear regression to 

compare controls and FDR with adjustments made for age, sex, BMI, physical exercise and 

smoking. To obtain a mean value for each variable, we used least square means with the 

same model specifications. Missing data was imputed using the MICE algorithm (5 complete 

datasets were imputed). Group differences were calculated both with and without imputed 

missing data. Thirdly, we performed Spearman’s correlation coefficients between BMI and 

fat percent on one hand, and IGI, MI and HOMA-β on the other. Data analyses were 

performed using JMP version 10.0 and SAS 9.1.3 (SAS Institute Inc., Cary, North Carolina, 

USA), SPSS statistics version 22.0 (Armonk, NY, USA: IBM Corp.), as well as R Project for 
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USA), SPSS statistics version 22.0 (Armonk, NY, USA: IBM Corp.), as well as R Project for 
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Statistical Computing version 3.1.2 (Vienna, Austria: R Foundation for Statistical 

Computing). 

 

3.2.2 Studies IV-V 

In study IV and V, we reported means and SD for continuous variables, as well as 

frequencies for categorical variables at baseline. To reduce bias by confounding, Spearman’s 

correlation coefficient was used to test possible correlations between independent variables 

in controls and FDR. As in studies I-III a p-value of 0.05 or less as considered indicative of 

statistical significance.  

After machine learning had identified predictors of greatest relative importance, multiple 

linear/logistic regression models were performed to assess effect size and in what direction 

a predictor impacted the outcome. We also report significance level, formulated as p-values. 

 

3.2.2.1 Machine learning methods  

In studies IV and V, the number of independent variables, p, was substantially larger than in 

previous studies as imaging and especially metabolomics data was added to 

anthropometrics, glucose and insulin data, and biopsy data. In study IV, we had a total of 80 

variables, p=80, and in study V we had a total of approximately 730 variables (as a very 

large number of metabolites were measured).  In addition to a large p, there were also a 

relatively smaller numbers of subjects, n was 53 (25 FDR and 28 controls). This is referred 

to as ‘large p, small n problem’, a type of high-dimensionality problem and the study being 

underpowered. They have become more common, as technical advances in medicine have 

made very large amounts of data possible to obtain, while the number of subjects tested has 

not increased in proportion. An example is –omics data (including metabolomics, discussed 

in this thesis), a type of high-dimensional biology where very large amounts of data are 

obtained, in an exploratory, unbiased and hypothesis-free manner, and where biological 

plausibility is assessed afterwards. When p exceeds n, conventional statistical methods such 

as linear/logistic multiple regression become unreliable, as explained above.  

To match the emerging field of high-dimensional biology, the statistical analysis of this kind 

of data has evolved as well. Machine learning is a possible mean by which large data sets can 

be analyzed and associations can be found. The results are purely associative, without 

biological interpretation, and should be considered exploratory in nature. The results can 
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then be further analyzed using conventional statistical models to assess effect size and 

significance level, the latter expressed as a p-value.  

Machine learning methods are an excellent method to assess the interaction effect between 

a very large number of variables, independent of which direction and at what variable range 

the interaction is taking place. Using conventional statistical methods, one has to simplify by 

reducing the number of variables and specify the direction of the interaction and to increase 

power, one also has to increase the number of subjects investigated. In study IV and V, 

where we explored large number of metabolites’ associations with markers of 

cardiometabolic risk factors and glucose intolerance, the hypothetical interactions were 

many, in a rather small number of individuals. Machine learning methods were applied to 

account for each variable’s unique effect and complex interaction pattern in the dataset. 

Technically, the predictive value of each variable, the relative variable importance, is 

expressed as a signal extraction. The variables are referred to as features and the action of 

feature extraction selects variables that are optimal in a predictive model (70, 82, 83).  

 

In study IV, we used two machine learning methods that are both classification and 

regression trees (CART), called conditional random forest (CRF) and gradient boost models 

(GBM). CRF is a expansion of the older random forest method, where a ‘decision tree’ is 

created and all variables are placed in a virtual ‘leaf node’ and then one variable is 

dichotomized according to a cut off value into two new nodes (via ‘branches’). In a next step, 

a new variable is dichotomized in each of the two new nodes. This process continues until 

all variables have been dichotomized in this manner. Finally, an optimal ‘tree’ is the 

resulting prediction model. CRF adds a layer of complexity as it randomizes predictors via 

so called ‘split decisions’ and creates several trees simultaneously (>1000) and in the end a 

final voting takes place and the best prediction model as a combination of all trees is 

selected. We had the model create 500-3500 trees. An additional advantage of CRF to RF is 

the CRF model’s ability to assess categorical variables equally to continuous variables(83).  

 

Certain prerequisites, ‘hyperparameters’ are needed for the tree’s growth and are generated 

by automated grid search, which specifies the interval between hyperparameters. We used 

number of variables, minimal number of observations and number of trees.  

 

In GBM, instead of randomization of variables in the node and performing a large number of  
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trees and a final voting to find the best one, the GBM tree grows one variable at a time. 

However, it learns by a learning shrinking function and thus enhances itself and the model 

grows sequentially.   

 

The prediction models result in variable importance plots (VIP). The quality of the 

prediction model is expressed in a R2 and an RMSE (root mean squared error). R2 gives us 

the proportion of the variance of the response variable that can be explained by the 

predictors in the model, the closer to 1 the better. The lower the RMSE, the better the model 

fits the data set. They can be used to compare models (84). The VIP is a number of 

horizontal bars, where each bar is the importance of each variable, expressed as a 

proportion of 1. The VIP is a very complex system to analyze, but it can be assumed that in a 

data set the top variables are of most importance. A permutation model extracts each 

variable and analyzes which one is most important, thus placing it at the top in the VIP. 

Generally, two similar horizontal bars after one another indicate risk of interaction between 

those variables. In our studies the CRF and GBM results are presented in the same graph, 

further explained in the results section. Due to a low n, only the very top variables were of 

interest in this analysis.  

 

To assess, not just visually in the VIP, how the top predictors interacted with each other in 

predicting a response variable, we performed a partial dependence plot (PDP). We used 

random forest two-way PDP to evaluate the top 20 interactions between the variables in the 

VIP with the highest variable importance (85). 

 

In paper V, we used a newer type of GBM called extreme gradient boosting (EGB). We chose  

to do so as we in this paper analyzed a much larger number of metabolites (ie variables).  

We chose to both present parieto-scaled (in the results section) and non-scaled data (in 

supplementary materials). We analyzed 730 variables, approximately 670 metabolites and 

60 clinical and imaging variables. Scaling is needed as XGB analysis does not perform well 

with large ranges within examined variables. The metabolites had large ranges and were 

thus parieto-scaled. The other 60 variables did not need to be scaled. It is harder to 

interpret effect size in non-scaled data (in supplementary materials). In scaled data the 

metabolites’ effect size might look very small. Both versions are presented.  
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Hyperparameter optimization as performed by sparsity awareness and it used LASSO and 

Ridge regularization to prevent overfitting. As in study IV, we then performed an automated 

grid search for number of trees, maximum depth of a tree, L2 regularization, learning rate, 

the fraction of observations, parameters to be randomly sampled for each tree and the 

minimum sum of weights of all observation required in a tree node. It found 600-3500 trees 

to be fitting. Then we purified the model manually by removing all similar variables of the 

clinical variables, by means of eliminating collinearity. We then needed to perform a 

dimension reduction technique (DRT), to reduce the number of variables in the analysis. 

