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Abstract 
 

Type 1 diabetes (T1D) is an autoimmune form of diabetes with high incidence 

in Finland. The typical onset age of T1D is in childhood, but the disease may 

also manifest in adults. The late complications of diabetes in the kidneys 

(diabetic nephropathy) and in the eyes (diabetic retinopathy), however, 

appear only after living for years with diabetes. A high blood glucose is a major 

risk factor for these microvascular complications. Glycated hemoglobin 

(HbA1c), a measure of long-term hyperglycemia, constantly forms when free 

glucose attaches to hemoglobin in the red blood cells. Earlier genetic and 

heritability analyses have shown that all these phenotypes, T1D, HbA1c, and 

complications of diabetes are affected by the genome. 

This thesis consists of four sub-studies examining the relationships between 

the human genome and T1D and its complications using several approaches. 

Study I measured leukocyte telomere length, Study II was a candidate gene 

study, whereas Studies III and IV used genome-wide approaches. In this 

thesis, the Finnish Diabetic Nephropathy (FinnDiane) Study was the primary 

study cohort. Several other diabetes cohorts served both as replication cohorts 

(Studies II and III) or were included together with the FinnDiane in a genome-

wide association study meta-analysis as in Study IV. 

As commonly shown, telomere length shortened with age in our cohort. Most 

importantly, short telomere length and a higher proportion of short telomeres 

predicted diabetic nephropathy progression. In the candidate gene study, an 

exonic SNP in SUV39H2 was associated with diabetic retinopathy. The same 

variant was associated with diabetic nephropathy in the FinnDiane cohort. 

Study III was the most extensive genome-wide association study for HbA1c in 

individuals with T1D so far, and it showed that HbA1c is partly an inherited 

trait in diabetes. A locus on chromosome 13 closest to the gene RXFP2 was 

associated with HbA1c with genome-wide significance. Additionally, many 

variants known to be associated with HbA1c in the general population had a 

similar direction in our diabetes cohort. In study IV, our top associations for 

T1D diagnosis age were in known T1D risk loci in the HLA region on 

chromosome 6 and chromosome 17q12, a known risk locus for childhood-

onset asthma as well. However, most of the suggestive associations were at 

genomic regions not previously implicated in T1D. A transcriptome-wide 

association study highlighted genes such as IKZF3, GSDMB, ORMDL3, and 

ZBPB2 in the chr17q12 locus. 

To conclude, the four studies included in this thesis utilized various study 

approaches and found significant associations between genetic variants and 

HbA1c, age of diagnosis of T1D, and diabetes complications. More importantly, 

the HbA1c values are surprisingly stable over time and are affected by genetic 

variants. An analysis integrating the information from genetic variants and 
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gene expression suggested genes that have potential age-related effects in the 

pathogenesis of T1D. 
  



 

12 

Tiivistelmä (Abstract in Finnish) 
 

Tyypin 1 diabetes on autoimmuunitauti, jonka ilmaantuvuus on Suomessa 

korkea. Tyypin 1 diabetes diagnosoidaan yleensä lapsuusiällä, mutta sairaus 

voi myös alkaa aikuisena. Diabeteksen aiheuttamat myöhäiskomplikaatiot 

munuaisiin (diabeettinen munuaistauti) ja silmiin (diabeettinen retinopatia) 

alkavat kuitenkin vasta kun diabeteksen kanssa on eletty jo vuosia. Korkea 

verensokeri on suurin yksittäinen mikrovaskulaaristen myöhäis-

komplikaatioiden riskitekijä. Pitkäaikaisen sokerialtistuksen mittarina 

käytetään sokerihemoglobiinia (HbA1c), jota muodostuu jatkuvasti, kun 

glukoosimolekyylit tarttuvat hemoglobiin veren punasoluissa. Aikaisemmat 

tutkimukset ovat osoittaneet, että perimällä on vaikutusta sekä 

diabetesriskiin, sokerihemoglobiinitasoihin, että diabeteksen myöhäis-

komplikaatioihin riskiin. 

Tämä väitöskirja koostuu neljästä osatutkimuksesta, jotka käyttävät erilaisia 

tutkimusasetelmia ihmisen perimän monimuotoisuuden ja diabeteksen sekä 

diabeteksen myöhäiskomplikaatioiden riskin yhteyden selvittämiseen: 

Ensimmäinen tutkimus määritti telomeerien pituuksia veren valkosoluissa, 

toinen tutkimus oli ehdokasgeenitutkimus, ja Tutkimukset III ja IV käyttivät 

genominlaajuisia menetelmiä. Pääasiallinen tutkimuskohorttimme oli 

FinnDiane (The Finnish Diabetic Nephropathy Study), mutta muilla diabetes-

kohorteilla oli tärkeä rooli löydösten toistamisessa (Tutkimukset II ja III), tai 

ne olivat samanarvoisena osana genominlaajuisessa assosiaatiotutkimuksen 

meta-analyysissa (Tutkimus IV). 

