Doctoral Programme in Clinical Research
Department of Medicine
University of Helsinki
Folkhälsan Research Center
Helsinki, Finland
Department of Nephrology
University of Helsinki and Helsinki University Hospital
Helsinki, Finland
Research Program for Clinical and Molecular Metabolism
Faculty of Medicine
University of Helsinki
Helsinki, Finland

Obesity and complications in type 1
diabetes – a genetic and clinical
perspective
Emma Dahlström

DOCTORAL DISSERTATION
To be presented for public discussion with the permission of the Faculty of Medicine
of the University of Helsinki, for the public examination in Lecture Hall 2,
Biomedicum Helsinki, on the 23rd of May, 2022, at 12 noon.

Supervised by

Professor Per-Henrik Groop
Department of Nephrology, University of Helsinki and
Helsinki University Hospital Helsinki, Finland
Folkhälsan Research Center, Helsinki, Finland
Research Program for Clinical and Molecular Metabolism,
Faculty of Medicine, University of Helsinki, Finland
Associate Professor Niina Sandholm
Folkhälsan Research Center, Helsinki, Finland
Department of Nephrology, University of Helsinki and
Helsinki University Hospital Helsinki, Finland
Research Program for Clinical and Molecular Metabolism,
Faculty of Medicine, University of Helsinki, Finland

Reviewed by

Professor Marju-Orho Melander
Department of Clinical Sciences
Malmö, Lund University
Lund, Sweden
Associate Professor Kati Kristiansson
Department of Public Health and Welfare
Population Health Unit
Finnish Institute for Health and Welfare
Helsinki, Finland

Opponent

Professor Andrew Hattersley
The Institute of Biomedical and Clinical Science
University of Exeter Medical School
Royal Devon and Exeter Hospital
Exeter, United Kingdom

The Faculty of Medicine uses the Ouriginal system (plagiarism recognition) to
examine all doctoral dissertations
ISBN 978-951-51-8131-2 (softcover)
ISBN 978-951-51-8132-9 (PDF)
http://ethesis.helsinki.fi
Unigrafia
Helsinki 2022

CONTENTS
LIST OF ORIGINAL PUBLICATIONS .......................................................... 7
ABBREVIATIONS ......................................................................................... 8
ABSTRACT ................................................................................................... 9
SAMMANFATTNING .................................................................................. 11
TIIVISTELMÄ .............................................................................................. 13
1

INTRODUCTION .................................................................................. 15

2

REVIEW OF THE LITERATURE ......................................................... 18

2.1 Diabetes Mellitus ................................................................................................................. 18
2.1.1
Definition of diabetes ................................................................................................... 18
2.1.2
Classification of diabetes .............................................................................................. 18
2.1.3
Epidemiology............................................................................................................... 19
2.1.4
Pathogenesis ................................................................................................................ 20
2.1.5
Treatment .................................................................................................................... 21
2.1.6
Complications of diabetes ............................................................................................ 21
2.2 Obesity................................................................................................................................. 24
2.2.1
Obesity – a global problem ........................................................................................... 24
2.2.2
Definition and classification ......................................................................................... 24
2.2.3
Causes of obesity ......................................................................................................... 25
2.2.4
Molecular consequences of obesity............................................................................... 26
2.2.5
Clinical consequences of obesity .................................................................................. 27
2.2.6
Challenges in observational epidemiological studies ..................................................... 29
2.3 Human genome.................................................................................................................... 30
2.3.1
Human genetic variation............................................................................................... 31
2.3.2
Single nucleotide variants............................................................................................. 31
2.3.3
Population isolates and human genetic variation ........................................................... 33
2.4 Methods for studying the genetics of complex traits........................................................... 34
2.4.1
Genome-wide association studies ................................................................................. 35
2.4.2
Polygenic risk scores .................................................................................................... 36
2.4.3
Mendelian randomisation ............................................................................................. 37

3

AIMS .................................................................................................... 42

4

MATERIAL AND METHODS ............................................................... 43

3

4.1 The Finnish Diabetic Nephropathy Study ........................................................................... 43
4.1.1
Clinical and laboratory assessments at the FinnDiane study visit ................................... 43
4.1.2
Outcomes from the study visit....................................................................................... 44
4.1.3
Outcomes from registry data ......................................................................................... 46
4.1.4
Ethical aspects .............................................................................................................. 47
4.2 Study design ......................................................................................................................... 48
4.2.1
Study I ......................................................................................................................... 48
4.2.2
Study II ........................................................................................................................ 48
4.2.3
Study III ....................................................................................................................... 49
4.2.4
Study IV....................................................................................................................... 50
4.3 Study participants ............................................................................................................... 50
4.3.1
FinnDiane study participants......................................................................................... 53
4.3.2
Other study participants ................................................................................................ 56
4.4 Genetic variants ................................................................................................................... 57
4.4.1
SNV selection and genotyping ...................................................................................... 57
4.5 Statistical analysis................................................................................................................ 58
4.5.1
Descriptive statistics ..................................................................................................... 58
4.5.2
Cross-sectional analyses ............................................................................................... 59
4.5.3
Prospective analyses ..................................................................................................... 59
4.5.4
Mendelian randomisation.............................................................................................. 60
4.5.5
Meta-analyses .............................................................................................................. 61
4.5.6
Power calculations........................................................................................................ 61

5

RESULTS............................................................................................. 62

5.1 Genetic evidence for type 2 diabetes in diabetic complications .......................................... 62
5.1.1
Genetic variants for type 2 diabetes and diabetic complications in FinnDiane ................ 62
5.1.2
Replication analyses ..................................................................................................... 65
5.2 BMI, obesity, and mortality in type 1 diabetes ................................................................... 66
5.2.1
BMI trends in type 1 diabetes ....................................................................................... 66
5.2.2
The relationship between BMI and mortality in type 1 diabetes ..................................... 67
5.2.3
Modifiers of the relationship between BMI and mortality .............................................. 69
5.3 Genetic evidence for a causal role of BMI in diabetic nephropathy ................................... 72
5.3.1
The relationship between BMI and diabetic nephropathy in type 1 diabetes ................... 72
5.3.2
Cross-sectional analyses ............................................................................................... 73
5.3.3
Causal evidence for the BMI in diabetic nephropathy .................................................... 73
5.4 Genetic evidence for the role of adipocyte FABP in diabetic complications....................... 75
5.4.1
FABP4 rs77878271 and clinical associations at baseline ............................................... 75
5.4.2
FABP4 rs77878271 and prospective analyses (FinnDiane) ............................................ 77
5.4.3
Replication analyses ..................................................................................................... 78
5.4.4
Causal evidence for FABP4 in cardiovascular disease in type 1 diabetes........................ 79
5.4.5
Sensitivity Analyses ..................................................................................................... 80

6

DISCUSSION ....................................................................................... 82
4

6.1

Type 2 diabetes genetics and diabetic complications in type 1 diabetes ............................. 82

6.2

BMI and the prevalence of obesity in type 1 diabetes......................................................... 83

6.3

BMI and the risk of mortality in type 1 diabetes ................................................................ 84

6.4

Factors influencing the BMI-associated risk of mortality .................................................. 85

6.5

BMI causally increases the risk of diabetic nephropathy in type 1 diabetes ...................... 86

6.6

The adipocyte FABP4 and the risk of diabetic complications in type 1 diabetes ............... 87

6.7 Strength and limitations ...................................................................................................... 88
6.7.1
Study participants......................................................................................................... 88
6.7.2
Study power ................................................................................................................. 90
6.7.3
Selection of genetic variants ......................................................................................... 91

7

SUMMARY AND CONCLUSIONS ....................................................... 93

7.1

Study I ................................................................................................................................. 93

7.2

Study II ................................................................................................................................ 93

7.3

Study III .............................................................................................................................. 93

7.4

Study IV .............................................................................................................................. 93

8

ACKNOWLEDGEMENTS .................................................................... 95

9

REFERENCES ..................................................................................... 97

5

6

LIST OF ORIGINAL PUBLICATIONS
This thesis is based on the following publications:
I

SNP in the genome-wide association study hotspot on chromosome
9p21 confers susceptibility to diabetic nephropathy in type 1 diabetes.
Emma Fagerholm, Emma Ahlqvist, Carol Forsblom, Niina Sandholm,
Anna Syreeni, Maija Parkkonen, Amy J McKnight, Lise Tarnow,
Alexander Peter Maxwell, H.-H. Parving, Leif Groop, Per-Henrik Groop &
on behalf of the FinnDiane Study Group. Diabetologia. Volume 55, Issue
9, pages 2386–2393, September 1, 2012.

II

Body mass index and mortality in individuals with type 1 diabetes.
Emma H Dahlström, Niina Sandholm, Carol M Forsblom, Lena M Thorn,
Fanny J Jansson, Valma Harjutsalo, Per-Henrik Groop. The Journal of
Clinical Endocrinology & Metabolism. Volume 104, Issue 11, Pages 51955204, April 29, 2019

III

Genetic evidence for a causal role of obesity in diabetic kidney disease.
Jennifer N Todd*, Emma H Dahlström*, Rany M Salem, Niina Sandholm,
Carol Forsblom, Amy J McKnight, Alexander P Maxwell, Eoin Brennan,
Denise Sadlier, Catherine Godson, Per-Henrik Groop, Joel N Hirschhorn,
Jose C Florez, FinnDiane Study Group. Diabetes. Volume 64, Issue 12,
Pages 4238-4246, December 1, 2015.

IV

The low-expression variant of FABP4 is associated with cardiovascular
disease in type 1 diabetes.
Emma H Dahlström, Jani Saksi, Carol Forsblom, Nicoline Uglebjerg, Nina
Mars, Lena M. Thorn, Valma Harjutsalo, Peter Rossing, Tarunveer S.
Ahluwalia, Perttu J Lindsberg, Niina Sandholm, Per-Henrik Groop, on
behalf of the FinnDiane Study Group. Diabetes. Volume 70, Issue 10, Pages
2391-2401. October 1, 2021

*equal contribution.
These publications are referred to by their Roman numerals in the text. The publications have
been reprinted with permission from their copyright holders.

Author’s contribution
In Study I, the author contributed to data preparation and pre-processing, performed the
analyses in the FinnDiane Study, performed the association testing in the SDCC cohort, the
meta-analysis and wrote the manuscript. In Study II, the author contributed to the study design,
prepared and pre-processed the data, performed all analyses and wrote the manuscript. In
Study III, the author prepared and pre-processed the data for the FinnDiane participants and
performed the cross-sectional analyses, the prospective analyses, and the Mendelian
randomisation in FinnDiane. The author wrote the manuscript together with J. Todd. In Study
IV, the author contributed to the study design and prepared and pre-processed the data for the
FinnDiane participants, performed all analyses in the FinnDiane Study, performed the metaanalyses and wrote the manuscript.

7

ABBREVIATIONS
A
ACR
AER
BMI
bp
C
DAG
DCCT
DNA
EDIC
eGFR
ESKD
FABP4
FinnDiane
G
GIANT
HbA1c
HDL
HLA
HWE
IDMS
indels
ICD
IV
IVW
LADA
LD
LDL
MAF
MODY
PPARȖ
pQTL
RNA
SDCC
SDR
SNV
T
WHO

Adenine
Albumin-creatinine ratio
Albumin excretion rate
Body mass index
base pair
Cytosine
Directed acyclic graph
The Diabetes Control and Complications Trial
Deoxyribonucleic acid
The Epidemiology of Diabetes Interventions and Complications
Estimated glomerular filtration rate
End-stage kidney disease
Fatty-acid binding protein 4
Finnish Diabetic Nephropathy Study
Guanine
The Genetic Investigation of ANthropometric Traits
Haemoglobin A1c
High density lipoprotein
Human leukocyte antigen
Hardy Weinberg equilibrium
Isotope dilution mass spectrometry
insertion-deletions
International classification of diseases
Instrumental variable
Inverse-variance weighted
Latent Autoimmune Diabetes of the Adulthood
Linkage Disequilibrium
Low-density lipoprotein
Minor allele frequency
Maturity Onset Diabetes of the Young
Peroxisome proliferator-activated receptor Ȗ
Protein quantitative trait loci
Ribonucleic acid
Steno Diabetes Centre Copenhagen
The Scania Diabetes Registry
Single nucleotide variant
Thymine
World Health Organization

8

ABSTRACT
Background. The prevalence of obesity and type 2 diabetes has reached pandemic
proportions since the 1980s. In type 1 diabetes, the increase in obesity has lately been
even more dramatic than in the general population. Moreover, individuals with type 1
diabetes and a family history of type 2 diabetes are more obese and metabolically
unhealthier than their counterparts. However, whether the increase in the prevalence
of obesity will translate into increased morbidity and mortality in type 1 diabetes is
not known. Previous studies have primarily been observational, and therefore, the
assumed relationships are not necessarily causal. In addition to this, previous studies
have also overlooked any potential nonlinearity.
Aim. The over-arching aim of this thesis was to determine the role of obesity and
related disorders in the development of major complications in type 1 diabetes by
utilising genetic variants to address causality and by using methods that flexibly
consider nonlinearity.
Study participants and methods. This thesis consists of four studies conducted as part
of the Finnish Diabetic Nephropathy (FinnDiane) Study. Body mass index was used
to quantify obesity. In Study III, two other type 1 diabetes cohorts were included as
discovery cohorts alongside the FinnDiane cohort. In studies I and IV, additional
individuals with type 1 diabetes were included as replication cohorts. We assessed
cross-sectional associations using logistic regression and information on outcomes
available at the baseline examination. Prospective associations for outcomes were
assessed with Cox regression using information from the follow-up examination or
data retrieved from national registries. Nonlinear effects of BMI were evaluated using
restricted cubic splines. We selected genetic variants from genome-wide association
studies on type 2 diabetes and body mass index in the general population. In Study IV,
we selected a known low-expression promoter variant of the fatty-acid binding protein
4 (FABP4). Causality was assessed using Mendelian randomisation. Results were
combined using an inverse-variance weighted meta-analysis.
Results. Findings from Study I highlighted a genetic variant near the genes
CDKN2A/B, previously associated with type 2 diabetes, that increased the odds of
diabetic nephropathy by 33% and end-stage kidney disease (ESKD) by 35% in
individuals with type 1 diabetes. In Study II, BMI significantly predicted future death
when nonlinearity was taken into account, with both low and high BMI increasing the
risk of death. We further found that the BMI-mortality relationship was modified by
the diabetes onset age, sex, and diabetic nephropathy. In Study III, the Mendelian
randomisation analyses revealed that every 1 kg/m2 increase in BMI confers a 43%
increased risk of ESKD and a 28% to 33% increased risk of macroalbuminuria and
diabetic nephropathy. This was in contrast to the cross-sectional results, which
demonstrated a protective effect of elevated BMI against ESKD. In Study IV, opposite
to findings in the general population, we found that the low-expression G-allele of the
FABP4 promoter variant increased the risk of stroke by 26% (p-value = 0.04),
9

coronary artery disease by 26% (p-value =0.006), and cardiovascular disease by 17%
(p-value = 0.003) in individuals with type 1 diabetes. The Mendelian randomisation
provided further evidence for an increased risk of coronary artery disease with lower
FABP4 levels.
Conclusions. Obesity, as measured by BMI, is associated with mortality and diabetic
nephropathy, with both high and low values increasing the risk. Further evidence,
however, from analyses with genetic variants indicated that only high BMI is causally
related to diabetic nephropathy. In contrast to the general population, genetically
determined lower levels of FABP4 increased the risk of cardiovascular complications
in type 1 diabetes, suggesting that a certain level of FABP4 seems to be required to
maintain cardiovascular health in individuals with type 1 diabetes and that lowering
FABP4 levels could even be detrimental.
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SAMMANFATTNING
Bakgrund. Förekomsten av fetma och typ 2-diabetes har nått epidemiska proportioner
sedan 1980-talet. Ökningen av fetma vid typ 1-diabetes har på senare tid varit till och
med ännu mer dramatisk än i den allmänna befolkningen. Därutöver är personer med
typ 1-diabetes och med typ 2-diabetes i familjen, mer överviktiga och har en större
metabol ohälsa. Huruvida ökningen av fetma kommer att leda till ökad ohälsa och
dödlighet vid typ 1-diabetes är dock dåligt känt. Dessutom har tidigare studier
mestadels varit observationella och risken finns därmed att antagna relationer inte är
kausala. Tidigare studier har även förbisett eventuella icke-linjära förhållanden.
Syfte. Det övergripande syftet med denna avhandling var att fastställa fetmans roll för
utvecklingen av betydande komplikationer vid typ 1-diabetes, genom att använda
genetiska varianter för att hantera orsakssamband (kausalitet) samt använda metoder
som flexibelt beaktar icke-linjära förhållanden.
Studiedeltagare och metoder. Denna avhandling består av fyra delstudier som
genomfördes som en del av den finländska FinnDiane (Finnish Diabetic Nephropathy)
-studien. Kroppsmasseindexet BMI användes för att kvantifiera fetma. I studie III
inkluderades två andra kohorter med individer med typ 1-diabetes vid sidan av
FinnDiane -kohorten som huvudsakliga kohorter. I studierna I och IV inkluderades
ytterligare personer med typ 1-diabetes för replikering av fynden. Tvärsnittsanalyser
utfördes med logistisk regression och information tillgänglig vid
baslinjeundersökningen. Prospektiva analyser utfördes med Cox-regression och
information från endera uppföljningsundersökningen eller nationella register. Ickelinjära sammanband för BMI utvärderades med hjälp av kubiska splines. Vi valde
genetiska varianter från genomomfattande associationstudier för typ 2-diabetes och
BMI i den allmänna befolkningen. I studie IV valde vi en känd genetisk variant
(rs77878271) belägen i promotorn av FABP4 genen (som kodar för det
fettsyrabindande proteinet 4) och orsakar ett lågt uttryck av genen. Kausalitet
bedömdes med hjälp av metoder som baserar sig på Mendels randomisering.
Resultaten kombinerades med hjälp av invers variansvägd metaanalys.
Resultat. Studie I visade att en genetisk variant belägen nära generna CDKN2A/B som
är specifikt associerad med typ 2-diabetes ökade oddsen för diabetisk njursjukdom
med 33 % och njursvikt med 35 % vid typ 1-diabetes. I studie II, visade vi att BMI är
associerad med ökad dödlighet när icke-linearitet mellan dessa beaktades och både
lågt och högt BMI ökade risken för dödsfall. Vi fann vidare att förhållandet mellan
BMI och dödlighet påverkas av sjukdomsdebutåldern i diabetes, kön och diabetisk
njursjukdom. I studie III avslöjade de Mendelska randomiseringsanalyserna att varje
1 kg/m2 ökning av BMI bidrar till en 43 % ökad risk för njursvikt, samt 28 % och 33
% ökad risk för makroalbuminuri och diabetisk njursjukdom, även trots att
tvärsnittsanalyserna indikerade att förhöjt BMI skyddar mot njursvikt. I den sista
studien IV, fann vi att G-allelen som leder till ett lågt uttryck av FABP4-genen ökade
risken för stroke med 26 % (p-värde = 0,04), kranskärlssjukdom med 26 % (p-värde
11

= 0,006) och hjärt-kärlsjukdom med 17 % (p-värde = 0,003) vid typ 1-diabetes.
Mendelsk randomisering gav ytterligare bevis för dessa fynd som var i motsats till
observationer för denna variant i den allmänna befolkningen.
Slutsatser. Fetma, mätt med BMI, är associerat med en ökad dödlighet och diabetisk
njursjukdom vid typ-1 diabetes och både ett lågt samt ett högt BMI ökar riskerna.
Ytterligare bevis från analyser med genetiska varianter indikerade att enbart ett högt
BMI ökar risken för diabetisk njursjukdom. Till skillnad från den allmänna
befolkningen ökade genetiskt bestämda lägre nivåer av FABP4 risken för
kardiovaskulära komplikationer vid typ 1-diabetes, vilket tyder på att en viss nivå av
FABP4 verkar behövas för att upprätthålla kardiovaskulär hälsa vid typ 1-diabetes och
att sänkning av FABP4 -nivåer till och med kan vara skadligt
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TIIVISTELMÄ
Tausta. Lihavuuden esiintyvyys on tyypin 2 diabeteksen rinnalla saavuttanut
epidemian mittasuhteet 1980-luvulta lähtien. Tyypin 1 diabeteksessa liikalihavuus on
lisääntynyt viime aikoina jopa nopeammin kuin taustaväestössä. Lisäksi sellaisten
tyypin 1 diabetesta sairastavien henkilöiden, joiden suvussa esiintyy tyypin 2
diabetesta, on todettu olevan lihavampia ja metabolisesti epäterveempiä. Ei ole selvää
tutkimusnäyttöä johtaako liikalihavuuden lisääntyminen myös lisääntyneeseen
sairastavuuteen ja kuolleisuuteen tyypin 1 diabeteksessa. Lisäksi aiemmat tutkimukset
ovat olleet enimmäkseen havainnollisia, joiden syy–seuraussuhteet ovat siten olleet
epäselviä. Tämän lisäksi aiemmissa tutkimuksissa on usein jätetty huomiotta
suhteiden välistä epälineaarisuutta.
Tutkimuksen tavoitteet. Tämän väitöskirjan yleisenä tavoitteena oli määrittää
lihavuuden rooli tyypin 1 diabeteksen merkittävimpien komplikaatioiden
kehittymisessä hyödyntämällä geneettisiä variantteja syy-seurausyhteyksien
ratkaisemiseksi sekä käyttämällä tilastollisia menetelmiä, jotka ottavat joustavasti
huomioon mahdolliset epälineaariset suhteet.
Tutkimuksen osallistujat ja menetelmät. Tämä väitöskirja koostuu neljästä
tutkimuksesta, jotka tehtiin osana suomalaista FinnDiane (Finnish Diabetic
Nephropathy Study) tutkimusta. Lihavuuden määrittämiseen käytettiin painoindeksiä
(BMI). Tutkimuksessa III oli FinnDiane-tutkimuksen lisäksi kaksi muuta tyypin 1
diabetestutkimusta. Tutkimuksissa I ja IV muita tyypin 1 diabetestutkimuksia
hyödynnettiin löydösten replikoinnissa. Poikittaisanalyysit tehtiin logistisella
regressiolla, käyttäen osallistujien aloituskäynnin tietoja. Seurantatutkimuksen
analyysit tehtiin Cox-regressiolla, käyttäen seurantakäyntien tai kansallisten
rekisterien tietoja. Painoindeksin epälineaarisia vaikutuksia arvioitiin käyttämällä
luonnollisia kuutiosplinejä. Valitsimme geneettiset variantit tyypin 2 diabeteksen ja
BMI:n genominlaajuisista assosiaatiotutkimuksista. Tutkimuksessa IV valitsimme
tunnetun rasvahappoa sitovan proteiinin 4 (FABP4) ilmentymistä heikentävän
promoottorialueen variantin (rs77878271). Syy-yhteyttä arvioitiin käyttäen
Mendelististä satunnaistamista (Mendelian randomisation). Tulokset yhdistettiin
käyttäen käänteisvarianssilla painotettua meta-analyysiä.
Tulokset. Tutkimuksessa I havaittiin, että geneettinen variantti erityisesti tyypin 2
diabetekseen liittyvän CDKN2A/B-geenialueen lähellä lisäsi diabeettisen
munuaistaudin todennäköisyyttä 33 %:lla ja loppuvaiheen munuaistautia (ESKD):tä
35 %:lla tyypin 1 diabeteksessa. Tutkimuksessa II BMI ennusti merkittävästi
kuolemaa, kun epälineaarisuus otettiin huomioon ja sekä matala että korkea BMI
lisäsivät kuoleman riskiä. Lisäksi havaitsimme, että BMI:n suhde kuolleisuuteen on
vuorovaikutuksessa diabeteksen sairastumisiän, sukupuolen, ja munuaistaudin kanssa.
Tutkimuksessa III Mendelistiset satunnaistamisanalyysit paljastivat, että jokaisen 1
kg/m2:n BMI-nousun myötä ESKD-riski kasvaa 43 % sekä makroalbuminurian ja
diabeettisen munuaistaudin riski 28–33 %, vaikka poikkileikkausanalyysit viittasivat
13

siihen, että korkea BMI suojaisi ESKD:tä vastaan. Viimeisessä tutkimuksessa IV
havaitsimme, että FABP4:n heikkoon ilmentymiseen liittyvä promoottorivariantin Galleeli lisäsi aivohalvauksen riskiä 26 % (p-arvo = 0,04) ja sepelvaltimotaudin riskiä
26 % (p = 0,006) ja sydän- ja verisuonitautien riskiä 17 % (p-arvo = 0,003) tyypin 1
diabeteksen yhteydessä. Mendelistinen satunnaistaminen antoi lisätodisteita näille
havainnoille, mitkä olivat ristiriidassa taustaväestön havaintojen kanssa.
Päätelmät. Lihavuus, mitattuna BMI:llä, liittyy tyypin 1 diabeetikoiden
kuolleisuuteen ja diabeettiseen munuaistautiin; sekä korkeat että pienet BMI-arvot
lisäävät riskiä. Lisäksi geneettiset tutkimukset osoittivat, että ainoastaan korkea BMI
on syy-yhteydessä diabeettiseen munuaistautiin. Toisin kuin yleisessä väestössä,
geneettisesti määritetyt alemmat FABP4-tasot lisäsivät sydän- ja verisuonitautien
komplikaatioiden riskiä tyypin 1 diabeteksessa, mikä viittaa siihen, että tietynlainen
FABP4 -taso näyttää olevan tarpeen sydän- ja verisuoniterveyden ylläpitämiseksi
tyypin 1 diabeteksessa ja että FABP4 -tasojen alentaminen voi mahdollisesti olla
haitallista.
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INTRODUCTION