DRT is performed on the remaining 670 variables to group the metabolites into 

physiological groups, instead of testing each metabolite separately as an individual variable. 

We used four types of DRT: principal component analysis (PCA, where 80% of variance was 

explained by 20 variables and those were used), T-distributed stochastic neighboring 

embedding (T-SNE, resulting in 3 variables), exploratory factor analysis (EFA); reducing the 

number of variables to 12 and finally recursive feature elimination, a kind of dirty random 

forest reducing the number of variables to 20. All four techniques generated a variable 

importance plot, each presented with a R2 and a RMSE and were presented next to each 

other. The most important variables are then analyzed by linear/logistic regression to 

assess effect size and significance lever, as discussed for study IV. 

 

To distinguish unique metabolic phenotypes with distinct prediction modeling, we used k-

means and hierarchical clustering. We used Elbow-, Silhouette and Gap statistical model to 

measure model validation for k-means clustering. We identified three cluster groups. 

ANOVA was performed to assess differences between groups.  

 

As so few individuals were examined, we used missForest to impute more data in the 

models.  

 

Finally, effect size and significance level of identified important variables were assessed 

using multiple linear and logistic regression.  

 

Data processing in study IV and V were performed in R Project for Statistical Computing 

version 3.6.2 and version 4.0.2, respectively (Vienna, Austria: R Foundation for Statistical 

Computing). We also used the following machine learning libraries, XGBoost, Rtsne, Cluster, 
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missForest, Caret, Psych, GPArotattion, ggRandomForests, Party, GridExtra, mIr3, 

factoextra, Boruta and Matrix.  

 

3.3 ETHICAL CONSIDERATIONS  
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and V were numbered T384-12, T901-12, T803-13 and T372-14. The studies were 

performed in agreement with the Declaration of Helsinki. All subjects received oral and 

written information and gave written consent to participate. 
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4 RESULTS 

4.1 Paper I 

In summary, paper I described an adipose tissue phenotype displayed by 17 non-obese, 

normoglycemic FDR of patients with T2D, compared to 17 controls. Firstly, the FDR 

displayed higher WHR and enlarged abdominal subcutaneous adipocytes. The FDR 

displayed higher fasting glucose and insulin levels, as well as increased HOMA-IR, ie worse 

insulin sensitivity.  

 

We went on to show that in the FDR group, subcutaneous adipocyte cell size correlates to 

fasting insulin (R=0.69, p=0.003), HOMA-IR (R=0.64, p=0.006) and to fasting s-HDL (R=-

0.50, p=0.019). In the control group, the range of adipocyte size was very small and thus 

prohibited correlating to metabolic parameters. 

 

When examining genes regulation adipocyte differentiation we showed that the FDR group 

displayed increased Wnt-signaling, indicating disturbed adipogenesis. Other regulatory 

genes did not display significant differences between groups (please see paper I, tables 2 

and 3, for details). 

 

Markers of adipose tissue inflammation and fibrosis were significantly increased in the FDR 

group, compared to controls. We did not find a difference between markers of systemic 

inflammation between groups. Local hypoxia was not shown to be increased in the FDR 

compared to controls (please see paper I, tables 4 and 5, for details).  

 

4.2 Paper II 

In paper II, we examined the natural course of glucose tolerance in 138 FDR, and in detail 

characterized them at baseline. Finally, we examined predictors of future impaired glucose 

tolerance. Mean follow-up time was 5.6±2.4 years. 

 

At baseline, 21 individuals displayed IGT. This group showed higher BMI, higher glucose and 

insulin levels during an OGTT, higher total cholesterol and LDL, higher TGs and adipocyte 

cell size than controls. Insulin sensitivity (both M and M/I) and HDL were lower (please see 

paper II, tables 1 and 2, for details). 

 



 36 

missForest, Caret, Psych, GPArotattion, ggRandomForests, Party, GridExtra, mIr3, 

factoextra, Boruta and Matrix.  

 

3.3 ETHICAL CONSIDERATIONS  

The regional ethical committee approved all studies constituting this doctoral thesis. The 

approvals for studies I, II and III were numbered S-605-03 and T492-17, and for studies IV 

and V were numbered T384-12, T901-12, T803-13 and T372-14. The studies were 

performed in agreement with the Declaration of Helsinki. All subjects received oral and 

written information and gave written consent to participate. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 37 

4 RESULTS 

4.1 Paper I 

In summary, paper I described an adipose tissue phenotype displayed by 17 non-obese, 

normoglycemic FDR of patients with T2D, compared to 17 controls. Firstly, the FDR 

displayed higher WHR and enlarged abdominal subcutaneous adipocytes. The FDR 

displayed higher fasting glucose and insulin levels, as well as increased HOMA-IR, ie worse 

insulin sensitivity.  

 

We went on to show that in the FDR group, subcutaneous adipocyte cell size correlates to 

fasting insulin (R=0.69, p=0.003), HOMA-IR (R=0.64, p=0.006) and to fasting s-HDL (R=-

0.50, p=0.019). In the control group, the range of adipocyte size was very small and thus 

prohibited correlating to metabolic parameters. 

 

When examining genes regulation adipocyte differentiation we showed that the FDR group 

displayed increased Wnt-signaling, indicating disturbed adipogenesis. Other regulatory 

genes did not display significant differences between groups (please see paper I, tables 2 

and 3, for details). 

 

Markers of adipose tissue inflammation and fibrosis were significantly increased in the FDR 

group, compared to controls. We did not find a difference between markers of systemic 

inflammation between groups. Local hypoxia was not shown to be increased in the FDR 

compared to controls (please see paper I, tables 4 and 5, for details).  

 

4.2 Paper II 

In paper II, we examined the natural course of glucose tolerance in 138 FDR, and in detail 

characterized them at baseline. Finally, we examined predictors of future impaired glucose 

tolerance. Mean follow-up time was 5.6±2.4 years. 

 

At baseline, 21 individuals displayed IGT. This group showed higher BMI, higher glucose and 

insulin levels during an OGTT, higher total cholesterol and LDL, higher TGs and adipocyte 

cell size than controls. Insulin sensitivity (both M and M/I) and HDL were lower (please see 

paper II, tables 1 and 2, for details). 
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At follow-up, 112 subjects displayed normoglycemia, 19 had IGT and 4 had developed T2D. 

3 individuals were lost to follow-up. 