Diabetes is a common and chronic disease characterised by elevated glucose levels in
the blood (1) — affecting approximately 422 million individuals worldwide (2). The
discovery of insulin, precisely a century ago (3), was thought to cure diabetes,
particularly insulin-dependent forms of diabetes, such as type 1 diabetes, the most
common form of diabetes in childhood. However, even with insulin therapy and other
advances in the management and care of diabetes, over time, a considerable proportion
of individuals with diabetes still acquire damage to the eyes, kidneys, nerves, blood
vessels, and the heart (4). These complications that emerge after long-standing
diabetes in one-third of individuals with type 1 diabetes significantly impact the
lifespan (4–6). Diabetic complications are not only the cause of excess premature
death in individuals with type 1 diabetes (7), but they also negatively impact the
quality of life (8) and constitute an enormous economic burden for society (9). In 2017,
nine million individuals were estimated to have type 1 diabetes worldwide (10). Due
to increasing incidence rates of type 1 diabetes (11, 12), this number is expected to
increase, placing a growing number of individuals at risk of life-threatening diabetic
complications.
During the last four decades, the increase in obesity and its health-related adverse
outcomes have been recognised as a growing problem with pandemic proportions (13,
14). The increase in the prevalence of obesity has parallelled the prevalence of type 2
diabetes (2, 15), a type of diabetes closely connected to excess body weight and lack
of physical exercise. In fact, due to the strong link between these two, the term
“diabesity” has been coined to describe this worldwide dual pandemic and the adverse
health outcomes arising from the combination of these two (15, 16). Type 1 diabetes,
on the other hand, has less frequently been linked to obesity. Instead, this type of
diabetes has traditionally been characterised by a lower average body weight.
Emerging evidence, however, suggests that the obesity prevalence in 1 diabetes has
increased even faster than in the general population (17). Furthermore, individuals
with type 1 diabetes are more obese with a worse metabolic profile if their parents
have type 2 diabetes (18), suggesting that individuals with type 1 diabetes are not
protected from the harmful effects of type 2 diabetes.
However, how obesity affects the risk and development of morbidities and mortality
in type 1 diabetes is poorly known. Only a few studies have evaluated the effect of
body mass index (BMI) — a widely used measure of obesity — on complications and
mortality in type 1 diabetes (19–25). Furthermore, the results from these studies have
been conflicting, and potential nonlinearity has frequently been overlooked. In
addition, observational studies are sensitive to several biases, such as reverse causation
and confounding (26). Therefore, they cannot separate the cause from the correlation.
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Genome-wide association studies have provided a catalogue of genetic variants,
specifically single nucleotide variants (SNVs), associated with various traits and
diseases (27). The extensive collection of SNVs discovered in genome-wide
association studies has provided several new possibilities in genetic epidemiology. It
has enabled the use of genetic variants to predict disease and infer causality using
Mendelian randomisation, which relies on the natural randomisation of genetic
variants occurring before birth (26). Furthermore, genetic analyses of variants known
to affect genes that are putative drug targets can provide valuable information on the
possible outcome of these drugs in humans (28).
Therefore, this doctoral thesis investigated the impact of obesity and the closely
connected type 2 diabetes on major diabetic complications and mortality in individuals
with type 1 diabetes (Figure 1). In this thesis, we used methods incorporating genetic
information and statistical methods that relax the assumptions regarding linearity.

Figure 1 Overview of primary associations tested in the individual studies of this
thesis. A solid line denotes the assumed relationships in this thesis, and a dashed line represents

tested associations. The exposures in this thesis included BMI (as a measure of obesity), type 2
diabetes, and the adipokine fatty-acid binding protein 4 (FABP4). The primary outcomes were
cardiovascular disease and diabetic nephropathy – the two major causes of death in type 1
diabetes – and mortality.

Specifically, in Study I, we studied the impact of well-established genetic risk variants
for type 2 diabetes on the risk of diabetic nephropathy and cardiovascular disease in
2,963 Finnish individuals with type 1 diabetes. We followed up on significant findings
in three additional type 1 diabetes cohorts, comprising 2,980 individuals. In Study II,
we tested the association between BMI and mortality risk in 5,836 individuals with
type 1 diabetes. We used models that allow for both nonlinearity and interactions —
two factors often ignored in previous BMI-mortality studies in type 1 diabetes. In
Study III, we selected genetic variants with a known impact on BMI and summed the
effect of these in a genetic risk score. We used this genetic risk score to proxy for BMI
to infer causality between BMI and diabetic nephropathy in three cohorts of 6,049
individuals with type 1 diabetes. Finally, in Study IV, we used a known low-
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expression variant in the promoter of the FABP4 gene to proxy for levels of a potential
drug target for treating obesity-associated disease – the fatty-acid binding protein 4
(FABP4). We assessed its association with cardiovascular disease and mortality in
various ways in 5,077 individuals with type 1 diabetes and followed up on significant
findings in two additional cohorts, including 4,530 individuals with type 1 diabetes.
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2

REVIEW OF THE LITERATURE

2.1 Diabetes Mellitus
The name diabetes (diabaínǀ, “to pass through”) was first used by the renowned Greek
physician Aretaeus of Cappadocia in his clinical description of the disease, where he
described it as “the melting down of flesh and limbs into urine” (29, 30). Later in 1645,
the Latin word mellitus meaning “honey-sweet”, was added to the name diabetes by
the British physician Thomas Willis (31). He described the urine of patients with
diabetes as “wonderfully sweet”, like honey. Today, diabetes mellitus is more
commonly known as just diabetes.
2.1.1

Definition of diabetes

Diabetes is a chronic disease characterised by an elevated glucose concentration in the
blood, also known as hyperglycaemia. Hyperglycemia results from either a defect in
insulin production or its action. The World Health Organization (WHO) defines
diabetes as an increased fasting plasma glucose concentration  7.0 mmol/ml, or a
plasma glucose concentration of  11.1 mmol/ml two hours after an oral glucose load
of 75 g, or an HbA1c  6.5%, or a random plasma glucose value of  11.1 mmol/ml in
an individual with symptoms of hyperglycaemia, such as excessive thirst, hunger, or
urination. (1, 32, 33)
2.1.2

Classification of diabetes

Diabetes is not a single disease but a heterogeneous group of disorders consisting of
several subtypes. All subtypes share one common feature, namely hyperglycaemia,
but differ in their pathogenesis and treatment (34). Over the years, the classification
of diabetes into subtypes has changed. In the early 1970s, the age at onset of diabetes
was used to classify diabetes into two subtypes: juvenile diabetes and maturity-onset
diabetes. However, as different subtypes of diabetes can occur at any age, this
classification was abandoned. In 1979, a new classification for diabetes was published
(34, 35). The new classification was based on the treatment required, as the aetiology
was incomplete or even unknown for some subtypes. Hence, diabetes was classified
as insulin-dependent diabetes and non-insulin-dependent diabetes, depending on the
requirement of exogenous insulin (36). New research behind the aetiology of different
diabetes subtypes emerged, which led to the realisation that there are two major types
of diabetes. While these two types have a different aetiology, both may require insulin
for survival and emerge at various ages.
Consequently, a new numerical classification was adopted to avoid confusion between
the subtypes (34, 37). Based on this classification, there are two major types of
diabetes: type 1 diabetes, which is the most common diabetes type in children and type
2 diabetes, which prevails in adulthood. Type 2 diabetes results from a defect in insulin
secretion, insulin sensitivity or both, inherited or acquired or both. Older age, obesity
and a sedentary lifestyle are closely related to the development of type 2 diabetes,
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which may be initially treated with exercise and diet. As the disease progresses,
treatment of type 2 diabetes usually shifts to oral medications that improve insulin
secretion or sensitivity. As a last resort, insulin therapy is sometimes required (38).
In contrast to type 2 diabetes, type 1 diabetes has a more rapid onset caused by the
autoimmune destruction of the insulin-producing ȕ-cells in the pancreas (39). Thus,
individuals with type 1 diabetes often have a severe insulin deficiency already at
diagnosis. Therefore, treatment always includes insulin therapy. Even though type 1
diabetes is the most common type of diabetes in children (39), its onset is not limited
to childhood. Instead, the onset of type 1 diabetes in adulthood or adolescence
(individuals older than 15 years) is relatively common, especially in Finland (40).
However, diagnosing type 1 diabetes in adulthood poses a challenge due to the greater
incidence of type 2 diabetes among individuals of older age. But just as in childhood,
the onset of type 1 diabetes in adulthood similarly includes a high risk of ketoacidosis
and a rapid insulin requirement at onset (41).
However, diabetes is much more heterogeneous than just the division of it into two
types. Type 1 diabetes and type 2 diabetes more likely represent two extremes of a
range of diabetes forms with overlapping features (42). Individuals with type 1
diabetes and parental history of type 2 diabetes have features commonly observed
among those with type 2 diabetes, such as a worse metabolic profile, including a higher
BMI and insulin resistance (18). Besides type 1 and type 2 diabetes, other forms of
diabetes with differing aetiologies also exist. One subtype, latent autoimmune diabetes
in adulthood (LADA), is sometimes considered type 1 diabetes as it shares many
features with the latter, including aetiology (43) and genetic background (44).
However, the onset of LADA is slower, and affected individuals do not initially
require insulin even though they eventually develop insulin dependency (43). Other
less common forms of diabetes are, e.g., the rarer monogenic forms of diabetes, known
as maturity-onset diabetes of the young (MODY), gestational diabetes, which refers
to hyperglycaemia during pregnancy, and diabetes due to various external factors.
2.1.3

Epidemiology

Several registry-based collaborative studies have provided important observations
regarding the worldwide epidemiology of type 1 diabetes since the 1980s (45–48).
Based on these studies, the incidence, i.e., the rate of newly diagnosed cases of type 1
diabetes, shows a wide geographical variation (10–12, 45, 47). Despite this variation,
the incidence has increased in every country, with a worldwide average of 3.0-3.4%
per year (11, 45, 47). Finland has the highest incidence of type 1 diabetes globally; in
2006, 64.9 per 100 000 children under the age of 15 years were diagnosed with type 1
diabetes (46). After this peak in incidence, no further increase has been observed. The
most recent incidence of 52.2 per 100 000 children (in 2015ޤ2018) suggests that the
incidence is currently decreasing in Finland (49). These fast changes in the incidence
of type 1 diabetes are more likely due to changes in the environment than genes, which
require generations to change (50). Further support for the role of the environment in
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type 1 diabetes has emerged from studies investigating time trends in the frequency of
protective and high-risk genotypes for type 1 diabetes (51, 52). These studies revealed
that the frequency of protective genotypes is higher in individuals more recently
diagnosed with type 1 diabetes than in those diagnosed earlier, suggesting that the role
of genetic susceptibility in type 1 diabetes has declined over time.
2.1.4

Pathogenesis

Type 1 diabetes develops when the ȕ-cells in the pancreas experience a long-term
autoimmune attack killing most of these cells and causing absolute insulin deficiency.
The first detectable sign of such autoimmunity is the appearance of autoantibodies
months to years before the diabetes onset (53). Currently, five major autoantibodies
have been identified, including islet cell autoantibodies (ICA), autoantibodies to
insulin (IAA), glutamic acid decarboxylase (GADA), protein tyrosine phosphatase
antigens (IA-2A) and zinc transporter ZnT8 (ZnT8A). The presence of more than one
autoantibody predicts the development of type 1 diabetes (54). Yet, these
autoantibodies are not considered the cause of type 1 diabetes but merely a sign of the
ongoing autoimmune process, which is thought to be mainly T-cell mediated (50).
The general view is that everyone is born with a certain degree of inherited
susceptibility to type 1 diabetes (55). Approximately half of this inherited genetic
susceptibility comes from the highly polymorphic human leukocyte antigen (HLA)
locus, specifically, the HLA-DQB1 and HLA-DRB1 genes, which encode the beta
chains of the antigen-presenting proteins HLA class II molecules DQ and DR (56).
An estimated 15 % of the genetic susceptibility to type 1 diabetes comes from a wide
range of other loci, of which many have a function in the immune response (56, 57).
In addition to genetic susceptibility, pathogenetic models suggest that the development
of type 1 diabetes further requires both an environmental trigger and an environmental
driving factor (58). Several environmental triggers and drivers of type 1 diabetes have
been studied. Viruses have been regarded as one of the critical environmental triggers
of type 1 diabetes. Most compelling evidence has been reported for the enteroviruses,
but other viruses have been suggested, such as Rubella virus, Rotavirus,
Cytomegalovirus, Retrovirus and Epstein-Barr virus (59). In addition to viruses,
several other factors have been implicated, such as short-term breastfeeding, early
introduction to cow milk and lack of vitamin D (60), as well as childhood obesity and
high BMI in a meta-analysis of eight case-control studies (61). In addition, Mendelian
randomisation studies, which use genetics to proxy for risk factors, have provided
further evidence for BMI as a risk factor for type 1 diabetes (62) but not for vitamin
D (63).
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2.1.5

Treatment

Untreated or poorly managed type 1 diabetes is a wasting disease characterised by a
lack of endogenous insulin  an anabolic hormone affecting the storage of fat,
carbohydrate and protein (64). Due to this insulin deficiency, the body’s cells cannot
efficiently take up and use glucose, resulting in high blood glucose concentrations,
i.e., hyperglycaemia. Weight loss, excessive thirst, and frequent urination are common
at diagnosis, and life-threatening ketoacidosis is also present in some cases. While
individuals with type 1 diabetes may be underweight at diagnosis, initiation of insulin
therapy typically normalises the body weight. After initiation of intensive insulin
treatment, body weight gain is generally the fastest during the first year, and it
associates with increases in both fat and lean mass (65). Intensive insulin treatment
for type 1 diabetes consists of multiple daily insulin injections, with doses adjusted to
self-monitored glucose concentrations, exercise, and diet. Usually, two different
insulin types are used: one long-acting and one short- or rapid-acting insulin. Longacting insulins are injected one to two times a day to cover the basal insulin demand
of the body. Insulins with a faster absorption into the bloodstream are injected before
each meal. In conjunction with insulin therapy, frequent self-monitoring of blood
glucose concentrations is needed to maintain a blood glucose concentration in the
normoglycaemic range. While self-monitoring of blood glucose concentrations
captures the daily blood glucose variations, long-term glycaemic control is measured
by the amount of glycated haemoglobin of red blood cells (HbA1c), expressed as % or
as mmol/mol (since 2010) or both. Depending on the lifespan of the red blood cells,
HbA1c reflects the glycaemic control of the past 6-8 weeks and, in particular, of the
past 3-4 weeks (64).
The landmark Diabetes Control and Complications Trial (DCCT) (66) demonstrated
in 1993 the beneficial effect of intensive insulin treatment over conventional insulin
treatment, which consists of only one or two daily insulin injections, adapted neither
to diet nor lifestyle (67). Intensive insulin treatment — the current standard of care —
had beneficial effects on HbA1c (66), resulting in a delayed onset and slower
progression of diabetic complications in type 1 diabetes (67). These beneficial effects
persisted in the follow-up study — the Epidemiology of Diabetes Interventions and
Complications (EDIC) — that commenced at the end of the DCCT trial (68).
However, the downside of the intensive insulin treatment was a higher risk of
hypoglycaemic events and excessive weight gain.
2.1.6

Complications of diabetes

The discovery of insulin in 1921 (3) was initially thought to cure diabetes completely.
Indeed, the survival from acute complications such as ketoacidosis increased
substantially (69). However, even with insulin therapy and other advances in the
management and care of diabetes, the lifespan of individuals with type 1 diabetes
remains significantly shorter than that of the general population (4–6), primarily due
to the long-term complications. These complications are mainly attributable to
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hyperglycaemia. Although hyperglycaemia can, to some extent, be prevented by
intensive insulin therapy, as demonstrated by the DCCT study (67), it is a real
challenge to achieve complete normoglycemia. Furthermore, studies have suggested
that genetic factors may also influence the development of complications in type 1
diabetes (70, 71).
The long-term complications of diabetes are divided into microvascular and
macrovascular complications. Microvascular complications affect the smaller blood
vessels of the body, particularly the smaller blood vessels in the kidneys
(nephropathy), the retina of the eye (retinopathy) and the nerves (neuropathy).
Macrovascular complications affect the larger blood vessels such as the coronary,
cerebral and peripheral arteries. Diabetic complications are not only the cause of
significant premature mortality among individuals with type 1 diabetes (7), but they
also negatively impact the quality of life (8) and constitute an enormous economic
burden for society (9).
Diabetic nephropathy. One-third of individuals with type 1 diabetes develop diabetic
nephropathy (72), which is clinically defined by impaired kidney function, elevated
urinary albumin excretion rate (AER), or both (73). The first sign of diabetic
nephropathy is albumin leakage into the urine. Based on the amount of albumin
leaked, diabetic nephropathy can be divided into different stages. A normal AER is
regarded as an AER under 20 μg/min in a timed overnight urine sample, below 30
mg/24h in a 24-hour urine collection or an albumin-creatinine ratio (ACR) below 2.5
for men and below 3.5 for women in a morning spot urine sample. Microalbuminuria
refers to a moderately increased AER exceeding the thresholds mentioned above for
normal AER but remaining under 300 mg per day or 200 μg/minute (74). At this stage,
individuals with type 1 diabetes have three times higher mortality rates than
individuals of the same age and sex from the general population (7). Regression of
microalbuminuria back to an AER in the normal range reduces mortality rates back to
the stage of normal AER (75), which is relatively frequent (75–77). Even though
regression of microalbuminuria has been suggested as even more common than
progression (76, 77), microalbuminuria remains highly predictive of diabetic
nephropathy (74, 78). The next stage of diabetic nephropathy is macroalbuminuria,
characterised by a severely increased AER, i.e. over 300 mg per day or 200 μg per
minute (74). Macroalbuminuria is usually accompanied by high blood pressure, i.e.,
hypertension (79) and a decline in kidney function, clinically characterised by a
decreased glomerular filtration rate (80). The mortality rates observed in individuals
with macroalbuminuria and type 1 diabetes are ninefold compared with mortality rates
in the general population (7). The development and progression of diabetic
nephropathy typically take decades, and treatment with hypertensive medications can
prevent and slow down the progression of diabetic nephropathy (80). If left untreated,
macroalbuminuria will eventually result in kidney failure, also known as end-stage
kidney disease (ESKD), when dialysis or kidney transplantation is required for
survival (81). Although the cumulative risk of ESKD for individuals with type 1
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diabetes has recently declined in Finland, the survival among affected individuals is
still tenfold higher than in those individuals with type 1 diabetes and no ESKD (82).
Diabetic retinopathy. Diabetic retinopathy is a frequently observed complication in
type 1 diabetes and concerns damage to the innermost layer of the eye, the retina. The
prevalence of diabetic retinopathy increases with the duration of diabetes. Nearly all
individuals with type 1 diabetes have some signs of diabetic retinopathy after 20 years
of diabetes duration (83, 84). The prevalence of having any diabetic retinopathy is as
high as 77% in type 1 diabetes and 25% in type 2 diabetes (85). Diabetic retinopathy
is also closely related to diabetic nephropathy; nearly all individuals with diabetic
nephropathy in type 1 diabetes will also have various signs of diabetic retinopathy
(86). Diabetic retinopathy can be classified into two different stages: a milder,
asymptomatic non-proliferative stage and a more severe, sight-threatening
proliferative stage (83). Furthermore, macular oedema, the thickening of the retina at
the centre of the eye, can occur at any diabetic retinopathy stage (87).
The first sign of diabetic retinopathy is the appearance of microaneurysms,
characterised by the swelling of the small blood vessels in the retina. The number of
microaneurysms has also been shown to predict the progression of diabetic retinopathy
(88). These changes are followed by bleedings in the retina (intraretinal haemorrhages)
and cotton wool spots, focal areas of retinal ischaemia (87). Proliferative diabetic
retinopathy is characterised by the growth of new, abnormal retinal blood vessels
(neovascularisation). The new blood vessels are fragile and bleed easily, causing
further damage, such as bleeding into the vitreous cavity between the retina and the
lens (vitreous haemorrhage), subsequent scarring (fibrosis), and tractional retinal
detachment (83). If left untreated, proliferative diabetic retinopathy will result in a
significant loss of vision and even blindness (89). However, annual screening with
fundus photography and timely retinal laser photocoagulation treatment effectively
prevents blindness (87).
Cardiovascular disease. Cardiovascular disease is any disease of the heart or the
blood vessels associated with the heart and includes three major diseases; coronary
heart disease, stroke, and peripheral artery disease (90). Coronary artery disease
affects the coronary arteries responsible for blood supply to the heart. A stroke occurs
when the blood supply to the brain is reduced or interrupted due to the formation of a
plaque (ischaemic stroke) or the rupture of a blood vessel (haemorrhagic stroke).
Peripheral artery disease concerns the blood vessels outside the brain and heart.
Individuals with type 1 diabetes are affected by cardiovascular diseases more
frequently, and they often develop a more severe cardiovascular disease at a younger
age than individuals without type 1 diabetes (91). Findings from nearly 12,000
individuals with type 1 diabetes have recently shown that the risk of cardiovascular
disease has decreased considerably (92). However, coronary artery disease and stroke
risks remain severalfold higher in type 1 diabetes than in the general population:
ninefold for coronary artery disease and twofold for stroke (92). The risk is even
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higher in those with an onset of type 1 diabetes before ten years of age (6). In addition,
individuals with type 1 diabetes are at an increased risk of dying from cardiovascular
disease (6, 93). Indeed, cardiovascular disease is the leading cause of death in type 1
diabetes (7, 94). The presence of diabetic nephropathy impacts the risk of
cardiovascular disease in type 1 diabetes, and the magnitude of the risk parallels the
advancing diabetic nephropathy stage (95). Individuals with type 1 diabetes and
ESKD have as much as 27 times the risk of cardiovascular disease compared to
individuals without diabetes (95). Also, without any sign of diabetic nephropathy, the
risk of cardiovascular disease remains four times higher in type 1 diabetes than in
those without diabetes (95).

2.2 Obesity
2.2.1

Obesity – a global problem

Obesity has increased dramatically since the 1980s (96). Between 1976 and 2016, the
prevalence of obesity nearly tripled (14). Since the increase has been observed
worldwide, it is often referred to as a pandemic. According to current estimates, 1.9
billion adults are overweight, and 650 million are obese (14). The obesity pandemic
has been evident in Finland as well (97). Although few studies have assessed the
prevalence of obesity specifically in type 1 diabetes, it appears that the prevalence of
obesity has increased even faster among individuals with type 1 diabetes than in the
general population (17); by 47% for overweight and sevenfold for obesity (from 3.3%
to 22.7%). Also, among Finnish women with type 1 diabetes, pre-pregnancy BMI has
significantly increased from 1989 to 2005 (98).
2.2.2

Definition and classification

The WHO defines obesity as “abnormal or excessive fat accumulation that may impair
health” (99). The amount of body fat accumulated can be best estimated using
magnetic resonance imaging or dual-energy X-ray absorptiometry (100). However,
these methods are expensive and difficult to use in clinical settings and
epidemiological studies. BMI (“Body mass index”) is instead a widely used index to
estimate fat accumulation, and it is easy to measure and calculate (101). BMI is
calculated by dividing an individual’s body weight in kilogrammes by the square of
body height in metres (kg/m2, formula 2-1)
= )ܫܯܤ( ݔ݁݀݊ܫ ݏݏܽܯ ݕ݀ܤ

ܾݐ݄݃݅݁ݓ ݕ݀
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(2-1)

BMI is, however, not without limitations. The correlation between BMI and body fat
measured using bioelectrical impedance, underwater weighing, dual-energy X-ray
absorptiometry, and other methods is only moderate (102–104). Yet, directly
measured body fat percentage has been reported to offer no major advantage over BMI
in predicting obesity-related metabolic risk (102, 105), obesity-related biomarkers, or
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metabolic syndrome (106). Furthermore, WHO recommends its use as a simple,
inexpensive, and good predictor of overall health and mortality.
However, another limitation is that BMI does not capture body fat distribution.
Consequently, two individuals with a similar BMI may have different body fat
distributions depending on their body shape. Fat around the stomach or abdomen, i.e.,
abdominal obesity, is considered particularly harmful (107). Two other measures are
commonly used to estimate the amount of abdominal obesity: waist circumference and
waist-to-hip ratio. These measures, however, are highly correlated with BMI.
In 1993, the WHO assembled an expert consultation group to define categories of BMI
(108). According to WHO, a BMI under 18.5 kg/m2 is considered underweight, a BMI
of 18.5-24.9 kg/m2 normal weight, a BMI 25.0 - 29.9 kg/m2 overweight, and a BMI
30.0 kg/m2 obesity (108, 109) (Table 1). The following cut-off values have been
proposed for waist circumference (110): men with a waist circumference over 94 cm
and women with an over 80 cm should avoid gaining more body weight. Men with a
waist circumference over 102 cm and women with a waist circumference over 88 cm
should reduce their body weight. The WHO has also provided cut-off values for waistto-hip ratio: men with a waist-to-hip ratio over 0.90 and women with over 0.85 have
abdominal obesity (111).
Table 1. The cut-off values for body mass index (BMI) suggested by the World Health
Organization (WHO) classification expert consultation group in 1993.