 

In the group that displayed normoglycemia at baseline (N=114), 14 developed IGT/T2D at 

follow-up. Comparing the two groups, at baseline, the group that remained normoglycemic 

had significantly shorter follow-up time, (5.3 vs 6.9 years, p=0.0028), lower age, fewer 

relatives with T2D and lower OGTT plasma glucose at 120 minutes (p-values <0.05). At 

follow-up, the IGT/T2D group had only higher OGTT plasma glucose at 120 minutes, as well 

as higher fat percentage (please see paper II, tables 3 and 4, for details, as well as table 2 

below). 

 
Table 2. Selected characteristics at baseline of the subjects with NGT or IGT/T2D at follow-
up, in the group that were normoglycemic at baseline 

 NGT-NGT NGT-IGT/T2D p-value 
N 100 14  
Follow-up time (years) 5.3±2.4 6.9±2.2 0.028 
Age (years) 39.5±6.8 43.6±5.3 0.039 
Sex (% male) 46 (46%) 4 (28,5%) n.s. 
Waist/hip circumference ratio 0.86±0.09 0.87±0.08 n.s. 
High heredity for T2D 56 (59%) 11 (79%) <0.001 
OGTT 2h plasma glucose (mmol/L) 5.5±1.1 6.4±0.9 0.007 
HbA1c (mmol/mol) 32.4±2.2 33.6±2.8 0.067 
M-value (GIR/lbm/min 30min) 13.5±3.8 11.7±3.3 n.s. 
IVGTT AIR (pmol/L x min) 3295±2060 3483±2500 n.s. 
Serum cholesterol (mmol/l) 4.8±0.9 5.2±0.9 n.s. 
Serum creatinine (µmol/L) 87±15 97±24 0.046 
Adipocyte cell size (µm) 92.2±12.4 98.2±16.0 n.s. 
Serum adiponectin (µg/mL) 9.2±4.7 8.8±4.0 n.s 
Il-6 (ng/mL) 43.4±22.6 51.4±17.5 n.s. 

 
NGT = normal glucose tolerance. IGT = impaired glucose tolerance. T2D = type 2 diabetes 
mellitus. IL-6 = interleukin 6. Data are means ± standard deviation. p-values below 0.1 are 
given numerically, otherwise stated as not significant (n.s.).  
 

We then compared groups divided by follow-up glucose tolerance status, independent of 

baseline NGT/IGT/T2D. 23 subjects displayed IGT or T2D and 112 had NGT. Between 

groups, there were differences between levels of family history of T2D, fasting plasma 

glucose levels, OGTT plasma glucose at 120 minutes, HbA1c and M-value, as well as total 

cholesterol at baseline. From baseline to follow-up, the IGT/T2D group displayed larger 

changes in weight, BMI, fasting plasma glucose, OGTT plasma glucose at 120 minutes and 
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HbA1c, than the group the remained at NGT. Among the 23 that developed IGT/T2D, there 

were significant increases from baseline to follow-up in weight, BMI, OGTT plasma glucose 

at 120 minutes and acute insulin response (AIR), while M-value decreased as expected 

(please see paper II, table 5, for details). 

 

Finally, we found that crude predictors of deteriorating glucose tolerance status were age, 

family history of diabetes, family history of hypertension, OGTT plasma glucose levels at 60, 

90 and 120 minutes, serum creatinine, serum ALP, and serum bilirubin levels (all p-values 

<0.05). Adjusted and thus statistically independent predictors were male sex and low M-

value (p-values 0.01 and 0.03 respectively).  

 

4.3 Paper III 

In paper III, we characterized in detail differences between 200 FDR and 73 controls. In the 

FDR group, 29 subjects had IGT, 6 had IFG (of which 3 also had IGT) and 1 subject had T2D. 

Among controls there were 2 individuals with IGT and 1 with IFG, the rest being 

normoglycemic.  

 

Crude comparison between the two groups revealed the FDR were significantly older, had 

lower BMI and weight, displayed higher heredity for coronary heart disease and higher 

plasma glucose concentration during an OGTT, and higher HDL and lower LDL (please see 

paper III, table 1, and table 3 below for a comparison of all variables). 

 

Using propensity score, we also presented a 1:1 matching comparison, thus 73 FDR and 73 

controls. When matched for age, sex and BMI, we found that FDR had significantly higher 

level of heredity for coronary heart disease (CHD), higher OGTT plasma glucose at 60 and 

90 minutes, as well as AUC, lower serum LDL and higher serum creatinine (please see paper 

III, table 2, for details).  

 

We then plotted mean plasma glucose and insulin levels during the OGTT in controls and 

FDR, both in the unmatched and matched sets. Plasma glucose levels, including AUC, were 

significantly higher throughout the trial. Plasma insulin levels did not differ significantly.  
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Table 3. Selected subject characteristics of the complete two groups, unadjusted  

 Healthy control 
First-degree 
relative p-value 

N 73 200  
Sex male (%)      33 (45.2)       31 (40.5)   0.576 
Age (years)   36.68 (7.99)   40.05 (7.16)  0.001 
Weight (kg)   83.93 (14.86)   75.98 (12.95) <0.001 
BMI (kg/m2)   27.22 (3.91)   25.14 (3.47) <0.001 
WHR     0.85 (0.08)    0.86 (0.08)  0.334 
Systolic blood 
pressure (mmHg)  121.19 (14.50)  115.99 (12.22)  0.004 
Currently smoking 
(%)    7 (9.6)       22 (11)  0.874 
High heredity for 
T2D (%)       0 (0)      189 (98.3) <0.001 
High heredity for 
IHD (%)       9 (13)      73 (38)  0.001 
Exercise > 4 times 
per week (%)      51 (72.9)      130 (70.7)   0.848 
Serum HDL 
(mmol/L)    1.42 (0.32)    1.55 (0.38)  0.031 
Serum LDL 
(mmol/L)    3.78 (0.80)    2.84 (0.84) <0.001 
OGTT fasting 
plasma glucose 
(mmol/L)    4.74 (0.36)    4.81 (0.42)  0.165 
OGTT plasma 
glucose 120min 
(mmol/L)    5.56 (1.37)    6.12 (1.59)  0.010 
OGTT glucose AUC 
(mmol/L/120 
minutes 

  764.69 (145.66) 
 

  844.20 (166.29) 
 <0.001 

HOMA-β (%)  150.53 (81.27)   118.88 (63.90)  0.003 
M-value 
(GIR/kg/min: 
g/kg/min)   11.94 (4.49)   13.00 (4.16)  0.085 
OGTT fasting 
serum insulin 
(pmol/L)   58.77 (36.19)   49.20 (29.30)  0.048 
OGTT insulin AUC 
(pmol/L/120 
minutes 

43673.62 
(26976.98) 
 

41487.21 
(21679.93) 
 

0.491 
 

Data are, for categorical variables, given as frequencies (percentage) and for continuous variables as mean 
(standard deviation). P-values have been obtained as explained in the method section. WHR=waist-hip ratio. 
T2D=type 2 diabetes. IHD=ischemic heart disease. HDL=high-density lipoprotein. LDL=low-density 
lipoprotein. HOMA-β=homeostasis assessment model-β. IGI=insulinogenic index. DI=disposition index. M and 
M/I=insulin resistance level. GIR=glucose infusion rate. 

 
 

 41 

To further explore differences between FDRs and controls, we examined least square means 

and 95 % confidence intervals for IGI, HOMA-β, DI, M, MI and OGTT glucose and insulin, 

including AUC, by analyzing the entire study population of 273 subjects and adjusting for 

the covariate factors mentioned above. P-values are given for imputated data. OGTT glucose 

at 60 and 120 minutes, as well as AUC glucose, were significantly higher, and OGTT insulin 

at 60 minutes was significantly lower, among FDRs (p<0.05).  

 

Finally, we examined correlations between BMI and fat percentage and IGI, MI, HOMA-β in 

both groups, including all 273 individuals. BMI was negatively correlated with MI and 

positively correlated with HOMA-β in both non-FDR and FDR. Fat percentage was negatively 

correlated with MI in the FDR group and positively correlated with HOMA-β among non-

FDR (please see paper III, figure 2, for details). 

 

4.4 Paper IV 

In paper IV, 53 men were included, 25 FDR and 28 controls. Mean age was 42±8 years but 

FDR were significantly younger (39.3 vs 45.6 years, p<0.004). Apart from the age difference, 

clinical and metabolic variables were similar between the two groups (please see paper IV, 

table 1, for details). When comparing imaging and metabolomics data, we found no 

differences between groups, except for age and the metabolite 3-MOB. As a result of this, 

and due to other reasons discussed in the section on machine learning in the Methods 

section, we pooled the imaging and metabolomics data between FDR and controls subjects.  

 

Predictors of imaging data variables 

Imaging data of the liver, heart and visceral fat, ie MRS of liver lipids, cardiac lipids and 

visceral fat area, were analyzed with conditional random forest (CRF) and gradient boosting 

model (GBM). The resulting variable importance plots revealed that the strongest predictor 

of liver lipids is visceral fat, as well as two metabolites (2-hydroxypalmitate and 2-

hydroxystearate) that are both involved in lipid oxidation, and plasma glucose at 60 minutes 

during an OGTT. Partial dependence plots (PDP) showed that increasing visceral fat and 

OGTT plasma glucose at 60 minutes were strong interacting factors, while the interaction 

between markers of IR and visceral fat took place at higher levels (ie only at high levels of IR 

or visceral fat). Finally, effect size was determined using linear regression. Visceral fat and 
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To further explore differences between FDRs and controls, we examined least square means 

and 95 % confidence intervals for IGI, HOMA-β, DI, M, MI and OGTT glucose and insulin, 

including AUC, by analyzing the entire study population of 273 subjects and adjusting for 

the covariate factors mentioned above. P-values are given for imputated data. OGTT glucose 

at 60 and 120 minutes, as well as AUC glucose, were significantly higher, and OGTT insulin 

at 60 minutes was significantly lower, among FDRs (p<0.05).  

 

Finally, we examined correlations between BMI and fat percentage and IGI, MI, HOMA-β in 

both groups, including all 273 individuals. BMI was negatively correlated with MI and 

positively correlated with HOMA-β in both non-FDR and FDR. Fat percentage was negatively 

correlated with MI in the FDR group and positively correlated with HOMA-β among non-

FDR (please see paper III, figure 2, for details). 

 

4.4 Paper IV 

In paper IV, 53 men were included, 25 FDR and 28 controls. Mean age was 42±8 years but 

FDR were significantly younger (39.3 vs 45.6 years, p<0.004). Apart from the age difference, 

clinical and metabolic variables were similar between the two groups (please see paper IV, 

table 1, for details). When comparing imaging and metabolomics data, we found no 

differences between groups, except for age and the metabolite 3-MOB. As a result of this, 

and due to other reasons discussed in the section on machine learning in the Methods 

section, we pooled the imaging and metabolomics data between FDR and controls subjects.  

 

Predictors of imaging data variables 

Imaging data of the liver, heart and visceral fat, ie MRS of liver lipids, cardiac lipids and 

visceral fat area, were analyzed with conditional random forest (CRF) and gradient boosting 

model (GBM). The resulting variable importance plots revealed that the strongest predictor 

of liver lipids is visceral fat, as well as two metabolites (2-hydroxypalmitate and 2-

hydroxystearate) that are both involved in lipid oxidation, and plasma glucose at 60 minutes 

during an OGTT. Partial dependence plots (PDP) showed that increasing visceral fat and 

OGTT plasma glucose at 60 minutes were strong interacting factors, while the interaction 

between markers of IR and visceral fat took place at higher levels (ie only at high levels of IR 

or visceral fat). Finally, effect size was determined using linear regression. Visceral fat and 
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OGTT plasma glucose at 60 minutes were found to at increasing levels be associated with 

stronger predictability for liver lipids. (Please see paper IV, figure 1, for details.) 

 

We examined cardiac lipids by MR spectroscopy. In the GBM, age, the metabolite 3-methyl-

2-oxybutyrate (3-MOB; involved in the metabolism of branched chain amino acids) and 

heredity for T2D were found to be the top three predictors of cardiac lipids. Top predictors 

in the CRF were found to be found age and level of intensity of physical activity. The PDP 

revealed strong interaction effects between age and visceral fat in predicting heredity for 

T2D, but only small interaction effects between other predictors. Finally, effect size was 

assessed by linear regression and only age was found to significantly predict cardiac lipids. 

(Please see paper IV, figure 1, for details.) 

 

The strongest predictors of visceral fat area (measured by MRS) were subcutaneous adipose 

cell size, abdominal subcutaneous fat area, age, liver lipids and the lipid oxidation 

metabolite 2-hydroxyplamitate. PDP showed that subcutaneous adipocyte size and amount 

of liver lipids were strong interactors. Linear regression showed that only age was a 

significant predictor. (Please see paper IV, figure 1, for details.) 

 

MRI results of area of abdominal cross section showed similar predictors, namely ectopic fat 

accumulation in the liver, adipocyte cell size and the afore mentioned metabolites of lipid 

oxidation 2-hydroxy(-iso-)buturate. Linear regression showed that adipocyte size was the 

only significant predictor. (Please see paper IV, Figure 3, for details.) 

 

Predictors of MRI results of abdominal subcutaneous fat were found to be adipocyte size, 

visceral fat, M/I (ie insulin sensitivity) and the fatty acid metabolites tetradecanedioate and, 

once more, 2-hydroxypalmitate. PDP showed that adipocyte size and visceral fat were not 

strong interacting predictors. Linear regression showed that adipocyte size was the only 

significant predictor. (Please see paper IV, Figure 3, for details.)  

 

Finally, computer tomography data assessing liver fat showed similar results to the MRS 

liver fat results. The same two metabolites of lipid oxidation were the most important 

predictors, followed by visceral fat. (Please see paper IV, Figure 3, for details.) 