BMI (kg/m2)
<18.5
18.5 - 24.9
25.0 - 29.9
30.0 -39.9
>40

2.2.3

WHO classification
Underweight
Normal weight
Overweight
Obesity
Morbid obesity

Causes of obesity

The obesity pandemic is undoubtedly an outcome of the current “obesogenic”
environment where high-calorie food is readily available, and lack of physical activity
is frequent (112). To maintain an unchanged body weight, energy intake needs to equal
energy expenditure. Therefore, due to overeating or lack of exercise, excess energy
intake will increase body weight and eventually result in obesity. In other words,
obesity represents a positive energy balance (96). Energy intake and expenditure are
regulated by a complex system in the brain, specifically in the hypothalamus, which
receives feedback concerning energy intake and expenditure from the body’s tissues
and organs. An essential part of this system is the arcuate nucleus, which contains two
types of neurons; orexinogenic and anorexinogenic neurons (113). The orexinogenic
neurons produce molecules that promote food intake, while the anorexinogenic
neurons produce molecules that suppress food intake, such as leptin. The
hypothalamic system is very efficient in maintaining body weight but sensitive to
weight loss. Levels of the appetite-regulating hormone leptin increase linearly with
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adiposity, but due to cellular leptin resistance, the weight loss-promoting effect of
leptin is limited (113). Insulin has a similar catabolic central action as leptin and
therefore also promotes weight loss by stimulating anorexinogenic neurons and
inhibiting orexinogenic neurons. However, the peripheral insulin action is anabolic,
promoting energy storage in the periphery. (114) Usually, the insulin’s central and
peripheral actions are in balance, which promotes euglycaemia and stable body
weight. In individuals with insulin-treated diabetes, insulin is administered
subcutaneously and subsequently released into the blood circulation, pronouncing the
insulin’s peripheral actions, thereby causing body weight gain. In line with this, insulin
treatment in type 1 diabetes is associated with greater body weight gain, particularly
intensive insulin treatment (115). For some individuals, the body weight gain is
excessive, with an increase in BMI over 5 kg/m2 (65, 116).
However, the prevailing obesogenic environment does not automatically result in
obesity for everyone, suggesting that some individuals seem to be more genetically
prone to gain body weight. Indeed, both family and twin studies have confirmed the
presence of a genetic component in obesity. A Danish family adoption study including
540 adult adoptees revealed a strong correlation between the body weight of the
adoptees with the body weight of their biological parents, but independent of the body
weight of their adoptive parents (117). Early twin studies also demonstrated that body
weight gain is more similar in identical twins than between pairs (118). The genetic
heritability of BMI in studies of identical twins reared apart has been estimated to be
as high as 70% (119). However, the susceptibility to obesity is considered an interplay
between genes and the environment. Thus individuals genetically prone to obesity
may only become obese when exposed to a high-fat diet or a sedentary lifestyle (112).
In line with this, different environmental conditions yield different heritability
estimates (119), i.e. physical activity has been reported to attenuate the genetic
susceptibility to obesity (120).
2.2.4

Molecular consequences of obesity

Excess energy is stored as fat in the body and causes increases in the number or size
of the fat cells – the adipocytes – or both. The increase in the number or size of the
adipocytes is referred to as hyperplasia or hypertrophy, respectively (121). The
adipose tissue not only functions as an energy depot but also a highly active endocrine
organ, secreting multiple hormones (122). These are usually collectively referred to as
adipokines (123). In addition to the secretion of adipokines, obesity also correlates
with an abnormal fatty acid metabolism and fatty acid secretion, both of which can
increase the risk of morbidity and mortality (124). Some adipokines have been
suggested to have beneficial health effects, such as adiponectin, omentin and apelin.
In contrast, other adipokines have been suggested to be detrimental, such as leptin,
resistin and the adipocyte fatty acid-binding protein, better known as fatty acidbinding protein 4 (FABP4). Recently, leptin, FABP4, and sex hormone-binding
globulin have demonstrated robust associations with obesity (defined using BMI) in
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large-scale studies covering the whole proteome (125, 126). BMI is also causally
related to higher concentrations of leptin and FABP4 in plasma (125, 126). Whereas
leptin is an old player in the field of obesity, FABP4 is a more recently recognised
adipokine. FABP4 is primarily expressed in the adipocytes, but expression has been
detected in macrophages and venous and capillary endothelial cells as well (127),
where it is essential for the transportation of fatty acids from the blood circulation to
the fatty acid–consuming tissues, such as the heart (128). In humans, FABP4 does not
only correlate with the degree of obesity, but higher circulating FABP4 concentrations
have also been associated with insulin resistance, metabolic syndrome (129), and
cardiovascular disease (130), as well as increased morbidity and mortality in
individuals with cardiovascular disease (131). In addition, FABP4 was also recently
identified as a shared risk factor for coronary artery disease and type 2 diabetes in a
large genome-wide association study including ~500,000 individuals (132). Whether
FABP4 is also associated with cardiovascular complications in type 1 diabetes is,
however, unknown.
2.2.5

Clinical consequences of obesity

Obesity is associated with much morbidity and an elevated risk of mortality (133–
135). The obesity-associated morbidities encompass a broad spectrum of diseases,
including the leading causes of death listed by the WHO (136), such as cardiovascular
disease, diabetes, and kidney disease. To some extent, the risk of morbidity and
mortality depends on the measure of obesity used. Thus, individuals with body weight
or BMI in the normal range can still have an increased risk of morbidity if their waistto-hip ratio or waist circumference is above normal (107). Although measures of
central obesity provide added information on risks, BMI itself remains an independent
risk factor of mortality and its causes (137).
Diabetes. Obesity is the major risk factor for type 2 diabetes. Obesity and type 2
diabetes occur so frequently together that their co-occurrence has been referred to as
“diabesity” (15). Obesity, defined as a BMI of 30.0 kg/m2 or higher, increases the risk
of type 2 diabetes by as much as 16-fold (138, 139). Already BMI values within the
upper normal body weight range (23.0-24.9 kg/m2) increase the risk of type 2 diabetes.
Furthermore, reducing body weight can prevent type 2 diabetes (140). Although
individuals with type 1 diabetes cannot be diagnosed with type 2 diabetes, they are not
protected from the features of type 2 diabetes. Consequently, individuals with type 1
diabetes have a higher BMI, larger waist circumference, higher triglyceride
concentrations, HbA1c and insulin dose per body weight if their parents have type 2
diabetes (18). Furthermore, excessive body weight gain has been linked to insulin
resistance also in type 1 diabetes (141). However, separating the shared genetic
variation from the shared environment is not possible by studying the family history
of the disease.
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Kidney disease. In the general population, obesity significantly impacts the risk of
kidney failure (142), and chronic kidney disease is the second leading cause of
disability and the third leading cause of death related to high BMI (135). But
paradoxically, a higher BMI has also been associated with a decreased risk of chronic
kidney disease and ESKD in multiple studies (143). In type 1 diabetes, results have
likewise been conflicting. BMI and waist-to-hip ratio is reported to increase the risk
of microalbuminuria (20, 21) but not to affect the change in creatinine clearance or the
impairment of kidney function measured by estimated glomerular filtration rate
(eGFR) (21). In other studies, abdominal obesity has been described as a significant
predictor of diabetic nephropathy (144). A large cohort of ~58,000 British individuals
with type 1 diabetes further demonstrated that individuals with diabetic nephropathy
are more likely to be obese (BMI > 30 kg/m2) (19). However, kidney replacement
therapy also decreased the likelihood of obesity in that same study. Furthermore,
obesity (defined as a waist circumference above 94 cm for men and 80 cm for women)
has also been reported to paradoxically reduce the progression from macroalbuminuria
to ESKD in type 1 diabetes (145).
Cardiovascular disease. Nearly 70% of deaths related to high BMI are due to
cardiovascular disease, and cardiovascular disease is the leading cause of death among
fatalities associated with high BMI (146). In type 1 diabetes, the effect of body weight
gain on cardiovascular risk factors is a product of the interaction with insulin therapy
and glycaemic control (116). Excessive weight gain combined with intensive insulin
therapy is associated with dyslipidaemia and more extensive atherosclerosis (116,
141). Weight gain due to intensive insulin therapy in combination with improved
glycaemic control is, however, less harmful (147). Obesity has also been reported to
protect against cardiovascular disease in type 1 diabetes (145).
Mortality. BMI is a well-recognised risk factor for mortality (133). The relationship
between BMI and mortality has primarily been described as a J-shaped curve. The
highest risk estimates are observed for higher BMI values, and moderately increased
risk estimates are observed for lower BMI values (133, 148). Accordingly, individuals
with a BMI defined as “normal weight”, which spans BMI values from 18.5 to 24.9
kg/m2, have the lowest mortality risk. According to a Danish study analysing BMI as
a continuous variable using nonlinear methods, the BMI value with the lowest risk of
mortality, also called the nadir BMI, has changed from the 1970s to the 2010s from
23.7 to 27 kg/m2 (149). Whereas the relationship between BMI and mortality in the
general population is well-described, less is known about the relationship between
BMI and mortality in type 1 diabetes. BMI has been reported not to predict mortality
in type 1 diabetes (22, 24), or to predict mortality inversely, i.e., mortality risk
decreases with each increase in BMI (23). However, these studies have overlooked
potential nonlinearity by analysing BMI as a continuous variable assuming only
linearity. Using BMI categories to address possible nonlinearity, the relationship
between BMI and mortality in type 1 diabetes has been reported to resemble that of
the general population, though with the highest risk observed among those with BMI
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below 20 kg/m2 denoted as “underweight” (25). However, whether this shape
represents the actual relationship is not certain. Furthermore, characteristics that
influence BMI specifically in diabetes, such as glycaemic control or the presence of
diabetic nephropathy, could potentially modify the relationship between BMI and
mortality.
2.2.6

Challenges in observational epidemiological studies

Categorising. Although predefined categories in large-scale meta-analyses facilitate
between-study comparisons (150) and may benefit the identification of potential
nonlinear relationships, categorising provides otherwise no real advantage in
epidemiological studies. Even though the categories are clinically easier to interpret,
i.e., using BMI categories instead of continuous BMI, it is automatically assumed that
the risk within the category is constant (151). This is rarely the case, neither in clinical
practice nor in research. Furthermore, categorising continuous variables leads to
information loss and, therefore, loss of power (152). For example, the amount of
power lost when dichotomising a variable equals the amount lost when discarding onethird of the data (152, 153). Furthermore, the choice of cut-off point may not suit all
populations or individuals.
The alternative to categorisation is keeping the variable as a continuous predictor.
However, neither treating BMI as a continuous linear predictor nor categorising it
captures its association with, i.e. mortality adequately (154). Nonlinear relationships
can instead be assessed with splines, allowing a more flexible shape and not restricting
risk estimates within categories. Splines are piecewise polynomial functions used to
fit the data between two consecutive data points, also known as knots (155).
Confounding factors and reverse causation. During the last decade, several findings
from large observational epidemiological studies have failed to gain support in
subsequent randomised control trials (RCT). One example is the associations between
specific vitamins (E and C) and coronary artery disease (26). Such lack of replication
is likely a consequence of confounding. For example, individuals who take vitamins
generally tend to lead a healthier lifestyle, which also decreases their risk of coronary
heart disease, confounding the association between vitamins and coronary artery
disease (26). If these confounders are known and measured, they can be accounted for.
However, this is not always the case. Another form of confounding is reverse
causation, which is more challenging to account for. In reverse causation, the cause
and the effect are reversed, which is a common problem in observational studies with
BMI. Individuals with pre-existing diseases, such as kidney disease, can either lose or
gain weight due to the disease itself (156). Furthermore, in studies on individuals with
impaired kidney function, there is a high risk of reverse causation for blood-based
biomarkers since the kidney is the key organ for the clearance of many proteins from
the blood, such as the adipokines leptin (157) and FABP4 (158). Consequently, an
impairment of the kidney function will naturally result in markedly increased blood
concentrations of these adipokines, complicating any conclusions regarding causality.
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In type 2 diabetes, for example, higher concentrations of FABP4 have been associated
with the degree of diabetic nephropathy (159) and a decline in kidney function (160).
However, due to the observational design of these studies, it is difficult to envisage
whether this association reflects a consequence of kidney disease or a cause.

2.3 Human genome
The human genome consists of deoxyribonucleic acid (DNA), a long two-stranded
polynucleotide chain containing four different nucleotides. All four nucleotides
consist of a sugar molecule (deoxyribose in DNA) that is attached to a phosphate
group, forming the sugar-phosphate backbone of DNA. Each of the four different
nucleotides also contains a nitrogen-containing base. These bases are called adenine,
thymine, guanine, and cytosine, and they are usually represented by the first letter in
the name of each base (A, T, G, C). Together these four letters make up the
3,054,815,472 long sequence of the human genome distributed on 22 autosomal
chromosomes (chromosome 1 to chromosome 22) and two sex chromosomes
(chromosomes X and Y). (161) As the human genome is diploid, all humans have two
pairs of each autosomal chromosome and one pair of the sex chromosomes (men; XY
and women; XX).
The two DNA strands in each chromosome are held together by hydrogen bonds
between the nucleotides, forming complementary base pairs (bp) between the bases of
the nucleotides (Figure 2). The base pairing strictly follows the Watson-crick rules,
and thus A only pairs with T and C with G. Consequently, the two DNA strands will
be complementary in their sequence, and the information from one strand can
therefore be inferred from the other strand. The complementary strands have different
directions, but the DNA is transcribed only in one direction: from the 5’end (upstream)
to the 3’end (downstream). This strand is referred to as the forward strand and the
other as the reverse strand. The functional units of the DNA sequence are the genes
— stretches of a protein-coding DNA sequence of varying lengths. The gene sequence
consists of coding regions, known as exons, separated by non-coding segments called
introns. A series of sequence elements can be found upstream of the gene, which is
collectively known as the promoter region. The promoter region serves as a binding
site for transcription factors needed for the transcription of DNA to ribonucleic acid
(RNA), which subsequently is translated into proteins. Of these elements, the CAAT
box is the strongest determinator of promoter efficacy. (162)
Sequencing of the human genome involves the determination of the sequence of partly
overlapping short stretches, known as reads or contigs, and mapping these together
(162). The first drafts of the human genome sequence were determined using this
technique. In 2001, two drafts of the human genome sequence were simultaneously
published: one draft by the human genome project launched in 1990 (163) and one
draft by the private-sector enterprise Celera Genomics (164). Three years later, the
alleged complete version of the human genome reference was published by the human
genome project (165) and has been updated several times since. The most recent
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genome reference in use (GRCh38), updated in 2013, is still missing 8% of the human
genome sequence (166). Owing to the introduction of long-read sequencing, which
allows the sequencing of long repetitive regions, the whole sequence of the human
genome was finally completed and published in 2022 (167). Nevertheless, the
publication of the human genome sequence in 2004 has immensely eased the detection
of genes and genetic variants across the human genome.
2.3.1

Human genetic variation

Most of the human DNA sequence is similar between humans; the similarity has been
estimated as high as 99.9% (168). The remaining 0.1% of the DNA sequence is
different between individuals. This sequence variation contributes to the differences
observed between individuals. The human genome project and the release of the
human genome sequence enabled the discovery of genetic variation. Several genetic
variants were identified by comparing overlapping contigs from different donors used
to assemble the human genome sequence. Another project that has been crucial in
discovering and confirming a large amount of human genome variation is the HapMap
project carried out by the International HapMap consortium (169). The mission of this
project was to generate a haplotype map (“Hapmap”) — a genetic map of biallelic
sequence variation across the human genome — by genotyping over a million singlenucleotide variants in several populations. This project also confirmed that the human
genome consists of blocks of coinherited human genetic variation, known as linkage
disequilibrium (LD) or haplotype blocks (170). To provide an even more
comprehensive map of the human genome variation, the 1000 genomes project was
launched. The 1000 genomes project aimed to identify biallelic sequence variation,
insertion-deletions (indels) and structural variants by sequencing the genome of at
least 1000 individuals from several populations (171). At completion, this project had
discovered that a typical human genome differs at 4.1 million to 5.0 million sites
across the genome (172). Most of the sequence variation in the typical human genome
(>99.9%) consists of single nucleotide variants (SNVs) and short indels, and the
minority of the sequence variations (n = 2,100-2,500) are structural.
2.3.2

Single nucleotide variants

SNVs are genetic variants that only change one nucleotide base (A, C, T, or G) of the
DNA sequence. They are the most common class of genetic variants across the
genome (173). So far, 84.7 million SNVs have been identified in the human genome
across populations (172). SNVs have previously been referred to as single nucleotide
polymorphisms (SNPs), but the Human Genome Variation Society has recommended
since 2016 to use the term single nucleotide variant (SNV) instead (174). As the DNA
of a human individual is diploid, everyone will have two forms — alleles — for each
SNV on each pair of chromosomes (Figure 2). When the SNV alleles are represented
by the same pair of letters on both strands, the SNV is referred to as a palindromic
SNV (175). This would occur when an SNV have the alleles G and C, in which the
alleles on both strands will be G/C and C/G (Figure 2). As the alleles of palindromic
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SNVs are represented by the same set of alleles on both strands, the alignment of
alleles, when combining results from different studies, can be difficult, particularly
when MAF is close to 0.50 (176, 177).

Figure 2. Deoxyribonucleic acid (DNA) and Single nucleotide variants (SNVs). Each
human individual has two strands of DNA on each pair of chromosomes. The backbone of the
DNA molecules consists of alternating sugar residues and phosphate groups. The DNA strands
are held together by hydrogen bonds between the complementary bases (nucleotides A–T and
C–G), forming a double helix. An SNV is the variation of a single nucleotide in the human genome,
such as the substitution of A to any other nucleotide but also the deletion, insertion or duplication
of A. In the figure, the SNV has the genotype AG on the forward strand and TG on the reverse
strand. The alleles of a palindromic SNV are the same or both strands, and thus here, GC on the
forward strand and CG on the reverse.

The less common allele is referred to as the minor allele, and the frequency of the
minor allele is known as the minor allele frequency (MAF), which can be any value
under 0.50 (or 50%). SNVs can be common or rare, depending on the MAF (178). On
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a population level, the majority (~75%) of all SNVs found in the human genome are
rare (MAF < 0.5%), approximately 12 million have a low MAF (0.5-5%), and ~8
million have a frequency >5%. However, only 1-4% of the variation in a single human
genome consists of rare variants, whereas most are common (172).
Nearby SNVs on the same chromosome are often co-inherited and, therefore, inherited
together more often than expected. In this case, they are said to be in LD. The LD
between SNVs and other genetic variants is usually measured by their squared
correlation (r2). If SNVs are in complete LD, their allele frequencies are 100%
correlated, yielding an r2 of 1.00. SNVs in LD form blocks across the chromosome of
differing sizes, and the size of the LD blocks is assumed to decrease over time. This
decrease in size depends on the rate of exchange in genetic material between strands,
i.e. the recombination rate (179). Certain regions in the chromosomes have a higher
recombination rate. These regions are known as recombination hotspots and constitute
the boundaries of the LD blocks (179).
2.3.3

Population isolates and human genetic variation

The frequencies of most genetic variants found in the human genome are similar
between populations (172). This concerns mainly the common genetic variants. For a
modest number of genetic variants, especially rare variants, large differences can be
observed. An important source of these differences in the observed frequencies is the
enrichment of rare variants in genetically and geographically distinct populations,
such as the Finnish population (172, 180). These populations are usually referred to
as genetic isolates and have undergone a “genetic bottleneck”. The Finnish population
is considered a young genetic isolate that originates from a quite small population of
founders that settled in Finland approximately 4,000 years ago (181). As the
population was small and immigration minimal, relatively few men and women
contributed to the genetic diversity, resulting in a random selection of rare and lowfrequency variants in the population (182). In addition, the population growth has been
most rapid during the last ~250 years, increasing from 500,000 to 5,4 million (183).
This, in combination with the genetic bottleneck and the geographic isolation, has
massively increased the frequency of many initially rare variants that happened to be
present in the founder population. Therefore, 36 rare monogenic diseases are
significantly more common in those of Finnish descent. These diseases are referred to
as the Finnish Disease Heritage (184). Studies comparing the Finnish genomes to
others have further shown that the Finns have over 2.1 million variants twice more
frequent and 800ௗ000 variants ten times more frequent than in other populations (183).
Whereas rare variants are less frequent among Finns, genetic variants with a low
frequency (MAF between 2 and 5%) are enriched (183). Furthermore, genetic lowfrequency variants in the coding regions of the genome that are functionally
categorised as loss-of-function or missense are significantly enriched in Finns, as well
as low-frequency variants in the promoter and the conserved regions (180, 183). The
Finnish population has, as well as other young isolates with few founders, more
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extensive LD and fewer regions with very low LD than other, more outbred
populations (185).
Consequently, fewer SNVs are required for genome-wide coverage in a genome-wide
association study. However, high LD can hamper the determination of the causal
variant in genome-wide association studies as the identified genetic variant can show
a very similar association as the other nearby variants (186). Furthermore, the Finnish
population provides another advantage: diagnostics and phenotyping are well
standardised in Finland, and currently, only five medical schools with shared academic
traditions train physicians (182). In addition, complete and highly accurate registry
data are available for all Finnish residents (187).