Predictors of clinical variables 
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We found the metabolite 3-MOB, followed by WHR and caprate (the ester of a fatty acid) to 

be the most important predictors of heredity of T2D. We then examined predictors of 3-

MOB, in turn, and found branched chain amino acids (BCAA) valine and isoleucine, 

acetoacetate and OGTT serum insulin at 30 minutes to be the strongest predictors. Finally, 

we examined predictors of valine and found isoleucine to do so. Linear regression showed 

significant predictors of heredity of T2D (3-MOB), 3-MOB (valine) and valine (isoleucine). 

(Please see paper IV, figure 4, for details.) 

 

We also scrutinized predictors of subcutaneous adipocyte cell size, as it had been found to 

be an important predictor of the other examined variables, and HOMA-IR, as it is widely 

used to assess insulin sensitivity. Important predictors of adipocyte size were visceral and 

subcutaneous fat, followed by HOMA-IR and waist circumference. When removing imaging 

data and WHR from the model, M/I (insulin sensitivity) was found to be the most important 

predictor, followed by several fatty acids. 

 

HOMA-IR was predicted by subcutaneous adipocyte cell size, when OGTT insulin and 

glucose measures had been removed, as they are used to calculate the HOMA-IR index.  

 

Finally, in addition to examining the importance of each predictor, we also examined the 

relative contribution of all predictors to each outcome examined. We summarized that 

visceral fat area, subcutaneous adipose tissue and WHR all predict adipose tissue mass and 

subcutaneous adipocyte cell size, which in turn strongly predicts insulin sensitivity. Also, 

visceral fat was an important predictor of ectopic fat in liver and heart, as was the 

metabolite 3-MOB. Stepwise modeling confirmed that BCAA, including its related metabolite 

3-MOB, were important predictors of heredity for T2D. 

 

4.5 Paper V 

In this paper we examined the same cohort of 53 men from study IV. The main difference 

between study IV and study V, as mentioned in the methods section, was the large amount 

of metabolites analyzed in paper V, creating a need for different methods to statistically 

analyze the data.  

Firstly, we reported baseline characteristics, excluding metabolomics data, both of the 

entire cohort, and separated into three metabolic phenotype groups, ie clusters. In sum, 
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OGTT plasma glucose at 60 minutes were found to at increasing levels be associated with 
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revealed strong interaction effects between age and visceral fat in predicting heredity for 

T2D, but only small interaction effects between other predictors. Finally, effect size was 

assessed by linear regression and only age was found to significantly predict cardiac lipids. 

(Please see paper IV, figure 1, for details.) 
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significant predictor. (Please see paper IV, Figure 3, for details.)  

 

Finally, computer tomography data assessing liver fat showed similar results to the MRS 

liver fat results. The same two metabolites of lipid oxidation were the most important 

predictors, followed by visceral fat. (Please see paper IV, Figure 3, for details.) 

Predictors of clinical variables 
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We found the metabolite 3-MOB, followed by WHR and caprate (the ester of a fatty acid) to 

be the most important predictors of heredity of T2D. We then examined predictors of 3-

MOB, in turn, and found branched chain amino acids (BCAA) valine and isoleucine, 

acetoacetate and OGTT serum insulin at 30 minutes to be the strongest predictors. Finally, 

we examined predictors of valine and found isoleucine to do so. Linear regression showed 

significant predictors of heredity of T2D (3-MOB), 3-MOB (valine) and valine (isoleucine). 

(Please see paper IV, figure 4, for details.) 

 

We also scrutinized predictors of subcutaneous adipocyte cell size, as it had been found to 

be an important predictor of the other examined variables, and HOMA-IR, as it is widely 

used to assess insulin sensitivity. Important predictors of adipocyte size were visceral and 

subcutaneous fat, followed by HOMA-IR and waist circumference. When removing imaging 

data and WHR from the model, M/I (insulin sensitivity) was found to be the most important 

predictor, followed by several fatty acids. 

 

HOMA-IR was predicted by subcutaneous adipocyte cell size, when OGTT insulin and 

glucose measures had been removed, as they are used to calculate the HOMA-IR index.  

 

Finally, in addition to examining the importance of each predictor, we also examined the 

relative contribution of all predictors to each outcome examined. We summarized that 

visceral fat area, subcutaneous adipose tissue and WHR all predict adipose tissue mass and 

subcutaneous adipocyte cell size, which in turn strongly predicts insulin sensitivity. Also, 

visceral fat was an important predictor of ectopic fat in liver and heart, as was the 

metabolite 3-MOB. Stepwise modeling confirmed that BCAA, including its related metabolite 

3-MOB, were important predictors of heredity for T2D. 

 

4.5 Paper V 

In this paper we examined the same cohort of 53 men from study IV. The main difference 

between study IV and study V, as mentioned in the methods section, was the large amount 

of metabolites analyzed in paper V, creating a need for different methods to statistically 

analyze the data.  

Firstly, we reported baseline characteristics, excluding metabolomics data, both of the 

entire cohort, and separated into three metabolic phenotype groups, ie clusters. In sum, 
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mean values for age, BMI, waist circumference, amount of subcutaneous fat and whole 

abdomen measurement (both assessed by MRS) and euglycemic clamp M/I all differed 

significantly between cluster groups (p <0.05). (Please see paper V, table 1.)  

 
We then performed gradient boost models to assess predictors of several glucometabolic 

parameters, followed by linear regression to assess effect size and significance level, as well 

as adipose tissue morphology parameters. Clinical and imaging data were included 

unscaled, but as explained in detail previously, we scaled the metabolomics data by 

dimension reduction techniques. In sum, the technique PCA yielded 20 metabolites, T-SNE 

yielded 3, and EFA yielded 12. The models including all 670 metabolites are presented in 

the supplementary material attached. 

 

M/I from the euglycemic clamp was most strongly predicted by tartrate, 3-phosoglycerate 

(a fatty acid chain metabolite) in scaled data. Unscaled data did not show any strong 

predictors but statistically significant predictors were tartrate, 3-phosphoglycerate 

(glycerol metabolite) and liver fat by MRS (please see paper V, figure 1, for details). 

 

OGTT fasting plasma glucose was significantly predicted by n-acetylarginine (amino acid 

metabolite) and cysteine-s-sulphate (a metabolite of cysteine, a non-essential amino acid). 

However, the prediction models demonstrated poor model diagnostics. OGTT plasma 

glucose at 30 minutes was also poorly modeled, both in unscaled and scaled data. No 

predictors reached statistical significance (please see paper V, figure 2 for details). 

 

OGTT fasting serum insulin was robustly and significantly predicted by body weight, serum 

bilirubin and propionyl-carnitine (a metabolite of carnitine, involved in fatty acid transport 

into mitochondria), both in unscaled and scaled data. Serum insulin at 30 minutes was 

significantly predicted by myristoleoylcarnitine (another carnitine metabolite), enyl-

steaoyl-2-oleoyl (involved in oxidation of fatty acids) and 5-alpha-androstan-diol-sulphate 

(an androgen metabolite) (please see paper V, figure 1, for details). 