2.4 Methods for studying the genetics of complex traits
The study of genetics dates back to 1860, to Georg Mendel’s pioneering work with
patterns of inheritance in pea plants. The fundamental concepts in genetics still follow
the same principles that Mendel discovered and the laws he formulated. “Simple”
genetic characteristics determined by a single gene are still referred to as Mendelian.
However, most human traits are not defined by a single gene but by several genes in
a complex interplay with the environment. Early genetic studies of such “complex
traits” mostly involved genetic association studies with candidate genes or linkage
analysis. Functional candidate genes, which are genes selected based on prior
biological evidence, were primarily used. Using this approach, a functional variant
(rs77878271), altering the T to a C in the CAAT box element of the FABP4 promoter,
was identified in 2006 by Tuncman et al. by screening variants within and upstream
of this gene. This SNV was described to result in a clinical presentation that highly
resembled the phenotype of fabp4 deficient mice, which were protected from
complications induced by obesity (188). In humans, the minor G allele (C allele on
the forward strand) reduced FABP4 transcription in adipose tissue, epicardial fat, and
carotid plaques and was also shown to protect from cardiovascular disease and
obesity-induced type 2 diabetes (188–190).
However, the underlying biology was far from complete for most complex diseases
and traits, resulting in a low success rate using the functional candidate gene approach
(191). An alternative to this approach was the positional candidate genes, i.e., genes
in genomic regions linked to a disease or trait, usually through linkage analyses (162).
Linkage analyses depend on families, and due to the small number of recombination
events within families, only ~500 polymorphic markers were needed for genome-wide
coverage (192). The identified regions were hence large and usually contained several
genes. Although this approach successfully identified disease genes with a more
Mendelian inheritance pattern (193), it was less successful for complex traits. For
example, a large meta-analysis of 37 genome-wide linkage analyses, including 31,000
individuals from over 10,000 families, failed to link any gene to neither BMI nor
obesity (194). This lack of success in genetic studies performed for many complex
traits in the 1990s gave rise to the “common-disease/common-variant” hypothesis
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(195). The hypothesis implicated that common diseases with complex inheritance
patterns are likely caused by many common genetic variants of modest or weak
effects. Concurrently, Risch and Merikangas demonstrated that the sample size
required to detect weaker effects was “vastly less” in genetic association studies than
in linkage analyses (196). Ten years later, in 2007, after rapid advances in genotyping
technology, genetic associations studies covering the whole human genome sequence
– genome-wide association studies – started to emerge. In contrast to the candidate
gene approach, genome-wide association studies do not rely on any prior biological
background, which has proven to be a successful approach. As of September 2018
(27), the curated genome-wide association study collection of all published genomewide association studies (“The GWAS catalogue”, www.ebi.ac.uk/gwas) contained
71,673 genetic variants associated with various traits in 5,687 genome-wide
association studies. This catalogue, with genetic variants strongly associated with
various risk factors, biomarkers, diseases, and other characteristics, has enabled a
range of different types of post-genome-wide association studies. These include the
use of genetic variants in polygenetic risk scores and the use of genetic variants to
infer causality in Mendelian randomisation studies. Furthermore, genetic analyses of
variants that affect genes, which are putative drug targets, can provide valuable
information on the possible outcome of these drugs in humans (28). Genome-wide
association studies have thus enabled genetic studies to move from the typical
“phenotype first”, in which the genetics in individuals with a particular phenotype is
studied, to “genotype first”, in which individuals with a specific genotype are analysed
to determine the risk of disease (28).
2.4.1

Genome-wide association studies

The development of low-cost genotyping arrays enabled the move from genetic
candidates to genome-wide associations studies. These arrays usually contain 200,000
up to 2,000,000 SNVs covering the whole genome. Genome-wide association studies
typically involve testing the association of each SNV with a disease, biomarker, or
trait in several thousands of individuals (197). Genome-wide association studies rely
on the correlation between nearby genetic variants – the LD. Hence it is assumed that
if a susceptibility SNV is identified for a trait, the causal SNV will either be directly
genotyped or in LD with causal SNV. As genome-wide association studies interrogate
the associations of hundreds of thousands, even millions of SNVs, multiple testing is
a major concern. Therefore, a p-value of 5 × 10-8 or lower is required to satisfy
genome-wide significance (198). This p-value is based on the Bonferroni correction
of one million SNVs, the rough estimate of the number of independent (noncorrelated) SNVs across the genome. However, an association should still be
replicated in other independent studies to be confirmed, as is required for all genetic
association studies (198).
Several genome-wide association studies have successfully identified new
susceptibility SNVs for various diseases and traits, such as obesity and type 2 diabetes.
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The first and strongest genetic risk variant identified for obesity or elevated BMI was
an SNV in the first intron of the FTO gene. This gene was completely unknown in the
field of obesity at the time of discovery (199). The SNV was simultaneously identified
in a genome-wide association study on type 2 diabetes. Still, the association between
the FTO SNV and type 2 diabetes was entirely mediated by BMI. (200). After this
initial discovery, researchers from Europe and the USA launched an international
collaboration called the Genetic Investigation of ANthropometric Traits (GIANT).
The GIANT consortium published their first results on BMI in 2008, which identified
one additional SNV in the MC41R gene (201). This gene was known from past genetic
candidate association studies on severe monogenic obesity in children (202) and
morbid obesity in adults (203). By doubling the sample size, GIANT discovered six
additional loci (204). By further increasing the number of included cohorts severalfold, the number of BMI-associated loci increased to 32 in 2010 (205) and to 97 in
2015 (206). The identification of susceptibility SNVs for type 2 diabetes in genomewide association studies has followed a similar path. The first genome-wide
association studies on type 2 diabetes identified seven loci in 2007 in four separate
studies (200, 207–209). Three of these loci were previously known type 2 diabetes
loci from candidate gene studies (PPARG, TCF7L2 and KCNJ11) (210). Several
subsequent genome-wide association studies followed with increasingly larger sample
sizes (211), identifying 143 SNVs at 129 loci for type 2 diabetes in 2012 (212) and
403 SNVs at 243 loci in the most recent genome-wide association meta-analysis on
type 2 diabetes (186).
Most SNVs identified have only a modest or weak effect on the disease (213),
particularly SNVs identified in genome-wide association studies more recently with
larger sample sizes and in genome-wide association studies on complex traits, such as
obesity and type 1 diabetes. On the other hand, genome-wide association studies on
less complex traits, such as biomarkers or proteins measured from blood, usually
identify a smaller set of variants, even a single variant but with larger effect sizes
(214). Genetic variants associated with circulating protein concentrations are also
known as protein quantitative trait loci (pQTLs). The pQTL can either be in the gene
that encodes the protein, thereby acting in cis (cis-pQTL), or elsewhere in the genome,
thus acting in trans (trans-QTLs). For example, in a large-scale study of the plasma
proteome in 21,758 participants (126), the authors identified only two SNVs that
affected the circulating FABP4 concentrations: a cis-acting pQTL (rs77878271) in the
promoter of the FABP4 gene known from candidate gene association studies (188)
and a trans-acting pQTL (rs2012444) in the intron of the PPARG gene known
primarily for its association with type 2 diabetes.
2.4.2

Polygenic risk scores

The effect sizes for single susceptibility SNVs are generally small and thus limited
regarding their ability to predict a particular disease. Combining these individual
genetic risk variants into a genetic risk score, also known as a polygenetic risk score
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or a genetic risk score, has been suggested to help identify individuals with a high risk
of disease (215). Although genetic risk scores have not been regarded as clinically
meaningful, Khera et al. showed in 2018 that using genome-wide polygenetic risk
scores, containing millions of SNVs, makes it possible to identify individuals at high
risk of disease equivalent to that of a monogenic diseas (216). Likewise, the genomewide polygenetic risk score for BMI also predicted obesity (217). Furthermore,
polygenic risk scores can also be used to link different traits to each other, such as
BMI or obesity to complications (218). One such approach is Mendelian
randomisation, in which the genetic risk score can be used to assess causal
relationships.
2.4.3

Mendelian randomisation

Mendelian randomisation refers to a genetic approach developed to address the
problems of inferring causality in observational studies (chapter 2.2.6). The
foundation of Mendelian randomisation is based on Georg Mendel’s second law,
known as the “The Law of Independent Assortment”. In this law, Georg Mendel stated
that the inheritance of two traits is independent of each other (Mendel, 1865) – a
consequence of the random assortment of alleles from parents to offspring during
meiosis. This random assortment of alleles results in a distribution of genetic variants
in the offspring that is independent of the social and environmental factors that
normally confound the observational association (219). Therefore, genetic variants
constitute unbiased surrogates for a trait that otherwise would be at risk of
confounding by the aforementioned factors. Genetic variants related to a risk factor
are thought to be related to it throughout life, and therefore they are also helpful in
avoiding regression dilution bias, the bias introduced by random measurement errors
of the exposure attenuating the slope of the regression (219, 220). Mendelian
randomisation has also been frequently compared to a randomised trial (219).
However, instead of a randomisation method, the randomisation in Mendelian
randomisation occurs naturally through the random assortment of alleles at meiosis.
One of the first to suggest the use of genetic variants for inferring causality was Katan
in 1986 (221), and the term “Mendelian randomisation” was coined five years later by
Gray and Wheatley (222). Yet, the actual Mendelian randomisation studies did not
start to emerge until the publication by Smith and Ebrahim, reviewing Mendelian
randomisation as a method to address problems related to confounding in
observational epidemiology (26). Since that, the increase in the number of published
studies using Mendelian randomisation has been exponential (223). The use of
Mendelian randomisation has been so widespread that it has been criticised for being
“too eagerly adopted” and receiving an “inappropriate” amount of popularity (224).
In response to the criticisms and obvious limitations of this new approach, several new
Mendelian randomisation methods have evolved during the last two decades. These
new methods have moved the Mendelian randomisation study design from a simple
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test of the genetic association to multiple ways to test this association with the addition
of several sensitivity analyses.
The Mendelian randomisation study design. Mendelian randomisation is defined as
any study using a genetic variant or several genetic variants as an instrumental variable
(IV) to proxy for a modifiable risk factor, also known as exposure. In Mendelian
randomisation, this IV is used to make causal inferences about the relationship
between the exposure X and an outcome Y (26) (Figure 3).

Figure 3. Directed acyclic graph (DAG) of Mendelian randomisation and the underlying
assumptions (A, B, and C). The solid lines represent the relationship between the instrumental
variable (Z), the exposure (X) and the outcome (Y) in the presence of unmeasured confounding
(U). Dashed lines represent forbidden associations for the variable Z to qualify as an instrumental
variable.

“Traditional” Mendelian randomisation is performed in a single population, requiring
complete individual-level data on both the exposure, the risk factor and the outcome
(225). This design has later on been referred to as a one-sample Mendelian
randomisation (226). Furthermore, as the one-sample study design is done using a
single sample, the observational exposure-outcome associations can be calculated in
the same sample. Observational effect estimates can, therefore, directly and
statistically be compared to causal effect estimates from Mendelian randomisation
(227). In practice, complete data are not always available and measuring every single
biomarker one would like to assess for causality could be prohibitively expensive. As
a solution to this, two-sample Mendelian randomisation was developed in 2013 (225).
Two-sample Mendelian randomisation uses association results from genome-wide
association studies, specifically the summary data available after a genome-wide
association study has been completed. Two different associations are needed:
1) The association between each SNV included and the exposure (IV–exposure
associations)
2) The association between each SNV included and the outcome (IV–outcome
associations)
The IV–exposure associations and the IV–outcome associations are taken from two
separate genome-wide association studies with non-overlapping samples (176, 225).
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This enables the use of principally every single exposure and outcome for which a
sufficiently sized genome-wide association study has been completed. In addition, the
IV–exposure associations can be selected from genome-wide association studies
performed in the “healthy” general population. The genetic association will thus
reflect associations with typical levels of the exposure, less impacted by the outcome
(227). However, the two cohorts from which the two-sample associations are
retrieved may also differ in less desirable ways, such as ethnicity, age, sex, and socioeconomic factors (227, 228). For example, genetic variants associated with smoking
intensity might not be associated with, e.g., cardiovascular disease in populations
where smoking is uncommon (227). One-sample Mendelian randomisation does not
suffer from this limitation, as the IV–exposure associations are directly testable.
Furthermore, two-sample Mendelian randomisation also requires careful alignment
of alleles, and failure to do so has even resulted in the retraction of published
manuscripts (229).
Instrumental variables (IVs). Central to both one-sample and two-sample Mendelian
randomisation is the use of genetic variant(s) as IVs (230). IVs have a long history in
econometrics and are defined as measurable variables associated with the exposure or
risk factor of interest but not with any confounding factor (231). As the IV is used as
a proxy for the risk factor studied, the careful selection of the genetic variant or genetic
variants as an IV is crucial for a successful Mendelian randomisation study (232). For
a genetic variant to be a valid IV, the assumptions mentioned below have to be
satisfied (227), also shown in the directed acyclic graph (DAG, Figure 3):
1) The IV (Z) is associated with the exposure/risk factor (X) of interest (“The
relevance assumption”, Figure 3; A)
2) The IV (Z) is not associated with the outcome through a confounder (“the
independence assumption”, U, Figure 3; B)
3) The IV (Z) is only associated with the outcome through the exposure (“the
exclusion restriction assumption”, Figure 3; C)
If the IV has only a small effect on the exposure of interest, it is considered a “weak”
instrument (233). In this case, the first assumption is not fulfilled. The IV will then
provide no, or little information about the exposure and the causal effect estimate will
be imprecise (231). The F statistics from the association between the IV and the
exposure can be used to measure the strength of the IV, and an F>10 is required (233).
Genome-wide association studies have provided an extensive catalogue of genetic
variants, mainly SNVs with robust associations with a range of traits. When genetic
variants are selected from a genome-wide association study, prior biology is not
necessarily present for the variants. Therefore, to ensure their association with the
exposure, only SNVs that are genome-wide significant (p-value < 5×10í8) and
independently associated with the exposure are selected as IVs (227).
Pleiotropy in Mendelian randomisation can potentially violate the second and the third
assumption. Pleiotropy is the association of a single genetic variant with multiple
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different traits (234), which is widespread in the human genome (235). There are two
types of pleiotropy: vertical pleiotropy, which does not violate the IV assumptions,
and horizontal pleiotropy, which can violate the IV assumptions. Genetic variants are
vertically pleiotropic if they are associated with variables on the same causal pathway
to the outcome (= associated with confounders, which mediate their effect only
through the exposure) and horizontally pleiotropic if they are related to variables on
different causal pathways to the outcome (= associated with confounders, which
mediate their effect independent of the exposure)(227).
Single vs multiple genetic variants as IV. The IV can be a single genetic variant or
consist of multiple genetic variants. Both approaches have their advantages and
disadvantages. Complex traits and diseases, such as BMI and type 2 diabetes, are
usually affected by several SNVs scattered throughout the genome, each with a
relatively small or modest effect size. As the effect sizes of these variants are modest,
they can be summed up in a genetic risk score before use as an IV to increase power
and avoid weak instrument bias (236). Including more variants comes with an
increased risk of including pleiotropic variants (227), but methods that make fewer
assumptions regarding pleiotropy have been developed (237–239). When the exposure
is a protein, such as the FABP4, the number of variants identified is usually much
lower (126, 214). If the exposure is known to be affected by cis-pQTL, a more targeted
cis-Mendelian randomisation can be performed (223). For example, when the
causality for a potential drug target is assessed, this approach is usually preferred (126,
240). Although using cis-Mendelian randomisation to assess causality provides
increased specificity, cis-pQTLs are not always available for exposure. Furthermore,
using only a single genetic variant as an IV can result in a loss of power (227).
Mendelian randomisation methods. Several methods exist for performing Mendelian
randomisation. The most basic method is the ratio of the coefficient method, the Wald
ratio (241). The Wald ratio uses a single IV, but several genetic variants can be used
if summed in a single genetic risk score (236). This method is based on triangulation
and does not require the direct calculation of the exposure-outcome association. The
Wald ratio can be applied both to a one-sample and a two-sample setting. Using the
Wald ratio, the causal effect is calculated by dividing the effect estimate from the IV–
outcome association by the effect estimate from the IV–exposure association, and the
p-value is the p-value calculated for the IV–outcome association. When several genetic
variants are used as IVs, different methods are used for the one- and the two-sample
Mendelian randomisation. In one-sample Mendelian randomisation, causal estimates
for the relationship between the exposure and continuous outcomes can be determined
using two-stage least squares regression. As the name already reveals, this method
consists of two stages or regressions (242). The first stage is a linear regression of the
exposure on the genetic variants (individually or summarised in a genetic risk score)
to yield genetically determined exposure values. The second stage is a regression of
the outcome on the predicted values from the first stage to get the causal estimate. The
two-stage predictor substitution and the two-stage residual inclusion (also known as
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the control function estimator approach) are extensions to the two-stage least squares
regression for binary outcomes. The first stage for both methods is identical to the first
stage of two-stage least squares regression, but the second is logistic regression. The
control function estimator approach additionally includes the residuals from the first
stage in the second regression to further control for the effect of unmeasured
confounders on the outcome (242). The most common method for two-sample
Mendelian randomisation is the inverse-variance weighted (IVW) method, which
calculates the average of all genetic variant-specific associations in a fixed-effect
meta-analysis model (243). This method gives similar causal estimates as the twostage least squares method (227, 243).
Methods for addressing pleiotropy. The methods mentioned above assume the
complete absence of horizontal pleiotropy, which is not always true, as pleiotropy is
widespread. In the one-sample setting, pleiotropy can be assessed by testing the
association of the IVs and potential confounders or by excluding SNVs with known
pleiotropic effects. For the two-sample Mendelian randomisation, various methods
that make different assumptions regarding the presence of underlying pleiotropy have
recently been developed. The Egger regression (237) allows all genetic variants to
have pleiotropic effects but is sensitive to outliers and gives imprecise estimates (227).
The mode (239) and median-based (238) methods are more robust to outliers. Medianbased methods allow half of the instruments to have pleiotropic effects, whereas
mode-based methods assume that the majority of the instruments are valid and thus
do not have pleiotropic effects. Usually, consistent effect estimates from all the
methods described above indicate a true causal effect. However, these methods can
only be used if several genetic variants are used as IVs and are only applicable in twosample Mendelian randomisation.
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3

AIMS

The aim of this thesis was to investigate the relationship between obesity, measured
with BMI, and diabetic complications and mortality in type 1 diabetes, both from a
clinical and a genetic standpoint. Specifically, this thesis asked: What is the role of
obesity and associated disorders in the development of complications in individuals
with type 1 diabetes? The aims of the individual studies are listed below.
Study I. Parental type 2 diabetes increases the risk of metabolic syndrome and diabetic
nephropathy in offspring with type 1 diabetes. Therefore, in this study, our aim was to
investigate whether genetic variants with a known impact on type 2 diabetes risk
increase the odds of diabetic complications in type 1 diabetes.
Study II. The relationship between BMI and mortality is less clear in type 1 diabetes
than in the general population, and findings from the general population cannot be
extrapolated to type 1 diabetes. Therefore, we aimed to investigate whether BMI is
associated with mortality in type 1 diabetes, using methods that allow for nonlinearity
and to test whether the clinically relevant factors modified this nonlinearity.
Study III: Much of the excess mortality observed in type 1 diabetes is due to diabetic
nephropathy. Obesity has been suggested as a risk factor for kidney disease, but the
results in type 1 diabetes have been conflicting. Therefore, our aim was to investigate
whether BMI is associated with diabetic nephropathy, using Mendelian randomisation
to address causality.
Study IV: The adipokine FABP4 has been suggested as a molecular link between
obesity and increased risk of cardiovascular disease, which is one of the major causes
of death in type 1 diabetes. In preclinical models, blocking the action of FABP4
through genetic or pharmacological means alleviates atherosclerosis and a naturally
occurring genetic variant that mimics this effect has been identified. Therefore, our
aim was to investigate the role of adipokine FABP4 in diabetic complications,
focusing on the low-expression variant rs77878271.
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4

MATERIAL AND METHODS

4.1 The Finnish Diabetic Nephropathy Study
This thesis is primarily based on data from the Finnish Diabetic Nephropathy Study
(FinnDiane). The FinnDiane study is a nationwide study focusing on the identification
of genetic, biochemical, environmental, and clinical risk factors for long-term
complications in adult individuals with type 1 diabetes. Physicians and nurses at the
78 FinnDiane study centres, including five University hospitals, 16 central hospitals,
31 primary health care centres, and 26 other hospitals, have recruited and examined
the participants since the official launch of the study on November 21, 1997. The goal
is to recruit 25% of all individuals with type 1 diabetes in Finland to the cross-sectional
phase of the FinnDiane Study, which is still ongoing (Phase I). Currently, ~5,500
participants have been examined cross-sectionally, comprising over 10% of all
individuals with type 1 diabetes in Finland (n = 53,780) in 2017 (244). In the second
phase, the parents and siblings of the participants have been invited to participate
(phase II). Since 2004, FinnDiane participants have also been invited to prospective
follow-up visits (phase III). Furthermore, additional participants have been included
in the FinnDiane study through the Finnish Institute for Health and Welfare (THL, fi.
Terveyden ja Hyvinvoinnin Laitos, sv. Institutet för Hälsa och Välfärd).
4.1.1

Clinical and laboratory assessments at the FinnDiane study visit

The diagnosis of type 1 diabetes for each participant was made by a physician at the
time of diabetes onset, following the national evidence-based clinical practice
guidelines. Participants took part in the FinnDiane study by visiting their attending
physician. During that visit, blood samples were drawn, urine samples and
anthropometric data were collected, and questionnaires regarding health, medications,
physical activity, and eating habits were completed.
Laboratory measures. A light breakfast was allowed before the blood samples were
drawn. Blood lipids were measured from serum at the Helsinki University Hospital.
Total cholesterol and triglyceride concentrations were measured using a Cobas Mira
Analyser (Hoffman-La Roche, Basel, Switzerland) until 2006 and then with a Konelab
60i analyser (Thermo Fischer Scientific Inc., Waltham, MA, USA). High-density
lipoprotein (HDL) cholesterol was measured with an HTS 7000 Plus Bioassay Reader
(Perkin Elmer, Waltham, MA, USA). Low-density lipoprotein (LDL) cholesterol
concentrations were calculated using the Friedewald equation (4-1).
 ݈ݎ݁ݐݏ݈݄݁ܿ ݈ܽݐܶ = ݈ݎ݁ݐݏ݈݄݁ܿ ܮܦܮെ  ݈ݎ݁ݐݏ݈݄݁ܿ ܮܦܪെ (ܶݏ݁݀݅ݎ݁ܿݕ݈݃݅ݎΤ2.2)

(4-1)

HbA1c was determined locally at each study centre using accredited methods. The
creatinine was measured from serum by the Jaffe method using a Hitachi 911 Analyser
(Boehringer, Mannheim, Mannheim, Germany) until January 2002. From February
2002 onwards, serum creatinine was measured by isotope dilution mass spectrometry
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(IDMS) using a Hitachi 917 or Modular Analyser (Boehringer Mannheim/Roche
Diagnostics, Basel, Switzerland).
Anthropometric measures. A trained nurse completed all measurements for the
participant, who wore only light clothing during all measurements. Body weight was
measured with a scale, and height was measured with a wall-mounted stadiometer to
the closest decimal (kg for body weight and cm for height). BMI was calculated as
body weight in kilogrammes divided by the square of height in metres (Equation 2-1).
We defined underweight as a BMI <18.50 kg/m2, normal weight as a BMI from 18.50
to 24.99 kg/m2, overweight as a BMI from 25.00 to 29.99 kg/m2, and obesity as a BMI
>30.00 kg/m2, according to the WHO criteria (108). Waist circumference was
measured at the horizontal plane midway between the superior iliac crest and the lower
margin of the last rib using a stretchဨresistant tape measure. Hip circumference was
measured around the widest part of the great trochanters. To calculate the waist-hip
ratio, we divided waist circumference by hip circumference. We defined central
obesity as a waist-to-hip ratio above 0.85 for women and above 0.90 for men. Blood
pressure was measured two times in the sitting position, after which the average was
calculated. We defined hypertension as blood pressure above 140/90 mmHg or regular
use of antihypertensive medication.
4.1.2

Outcomes from the study visit

Diabetic nephropathy stage and kidney function. The staging of diabetic nephropathy
for each participant was done based on a 24-hour urine collection or AER measured
from two out of three consecutive timed overnight urine samples or ACR measured
from at least two spot urine samples (Table 2). Microalbuminuria was defined using
the following consensus thresholds, as listed in Table 2: an AER of 30 mg/24 h or 20
ȝg/minute but below 200 ȝg/minute or 300 mg/24h or an ACR of 2.5/3.5
(men/women) mg/mmol but below 25/35 (men/women) mg/mmol. Macroalbuminuria
was defined as AER above 200 ȝg/min or above 300 mg/24h or an ACR of 25
mg/mmol or higher for men and 35 mg/mmol or higher for women. ESKD was defined
as undergoing dialysis or having received a kidney transplant. Diabetic nephropathy
was defined as having micro-, macroalbuminuria or ESKD (Study I and II) or only
macroalbuminuria and ESKD (Study II). In Study IV, we defined microalbuminuria,
macroalbuminuria and ESKD as any diabetic nephropathy and macroalbuminuria and
ESKD as advanced diabetic nephropathy.
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Table 2. Classification of diabetic nephropathy stage in the FinnDiane cohort based on
the urinary albumin excretion rate (AER) or albumin-to-creatinine ratio (ACR).
Albuminuria was confirmed in two out of three timed overnight or 24-hour urine collections or
in morning spot urine samples for ACR.