 

In the scaled data set, HOMA-IR was significantly predicted by acelsulfame (an artificial 

sweetener), followed by tartronate-hydroxymalonate (involved in oxidative 
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physphorylation) and methyl-4-hydroxybenzoate-sulphate (involved in bacterial 

metabolism) that nearly reached significance (please see paper V, figure 1, for details). 

 

OGTT AUC for glucose and insulin in scaled datasets were significantly predicted by 

glutamate and 1-non-adecanoyl-gpc (a fatty acid metabolite) and adipocyte size, 

respectively. (Please see paper V, figure 2 for details.) 

 

To assess predictors of adipose tissue morphology, we firstly examined liver fat amount by 

MRS. Significant predictors were found to be liver transaminases, methyl malonate 

(involved in the citric acid cycle) and 1-nona-decanoyl-gpc. However, the models produced 

relatively low R2 scores and high RMSE, indicating a less than ideal model.  

 

Assessing visceral fat amount by MRS, produced models showed robust R2 and RMSE, ie 

good model predictions. Significant predictors were found to be adipocyte cell size, age and 

alpha tocopherol (an antioxidant, ie vitamin E). For the unscaled dataset, significant 

predictors were found to be adipocyte cell size, age and systolic blood pressure.  

 

For cardiac lipids measured by MRS, in the scaled dataset, age, 2-acetamidophenol-sulphate 

(involved in microbial metabolism, most likely derived from the gut), gamma-

glutamyltyrosine (involved in amino acid metabolism) and diastolic blood pressure were 

significant predictors. Finally, liver fat by MRS analysis significantly predicted subcutaneous 

adipocyte cell size. (Please see paper V, Figure 3, for details.) 

 
We lastly examined predictors that significantly differed between cluster groups (further 

explained above). At baseline, the groups significantly differed in age, BMI, waist 

circumference and WHR, amount of subcutaneous adipose tissue and whole abdomen 

volume measure by MRS and finally in insulin resistance level (M-value). OGTT AUC for 

serum insulin and amount of liver fat measured by MRS were the only predictors that 

reached near significance (please see paper V, figure 4 for details). Finally, unscaled data can 

as previously mentioned be found in the supplementary material. 
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5 DISCUSSION 

5.1 Did we achieve our aim? 

In this doctoral thesis, we aimed to characterize high-risk individuals of future T2D, 

specifically with a family history of the disease. We extensively characterized OGTT data 

and other glucose and insulin measures. We examined several parts of underlying 

pathophysiology, in particular adipose tissue dysfunction and its associated ectopic fat 

storage. Finally, as new technological advances occurred in the field, we were able to 

examine metabolomics in these extensively studied individuals to identify novel markers of 

current metabolic derangements, associated with current and future disease.  

 

5.2 Our results and other studies  

5.2.1 Summary of clinical characteristics (paper I-III)  

The debate on the pathophysiology of T2D is still ongoing. In the first three papers, we 

further examined these pathophysiological mechanisms, with a focus on OGTT data, insulin 

data in methodological detail, and adipose tissue dysfunction. In the work with this thesis, 

we focused our research on a group with a genetic predisposition to T2D, expressed as 

having one or more first-degree relatives with the condition, as this at the time was 

considered to outperform examining specific genetic loci in predicting T2D (41, 86). The 

interpretation was that there seemed to be a genotypically multifaceted, but phenotypically 

more robust, unfavorable metabolic profile in FDR. Since then, including genetic loci 

analysis in risk scores has been shown to improve the prediction ability (87, 88).  

 

In paper II, we described a cohort of FDR and characterized their metabolic development 

over a mean follow-up time of five years. We confirmed the very well studied phenomenon 

of increasing BMI correlating to, and shown to cause, decreasing glucose tolerance (89). We 

found crude predictors of dysglycemia development were, among others, glucose levels 

throughout the OGTT. Feizi et al. showed similar results in an Iranian FDR cohort (90). The 

large Framingham Offspring Study similarly examined what predicted T2D in dysglycemic 

subjects with and without a family history of T2D. They found family history, dyslipidemia 

and high BMI and waist circumference to do so (2). When comparing normoglycemic FDR 

to FDR displaying IGT, the IGT group displayed, in addition to higher BMI, higher glucose 

levels (obviously), hyperinsulinemia, lower M-value and M/I, increased LIR, an unfavorable 

lipid profile and enlarged subcutaneous adipocytes. Thus, metabolic alterations were 
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shown all across the pathophysiological spectra. Similarly, in paper III, when comparing 

FDR to controls cross-sectionally, we found a plethora of dysfunctions in the physiology of 

the FDR group. These findings are in line with other groups’ work, showing widespread 

metabolic alterations in FDR, interestingly including β-cell dysfunction already early in the 

development of hyperglycemia, and not just in response to insulin resistance (32, 46).  

 

Above described metabolic alterations in FDR, both preceding dysglycemia and seen upon 

IGT/IFG or overt T2D, have been shown previously, including but not limited to (43, 44, 46, 

47, 54, 91, 92) and their findings inspired the extensive work on FDR that has been done 

and is still done at Lundberg laboratory for Diabetes Research, including this thesis. We 

confirmed many of the results of previous studies. What our work contributed was a 

relatively large FDR study group and ambitious methodology, including hyperinsulinemic, 

euglycemic clamp, IVGTT and adipose tissue biopsy data. Especially interesting findings 

were the markers of adipose tissue dysfunction, which became the focus of paper IV and V 

and were made more recently. Another interesting find was that, despite ambitious 

methodology, the rather simple OGTT test provided solid predictive value in assessing FDR. 

In a clinical setting this is of interest, as the OGTT requires less resources and is already 

used in clinical practice.   

 

There seems to be a diminishing volume of research regarding FDR and glucose tolerance, 

including insulin variables, possibly due to the connection between the two having been 

firmly shown and confirmed. Larger cohorts, such as Isfahan FDR study in Iran, mentioned 

in this thesis paper previously (45, 93), looked at FDR prospectively but have to my 

knowledge not published new data on the cohort in a few years, with most data being 

reported around ten years ago. Thus, the findings of paper II and III are of a more 

confirming nature, in contrast to the work of paper IV and V. A newer focus within the field 

seems to be on characterizing other variables, including adipose tissue dysfunction in FDR. 

 

5.2.2 Adipose tissue dysfunction 

In all five of the studies constituting this thesis, different markers of adipose tissue 

dysfunction were shown, including low adiponectin, enlarged subcutaneous adipocytes, 

increased tissue fibrosis and inflammation, as well as visceral fat storage. These results are 

in line with current consensus in the field. Both Haczeini et al. and Al-Mansoori et al
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elegantly summarize the role of inflammation in adipose tissue dysfunction, and its 

metabolic consequences (94, 95). In paper III, we also found fat percentage to be negatively 

correlated with measures of insulin resistance (M/I) in the FDR group, but not among 

controls, and positively correlated with HOMA-β among non-FDR, possibly indicating an 

inability among FDR to remain insulin sensitive upon increase in adipose tissue, as well as 

an inability to increase insulin secretion upon increasing need. There is possibly a genetic 

link here; is the genetic predisposition to T2D mediated by an inability to expand the 

subcutaneous adipose tissue by hyperplasia, and thus having to expand by metabolically 

unfavorable hypertrophy?  Whether a result of, or a cause of, insulin resistance, it is indeed 

closely linked to it. In paper I, we described a phenotype in FDR with signs of adipose tissue 

dysfunction, despite normoglycemia, in line with consensus in the field today. In the large 

METSIM cohort in Finland, Fizelova et al, recently showed that inflammatory markers, 

hypothesized to be derived from adipose tissue, were linked to insulin resistance, insulin 

secretion and glucose intolerance (96). Using machine-learning methods we similarly saw 

in paper V that subcutaneous adipocyte size was associated with amount of liver fat and 

ectopic fat, as well as clamp M/I- value (ie insulin resistance). 

 

As we and other groups have shown, metabolic alterations are shown all across the 

physiological spectra in individuals with dysglycemia. It has been proposed that subgroups 

of T2D patients show different predominant metabolic alterations, ie interpersonal 

heterogeneity when comparing patients. It has also been proposed that treatment could 

then be tailored to the individual’s specific pathophysiology (2). Characterizing different 

groups within the spectra of dysglycemia has not been a major focus of this thesis. However 

in paper V, we created clusters, ie groups, independent of FDR status, to try to characterize 

phenotypes that displayed different metabolic profiles. The three clusters – broadly 

speaking - differed in age, BMI and measures of adipose tissue distribution. Predictors of 

belonging to one of these groups were found to be insulin levels during the OGTT and 

amount of liver fat. Interpreting these results, what we found was a – possibly causal – link 

between insulin levels and liver fat and an altered adipose tissue distribution.  

 

5.2.3 Summary of imaging and metabolomic data 

With the introduction of metabolomics, mechanisms underlying T2D have been put under 

further scrutiny. More focus has been put on the many metabolic pathway disturbances 
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involved, not exclusively glucose metabolism. Amino acid metabolites (both from aromatic 

and branched chain amino acids), lipid metabolites (phospholipids, sphingolipids, and 

triglycerides, and its building blocks free fatty acids of different lengths) and further 

carbohydrate compounds (hexoses such as mannose and fructose, in addition to glucose) 

have all been shown to be altered in T2D (74, 97).  

 

In study IV, we evaluated what predicted adipocyte cell size and found the amount of 

visceral and subcutaneous adipose tissue depots, measures of insulin resistance and waist 

circumference, as well as metabolites of triglyceride metabolism to do so. Adipocyte cell 

size in turn, predicted amount of liver fat and visceral fat, as well as was the strongest 

predictor of HOMA-IR, a surrogate measure of insulin resistance. These findings are in line 

with Kahn et al., where the close relationship between adipose tissue dysfunction and 

insulin resistance is explored (18). 

 

In the METSIM study in Eastern Finland by Laakso et al, they found mannose (in addition to 

several other metabolites) to increase the risk of T2D (73, 98). Ferannini et al. found 

mannose to be closely related to insulin sensitivity, measured by euglycemic clamp 

technique, and posed it as a possible IR marker (99). Their results were in line with ours in 

study IV. They also found several amino acids to predict insulin resistance and insulin 

secretion, which match our result where the BCAA isoleucine and valine and its metabolite 

3-MOB predicted insulin sensitivity and also heredity for T2D (100). A large review from 

2016 also found BCAA to both be associated with and predict future T2D (74). Yet another 

study found the link between BCAA and T2D, and speculated in underlying mechanisms 

behind the connection (72). 

 

In paper V, two particular metabolite findings deserve to be further discussed here. First, 

we found a metabolite of the amino acid cysteine to be associated with plasma glucose 

levels. Increased cysteine levels have been linked to obesity and T2D. Hypotheses regarding 

how cysteine could interfere with normal physiology have been posed and include 

alterations in glucose and lipid metabolism (101). 

 

Secondly, we found propionylcarnitine, a metabolite of carnitine, to predict fasting serum 

insulin in paper V. Carnitine is an essential cofactor in fatty acid oxidation as it transports 
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lipids into mitochondria and toxic compounds out of this organelle. It has been proposed as 

a link in the mechanism behind lipotoxicity and insulin resistant skeletal muscle. In short, 

as high serum TG generate large amounts of FFAs to oxidize in the mitochondria of skeletal 

muscle cells, the rate of oxidative phosphorylation cannot keep up and intermediates of 

acyl-carnitine that have not been completely oxidized, accumulate. These, in turn, are toxic 

to the skeletal muscle cell through interfering with insulin signaling (102). Therefore, 

carnitine has been shown to be a marker of insulin resistance, and our results are in line 

with these results (103, 104).  

 

To further stress the caution with which metabolomics data should be interpreted, one also 

must consider that metabolomics data initially were collected for biomarkers of disease, 

not compounds known to cause disease. Untargeted metabolite analyses are exploratory in 

nature, and found associations must be further examined to assess biological plausibility. In 

our case, as in many other metabolomics studies, machine learning was used to analyze 

metabolite data, which means that we must further interpret associations critically to 

assess biological plausibility. Interestingly, mechanistic studies have begun to come out on 

how a metabolite might biologically act to interfere with normal physiology, instead of just 

claiming association with, and a marker of, disease (72, 103, 105). 

  

5.3 Methodological considerations 

5.3.1 Extensive characterization in a large study population 

As described previously, several groups have studied glucose tolerance and associated 

metabolic and anthropometric measures in FDR. What our studies have contributed are a 

relatively large study group and a very ambitious set of methods to assess insulin 

sensitivity and insulin secretion. Hyperinsulinemic euglycemic clamp is still the gold 

standard method to evaluate insulin sensitivity. IVGTT has its disadvantages, but is still 

considered superior to other insulin secretion estimates (63, 106). Several studies have 

looked at insulin sensitivity and insulin secretion in FDR, but either using surrogate 

measure such as HOMA-IR or HOMA-β, or a clamp technique/IVGTT but in a much smaller 

study group. An example, to my knowledge, of the former is the very large Isfahan Diabetes 

Prevention cohort (45) and an example of the latter is an older study by Vauhkonen et al 

(92). As mentioned before, the results of studies I-III are similar to other groups’ work, and 

should be considered to be of a more confirmatory nature. 
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Similarly, we had ambitious methodological goals when planning paper IV and V, where we 

added radiological (imaging) data of adipose tissue distribution as well as serum 

metabolomics. In line with our findings from paper I-III, there was emerging evidence that 

adipose tissue distribution and dysfunction played a major role in the pathophysiology of 

T2D, and the field of metabolomics was rapidly evolving. Combining the extensive clinical 

data we had already collected with these added variables, we obtained a – to our 

knowledge – a unique combination of clinical, biochemical, radiological and explorative, 

untargeted metabolic data. Due to the extensive data collection, and especially in relatively 

few individuals, conventional statistical methods were not used. Instead, we used machine 

learning techniques. For optimal performance of the model, as well as for interpretation of 

results, my colleague Dr Aidin Rawshani provided expertise and guidance.  