Urine specimen:
Measure (unit)
Subgroup:
Normal range:

24-hour collection
AER (mg/24h)
Both sex
0-30

Timed overnight sample
AER (μg/min)
Both sex
0-20

Microalbuminuria

30 and <300

20 and <200

Macroalbuminuria: 300

Morning spot sample
ACR (mg/mmol)
Men
Women
<2.5
<3.5
3.5 and
2.5 and <25
<35
25
35

200

We assessed kidney function using a single creatinine measurement to calculate the
estimated glomerular filtration rate (eGFR). We transformed serum creatinine values
measured with the Jaffe method to IDMS traceable values using an equation (4-2)
based on duplicate serum creatinine measurements with the two different methods.
ܵ݁ = )ܵܯܦܫ( ݁݊݅݊݅ݐܽ݁ݎܿ ݉ݑݎ0.953 ×  )݂݂݁ܽܬ( ݁݊݅݊݅ݐܽ݁ݎܿ ݉ݑݎ݁ݏെ 7.261

(4-2)

In Study I, we calculated the eGFR (mL/min/1.73 m²) with the original Modification
of Diet in Renal Disease 4 (MDRD4) equation (4-3) developed in 2006 (245).
݁ = ܴܨܩ32788 × ܿି ݁݊݅݊݅ݐܽ݁ݎଵ.ଵହସ × ܽ݃݁ ି.ଶଷ × (0.724 ݂݅ ݂݈݁݉ܽ݁)

(4-3)

In all other studies, we used the more recently developed Chronic Kidney Disease
Epidemiology Collaboration (CKD-EPI)-equations (4-4(4-5(4-6(4-7) to calculate eGFR
(246). These equations more accurately estimate GFR, especially for individuals with
higher GFR values (246, 247). In Study II, we also used an eGFR <60 mL/min/m2 to
define chronic kidney disease (CKD).
ି.ଷଶଽ

× 0.993

(4-4)

ିଵ.ଶଽ

× 0.993

(4-5)

݁݊݁݉ݓ( ܴܨܩ, ܿ ݁݊݅݊݅ݐܽ݁ݎ 62) = 144 × (ܿ݁݊݅݊݅ݐܽ݁ݎΤ61.9)

݁݊݁݉ݓ( ܴܨܩ, ܿ > ݁݊݅݊݅ݐܽ݁ݎ62) = 144 × (ܿ݁݊݅݊݅ݐܽ݁ݎΤ61.9)

ି.ସଵଵ

× 0.993

(4-6)

ିଵ.ଶଽ

× 0.993

(4-7)

݁݊݁݉( ܴܨܩ, ܿ ݁݊݅݊݅ݐܽ݁ݎ 82) = 144 × (ܿ݁݊݅݊݅ݐܽ݁ݎΤ79.6)

݁݊݁݉( ܴܨܩ, ܿ > ݁݊݅݊݅ݐܽ݁ݎ82) = 144 × (ܿ݁݊݅݊݅ݐܽ݁ݎΤ79.6)

Diabetic retinopathy. Diabetic retinopathy was included as an outcome only in Study
I, where we used a history of retinal laser photocoagulation to define severe diabetic
nephropathy. We used information regarding retinal laser photocoagulation available
in the health questionnaire filled in by the attending physician at the baseline
examination. The use of retinal laser photocoagulation correctly identifies 81.1% of
cases with proliferative diabetic retinopathy (248). Controls were required to have a
diabetes duration of over 15 years and no signs of retinopathy, including no laser
treatment.
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Cardiovascular disease. Cardiovascular disease in Study I was defined based on
information from the health questionnaire provided by the attending physician at the
baseline examination. Cases with cardiovascular disease had a history of myocardial
infarction, coronary artery bypass, stroke, amputation, or peripheral vascular disease.
Controls were all other participants older than 45 years with no known cardiovascular
events.
4.1.3

Outcomes from registry data

The outcomes for prospective analyses were based on international classification of
diseases (ICD) codes retrieved from the hospital discharge register and the cause of
death register. The hospital discharge register in Finland is named The Care Register
for Health Care, also known as HILMO (fi. Hoitoilmoitusjärjestelmä, sv.
Vårdanmälningssystemet). The HILMO register is one of the oldest individual-level
hospital discharge registers globally and has been proven to be complete and highly
accurate (187). Information on deaths and causes of death were retrieved from the
Finnish Cause of Death Register, maintained by Statistics Finland. This register
records all deaths in Finland and abroad for individuals permanently resident in
Finland at their death. A physician completes the death certificate, and the process has
been proven reliable and suitable for research (249). Complete linkage (100%) with
both registers was done with the personal identification number provided for all
Finnish residents. Information from the Finnish Care Register for Health Care was
retrieved on December 3, 2014 (Study IV). Information from the Finnish Cause of
Death Register was retrieved on December 31, 2014 (Study IV) and December 31,
2015 (Study II).
End-stage kidney disease (ESKD). ESKD in Study IV was defined using the ICD-10
code N18.5 (chronic kidney disease, stage 5) or a procedural code for the initiation of
permanent dialysis or kidney transplantation or death because of kidney failure from
CKD.
Coronary artery disease. In Study IV, we defined coronary artery disease as a
myocardial infarction (nonfatal or fatal), coronary bypass grafting operation or
percutaneous coronary intervention. Data on coronary artery disease events were
retrieved from death certificates and the Finnish Hospital Discharge Register using the
ICD codes for myocardial infarction: ICD-10 = I21-I22 (ICD-9; 410–412, Table 3) or
surgical procedure codes. Surgical procedure codes were based on the Nordic Medico
Statistical Committee (NOMESCO) classification, which has been in use from 1996
onwards (250). For coronary bypass surgery, the following codes were used: FNA,
FNB, FNC, FND or FNE, and for percutaneous coronary intervention: FN1AT,
FN1BT, FN1YT, FNF, FNG or TFN40. ICD I21 and I22 constitute most cases of
coronary artery disease.
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Table 3. International classification of diseases (ICD-10) codes for defining coronary
artery disease.

ICD-code
I21
I22
I23
I24

Description
Acute myocardial infarction
Subsequent ST elevation and non-ST elevation myocardial infarction
Certain current complications following ST elevation and non-ST elevation myocardial
infarction (within the 28-day period)
Other acute ischaemic heart diseases

Stroke. In Study IV, we defined a stroke as a nonfatal or fatal stroke using ICD codes
for ischaemic or haemorrhagic stroke: ICD-10 = I6I–I64 (ICD-9, 430–434, Table 4).
Ischaemic strokes comprise approximately 70% of all strokes, and the remaining 30%
are haemorrhagic, both in the general population (251) and in type 1 diabetes (252).
We also included a subtype of haemorrhagic stroke: subarachnoid haemorrhage (I60).
Although the aetiology of subarachnoid haemorrhage differs from that of intracerebral
haemorrhage stroke in the general population, most subarachnoid haemorrhage events
in FinnDiane are non-aneurysmal with a suspected microvascular aetiology,
resembling the aetiology of intracerebral haemorrhage stroke (253). Subarachnoid
haemorrhage, however, represents a small proportion of all the strokes (6.4%).
Table 4. International classification of diseases (ICD-10) codes for defining stroke

ICD-code

Description

I60
I61
I62
I63
I64

Nontraumatic subarachnoid haemorrhage
Nontraumatic intracerebral haemorrhage
Other and unspecified nontraumatic intracranial haemorrhage
Cerebral infarction
Stroke, not specified as haemorrhage or infarction

Cardiovascular disease. Cardiovascular disease was defined as a coronary artery
disease or a stroke event (see above definitions), whichever occurred first.
Mortality. Mortality in Study II was defined as death from any cause. Both the
underlying and the immediate causes of death were used to determine the cause of
death. ICD-10 codes I00 to I99 (ICD-9 codes 390 to 459) were used for cardiovascular
mortality. In Study IV, mortality was defined as death from any cause, excluding
external causes of death, such as injury, poisoning, violence, accidents, and self-harm
(ICD-10 codes S00–T98, V01–Y98).
4.1.4

Ethical aspects

The FinnDiane study protocol has been approved by the ethics committee of the
Helsinki and Uusimaa Hospital District (491/E5/2006, 238/13/03/00/2015, and HUS3313-2018, July 3, 2019) as well as at the local ethics committees. The study was
performed following the ethical principles outlined by the Declaration of Helsinki as
revised in 2000. All FinnDiane participants gave written informed consent before
participation.
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4.2 Study design
4.2.1

Study I

This study was a cross-sectional case-control study. We genotyped nine SNVs
associated with type 2 diabetes in genome-wide association studies. We evaluated
their association with diabetic nephropathy, severe diabetic retinopathy, and
cardiovascular disease reported at the baseline examination in the FinnDiane study
(Figure 4). We tested significant associations in the discovery cohort in three
additional cohorts, including 2,980 participants.

Figure 4. Schematic overview of the genetic associations that were tested in the
discovery cohort (FinnDiane) of Study I. The type 2 diabetes susceptibility SNVs are to the
left, and the outcomes are to the right, with the primary outcome being diabetic nephropathy.
Assumed relationships are denoted by the solid lines and tested associations by the dashed lines.
Significant associations were tested for replication in three other cohorts.

4.2.2

Study II

This study assessed the association between BMI measured at the baseline
examination and mortality retrieved from the Finnish Cause of Death Register on
December 31, 2015, for FinnDiane participants (n = 5,836). We assessed the
association between BMI and risk of mortality using Cox regression with a restricted
cubic spline transformation of BMI to allow nonlinearity (Figure 5). We first evaluated
the nonlinear association between BMI and mortality in all study participants. Next,
we stratified the analyses by the presence and absence of diabetic nephropathy (based
on AER) and chronic kidney disease (based on eGFR). Then, we tested which
variables modify the relationship between BMI and mortality by adding interaction
terms to the BMI spline. Furthermore, we assessed the prevalence of the BMI groups
cross-sectionally across three decades (the 1990s, 2000s and 2010s).
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Figure 5. Schematic overview of the nonlinear associations tested Study II. The primary
outcome was mortality. The association between body mass index (BMI) and the outcome was
tested in all FinnDiane participants (1), in participants stratified by diabetic nephropathy and
chronic kidney disease and in all participants, including interaction terms (3).

4.2.3

Study III

This study consisted of two parts: a prospective observational part and a crosssectional observational part combined with Mendelian randomisation. In the first part,
we tested the association between BMI (measured at the baseline examination) with
the risk of diabetic nephropathy (assessed at the follow-up examination) or its
progression to a more advanced stage in the FinnDiane participants. We analysed this
association using models that assume linearity and models that consider nonlinearity
(quantiles, restricted cubic splines). The second part of the study included two other
cohorts with type 1 diabetes in addition to FinnDiane: namely UK-ROI and USGoKind. We assessed both the cross-sectional observational association between BMI
and diabetic nephropathy and the causal relationship between BMI and diabetic
nephropathy in Mendelian randomisation (Figure 6).

Figure 6. Schematic overview of the Mendelian randomisation in Study III. The observed
association between the exposure X (BMI) and the outcome Y (Diabetic nephropathy) can be
confounded by the unmeasured U. An instrumental variable Z (genetic risk score for BMI), which
has a direct association with the exposure, and only through the exposure, can be used to assess
the causal relationship between the exposure and the outcome.
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4.2.4

Study IV

This study was a prospective case-control study. We assessed the association of
rs77878271, in the promoter of the FABP4 gene, on the risk of coronary artery disease,
stroke, cardiovascular disease, ESKD and mortality (Figure 7) in 5,077 FinnDiane
participants. We used information on outcomes available by December 31, 2014, in
the Finnish hospital discharge registry and the cause of death registry. We tested
significant associations for replication in 852 Danish individuals with type 1 diabetes
and 3,678 Finnish individuals with type 1 diabetes from the FinnGen cohort. We
further verified observed associations by performing a summary based two-sample
Mendelian randomisation using data from published genome-wide association studies
on the outcomes in individuals with type 1 diabetes.

Figure 7. Schematic overview of the genetic associations tested in the discovery cohort
(FinnDiane) in Study IV. The low-expression G-allele of FABP4 rs77878271 (to the left) was
tested for association with the incident cardiovascular disease, coronary artery disease, stroke,
end-stage kidney disease (ESKD) and mortality using cox regression. Assumed relationships are
denoted by the solid arrows and tested associations by the dashed arrows. Significant
associations were tested for replication in two other cohorts.

4.3 Study participants
Study II included only FinnDiane study participants. Study I, III and IV, which
comprised genetic analyses, incorporated additional cohorts with Finnish, Swedish,
British/Irish, Danish and American participants (
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Table 5). In studies I and IV, we used the additional cohorts for replication, and in
Study III, Table 5) we included the cohorts as discovery cohorts alongside FinnDiane.
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Discovery

Replication

Replication

FinnDiane

SDCC

FinnGen

Discovery

UK-ROI

Finnish

Danish

Finnish

British/Irish

US

Finnish

Swedish

Danish

British/Irish

Finnish

Ancestry

3,678

852

5,077

1,505

1,568

2,174

529

892

1,555

2,557

N participants

FABP4 (n =1)

FABP4 (n =1)

FABP4 (n =1)

BMI (n =32)

BMI (n =32)

BMI (n =32)

Type 2 diabetes (n =1)

Type 2 diabetes (n =1)

Type 2 diabetes (n =1)

Type 2 diabetes (n = 9)
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Cardiovascular disease

Coronary artery disease, Stroke

Coronary artery disease, Stroke,
Cardiovascular disease,
Mortality

Coronary artery disease, Stroke,
Cardiovascular disease, ESKD,
Mortality

Diabetic nephropathy

Diabetic nephropathy

Diabetic nephropathy

Diabetic nephropathy

Diabetic nephropathy

Diabetic nephropathy, Coronary
artery disease, Stroke
Diabetic nephropathy

Exposure (N genetic variants) Outcome(s)

BMI = Body mass index, ESKD=End-stage kidney disease, FABP4 = Fatty-acid binding protein 4, N = Number

Study IV

Discovery

US-GoKind

Replication

SDR

Discovery

Replication

SDCC

FinnDiane

Replication

UK-ROI

Study III

Discovery

FinnDiane

Study I

Type

Cohort

Study

Table 5. Cohorts that were included in genetic analyses in Study I, III and IV.

4.3.1

FinnDiane study participants

Study I. In Study I, we included all FinnDiane participants with a DNA sample
available in 2009 and with diabetes onset before the age of 35 years (n = 2,963). After
excluding further participants with an unknown diabetic nephropathy stage and
controls with a diabetes duration below 15 years, 2,557 participants remained in the
final sample (Table 6).
Table 6. Selection of FinnDiane participants in all studies.

Exclusion criteria
Study I
Unknown diabetic nephropathy stage
Controls with diabetes duration < 15 years
N final sample:
Study II
Unknown diabetic nephropathy stage
Diabetes onset age > 40 years
Baseline visit after 31 December 31, 2014
N final sample:
Study III (prospective study)
Missing information (diabetic nephropathy, BMI, or covariates)
or diabetes onset age > 40 years
ESKD at baseline
Missing follow-up examination
N final sample:
Study III (cross-sectional and Mendelian randomization)
Missing information (diabetic nephropathy, BMI, or covariates)
or diabetes onset age > 40 years
Participants with microalbuminuria
Controls with diabetes duration < 15 years
N final sample:
Study IV
Duplicate sample
Undetermined genotype
Age < 16 years
Diabetes onset age > 40 years
N final sample

N excluded

N prior exclusion

22
384

2,963
2,941
2,557

251
273
597

6,957
6,706
6,449
5,836

649

3,546

319
231

2,897
2,578
2,347

649

3,546

447
276

2,897
2,450
2,174

66
306
105
243

5,797
5,731
5,425
5,320
5,077

BMI = Body mass index, ESKD = end-stage kidney disease

Study II. Study II included all adult FinnDiane participants (age above 17 years) with
body weight and height measured at the baseline visit until May 2017 (n = 6,957,
Table 6). We further excluded individuals with unknown diabetic nephropathy stage
and individuals not meeting our definition of type 1 diabetes. We further excluded
participants with a follow-up time under one year or with no follow-up data for the
Cox regression analyses. As data on endpoints were available until December 31,
2015, all participants with a baseline study visit between December 31, 2014, and May
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5, 2017, were excluded. In total, 5,836 individuals remained in the analysis in Study
II.
Study III. Study III included all FinnDiane participants with genome-wide genotyping
data available in 2015. As we had two different study designs (one prospective and
one cross-sectional), partly different exclusion criteria were applied (Table 6). After
exclusion, 2,347 participants remained for the prospective analyses and 2,147 for the
cross-sectional and Mendelian randomisation analyses.
Study IV. Study IV included all FinnDiane participants with a DNA sample available
in 2015 (n = 5,797). We excluded duplicated samples and individuals with
undetermined genotype, age below 16 years at the baseline visit or diabetes onset age
above 40 years (or any indications of another diabetes type, including insulin treatment
not initiated within one year) (Table 6). A total of 5,077 individuals remained for the
analyses.
The clinical characteristics of FinnDiane participants selected for each study are
summarised in Table 7.
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Study I
2,557
1994-2005
1 309 (51.2)
39.7 (11.3)
13.3 (8.0)
26.5 (10.2)
8.6 (1.5)
25.1 (3.5)
30 (1.0)
1549 (52.9)
1096 (37.4)
252 (8.6)
80 (10)
136 (19)
1234 (48.2)
465 (18.2)
423 (16.6)
433 (16.9)

Study II
5,836
1990-2014
2994 (51.3)
55.3 (11.6)
15.8 (9.4)
23.1 (11.9)
8.4 (1.5)
25.3 (3.8)
76 (1.3)
2930 (50.2)
2194 (37.6)
636 (10.9)
80 (10)
135 (19)
3803 (65.2)
755 (12.9)
860 (14.7)
418 (7.2)
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Study III (cross-sectional)
2,174
1994-2009
1079 (49.6)
42.684 (10.9)
14.4 (8.6)
28.3 (8.8)
8.5 (1.4)
25.2 (3.7)
25 (1.2)
1130 (52.0)
807 (37.1)
212 (9.7)
80 (10)
139 (20)
1262 (58.0)
593 (27.2)
319 (14.7)

ESKD= End-stage kidney disease, BMI = Body mass index, AER = Albumin excretion rate

Number
Study visit year
Men, n
Age, years
Diabetes onset age, years
Diabetes duration, years
HbA1c, %
BMI, kg/m2
Underweight, n
Normal weight, n
Overweight, n
Obesity, n
Diastolic blood pressure, mmHg
Systolic blood pressure, mmHg
Normal AER, n
Microalbuminuria, n
Macroalbuminuria, n
ESKD, n

Study III (prospective)
2,347
1994-2009
1167 (49.7)
40.2 (11.7)
14.8 (8.9
25.4 (9.8)
8.5 (1.4)
25.4 (3.6)
19 (0.8)
1157 (49.3)
934 (39.8)
237 (10.1)
80 (10)
136 (18)
1357 (57.8)
397 (16.9)
593 (25.3)
-

Study IV
5,077
1995-2015
2661 (52.4)
39.2 (12.3)
16.1 (9.4)
23.1 (12.6)
8.5 (1.5)
25.1 (3.7)
66 (1.4)
2517 (52.4)
1767 (36.8)
451 (9.4)
79 (10)
134 (19)
3007 (60.0)
608 (12.1)
758 (15.1)
420 (8.4)

standard deviation or median and interquartile range are reported for continuous variables. For categorical variables, numbers (n) and percentages are reported.

Table 7. Clinical characteristics for FinnDiane participants included in studies I, II, III (cross-sectional and prospective part) and IV. Mean and the

4.3.2

Other study participants

UK-ROI participants. The All Ireland-Warren 3-Genetics of Kidneys in Diabetes
U.K. and Republic of Ireland (UK-ROI) Collection consists of adult individuals with
type 1 diabetes diagnosed before age 31 and whose parents and grandparents were
born in the British Isles (254). The UK-ROI study is a cross-sectional case-control
study of diabetic nephropathy. Diabetic nephropathy was defined as proteinuria>
500 mg/24 h, hypertension (blood pressure >135/85 mmHg and antihypertensive
treatment) and retinopathy. Participants without diabetic nephropathy that were
recruited to the control group had no evidence of diabetic nephropathy (normal AER
after repeated testing and no antihypertensive medication) after at least 15 years of
diabetes. Genome-wide genotyping was done with Illumina Omni1-Quad array
(Illumina, San Diego, CA, USA). In total, 1,555 participants (747 cases/808 controls)
were included in Study I as a replication cohort and 1,505 participants (674 cases/831
controls) in Study III as a discovery cohort.
US-GoKinD Participants. The Genetics of Kidneys in Diabetes US (US GoKind) is a
cross-sectional case-control study aiming to identify genes involved in diabetic
nephropathy (255). Participants with long-term type 1 diabetes (duration  10 years)
were recruited through either the Joslin Diabetes Clinic (New England, US) or through
the George Washington Biostatistics Centre, which directed volunteers to one of 27
clinical centres around the United States for examination. Participants recruited to the
control group were required to have a diabetes duration of 15 years and no evidence
of diabetic nephropathy (ACR <20 ȝg/mg and no antihypertensive medication).
Participants recruited to the case group had diabetic nephropathy, defined as persistent
macroalbuminuria, namely ACR 300 ȝg/mg. Genome-wide genotyping was done
with the Affymetrix 500 K set (Affymetrix, Santa Clara, CA, USA). In total, 1,568
(807 controls, 761 cases) participants from the US GoKind study were included in
Study III.
SDCC participants. Danish adult individuals with type 1 diabetes participated in the
Steno Diabetes Center Copenhagen (SDCC) study by visiting the outpatient clinic at
the Steno Diabetes Center in Denmark. Type 1 diabetes was defined as diabetes onset
before 35 years of age and insulin initiation within one year of diagnosis. The baseline
examination was performed between 1993 and 2001. For the cross-sectional part of
Study I, we used information on the diabetic nephropathy stage, defined in the same
manner as in FinnDiane, from the most recent visit (baseline or prospective visit until
September 2006) for 892 SDCC participants. Of these, 376 participants had a normal
AER (and a diabetes duration > 15 years), 60 individuals had microalbuminuria
(normoalbuminuria at baseline), 365 individuals had macroalbuminuria, and 91
individuals had ESKD. For the prospective Study IV, 852 participants from the SDCC
were included. Endpoints for each participant were extracted from the following
registries: clinical endpoints from the Danish National Health Register by December
31, 2016, and information on death from the Danish National Death Registry by
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December 31, 2015. Genotyping of the SDCC cohort was performed on the Illumina
HumanCoreExome 12v1 SNV array and imputation using 1000 Genomes Phase 3
version 5 reference panel as previously described (256). In Study IV, the SNV
rs77878271 was imputed (r2=0.84), and the imputed dosages were converted to the
most likely genotypes using a 90% threshold for the posterior probability. SDCC was
included as a replication cohort in Study I and Study IV.
FinnGen participants. The FinnGen study is a large nationwide study of 309,312
adult individuals of the general Finnish population, and the study integrates genomewide genotyping data with registry data. Detailailed data generation and genotype
imputation have been previously described (257). In the latest release (FinnGen Data
Freeze 7), 3,678 FinnGen participants were classified as having type 1 diabetes. The
classification was based on the following ICD codes: ICD-10 code E10[0-9], ICD-9
250[0-8] B as a hospital discharge diagnosis or cause of death, or ICD-10 E10 for
eligibility of reimbursed medications. Information on cardiovascular and
cerebrovascular events by December 31, 2019, was retrieved from the hospital
discharge registry, causes of death registry, and medication reimbursement registry.
The SNV rs77878271 was imputed (INFO=0.98, batch range of 0.97-1.00).
SDR participants. The Scania Diabetes Registry (SDR), Sweden (258) registers all
individuals with diabetes in the Malmö region in Southern Sweden. Type 1 diabetes
was defined as diabetes onset age 35 years, presence of GAD antibodies and low Cpeptide levels or the physician’s classification if the information was incomplete.
Participants of non-Scandinavian origin were excluded. Diabetic nephropathy stages
were defined by AER or ACR as in the FinnDiane cohort. ESKD was defined as an
eGFR (MDRD4 formula) <15 ml/min. Five hundred twenty-nine adults with type 1
diabetes from the SDR were included in Study I of this thesis. Of these, 298
participants had AER or ACR in the normal range (diabetes duration > 15 years), 90
had microalbuminuria, 107 had macroalbuminuria, and 34 had ESKD.