 

The introduction of machine learning techniques, and its related methods of artificial 

intelligence, has increased the ability to assess data, but the methods are complex, as are 

the results to interpret. The unbiased nature of ‘machine’ produced results has its 

advantages in avoiding preconceived notions when exploring new data. The results need to, 

however, be interpreted clinically for biological plausibility. As a clinical researcher, 

biological plausibility is our area of expertise. But without a background in statistical 

mathematics, we need experts in performing these mathematical models and interpreting 

results to help us do so optimally. The results and conclusions in paper IV and V are the 

fruit of such a collaborative effort.  

 

A similar notion on radiological data must be made. The MRI and MRS results of fat 

distribution were obtained, analyzed and also interpreted by colleagues with radiological 

expertise. This is another example of the collaborative efforts behind paper IV and paper V. 

 

Furthermore, the issue of reverse causality in the pathophysiology of T2D needs to 

addressed in regard to the work of this thesis and our results. There is a very robust 

association between an android obese phenotype and dysglycemia and metabolic 

syndrome. However, the assumption that obesity comes before T2D has been questioned.  

Examining the METSIM cohort (a large Finnish cohort) and the UK biobank, Miao et al. used 

Mendelian Randomization to show that obesity indeed causally drove dysglycemia (107). 

MR is a sophisticated statistical method that we have not performed in this work, used to 
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examine causality in cross-sectional work and determine whether biomarkers are causal or 

only coincidental (98). A more intuitive way to assess causality is to look at temporal 

association, ie what comes first, In study II, we did so by assessing the individuals 

prospectively.  

 

5.3.2 Methodological flaws 

In study III, we rather surprisingly found FDR to be leaner and younger, as well as showing 

a more favorable metabolic profile, than controls. We believe that the FDR who wanted to 

participate had a bigger worry about their health/metabolic risk profile than controls, 

despite being lean and young. We interpret this as a form of selection bias on our part, and 

thus a methodological flaw. This phenomenon we believe has influenced the results in both 

study II and III, and possibly weakened the differences between groups. It is in that case 

remarkable, that any differences were indeed seen, in spite of the FDR being younger, 

leaner and more physically active, indicating that at similar age, BMI and level of physical 

activity, the FDR might have displayed even greater metabolic derangements compared to 

controls.  

 

As we collected lifestyle factors such as level of exercise, level of stress, tobacco habits 

through a questionnaire, these data could have been subjected to both recall bias and 

subjective interpretation. In general, obtaining information through questionnaires has 

been shown to be lacking in both validity and reliability. We also did not include dietary 

habits in the questionnaire, a undisputable lifestyle factor associated with cardiometabolic 

disease.  

 

As mentioned on several occasions in this thesis, the field of specifically untargeted 

metabolomics should be considered exploratory in nature, and associations found need to 

be further evaluated for biological plausibility and mechanistically further examined. Our 

work in paper IV and V must be read in light of that fact. 

 

We did not collect data on ethnic background in the studies constituting this thesis.  One 

must consider this a methodological flaw. Ethnicity has been shown to increase risk of T2D, 

and a higher risk of micro- and macrovascular complications. This is in part explained by 

socio-economic disparities, but also physiological differences between ethnicities (108, 
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109). However, one especially interesting cohort is the POP-ABC study where the examine 

FDR of both Caucasian and African-American ethnic background, and they found that family 

history of T2D was a stronger negative predictive factor than ethnicity (110). In either way, 

not including ethnicity makes our results less reproducible in a global setting but also 

locally, as Sweden continues to ethnically diversify. 

 

Another area we did not explore in the work underlying this thesis, was the epigenome and 

the idea that epigenetic mechanisms constitute how prenatal and lifestyle factors influence 

genetic expression through methylation of DNA (111). It could have been of interest, as we 

evaluated the intersection between genetics and lifestyle, and how they interplay in the 

development of T2D. 
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6 CONCLUSIONS 

In this thesis, I summarize the work of five papers. We found that FDR display alterations 

all across the spectra of measured variables and are indeed at an increased risk of T2D. We 

found evidence that an emphasis should be put on adipose tissue distribution and 

dysfunction. We also confirm the usefulness of the well known and extensively used OGTT, 

in assessing individuals at high risk of cardiometabolic disease. Finally, we examined serum 

metabolomics and found both novel and known markers of cardiometabolic disease.   

 

6.1 Clinical implications and future perspectives 

Detailed work into pathophysiology should be of interest to any clinically active medical 

doctor. Yet scientific research may seem far from every day decision making around patient 

care. The connection between preclinical research findings, how they add to a large amount 

of constantly evolving research data and how it over time changes clinical treatment 

guidelines, is not always lucid. In working on this thesis, I have been able to be involved in 

the production of such preclinical research data, and simultaneously work in a clinical 

setting taking steps forward as a result of such academic work. Working outside the 

university hospital system, I see an important link in clinicians with experience with – 

and/or an interest in - research. As the amount of data grows, the methods of analyzing it 

grow more complex, and interpreting results becomes more difficult. As a clinician with 

some research background I believe it is important to facilitate communication between 

academia and patient care on all levels.   

 

So then where could the specific results of this thesis be headed? A few areas of interest 

come to mind. Firstly, if we now have stated that certain unfavorable traits characterize the 

FDR population, then could we try to reverse them? The Lancet Commission on Diabetes 

recently published a thorough review on how lifestyle interventions reduce risk of future 

dysglycemia in high-risk patients, including those with a genetic predisposition (112). This 

reduction in future dysglycemia has been shown to be mediated by changes in insulin 

resistance, insulin secretion, adipose tissue dysfunction and adipose tissue distribution 

(113). How reversible are the changes seen in FDR specifically? It would be very interesting 

to find out.  

 

An obvious continuation of the metabolomics findings would be to examine whether the  
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metabolites associated with disease are mere biomarkers, or whether they play a 

mechanistic role in metabolic dysfunctions. If a compound were found to be 

mechanistically important, it would be interesting to further examine whether it could be a 

target for a novel pharmacological treatment. Interestingly, we saw a tendency in paper V 

that metabolomics better predicted several outcomes than clinical or imaging variables. 

Could they be used diagnostically in a near future? As a clinician, this was a very interesting 

find.   

 

We are only at the beginning phase of machine learning in medicine. With these methods 

we are able to assess very complex data sets, but the results are also complex to interpret. 

As the results are becoming harder and harder to intuitively comprehend, we as clinical 

researchers need more assistance from statisticians to help analyze data. As the research 

becomes increasingly more complex and harder to obtain for non-statisticians, are we 

heading in a direction where responsibility and liability is moved from the medical 

expertise to the mathematical? Hopefully, we can use the new methods responsibly through 

collaborations.  
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