4.4 Genetic variants
We used genetic variant(s), specifically SNVs, known from genome-wide association
studies on type 2 diabetes (Study I) and BMI (Study III) at the time of launching the
studies. In Study IV, we used a genetic variant known from both functional candidate
gene studies and a recent genome-wide association study on the proteome.
4.4.1

SNV selection and genotyping

Study I. We selected nine SNVs known to influence susceptibility to type 2 diabetes
(200, 207) and genotyped these with the Sequenom iPlex MassARRAY (Sequenom
Inc., San Diego, CA, USA) at the University of Eastern Finland (Kuopio, Finland) in
2009. Genotyping of the KCNJ11 rs5219 SNV was unsuccessful and therefore
excluded. Genotyping rate was 98.6% for the remaining nine SNVs, and all SNVs
were in Hardy–Weinberg equilibrium (p-valueௗ>ௗ0.01). Genotyping in the replication
cohorts was done with a commercially available TaqMan assay (Applied Biosystems,
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Warrington, United Kingdom), and the respective genotyping rates were 99.7% for
UK-ROI, 99.2% for Danish participants and 98.5% for SDR
Study III. We selected 32 SNVs associated with higher BMI (205) in the largest
European genome-wide association study on BMI at the time of the study design. We
extracted the dosages for all 32 SNVs from genome-wide genotyping data, and the
dosages were converted to the most likely genotypes using GenGen
(http://www.openbioinformatics.org) and a 90% threshold for the posterior
probability. We then calculated a genetic risk score for each participant by summing
up the number of risk alleles for each SNV multiplied by the reported effect size in
the meta-analysis (205). The genome-wide genotyping was done with the Illumina
BeadArray 610-Quad array (Illumina, San Diego, CA, USA). The genome-wide
genotyping and imputation have been described previously (254). Good quality
genotypic data were available for 28 of the 32 SNVs in FinnDiane, 29 of 32 SNVs in
the US GoKind, and all SNVs in the UK-ROI.
Study IV. We selected a known low-expression variant of FABP4 – SNV rs77878271
(A>G) – located in the promoter region of the FABP4 gene on chromosome 8. The G
allele disrupts the CAAT box by changing the T into a C. It is also the only known
cis-acting pQTL affecting the circulating concentrations of the FABP4 protein (126).
Following the manufacturer's protocol, we genotyped rs77878271 with a TaqMan
SNV Genotyping Assay (Applied Biosystems, Carlsbad, CA, USA). Genotypes for
SNV rs77878271 in the replication cohorts were retrieved from genome-wide
genotyping data.

4.5 Statistical analysis
4.5.1

Descriptive statistics

Clinical descriptive. We used the mean and standard deviation (normally distributed
variables) or median and interquartile range (non-normally distributed variables) to
summarise the clinical characteristics at the baseline examination. We used
percentages and numbers to summarise categorical variables. We evaluated the
differences in continuous variables between groups using the one-way analysis of
variance (normally distributed variables) or the Kruskal-Wallis test (non-normally
distributed variables) and differences in categorical values using the Fisher’s exact
test. We assessed trends using Pearson’s Ȥ2 test. We calculated summaries of clinical
variables using the base package of the R statistical software or the R package
“table1”.
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Genetic descriptive. We calculated the effect allele frequencies, genotypes counts,
genotyping rates and deviations from Hardy-Weinberg equilibrium using the PLINK
software (259), v.107 (Study I) and v. 1.09 (Study III). As deviations from the HardyWeinberg equilibrium are a useful indicator of genotyping problems, especially
among controls, we tested for deviations from the Hardy-Weinberg equilibrium for all
SNV included in studies I, III and IV. We used the Fisher’s Exact test adapted by
Wigginton et al. for use in large scale genetic studies using SNVs (260).
4.5.2

Cross-sectional analyses

Genetic associations. We estimated the effect of selected SNVs on the outcomes using
linear regression for continuous outcomes and logistic regression for binary outcomes.
The analyses were implemented in Plink v. 1.07 (Study I) or v.109 (Study III and
Study IV), using functions --linear and --logistic. We corrected for confounding
factors using the --covariate function. We performed analyses with genetic risk scores
using the tests above and the R software. We used an additive model for individual
SNV associations with the allele of interest (minor allele or effect allele) encoded as
0, 1, or 2 according to the number of that allele present in an individual.
4.5.3

Prospective analyses

Clinical associations. We evaluated the prospective associations between BMI and
the risk of mortality (Study II) or diabetic nephropathy (Study IV) using the Cox
proportional hazards model. As the timescale, we used years from the baseline
examination until the event or the data retrieval date (Study II) or the follow-up
examination date (Study III). We assessed nonlinear effects by applying a restricted
cubic spline transformation to the BMI variable, using the rcs() function in the R
package rms. A restricted cubic spline transformation relaxes the linearity assumption,
thus allowing for any shape of the relationship (261). We used Wald tests for linearity
to test the presence of nonlinearity. The number of knots for the restricted cubic spline
function was selected based on the recommendations of Harrell (261) and the Akaike
information criterion (262). Study II used four knots located at the fifth, 35th, 65th,
and 95th BMI percentiles (corresponding to BMI values of 20, 24, 26, and 32 kg/m2
in the total cohort). In Study III, three knots were used, located at the 10th, 50th, and
90th percentiles of BMI (20.99 kg/m2, 24.84 kg/m2, and 29.97 kg/m2). The reference
value was the median BMI value in Study III. In Study II, we chose the BMI of 23
kg/m2 as the reference, as it corresponded to both the mean and the median BMI in the
normal weight category (BMI = 18.50-24.99 kg/m2). We statistically tested nonlinear
interactions by adding the selected variables as a product term to the BMI spline
(Study IV), one at a time. We dichotomised continuous variables by their median into
two groups before inclusion to facilitate the interpretation of the interaction between
continuous variables and the BMI spline and to enable stratified analyses.
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Genetic associations. In Study IV, we calculated hazard ratios using the Cox
proportional hazards model, implemented by the cph() function in the rms R package.
We used two different timescales. Genetic variation is determined before birth and
thus present at birth. Therefore, we first used years from birth until the event or the
data retrieval date (corresponding to the age at the event or censoring at the data
retrieval date) as a timescale. However, to adjust for clinical risk factors measured at
the baseline examination and test their interaction with the SNV-outcome relationship,
we used years from the baseline examination until the event or data retrieval date also
as the timescale. We assessed all interactions statistically by adding the tested variable
as a product term to the SNV FABP4 rs77878271. We used an additive model for
FABP4 rs77878271 (AA = 0, AG = 1 and GG = 2) unless stated otherwise.
4.5.4

Mendelian randomisation

One-sample Mendelian randomisation (Study III). To evaluate the causality between
BMI and diabetic nephropathy, we used the logistic control function estimator, which
is a two-stage method (242). BMI was regressed on the genetic risk score in the first
stage to get genetically predicted BMI values. The predicted BMI from the first stage
was used to predict diabetic nephropathy in the second stage while adjusting for the
first stage residuals. We adjusted the analysis for age, sex, and duration of diabetes.
Results from the Mendelian randomisation were compared to results from the crosssectional analysis, using the method developed by Altman and Bland (263).
Two-sample Mendelian randomisation (Study IV). We performed a two-sample
Mendelian randomisation study, which uses summary data from different populations
for the IV-exposure association and the IV-outcome association, to evaluate the
potential causality between FABP4 and cardiovascular disease in type 1 diabetes.
Since our specific target was the FABP4 gene and its protein, we only used the SNV
FABP4 rs77878271 as an IV, as it is the only known cis-acting variant for circulating
FABP4 (126). For the IV-exposure association, we used summary data from the
SCALLOP consortium, which included 19,372 SCALLOP participants with FABP4
measured from plasma (126). For the IV-outcome association, we extracted data from
two published genome-wide association studies on coronary artery disease in type 1
diabetes (264, 265) with summary data available in the GWAS catalogue (8,426
participants). The first study was a genome-wide association study with 4,850
individuals (941 coronary artery disease cases and 3928 controls) from the FinnDiane
Study (264). The other study was a meta-analysis of genome-wide association studies
including 3,557 individuals (434 cases and 3123 controls) from three cohorts of
French, Danish (SDCC) and British/Irish (UK-ROI) descent (265). No genome-wide
association study was found for stroke or the broader cardiovascular disease definition
in type 1 diabetes. We meta-analysed the associations between rs77878271 and
coronary artery disease from different studies before performing the Mendelian
randomisation. To calculate the causal effect estimate, we used the Wald ratio.
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4.5.5

Meta-analyses

We combined the individual study results of Study I, III and IV in an inverse-variance
weighted fixed-effect meta-analysis. To detect heterogeneity across studies in the
meta-analysis, we used the Cochran’s Q statistic, and to quantify heterogeneity, we
used the inconsistency index I2. Specifically, an I2 of 25%, 50% and 75% were
regarded as low, moderate and high heterogeneity, respectively (266). We metaanalysed individual study results with the R package ‘meta’ in Study IV and “metafor”
in Study I. The meta-analysis forest plots in this thesis were all done using the R
package “rmeta”.
4.5.6

Power calculations

Power calculations were done with the R package “survSNV” in Study IV, and for
this thesis, the power in Study I was recalculated with the R package “genpwr”. In
Study I, the original power calculations were done with the genetic power calculator
(267).
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5

RESULTS

5.1 Genetic evidence for type 2 diabetes in diabetic complications
5.1.1

Genetic variants for type 2 diabetes and diabetic complications in FinnDiane

We assessed the association between nine established susceptibility SNVs for type 2
diabetes (Table 8), in or near genes CDKAL1, CDKN2A/B, HHEX IGF2BP2, PPARG,
SLC30A8 and TCF7L2, and diabetic nephropathy in 2,963 individuals with type 1
diabetes.
Table 8. Information about the selected SNVs, including closest genes, location, effect
allele frequencies and p-values for the Hardy-Weinberg Equilibrium (HWE), in the
FinnDiane cohort.. The p-value for deviation from the HWE was estimated in controls (diabetic
nephropathy) only.

Gene
PPARG
IGF2BP2
IGF2BP2
CDKAL1
CDKAL1
SLC30A8
CDKN2A/B
TCF7L2
HHEX

SNV
Chr
rs1801282
3
rs4402960
3
rs1470579
3
rs7754840
6
rs7756992
6
rs13266634 8
rs10811661 9
rs7903146 10
rs1111875 10

Bp (GRCh38)
12,351,626
185,793,899
185,529,330
20,661,019
20,679,478
117,172,544
22,134,095
112,998,590
92,703,125

Effect allele (frequency)
C (0.82)
T (0.29)
C (0.29)
C (0.36)
G (0.34)
C (0.61)
T (0.85)
T (0.20)
C (0.54)

p-value (HWE)
0.77
0.30
0.27
0.62
0.37
0.86
0.36
0.66
0.69

SNV = Single nucleotide variant, Chr = chromosome, Bp = base pair, GRCh38=Genome Reference Consortium
Human Build 38. Adapted by permission from Diabetologia, Fagerholm et al., Volume 55, September 2012, Pages
2386–2393 © 2012 Springer Nature

One SNV – rs10811661 near CDKN2A/B – was associated with 33% higher odds of
diabetic nephropathy (p-value = 4.5×10-4, Figure 8, Table 8). The direction and
magnitude of the effect on diabetic nephropathy were in line with the effect on type 2
diabetes in the general population (207) (Figure 8). This finding remained significant
after Bonferroni correction for the total number of tests performed (nine SNVs × four
outcomes = 36 tests, p-value = 0.016). The same SNV was also associated with a 2.63
unit decrease in eGFR per risk allele (T) and increased the odds of severe retinopathy
by 37% (p-value = 4.0 × 10-3, Table 9). However, the variant was not associated with
cardiovascular disease (odds ratio = 1.02, p-value = 0.88, Table 9).
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Figure 8. A scatter plot of the SNV odds ratio for type 2 diabetes (T2D) in the original
study (Diabetes genetics initiative) against the SNV odds ratio for diabetic nephropathy
(DN) in FinnDiane. The SNVs rs7756992 (in CDKAL1) and rs4402960 (in IGF2BP2) are not shown
as they represent the same loci as rs7754840 and rs1470579, respectively, due to their high
correlation in the Finnish population (r2=0.80 and r2=1.00). KCNJ11 rs5219 was not successfully
genotyped in FinnDiane, and thus not shown. P-values (-log10), for diabetic nephropathy. Effect
estimates and p-values for diabetic nephropathy from Diabetologia, Fagerholm et al., Volume 55,
September 2012, Pages 2386–2393. Effect estimates for type 2 diabetes from Science, Saxena et
al., Volume 316, Issue 5829, June 2007, Pages 1331-6.
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C (0.29)

T (0.29)

C (0.82)

C (0.36)

G (0.34)

C (0.61)

T (0.85)

C (0.54)

T (0.21)

rs1470579 (IGF2BP2)

rs4402960 (IGF2BP2)

rs1801282 (PPARG)

rs7754840 (CDKAL1)

rs7756992 (CDKAL1)

rs13266634 (SLC30A8)

rs10811661 (CDKN2AB)

rs1111875 (HHEX)

rs7903146 (TCF7L2)

0.93 (0.80-1.07)

1.06 (1.14-1.20)

1.33 (1.14-1.56)

0.98 (0.87-1.19)

0.89 (0.79-1.01)

0.92 (0.82-1.04)

1.02 (0.88-1.19)

1.02 (0.90-1.15)

1.02 (0.90-1.15)

Odds ratio (95% CI)

0.32

0.26

0.00045

0.71

0.071

0.18

0.79

0.80

0.81

p-value

-0.81 (0.78)

-0.12 (0.63)

-2.60 (0.86)

-0.81 (0.63)

0.41 (0.66)

0.54 (0.65)

-1.34 (0.84)

-0.51 (0.68)

-0.62 (0.68)

BETA

eGFR

0.3

0.85

0.0026

0.2

0.53

0.41

0.11

0.45

0.36

0.95 (0.78-1.16)

1.08 (0.92-1.25)

1.37 (1.10-1.69)

1.06 (0.90-1.23)

0.87 (0.73-1.03)

0.93 (0.79-1.01)

1.08 (0.87-1.33)

0.96 (0.81-1.14)

0.96 (0.81-1.14)

p-value Odds ratio

Diabetic retinopathy

0.61

0.39

0.004

0.48

0.10

0.39

0.50

0.67

0.66

p-value

1.07 (0.82-1.38)

1.01 (0.83-1.25)

1.02 (0.77-1.35)

1.05 (0.85-1.28)

0.85 (0.68-1.05)

0.82 (0.66-1.02)

0.92 (0.69-1.20)

0.90 (0.72-1.13)

0.91 (0.72-1.14)

Odds ratio

0.63

0.91

0.88

0.66

0.13

0.07

0.53

0.37

0.39

p-value

Cardiovascular disease
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EA = Effect allele, Freq = frequency, Odds ratio = Odds Ratio, eGFR = estimated glomerular filtration rate. Adapted by permission from Diabetologia, Fagerholm et al., Volume 55,
September 2012, Pages 2386–2393 © 2012 Springer Nature

EA (Freq)

SNV (gene)

Diabetic nephropathy

Table 9. Odds ratios and p-values of all SNVs for diabetic nephropathy, retinopathy, cardiovascular disease, and beta for eGFR in the
FinnDiane cohort.. All associations were adjusted for sex, age at onset and duration of type 1 diabetes.

5.1.2

Replication analyses

We further tested the CDKN2A/B rs10811661 for replication in three independent
cohorts, in participants of Irish/British (UK-ROI), Swedish (SDR) and Danish
(SDCC) descent. The frequency of the effect T-allele was similar in all cohorts and
ranged from 82% (SDR) to 85% (FinnDiane). Even though the SNV did not replicate
in the replication cohorts (Figure 9), the results from the meta-analyses indicated that
CDKN2A/B rs10811661 increases the odds of diabetic nephropathy by 15 %.

Figure 9. Odds ratios (ORs) for diabetic nephropathy, microalbuminuria,
macroalbuminuria and end-stage kidney disease (ESKD) per CDKN2A rs10811661 Tallele in FinnDiane, UK-ROI, SDCC and SDR. Diabetic nephropathy is defined as
microalbuminuria, macroalbuminuria or ESKD. Adapted by permission from Diabetologia,
Fagerholm et al., Volume 55, September 2012, Pages 2386–2393 © 2012 Springer Nature

There was, however, moderate heterogeneity between the studies (I2 = 61.6%, p-value
= 0.05). Therefore, we evaluated the association between rs10811661 and different
stages of diabetic nephropathy separately (microalbuminuria, macroalbuminuria and
ESKD) in the FinnDiane and the replication cohorts (Figure 9). In the FinnDiane
cohort, the T-allele of rs10811661 increased the odds of microalbuminuria,
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macroalbuminuria and ESKD by 26 to 41% (p-value < 0.05). We replicated the finding
for ESKD in the UK-ROI and the SDR cohort (p-value < 0.05). In the meta-analysis,
the rs10811661 remained significant for microalbuminuria and ESKD (p-value = 0.02
and p-value = 0.0004). High heterogeneity was observed in the meta-analysis
comparing microalbuminuria vs controls (I2 = 83.3%, p-value = 0.0024), compared
with only low heterogeneity in the meta-analysis of ESKD vs controls (I2 = 18.7%, pvalue = 0.29).

5.2 BMI, obesity, and mortality in type 1 diabetes
5.2.1

BMI trends in type 1 diabetes

We calculated the average BMI and the prevalence of BMI groups in 6,433 individuals
participating in the FinnDiane baseline examination in the 1990s, 2000s, and 2010s.
The average BMI increased from the 1990s to the 2010s from 25.0 kg/m2 to 26.4 kg/m2
(p-value < 0.001). While the prevalence of overweight remained stable across decades
(from 37.7 to 37.5%, p = 0.89), the prevalence of normal body weight decreased from
52.7% to 41.9% (p-value < 0.001, Figure 10). The prevalence of obesity increased
from 8.5% to 18.9% (p-value < 0.001), which corresponds to the values observed for
obesity in the general population in Finland.

Figure 10. The proportion (%) of different BMI categories in the FinnDiane participants
(n = 6,433) according to the study's decades of enrollment. Modified from Dahlström et
al., Dahlström et al., The Journal of Clinical Endocrinology & Metabolism, Volume 104, Issue 11,
November 2019, Pages 5195–5204 © 2019 Endocrine Society
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When we divided the FinnDiane participants into different stages of diabetic
nephropathy, we noted that the prevalence of obesity has increased in participants of
all diabetic nephropathy stages (p-value < 0.01, Figure 11). The proportion of
FinnDiane participants with a BMI defined as normal weight also decreased among
those with a normal AER or microalbuminuria at the baseline examination (p-value <
0.05). The proportion of individuals with a BMI classified as overweight was stable
across decades.

Figure 11. The prevalence of underweight, normal weight, overweight and obesity
among individuals participating in the FinnDiane baseline examination in the 1990s,
2000s or 2010s. The proportion of underweight, normal weight, overweight and obese
participants is shown for all FinnDiane participants (solid line), participants with a normal AER
(long-dashed line), and participants with microalbuminuria (dashed line), macroalbuminuria (dotdashed line) and ESKD (dotted line). P-values from trend test.

5.2.2

The relationship between BMI and mortality in type 1 diabetes

The median follow-up time was 13.7 years (interquartile range of 6.4 to 16.2 years)
for 5,836 participants who fulfilled the study criteria (see chapter 4.3.1). In total, 876
participants (15.0%) died, primarily due to cardiovascular disease and diabetic
complications (Table 10). Half of the deaths (48.6%) occurred in individuals who were
either overweight or obese at the baseline examination.
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Table 10. Deaths and the underlying causes of death on December 31, 2015, for 876
FinnDiane participants are stratified by four BMI categories. Data are shown as numbers
(percentage) unless otherwise stated. *P-value based on the Fisher’s exact test.

BMI range, kg/m2
Number of deaths
Cancer
Cardiovascular
Diabetic complications
Hyper or hypoglycemia
Infections
Suicide or Trauma
Other

Underweight
<18.5
25 (32.5)
0 (0.0)
4 (16.0)
17 (68.0)
2 (8.0)
0 (0.0)
1 (4.0)
1 (4.0)

Normal weight
18.5-24.9
425 (14.5)
35 (8.2)
168 (39.5)
143 (33.6)
26 (6.1)
6 (1.4)
25 (5.9)
22 (5.2)

Overweight
25.0-29.9
313 (14.3)
28 (8.9)
143 (45.7)
84 (26.8)
13 (4.2)
6 (1.9)
17 (5.4)
22 (7.0)

Obesity
30.0
113 (17.8)
3 (2.7)
53 (46.9)
41 (36.3)
5 (4.4)
2 (1.8)
2 (1.8)
7 (6.2)

p-value
<0.001
0.06
0.01
<0.001
0.51
0.87
0.32
0.76

BMI = Body mass index. Reused with permission from The Journal of Clinical Endocrinology & Metabolism,
Dahlström et al., Volume 104, Issue 11, November 2019, Pages 5195–5204 © 2019 Endocrine Society

We first evaluated the association between the predefined WHO categories of BMI
and mortality. In these analyses, underweight increased the risk of mortality 4-fold
(hazard ratio = 4.26, p-value < 0.0001) and obesity increased mortality risk by 25%
(hazard ratio = 1.25, p-value = 0.037), while overweight appeared to decrease
mortality risk (hazard ratio = 0.86, p-value = 0.047). When we analysed BMI as a
nonlinear term, using restricted cubic splines, the relationship between BMI and allcause mortality was reverse J-shaped (p-value for nonlinearity < 0.0001, Figure 12,
panels A). The relationship appeared U-shaped between BMI and cardiovascular
mortality (p-value for nonlinearity < 0.0001, Figure 12, panels B). The lowest
mortality risk was observed for participants with a BMI value of 24.3 kg/m2
(cardiovascular) or 24.8 kg/m2 (all-cause). We further assessed the relationship
between BMI and mortality stratified by the presence of diabetic nephropathy (defined
using AER) and by chronic kidney disease (defined using eGFR) at baseline. The
relationship between BMI and mortality deviated from linearity in the presence and
absence of chronic kidney disease and diabetic nephropathy (p-value < 0.001, Figure
12, panels C and D). A BMI of 24.0 kg/m2 was associated with the lowest risk of
mortality in individuals without chronic kidney disease or diabetic nephropathy.
Among those with diabetic nephropathy or chronic kidney disease, the lowest
mortality risk was observed for a BMI value of 25.9 kg/m2 (chronic kidney disease)
or 26.1 kg/m2 (diabetic nephropathy) (Figure 12, panels C and D).
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Figure 12. The association of BMI with risk of all-cause mortality (A) and cardiovascular
mortality (B) and stratified by chronic kidney disease (C) and diabetic nephropathy (D).
BMI was included as a restricted cubic spline using 4 knots and adjusted for age, sex, and diabetes
duration. The reference BMI (HR fixed as 1.0) was 23kg/m2. Cardiovascular mortality was defined
as either cardiovascular cause as the underlying or immediate cause of death. BMI = Body mass
index, HR = Hazard Ratio. Arrows indicate the BMI associated with the lowest mortality. Reprinted
with permission from The Journal of Clinical Endocrinology & Metabolism, Dahlström et al.,
Volume 104, Issue 11, November 2019, Pages 5195–5204 © 2019 Endocrine Society

5.2.3

Modifiers of the relationship between BMI and mortality

Kidney disease. Chronic kidney disease did not modify the relationship between BMI
and mortality (p-value for interaction = 0.20, Figure 13) but diabetic nephropathy did
(p-value for interaction = 0.02, Figure 13). Although the total risk of mortality was
higher in diabetic nephropathy (Figure 13), the risk related to high BMI was more
pronounced in individuals without diabetic nephropathy. Hence, the BMI-mortality
relationship among individuals without diabetic nephropathy was more U-shaped
(compared with reverse J-shaped in the presence of diabetic nephropathy).
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Figure 13. The associations between the BMI spline and mortality including interactions
with diabetic nephropathy (A) and chronic kidney disease (B). The reference values were
set to a BMI of 23kg/m2 (in A and B) together with no chronic kidney disease (in A) or no diabetic
nephropathy (in B). BMI = Body mass index, HR=Hazard Ratio. Modified from Figshare 2019 (CC
BY 4.0): https://doi.org/10.6084/m9.figshare.7964627.v2, Data from: Body mass index and
mortality in individuals with type 1 diabetes.

Non-modifiable factors (age, diabetes onset age, sex) and study decade. We also
assessed the interaction with three risk factors that are non-modifiable by nature: age
(above and below the median of 38.2 years), diabetes onset age (above and below the
median onset age of 13.8 years) and sex (women/men). Furthermore, we assessed the
modifying effect of study participation decade (before and after 2000) on the BMImortality relationship. The association between BMI and mortality deviated from
linearity in all groups (p-value < 0.001). The interaction analyses (Figure 14) revealed
that the relationship between BMI and mortality was modified by sex (p-value for
interaction = 0.02) and by diabetes onset age (p-value for interaction = 0.04), and by
study decade (p-value for interaction = 0.04), but not by age (p-value for interaction =
0.42). BMI-related mortality risk was more pronounced in men than women (Figure
14, panel A) concerning both the lower and higher BMI values. For diabetes onset age
(Figure 14, panel B), the risk of mortality with high BMI values seemed to be driven
by individuals with diabetes onset age above the median. For individuals with a
diabetes onset age below the median, only BMI values at the lower end of the
distribution increased the risk of death. The study decade significantly modified the
BMI – mortality relationship (p-value for interaction = 0.04, Figure 14; panel D). The
relationship between BMI and mortality was U-shaped in participants with baseline
examination before the year 2000 and a reverse J-shaped relationship among those
who participated after 2000.
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Figure 14. The associations between the body mass index (BMI) spline and mortality,
including interactions with sex (A), diabetes onset age (B), the study participation
decade (C) or age (D) for mortality. The reference values were set to a BMI of 23kg/m2
together with female sex (in A), or diabetes onset before 13.8 years (in B) or study participation
decade before 2000 (the 1990s in C) or age under 38.2 years (in D). HR=Hazard Ratio. Modified
from The Journal of Clinical Endocrinology & Metabolism, Dahlström et al., Volume 104, Issue 11,
November 2019, Pages 5195–5204 © 2019 Endocrine Society and Figshare 2019 (CC BY 4.0), Data
from: Body mass index and mortality in individuals with type 1 diabetes.
https://doi.org/10.6084/m9.figshare.7964627.v2.

Modifiable factors (glycaemic control, smoking). We also evaluated the interaction
between the BMI-mortality relationship and two modifiable risk factors: HbA1c (above
and below the median of 8.3%) and smoking (never/ever). The BMI-mortality
relationship was nonlinear in all groups; U-shaped (individuals with HbA1c above
8.3%, and in both smoking strata; p-value for nonlinearity < 0.001) or reverse J-shaped
(HbA1c below 8.3%; p-value for nonlinearity < 0.001). In the interaction analyses,
neither HbA1c nor smoking modified the relationship between BMI and mortality (pvalue > 0.05).
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5.3 Genetic evidence for a causal role of BMI in diabetic nephropathy
We first evaluated the relationship between BMI and diabetic nephropathy
prospectively in the FinnDiane cohort. Next, we assessed the association between BMI
and diabetic nephropathy cross-sectionally in all three cohorts (FinnDiane, UK-ROI,
US-GoKinD) and causally using Mendelian randomisation.
5.3.1

The relationship between BMI and diabetic nephropathy in type 1 diabetes

In the prospective analyses, 429 participants (17.6%) had progressed to a higher stage
of diabetic nephropathy at the time of the follow-up. There was no significant linear
association between BMI and the risk of microalbuminuria, macroalbuminuria or
ESKD (Table 11).
Table 11. Hazard ratios for progression of diabetic nephropathy stage. P-value derived
from a model assuming linearity (Plinear).

Progression of diabetic nephropathy stage
To macroalbuminuria
To ESKD
Any progression

Total N
1666
2182
2375

Event N
88
245
414

HR (95%CI)
1.02 (0.96–1.08)
1.01 (0.97–1.05)
1.01 (0.99–1.04)

Plinear*
0.52
0.58
0.33

ESKD = End-stage kidney disease, N = number, HR = Hazard ratio, CI = confidence interval.

When we allowed for nonlinearity using restricted cubic splines, we found a nonlinear
association between BMI and progression to macroalbuminuria (p-value for
nonlinearity = 0.0098, Figure 15, panel A), progression to ESKD (p-value for
nonlinearity < 0.0001, Figure 15, panel B) and the risk of progressing to any stage of
diabetic nephropathy (p-value < 0.0001, Figure 15, panel C). In these analyses, BMI
significantly predicted macroalbuminuria (p-value = 0.019), ESKD (p-value < 0.0001)
and the risk of progression to any diabetic nephropathy stage (p-value < 0.0001).

Figure 15. Body Mass Index (BMI) and the risk of progression to macroalbuminuria (A),
end-stage kidney disease (B) and to any diabetic nephropathy stage (C), allowing for
nonlinear effects, with 95%CI.. Results were obtained by multivariable Cox regression with
restricted cubic splines and three knots for the BMI spline. Models adjusted for age, sex, and
diabetes duration. The histogram represents the distribution of BMI. ESRD= End-stage renal
disease, HR = Hazard Ratio. Modified from Todd and Dahlström et al., Diabetes 2015; Volume 64,
Issue 12, Pages 4238–4246 © 2015, American Diabetes Association. Panel names in the original
publication has been modified: the original panel A (progression to DKD) is excluded.
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5.3.2

Cross-sectional analyses

Using the cross-sectional data available in all three cohorts, we examined the
association between BMI and diabetic nephropathy as well as macroalbuminuria and
ESKD separately. There was no association between BMI and diabetic nephropathy,
but BMI was associated with the presence of macroalbuminuria and ESKD separately.
While BMI was associated with increased odds of macroalbuminuria (Odds ratio =
1.05, 95% confidence interval = 1.03 – 1.07, p-value < 0.001), it was in contrast
associated with decreased odds of ESKD (odds ratio = 0.95, 95% confidence interval
= 0.93 – 0.97, p-value < 0.001, Figure 16).
5.3.3

Causal evidence for the BMI in diabetic nephropathy

The genetic risk score for BMI, containing 32 SNVs from a genome-wide association
study on BMI, increased BMI by 0.42 kg/m2 per one standard deviation of the
weighted genetic risk score (95% confidence interval ranged from 0.32 to 0.52, pvalue < 0.001). In the Mendelian randomisation, where the genetic risk score was used
to genetically instrument BMI, BMI increased the risk of diabetic nephropathy and the
risk of macroalbuminuria and ESKD alone (Figure 16). The meta-analysis revealed
that the combined risk of diabetic nephropathy increased by 33% (p-value < 0.001),
macroalbuminuria by 28% (p-value = 0.001), and ESKD by 43% (p-value < 0.001,
Figure 16) per each increase in BMI. The findings from the Mendelian randomisation
analyses were significantly different from the cross-sectional analyses (p-value for
difference < 0.05, Figure 16).
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Figure 16. Results from cross-sectional analyses (left) and Mendelian randomisation analysis (right). Odds ratios (OR) are per 1 kg/m2 higher BMI. A:
Diabetic nephropathy (macroalbuminuria or ESKD). B: Macroalbuminuria. C: ESKD. Pdiff: p-value for statistical comparison between observational and instrumental
variable analysis. CI = confidence interval, ESRD = end-stage renal disease. Modified from Todd and Dahlström et al., Diabetes 2015; Volume 64, Issue 12, Pages
4238–4246 © 2015, American Diabetes Association.

5.4 Genetic evidence for the role of adipocyte FABP in diabetic
complications
The FABP4 rs77878271 was genotyped in the FinnDiane discovery cohort and
retrieved from imputed genome-wide genotyping data in the replication cohorts. The
MAF of FABP4 rs77878271 was 6.0% in the FinnDiane discovery cohort and 2.4%
(in SDCC) and 6.1% (in FinnGen) in the replication cohorts (Table 12). The SNV was
in HWE in all cohorts (p-value > 0.05).
Table 12. Median age at the end of follow-up and incidence rates for cardiovascular
disease as well as the minor allele frequency (MAF) and the p-value for deviation from
the HWE (PHWE) for rs77878271 in the study cohorts. Median age at the follow-up was
calculated as years from birth until the cardiovascular disease event date or, if no cardiovascular
disease event occurred, from birth until the date of death or until the data retrieval date.

Study cohort
FinnDiane
FinnGen
SDCC

Median age at follow-up
49.4 years (IQR 40.8-57.7)
39.9 years (IQR 32.1-52.1)
55.9 years (IQR 49.1-63.7)

Data retrieval date
December 31, 2014
December 31, 2019
December 31, 2015

Incidence rate
20.6%
6.7 %
26.7%

MAF
6.0%
6.1%
2.4%

PHWE
0.30
0.27
0.40

MAF = Minor allele frequency, HWE =Hardy-Weinberg equilibrium, IQR = interquartile range

5.4.1

FABP4 rs77878271 and clinical associations at baseline

We first evaluated the effect of FABP4 rs77878271 on baseline characteristics and
clinical endpoints in the FinnDiane cohort (Table 13). Only the use of angiotensin II
receptor blockers (p-value = 0.0001) and lipid-lowering medication (p-value = 0.004)
at baseline differed between individuals of different FABP4 rs77878271 genotypes. A
higher proportion of those with the low-expression GG genotype were on lipidlowering therapy (40.9% [GG] vs 13.1% [AG] and 15.1% [AA]) and on angiotensin
II receptor blockers (14.3% [GG] vs 3.3% [AG] and 7.7% [GG]). In contrast to
previous studies, we observed no differences in lipid variables at baseline and the Gallele was not associated with any lipid concentrations after accounting for age, sex,
diabetes duration, BMI, and lipid-lowering medication. When we examined the crosssectional baseline associations separately in the FinnDiane participants with diabetic
nephropathy as well as in those without any sign of diabetic nephropathy (normal
AER), the low-expression G-allele reduced the triglyceride concentration by 0.17
mmol/mL (p-value = 0.016), but only in participants with diabetic nephropathy. In
participants with no sign of diabetic nephropathy, the G-allele increased HbA1c by
0.19 units (p-value = 0.018).
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Table 13. Clinical characteristics of FinnDiane participants at the baseline examination
stratified by FABP4 rs77878271 genotype. Mean and the standard deviation or median and
interquartile range are reported for continuous variables, and p-values are calculated using
ANOVA. For categorical variables, numbers (n) and percentages (%) are reported, and p-values
calculated with chi-squared or Fishers' exact test (if the cell count is below five).

FABP4 rs77878271
Number (%)
Men, n (%)
Age, years
Diabetes duration, years
Diabetes onset age, years
Hypertension, n (%)
Systolic blood pressure, mmHg
Diastolic blood pressure, mmHg
Ever smoked, n (%)
HbA1c, %
HbA1c, mmol/mol
eGFR, ml/min/1.73m2
BMI, kg/m2
Normal weight, n (%)
Overweight, n (%)
Obesity, n (%)
Waist-to-hip ratio
Central obesity, n (%)
Antihypertensive medication, n (%)
RAAS-blockers, n (%)
Aces, n (%)
ARBs, n (%)
Lipid-lowering medication, n (%)
Total cholesterol, mmol/l
HDL cholesterol, mmol/l
LDL cholesterol, mmol/l
Triglycerides, mmol/l
Apolipoprotein A-I, g/l
Apolipoprotein B, g/l
Normal AER, n (%)
Microalbuminuria, n (%)
Macroalbuminuria, n (%)
ESKD, n (%)

AA
4,490 (88.4)
2,336 (52.0)
39.2 (12.3)
23.1 (12.6)
14.0 (9.0-22.4)
2,339 (56.5)
134 (19)
80 (10)
1,925 (47.9)
8.5 (1.5)
69 (16)
89 (70-106)
25.1 (3.7)
2,235 (52.6)
1,561 (36.7)
397 (9.3)
0.87 (0.08)
1,619 (42.0)
41.7 (1755)
1,441 (33.2)
1,173 (27.1)
333 (7.7)
657 (15.2)
4.9 (1.0)
1.4 (0.4)
3.0 (0.9)
1.0 (0.8, 1.5)
138.5 (22.8)
87.2 (22.8)
2,676 (63.0)
532 (12.5)
675 (15.9)
365 (8.6)

AG
564 (11.1)
310 (55.0)
39.0 (12.1)
23.1 (12.3)
14.1 (9.5-21.6)
305 (59.2)
135 (19)
79 (10)
220 (43.5)
8.5 (1.5)
70 (16)
89 (66-107)
25.2 (3.8)
272 (51.5)
197 (37.3)
52 (9.8)
0.88 (0.08)
227 (47.7)
42.2 (224)
170 (31.3)
153 (28.2)
18 (3.3)
71 (13.1)
4.9 (1.0)
1.4 (0.4)
3.0 (0.9)
1.0 (0.8, 1.4)
137.6 (22.4)
87.4 (23.4)
319 (61.1)
72 (13.8)
81(15.5)
50 (9.6)

GG
23 (0.5)
15 (65.2)
42.2 (11.4)
23.8 (12.0)
17.9 (9.9-23.1)
14 (63.6)
133 (21)
79 (10)
11 (52.4)
8.7 (1.0)
71 (11)
87 (79-112)
25.1 (3.6)
10 (45.5)
10 (45.5)
2 (9.1)
0.88 (0.10)
10 (50.0)
54.5 (12)
7 (33.3)
4 (19.0)
3 (14.3)
9 (40.9)
4.7 (1.0)
1.3 (0.3)
2.8 (0.9)
1.1 (0.9, 1.4)
135.4 (16.5)
85.3 (25.3)
12 (52.2)
4 (17.4)
2 (8.7)
5 (21.7)

p-value
0.19
0.49
0.96
0.57*
0.42
0.82
0.94
0.14
0.51
0.51
0.96*
0.68
0.71
0.65
0.90
0.17
0.05
0.47
0.67
0.63
0.0001
0.004
0.52
0.58
0.48
0.80*
0.58
0.92
0.40
0.46
0.75
0.07

AER = Albumin excretion rate, ACEI = Angiotensin-converting enzyme inhibitors, ARBs = Angiotensin receptor
blockers, eGFR = estimated glomerular filtration rate, ESKD = end-stage kidney disease, HDL = high density
lipoprotein, LDL = low-density lipoprotein, RAAS-blockers= Renin-Angiotensin-Aldosterone System blockers
(defined as use of ACEis or ARBs). Adapted from Dahlström et al., Diabetes 2021; Volume 70, Issue 10, Pages
2391–2401 © 2021, American Diabetes Association.
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5.4.2

FABP4 rs77878271 and prospective analyses (FinnDiane)

When using age as the timescale, we observed a difference in the cumulative incidence
of cardiovascular disease (p-value = 0.0071) and coronary artery disease alone (pvalue = 0.023) between individuals with the AA, AG, and GG genotypes. The
probability of a cardiovascular disease event by 60 years of age for individuals with
the GG genotype was 41.1%, compared to 26.9% for AG and 24.9% for AA. The
probability of a coronary artery disease event by 60 years of age was 54.0% for
individuals with the GG genotype vs 36.0% and 31.1 % for those with genotypes AG
and AA, respectively. There were no differences for stroke, ESKD, or mortality.
However, in the cox regression (Table 14), the FABP4 rs78878271 G-allele increased
the risk of stroke by 30% (p-value = 0.038), coronary artery disease by 27% (p-value
= 0.014), cardiovascular disease by 29% (p-value = 0.003), and mortality by 22% (pvalue = 0.039).
Table 14. FABP4 rs77878271 and risk of stroke, coronary artery disease, cardiovascular
disease, end-stage kidney disease (ESKD) and mortality, using age as the time scale..
Unadjusted hazard ratios and adjusted hazard ratios (for diabetes onset age and sex) from Cox
proportional hazard models. Number of events is 444 (Stroke), 785 (coronary artery disease),
1047 (cardiovascular disease), 782 (ESKD), and 793 (Mortality)

Outcome
Stroke

Model
unadjusted
adjusted
Coronary artery disease unadjusted
adjusted
Cardiovascular disease unadjusted
adjusted
ESKD
unadjusted
adjusted
Mortality
unadjusted
adjusted

Hazard ratio (95%CI)
1.31 (1.02-1.67)
1.30 (1.01-1.66)
1.27 (1.05-1.53)
1.27 (1.05-1.54)
1.29 (1.10-1.52)
1.29 (1.09-1.52)
1.16 (0.95-1.41)
1.14 (0.94-1.39)
1.23 (1.02-1.49)
1.22 (1.01-1.48)

p-value
0.032
0.038
0.012
0.014
0.002
0.003
0.140
0.183
0.032
0.039

CI = confidence interval, ESKD = end-stage kidney disease. Adapted from Dahlström et al., Diabetes 2021; Volume
70, Issue 10, Pages 2391–2401 © 2021, American Diabetes Association.

To be able to adjust for the confounders measured at baseline, we calculated the hazard
ratios using follow-up time from the baseline visit as a timescale in a Cox proportional
hazard model. One unadjusted and three adjusted models were used. Adjusted models
included: 1) age, sex, and diabetes duration at baseline (model 1), 2) Model 1 + use of
lipid-lowering medication and angiotensin II receptor blockers at baseline, and 3)
Model 1 and diabetic nephropathy stage at baseline. In these analyses, the FABP4
rs77878271 G-allele additively increased the risk of cardiovascular disease by 30 to
36% in all models (p-value < 0.02, Figure 17), risk of stroke by 37 to 48% in all
models (p-value < 0.05, Figure 17), and risk of mortality by 20 to 28% (p-value <
0.05) in model 2 and 3 (Figure 17).
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Figure 17. The unadjusted and adjusted hazard ratios (HR) for stroke, coronary artery
disease, cardiovascular disease, ESKD and mortality per each G-allele of FABP4
rs7787827. Diabetic nephropathy stage = normal AER, micro-, or macroalbuminuria or ESKD.
The x-axis is log scaled. ESKD = End-stage kidney disease. Reprinted with permission from
Dahlström et al., Diabetes 2021; Volume 70, Issue 10, Pages 2391–2401 © 2021, American Diabetes
Association.

5.4.3

Replication analyses

We tested whether our findings regarding stroke, coronary artery disease,
cardiovascular disease, and mortality (Table 14) were replicated in 852 adult Danish
individuals with type 1 diabetes from the SDCC cohort. Further replication was
attempted in 3,678 Finnish individuals from the FinnGen study. The FABP4
rs77878271 did not associate with any of the individual endpoints neither in the SDCC
cohort nor in the FinnGen cohort (Figure 18). The direction of effect was, however,
consistent across cohorts (hazard ratio > 1.00), except for stroke in FinnGen (hazard
ratio = 0.97, p-value = 0.92). In the meta-analysis of the three cohorts, the lowexpression rs77878271 G-allele increased the risk of cardiovascular disease by 17%
(p-value = 0.003), as well as stroke alone by 26% (hazard ratio = 1.26, p-value = 0.04)
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and coronary artery disease alone by 26% (hazard ratio = 1.26, p-value = 0.006),
without significant heterogeneity (I2 = 0-51%, p-value > 0.05).

Figure 18. Meta-analysis of results for FABP4 rs77878271 and risk of stroke, coronary
artery disease, cardiovascular disease, and mortality. The total number of participants in
each cohort was 5071 participants in FinnDiane, 3678 participants in FinnGen, and 852
participants in SDCC. OR = Odds Ratio, CI = confidence interval, N = number. Adapted from
Dahlström et al., Diabetes 2021; Volume 70, Issue 10, Pages 2391–2401 © 2021, American Diabetes
Association.

5.4.4

Causal evidence for FABP4 in cardiovascular disease in type 1 diabetes

In line with the observational findings, the results from the Mendelian randomisation
suggested that FABP4 is causally increased the risk of coronary artery disease 2.4fold per each standard deviation increase in FABP4 (causal Odds ratio = 2.40, 95%
confidence interval = 1.18 – 5.08, p-value = 0.016).
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5.4.5

Sensitivity Analyses

We performed a series of sensitivity analyses to test the robustness of our results, as
the results for FABP4 in this study contrasted with results from the general population.
Since the cardiovascular events started to increase only after 40 years of age in
FinnDiane, we evaluated the age-dependent effects by dividing the follow-up time
(age) into two different time groups: individuals followed to ages above 40 years and
below 40 years. The rs77878271 low-expression G-allele was associated with a 25 to
40% increased risk of all endpoints (p-value < 0.05) except ESKD (p-value = 0.25),
but only in individuals followed to ages above 40 years.
Since the clearance of circulating FABP4 is reduced in kidney disease (158), we next
examined whether diabetic nephropathy modified the association between FABP4
rs77878271 and cardiovascular outcomes in this study. Indeed, advanced diabetic
nephropathy (macroalbuminuria or ESKD) modified the association between FABP4
rs77878271 and coronary artery disease (p-value for interaction = 0.02). The lowexpression G-allele was associated with an increased risk of coronary disease only in
participants with advanced diabetic nephropathy stage (hazard ratio = 1.73, 95%
confidence interval ranged from 1.15 to 2.62, p-value = 0.009). No other interactions
with diabetic nephropathy were identified.
Obesity has previously been reported to interact with FABP4 rs77878271 (190).
Therefore, we further tested whether BMI, obesity (defined as any BMI value above
30.0 kg/m2) or overweight (defined as any BMI value above 25.0 kg/m2) modified the
association between FABP4 rs77878271 and the outcomes. We found no significant
interaction with either of the above. However, the low-expression G-allele was
associated with an increased risk of coronary artery disease and cardiovascular disease
only in individuals without obesity (BMI below 30 kg/m2). In contrast, the results were
inconclusive among those with obesity. We further tested the modifying effect of three
other factors that differ or are specific to individuals with type 1 diabetes: the diabetes
onset age, diabetes duration and HbA1c. HbA1c modified the association between
FABP4 rs77878271 and coronary artery disease and ESKD (Figure 19). The
association between FABP4 rs77878271 and ESKD was also modified by diabetes
duration. We identified no other interactions.
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Figure 19. The association of rs77878271 with coronary artery disease (A, CAD) and ESKD
(B, C) from a Cox proportional hazards model, including the interaction with HbA1c (A,
B) and diabetes duration (C). Analyses additionally adjusted for age, sex, diabetes duration
(except for in B, where diabetes duration was modelled as an interaction term), lipid-lowering
medication and angiotensin receptor blockers. CAD=coronary artery disease, ESKD=End-stage
kidney disease. Adapted from Dahlström et al., Diabetes 2021; Volume 70, Issue 10, Pages 2391–
2401 © 2021, American Diabetes Association.
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6

DISCUSSION

6.1 Type 2 diabetes genetics and diabetic complications in type 1 diabetes
Of nine SNVs identified in a genome-wide association study on type 2 diabetes (207),
one SNV (rs10811661), located upstream of genes CDKN2A, CDKN2B, and ANRIL,
was associated with diabetic nephropathy in individuals with type 1 diabetes (Study
I). The T-allele of rs10811661, which also increases the risk of type 2 diabetes in the
general population, increased the odds of diabetic nephropathy by 33% (p-value = 4.0
×10-3) in the FinnDiane cohort. Even though we could not confirm the association
between rs10811661 and diabetic nephropathy in the individual replication cohorts, it
was associated with 15% increased odds of diabetic nephropathy in the meta-analysis
(p-value = 0.01). The same variant was also associated with diabetic retinopathy and
eGFR in FinnDiane, but not with cardiovascular disease. The lack of replication and
the observed heterogeneity in the meta-analysis may have several explanations.
Although the cases and controls of diabetic nephropathy were carefully defined and
definitions were harmonised across the cohorts, the distribution of the different stages
of diabetic nephropathy was inevitably different between the cohorts. In the FinnDiane
cohort, the number of cases with microalbuminuria, macroalbuminuria, and ESKD
(Figure 9) was relatively equal. In contrast, the replication cohorts mainly included
more advanced stages of diabetic nephropathy, namely macroalbuminuria. Indeed,
when we looked separately at the different diabetic nephropathy stages, the
rs10811661 was significantly associated with ESKD in two out of three replication
cohorts (Figure 9) and with a combined odds ratio of 1.35 (p-value = 3.8×10 -5). This
strong and directionally consistent finding across cohorts for ESKD further reinforced
our initial finding for diabetic nephropathy.
The SNV rs10811661 is located on the short arm of chromosome 9 (9p21.3), denoted
as a hotspot region for genome-wide association findings (268). Besides type 2
diabetes, the 9p21 region has been associated with a range of diseases in genome-wide
association studies, such as various forms of cancer (269–272), glaucoma (273),
abdominal aortic aneurysms (274) and endometriosis (275). In addition, the 9p21
region is a significant susceptibility region for cardiovascular disease in the general
population (276–279) and coronary artery disease in type 1 diabetes (264).
Intriguingly, these associations seem to be largely separate, and rs10811661 does not
influence the risk of coronary artery disease or cancer and vice versa (277, 280).
Indeed, the rs10811661 is genome-wide significantly associated only with type 2
diabetes and characteristics closely connected to type 2 diabetes, such as fasting
glucose (281), HbA1c (282) and a higher BMI (283). Furthermore, the SNV associated
with coronary artery disease in type 1 diabetes (rs1970112) is not inherited together
with rs10811661 (LD r2=0.0007). This could explain why we in Study I did not detect
an association between rs10811661 and cardiovascular disease. However, the lack of
association with coronary artery disease may also be due to low power. We had data
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on coronary artery disease for less than half of the FinnDiane participants at the time
of Study I and not yet access to registry data regarding cardiovascular disease.
The region where rs10811661 is located includes two genes encoding for three wellknown cell cycle inhibitors, p14 and p15 (encoded by CDKN2A) and p16 (encoded by
CDKN2B), and a long non-coding RNA (ANRIL; antisense non-coding RNA in the
INK4 locus). The cell cycle inhibitors encoded by the CDKN2A/B genes inhibit cell
proliferation, and they are upregulated during ageing in various organs (284),
including the kidney (285). The type 2 diabetes risk allele for rs10811661 has been
associated with ANRIL expression in both peripheral blood (286) and human
pancreatic islets (268) but not with the expression of the CDKN2A/B genes. The T
allele, however, has been associated with both lower (286) and higher expression (268)
of ANRIL in an age-dependent manner (268). Although ANRIL is the most probable
mediator of the associations of this locus with type 2 diabetes at the 9p21 locus (286),
the other genes in this cluster are likely also involved. For example, ANRIL is known
to silence the CDKN2A/B genes epigenetically (287, 288), and the expression of these
three genes is strongly correlated (286). However, more evidence regarding the effect
of rs10811661 on ANRIL is needed to link this locus biologically to diabetic
nephropathy.
Although parental type 2 diabetes reportedly increases the risk of diabetic nephropathy
in the offspring with type 1 diabetes (289, 290), none of the other eight type 2 diabetesrelated variants was associated with diabetic nephropathy in Study I. Parental type 2
diabetes, as a variable, does not distinguish genes from the environment (18).
Therefore, it is possible that in this specific situation, the shared environment is more
important than the shared genes between the parents and offspring.
After Study I was completed, genome-wide association studies have identified over
400 new genetic risk variants for type 2 diabetes (186, 211, 212, 291), and several new
methods have emerged and evolved. In our subsequent studies, using methods that
assess the amount of shared genetic predictors genome-widely (LD score regression
(292) and two-sample Mendelian randomisation, we found that type 2 diabetes and
diabetic nephropathy are genetically correlated, indicating a shared aetiology (293),
and that this correlation seems to be causal (294).

6.2 BMI and the prevalence of obesity in type 1 diabetes
In Study II, we observed an increase in the proportion of FinnDiane participants with
obesity (BMI > 30 kg/m2) per study enrolment decade (from the 1990s to 2000s and
2010s). The prevalence of obesity was 18.9% in participants with a baseline
examination in the 2010s, compared with only 8.5 % in the 1990s. During this same
period, the prevalence of normal weight (BMI = 18.5 - 24.9 kg/m2) decreased. The
increase in obesity in type 1 diabetes has been reported previously in a study
investigating temporal trends in BMI in type 1 diabetes from the 1980s to the 2000s
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(17). Also, the average BMI at the baseline examination increased from 25.0 kg/m2 in
the 1990s to 26.4 kg/m2 in the 2010s.
A key regulator of body weight gain in type 1 diabetes is undeniably the use of
exogenous insulin (295). Body weight gain is a known sequel of intensive insulin
treatment (115). However, the FinnDiane study was launched in 1997 when intensive
insulin treatment was already in routine use. Therefore, the shift from conventional to
intensive therapy is not likely to explain this cohort's observed increase in obesity. The
average HbA1c decreased during the same time from 8.5 to 8.3% (p-value < 0.0001),
but it seems unlikely such a minor decrease in HbA1c could explain the 119% increase
in obesity (the 1990s vs 2010s). The proportion of participants with more severe
diabetic nephropathy stages decreased from the first participation decade to the last.
Since wasting – the loss of body weight and particularly of muscle mass – is frequent
among individuals with kidney disease, we also examined the proportion of obesity
separately in participants with different stages of diabetic nephropathy. Still, we found
that the proportion of obese participants increased significantly in participants with
any stage of diabetic nephropathy, and particularly among those with more advanced
stages. Thus, any increase in obesity is unlikely to reflect a decrease in enrolled
participants with severe diabetic nephropathy.

6.3 BMI and the risk of mortality in type 1 diabetes
BMI significantly affected the risk of mortality in type 1 diabetes, and this association
was nonlinear, with both high and low BMI values increasing the risk of mortality.
The nonlinear association persisted after adjusting for several potential confounders,
such as diabetic nephropathy, HbA1c, blood pressure, antihypertensive medication,
and the decade of study participation. The lowest mortality risk was observed for a
BMI value in the normal weight range (BMI = 18.5-24.9 kg/m2). This finding contrasts
with the results for BMI categories in previous studies (25, 296) and this study, where
overweight (BMI = 25.0-29.9 kg/m2) was associated with the lowest mortality risk.
The observation that being overweight reduces the risk of mortality is not specific to
individuals with type 1 diabetes. In 2013, a large meta-analysis of all published
prospective analyses that assessed mortality using the WHO-defined BMI categories
(n = 97) showed that individuals with a BMI in the overweight range had a 6% lower
mortality risk (150).
However, BMI is not a direct measure of body composition or body fat percentage
and, therefore, cannot separate the fat mass from the lean mass. Indeed, it was recently
shown that waist-to-height ratio and waist circumference outperform BMI as a fat
percentage measure in type 1 diabetes (297). An increase in BMI could thus reflect
both an increase in muscle and fat mass. Consequently, increases in lean mass could
also have contributed to the protective effect of overweight observed in this study.
Another reason for the observed protective effect of overweight on mortality could be
the categorisation of BMI. Categorising a continuous variable into groups creates the
assumption that the risk within the group is constant (151). For overweight, you would
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then assume that individuals with a BMI of 29.9 kg/m2 are comparable to those with
a BMI of 25.0 kg/m2. In the normal body weight group, individuals with a BMI of
24.9 kg/m2 would be considered comparable to those with a BMI of 18.5 kg/m2.
However, we observed an increased risk for normal-weight BMI values only when
using the categories but not when assessing mortality risk for BMI as a nonlinear
spline, suggesting that categorising might bias risk estimates for BMI.
Furthermore, we found that low BMI values were consistently connected to increased
mortality risk in all models and across all strata. Several studies have suggested that
the elevated mortality risk observed with low BMI values represents reverse causation
and is confounded by pre-existing disease or smoking (133). Indeed, restricting
analyses to a longer follow-up time has been shown to attenuate the association
between underweight or low BMI and mortality (133, 156, 298), consistent with
confounding of pre-existing disease in the immediate years of follow-up. In type 1
diabetes, restricting the follow-up time to > 10 years even diminished the mortality
risk observed with BMI values under 25 kg/m2 (298), suggesting that low BMI
increases the risk of mortality in the short term and high BMI in the long term. Whether
this is also true in FinnDiane, remains to be elucidated.
Researchers recently used offspring BMI as an IV for the participants' BMI in a
Mendelian randomisation study on BMI and mortality (299). Using offspring BMI as
an IV has been suggested to be effective against reverse causation, although still
sensitive to socioeconomic and behavioural confounding (300). This Mendelian
randomisation indicated that the excess mortality observed with high BMI is causal,
whereas the excess mortality observed with low BMI is likely confounded (299).

6.4 Factors influencing the BMI-associated risk of mortality
The presence of kidney disease undoubtedly impacts type 1 diabetes, specifically
mortality, as it is one of the leading causes of death in type 1 diabetes (7). Furthermore,
in Study II, we observed that the overall risk of mortality is higher in participants with
diabetic nephropathy at any BMI value. For example, an individual with a BMI of 25
has a 5-fold mortality risk when diabetic nephropathy is present (Figure 13). We also
found that diabetic nephropathy at baseline significantly modified the BMI-mortality
relationship and shifted the BMI value associated with the lowest mortality upwards
to the overweight category. The presence of diabetic nephropathy attenuated the
mortality risk observed for high BMI values and increased mortality risk observed for
BMI values in the underweight range. This observation suggests that while normal
weight can be recommended for individuals with a normal AER, the same might not
be accurate for those with diabetic nephropathy.
Furthermore, in Study II, we noted that the BMI-mortality relationship was modified
by sex and the age at diabetes onset. Regarding sex, the BMI-associated mortality risk
was more pronounced among men, especially with higher BMI values. A concurrent
study including 26,125 individuals with type 1 diabetes from the National Swedish
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Diabetes Registry also found a stronger association between BMI and mortality for
men than in women (298). This same finding was also present in a population-based
study including 3.8 million individuals from the UK (301). Men tend to accumulate
more fat abdominally (visceral fat), whereas women have more subcutaneous adipose
tissue (302). As visceral fat is a source of inflammatory markers contributing to insulin
resistance and other metabolic derangements, men with higher visceral fat are at a
higher risk of obesity-related disease (303). Interestingly, Mendelian randomisation
has found that abdominal obesity (measured using waist-to-hip ratio) has a more
substantial effect on chronic kidney failure in men than in women (304).
We did not observe any interaction with age. This finding is in contrast with previous
studies that were performed on individuals from the general population, which have
reported an attenuating effect of older age on the BMI-mortality relationship (301,
305). However, the FinnDiane study includes a limited number of older age
participants (only 34 individuals above 69 years). As such, the age distribution in this
study may differ from the previous studies. We also did not find any modifying effect
of smoking on the BMI-mortality relationship. Indeed, factors influencing body
weight gain and obesity in type 1 diabetes seem to differ from the typical risk factors
observed in the general population (17). For example, income, education, physical
activity, and smoking have a lesser impact on obesity in type 1 diabetes (17). In
contrast, major complications, particularly diabetic nephropathy, have a stronger
impact on body weight gain and obesity in type 1 diabetes.

6.5 BMI causally increases the risk of diabetic nephropathy in type 1
diabetes
In Study III, we assessed the effect of BMI on diabetic nephropathy in type 1 diabetes.
This was done in two ways: observationally using cross-sectional and prospective
information and genetically by instrumenting BMI in Mendelian randomisation to
assess potential causality. When we evaluated the association between baseline BMI
and diabetic nephropathy and its subtypes cross-sectionally, BMI was not associated
with diabetic nephropathy but increased the odds of macroalbuminuria by 5% and
decreased the odds of ESKD by 5%. Baseline BMI was related to the risk of diabetic
nephropathy at follow-up only when we accounted for nonlinearity using restricted
cubic splines or quantiles. Both high and low BMI values predicted the development
or progression of diabetic nephropathy. In contrast, the findings from our Mendelian
randomisation showed that higher BMI causally increased the risk of diabetic
nephropathy, including macroalbuminuria and ESKD. This finding suggests that the
increased risk observed with low BMI values may represent a reverse causality.
The validity of our findings in the Mendelian randomisation depends on the validity
of our instrument, the genetic risk score for BMI. Certain assumptions must be
fulfilled for a genetic risk score to be a valid IV (Figure 3). To ensure that our genetic
instrument is strongly associated with the exposure (assumption 1), we selected known
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SNVs genome-widely and independently associated with BMI in a genome-wide
association study on BMI (205). To increase the strength of our genetic instrument,
we combined the BMI-associated SNVs into a genetic risk score. The risk score was
strongly associated with BMI in all three cohorts. However, even though genetic risk
scores provide valid estimates, they are still subject to violations of the second and the
third assumption (236) through population stratification or pleiotropy. We also
included principal components of genetic ancestry in our analysis to account for
population stratification without any notable change in the results. To account for
pleiotropy, we tried excluding SNVs with significant effects on other metabolic traits
and including only SNVs located in genes linked to monogenic forms of obesity. The
estimates from these analyses were directionally consistent, suggesting that pleiotropy
is not a major problem. However, after Study III was completed, several new methods
emerged, such as two-sample Mendelian randomisation, which includes new
techniques for formally testing the presence of pleiotropy. Nevertheless, our
subsequent two-sample Mendelin randomisation, performed as a part of a larger
genome-wide association study on diabetic nephropathy, has provided further
evidence for a causal role of obesity and related phenotypes in diabetic nephropathy
(294).
Although our findings in Study III support a causal role of obesity (measured by BMI)
in the development of diabetic nephropathy, it does not explain the underlying
mechanism. Obesity has well-known links to dyslipidaemia and hypertension in
observational epidemiology (306), and these links have gained further support by
Mendelian randomisation (307). Therefore, BMI may be related to diabetic
nephropathy through some of these downstream effects. Still, preventing a high BMI
by maintaining normal body weight would also likely prevent the downstream effects
of BMI, assuming they are on the causal pathway from BMI to diabetic nephropathy.

6.6 The adipocyte FABP4 and the risk of diabetic complications in type 1
diabetes
In Study IV, we assessed the role of FABP4 — a potential drug target for obesityassociated diseases (308) — in cardiovascular disease and ESKD in type 1 diabetes.
We focused on the low-expression variant rs77878271 in the promoter of the FABP4
gene (188, 190). In contrast to the general population, where the low expression Gallele protects from cardiovascular disease (188, 190), the G-allele was in type 1
diabetes associated with an increased risk of cardiovascular disease. The two-sample
Mendelian randomisation analysis provided further evidence for this association and
suggested a 2.4-fold increase in cardiovascular disease in type 1 diabetes, with one
standard deviation increase in FABP4. We performed several sensitivity analyses in
the FinnDiane discovery cohort to further dissect this unexpected association. We
tested the modifying effect of several cardiovascular disease risk factors and analysed
rs77878271 as a time-dependent variable to account for age-dependent effects. These
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analyses provided no clear answer to our contradictory finding but instead supported
our initial unexpected finding.
Likewise, a study on mice with streptozotocin-induced diabetes and genetic Fabp4
deficiency recently reported similarly unexpected results (309). In non-diabetic mice,
genetic blockage of Fabp4 reduced the heart’s ability to take up free fatty acids
together with a compensatory beneficial increase in glucose uptake to meet the energy
demands of the heart (128). Genetic blockage of Fabp4 in mice with streptozotocininduced diabetes resulted in the same compensatory increase in the glucose uptake
(309). However, the insulin deficiency reduced the energy yield from glucose,
aggravating instead of alleviating the contractile dysfunction (309).
Increased serum FABP4 concentrations have independently been associated with a
more severe diabetic nephropathy stage and a decline in kidney function in type 2
diabetes (159, 160). As circulating FABP4 proteins are cleared mainly through the
kidneys, an impairment of the kidney function will markedly increase the serum
FABP4 concentrations (158). Therefore, it is difficult to determine whether increases
in FABP4 serum concentrations are a cause or a consequence of kidney impairment.
In Study IV, there was no association between FABP4, proxied by the low-expression
G-allele, and ESKD in type 1 diabetes. However, our interaction analyses with
diabetes duration revealed that the harmful effect of the low-expression G-allele on
ESKD is detectable only after a long duration of diabetes. This would suggest that low
FABP4 concentrations are also detrimental to diabetic nephropathy, which disagrees
with previous observational studies in individuals with type 2 diabetes.

6.7 Strength and limitations
6.7.1

Study participants

The FinnDiane study is a large, nationwide study including adult individuals with
ascertained type 1 diabetes and a clinical phenotype carefully characterised by the
attending physicians and nurses. Over 10% of all individuals with type 1 diabetes in
Finland have participated in the FinnDiane study. The distribution of the participants
enrolled on the study closely resembles the distribution of the Finnish population.
These two factors make the FinnDiane study population a reasonable representation
of the Finnish type 1 diabetes population, despite not being a population-based study
by definition. Genetically, the Finnish population confers several advantages. One
advantage is the enrichment of specific genetic variants, such as loss-of-function and
missense variants in the coding region and promoter variants in the non-coding regions
of the genome (183). Indeed, the Finnish genetic background provided an increased
power to study the promoter variant of FABP4 in Study IV, as the MAF was 6% in
the Finnish population compared with less than 3.0% in all other populations. In
addition to the FinnDiane cohort, this study also included other cohorts with their
respective strengths and limitations.
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However, all cohorts have some sources of bias in common. All discovery and
replication cohorts included in this thesis consisted of study participants who were
required to actively give their written informed consent to participate in the study.
Such individuals are not necessarily representative of the general population as they
often differ in their clinical characteristics compared with those that decline to
participate. This bias is known as a type of study selection bias (310, 311). Participants
who volunteer for research studies tend to be, on average, healthier than nonparticipants, a phenomenon that is known as healthy volunteer bias (311). For
example, such participants are more likely to be women, less likely to be obese and
less likely to smoke and drink alcohol than non-participants or the general population
(312). Therefore, we cannot exclude that the participants, part of this thesis, were also
more health-conscious and perhaps less obese than their nonparticipating peers. It is
possible, for example, that the prevalence of obesity in Study II is an underestimation.
Yet, the obesity prevalence in the last study decade of Study II was similar to that
reported in the general Finnish population. Furthermore, at the launch of the
FinnDiane study, all individuals with type 1 diabetes at all diabetes and kidney
outpatient clinics were asked to participate and the response rate was comparatively
high 78 % (313), and thus the number of individuals who declined, is relatively low.
Validation is a way to address selection bias. It is used to ascertain whether the
predicted risk in the study is likely to predict the risk in the future or in other cohorts
(261). Replication in genetic studies is a form of internal or external validation,
depending on whether the replication cohort stems from the same population (internal)
or another population (external) (314). Replication was used in studies I and IV to
increase the study validity and generalisability. Although we could not individually
replicate our findings for our primary outcomes (in Study I and IV), we could replicate
the results for subtypes of the primary outcome in Study I. The direction and effect
were mainly consistent across the cohorts in Study I and IV, which is another
determinator of credibility in genetic association studies (315). Furthermore, in Study
II, which did not include genetics, we internally validated our findings by comparing
how well the observed values agreed with the values predicted by the model. This
comparison was made using a calibration curve, and we found no major deviations
(316).
Furthermore, we note that the study population was relatively young for mortality
studies: the mortality is high, and life expectancy is ten years shorter in type 1 diabetes
than in the general population. In the prospective analysis of mortality (Study II and
IV), the mean age of 40 years combined with a follow-up of ~14 years meant that we
were able to identify only some of the deaths, mainly those that occurred in the
individuals in the age groups from 50 to 60. Finally, although the studies of this thesis
also included non-Finnish cohorts, all the included cohorts consisted predominantly
of white Europeans. Due to that, we used only genetic variants identified in cohorts
primarily of European origin. Therefore, our results may not apply to other nonEuropean populations.
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6.7.2

Study power

The sample size is crucial when studying common genetic variants with modest effects
on the risk of disease, such as those identified in genome-wide association studies
based on the “common-disease/common-variant” hypothesis (317). As a post hoc
analysis, we calculated the power to detect genetic associations in Study I and IV. In
Study I, we had more than 80% power to detect associations (with p-value = 0.05)
between diabetic nephropathy and SNVs with MAFs of 0.15 to 0.50 in the FinnDiane
cohort, assuming a diabetic nephropathy prevalence of 30%, an additive genetic model
and an odds ratio above 1.25 (Figure 20, panel A). Although the effect allele
frequencies for the included variants are relatively high (>15%, Table 8), their reported
effects on type 2 diabetes are comparatively low, ranging from an odds ratio of 1.12
for the CDKAL1 variant to an odds ratio of 1.37 for the TCFL72 variant (Figure 8).
While we had enough power to detect odds ratios of 1.20 or higher, we had insufficient
power to see more minor effects. Consequently, the possibility that we might have
missed some of the minor effects remains. During the years from the first (Study I) to
the final study (Study IV), the FinnDiane sample size has increased. The increase in
sample size has enabled us to detect effects of similar magnitude in Study IV as in
Study I, but with a lower case rate (0.21 for cardiovascular disease) and a lower MAF
(Figure 20).

Figure 20. Power calculations for Study I and Study IV for detecting genetic associations.
MAF=Minor allele frequency. N=Number

Lack of power could also explain why we failed to replicate the individual associations
in Study IV. While the post hoc power analyses showed that we had over 80% power
to detect associations for rs77878271 with an odds ratio of 1.29 (the hazard ratio
observed in the FinnDiane study), the power to detect an association with the same
hazard ratio in the SDCC study was only 18.2% owing to lower MAF (2%) and the
smaller sample size in that cohort. Although FinnGen provided a larger sample size
and a higher MAF (6%), the lower incidence of cardiovascular disease in that cohort
resulted in only a slightly higher power (34.3%).
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6.7.3

Selection of genetic variants

We selected most of the variants in this thesis based on robust findings from genomewide association studies published before the individual studies. However, there has
been a constant stream of new genome-wide association studies published during the
last decade. Thus the selection of genetic variants does unavoidably not reflect the
most recent findings. Study I and III included nine genetic variants with a known
impact on type 2 diabetes in 2007 and 32 genetic variants with a known effect on BMI
in 2010. Since then, genome-wide association studies have identified additional
variants associated with these exposures, with 403 variants for type 2 diabetes and 941
for BMI reported in the most recent studies (186, 318). Whether it would have made
a difference to include these new variants has yet to be evaluated in future studies.
However, the new genetic variants detected in later genome-wide association studies
with increasingly larger sample sizes have, in general, much smaller effect sizes than
those identified earlier (213, 223). Furthermore, our initial findings in the Mendelian
randomisation in Study III have been confirmed in later studies using more recently
developed methods and larger sample sizes (294).
The SNVs included in the genetic risk score for BMI in Study III are scattered
throughout the genome. Consequently, they may exert their effect through various
pathways. Whether the association between BMI and diabetic nephropathy reflects the
differences in the underlying biology is unclear. However, the focus of Study III was
mainly on assessing causality rather than the underlying biology. On the other hand,
in Study IV, we used a more targeted approach focusing on one genetic variant
identified in a functional candidate study (188) and later on in a proteome-wide
genome-wide association study as a cis-pQTL for FABP4 (126).
Interestingly, also a trans-pQTL was identified in that genome-wide association study:
an SNV in the PPARG gene (rs2012444). This SNV is inherited together with the
nearby SNV rs1801282 (r2 = 0.93), included as one of the susceptibility SNVs for type
2 diabetes in Study I. The PPARG gene encodes for the nuclear receptor peroxisome
proliferator-activated receptor Ȗ (PPARȖ), important in adipocyte differentiation
(319). Furthermore, the insulin-sensitising PPARȖ agonist used in type 2 diabetes
(glitazones) has also been shown to increase FABP4 concentrations in parallel with
PPARȖ (320). Even though FABP4 and PPARȖ are closely connected, we did not in
Study I observe any association for the PPARG SNV, which presumably also affects
FABP4 concentrations, but through a different pathway.
Finally, in the Mendelian randomisations performed in Study I and IV, we used the
genetic variants to proxy for the exposures; BMI and FABP4. Genetically proxied
BMI and FAPB4 levels represent an effect throughout life, including the years
preceding diabetes onset and the emergence of diabetic complications. Whether BMI
or FABP4 is less or more important at some specific timepoint during life cannot be
answered by the current studies, which assume that the effect of these exposures is
constant throughout life. However, their limitation is also their strength; as genes are
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fixed in the DNA already before birth, they cannot be changed by confounders such
as the social class, age, or kidney function. Their impact on the outcome will therefore
be independent of these factors.
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7

SUMMARY AND CONCLUSIONS

7.1 Study I
One SNV, associated with type 2 diabetes in the general population, influenced
susceptibility to diabetic nephropathy in type 1 diabetes. This variant is located close
to the genes CKDN2A and CDKN2B, involved in cell cycle regulation and cellular
senescence. Although this region has been associated with a range of diseases, the
SNVs seem to impact type 2 diabetes susceptibility and associated phenotypes
specifically. Further studies, however, are required to understand the role of this SNV
in diabetic nephropathy.

7.2 Study II
Obesity is increasing among individuals with type 1 diabetes. BMI, a commonly used
measure to quantify obesity, is a significant predictor of mortality in type 1 diabetes.
However, the relationship between BMI and mortality in type 1 diabetes is nonlinear,
with both high and low BMI values increasing the risk of mortality. Furthermore,
diabetic nephropathy attenuates the risk of mortality observed with high BMI values
and accentuates the risk of mortality observed with low BMI values. The BMI –
mortality relationship is also modified by diabetes onset age and sex, suggesting that
a high BMI is particularly harmful in men and those with a higher diabetes onset age.
Overall, maintaining body weight within the normal range is safest and may reduce
mortality in type 1 diabetes.

7.3 Study III
One-sample Mendelian randomisation revealed that BMI is causally associated with
diabetic nephropathy. Each 1 kg/m2 increase in BMI increases the risk of diabetic
nephropathy by 33%, macroalbuminuria alone by 28% and ESKD alone by 43%. The
increased proportion of obese individuals with type 1 diabetes, observed in Study II
and other previous studies, may translate into an increased number of individuals with
diabetic nephropathy. Our results warrant the need for further body weight
management in the routine clinical care of type 1 diabetes.

7.4 Study IV
FABP4 is a novel drug target for treating obesity-induced atherosclerosis and insulin
resistance; the FABP4 concentrations in humans increase with increasing BMI and
associates with worse cardiovascular outcomes. In individuals with type 1 diabetes,
genetically proxied lower concentrations of FABP4 did not confer protection against
cardiovascular disease. Instead, the low-expression allele of rs77878271 seemed to
increase the risk of cardiovascular disease in type 1 diabetes. Furthermore, two-sample
Mendelian randomisation demonstrated a causal effect between FABP4 and coronary
artery disease in type 1 diabetes; each decrease in one standard deviation of FABP4
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increased the risk of coronary artery disease 2.4-fold. In conclusion, our findings in
Study IV suggest that a certain level of FABP4 expression seems to be required to
maintain cardiovascular health in type 1 diabetes, and low levels could even be
detrimental. Caution should be warranted before testing the use of FABP4 inhibitors
in type 1 diabetes.
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