Kuten yleensä huomataan, telomeerien pituus korreloi käänteisesti ikään 

myös meidän aineistossamme. Telomeerin lyhyt keskipituus ja suuri lyhyiden 

telomeerien osuus ennusti diabeettisen munuaistaudin etenemistä. 

Ehdokasgeenitutkimuksessa eräs SUV39H2 geenin eksonissa sijaitseva SNP 

yhdistyi diabeettiseen retinopatiaan. 

Tutkimus III on tähän asti laajin tyypin 1 diabeetikoiden HbA1c-tasojen 

perinnöllisyyttä genominlaajuisesti selvittänyt tutkimus, ja se osoitti HbA1c:n 

olevan osin perinnöllinen ominaisuus myös tyypin 1 diabeetikoilla. 

Tutkimuksessa löytyi kromosomista 13 HbA1c tasoihin merkitsevästi 

assosioiva lokus, jonka lähin geeni on RXFP2. Lisäksi muutaman muun 

tunnetun HbA1c tasoihin vaikuttavan SNP:n assosiaatio oli samansuuntainen 

diabetes-kohortissamme. Tutkimuksessa 4 tyypin 1 diabeteksen alkamisikään 

assosioi erityisesti kaksi tunnettua diabeteksen riskialuetta genomissa: HLA-

alue kromosomissa 6 ja kromosomi 17q12, joka on myös tunnettu lapsuusiän 

astman riskilokus. Useimmat variantit, jotka eivät aivan yltäneet 

genominlaajuiseen merkitsevyyteen olivat kuitenkin genomissa alueilla, joita 

ei ole aiemmin yhdistetty diabetesriskiin. Kromosomin 17q12 lokuksen 

geeneistä IKZF3, GSDMB, ORMDL3 ja ZBPB2 nousivat esiin geenien 
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ennustettua ilmenemistasoa hyödyntävässä genominlaajuisessa 

assosiaatitutkimuksessa. 

Yhteenvetona, väitöskirjan neljä osatutkimusta hyödynsivät monimuotoisesti 

geneettisiä tutkimusmenetelmiä ja löysivät merkitseviä yhteyksiä perimän 

vaihtelun ja sokerihemoglobiinin, sekä tyypin 1 diabeteksen ja sen 

komplikaatioiden välillä. HbA1c-tasot ovat yllättävän pysyviä tyypin 1 

diabeetikoilla ja perimä vaikuttaa niihin. Analyysimme, joka yhdisti tietoa 

geneettisistä varianteista ja geenien ilmenemisestä osoitti joukon mahdollisia 

geenejä, joiden vaikutus tyypin 1 diabeksen syntyyn on riippuvainen iästä. 
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1 Introduction 
 

Type 1 diabetes (T1D) is an autoimmune disease that causes high blood glucose 

concentrations due to the destruction of the insulin hormone-producing 

pancreatic beta cells. This autoimmune form of diabetes accounts for roughly 

5–10% of diabetes in the world, and its incidence is the highest in Finland 

[DIAMOND Project Group 2006], where approximately 50,000 individuals 

live with this disease. 

T1D may occur at any age, but it typically occurs in childhood or young 

adults. This disease has no cure, and regular administration of exogenous 

insulin, a treatment discovered in the 1920s [Banting 1922], is vital. Healthy 

lifestyle and optimal adherence to the treatment will help maintaining blood 

glucose within the normal range, but nevertheless, all individuals with T1D 

experience hyperglycemic episodes. Long-term glycemic load, monitored by 

measuring the glycated proportion of hemoglobin in the blood (HbA1c), is the 

key risk factor for developing microvascular complications. After living for 

years with diabetes, most individuals develop microvascular complications in 

the eyes or the kidneys. While diabetic retinopathy may lead to blindness, 

diabetic kidney disease named diabetic nephropathy (DN) is associated with 

excess and premature mortality [Groop 2009]. The heritability of diabetic 

kidney disease is 35–59%, depending on the phenotype definition [Sandholm 

2017], indicating a substantial genetic contribution to the disease. 

Every human genome is unique, and this variability affects our genetic 

susceptibility to health and disease. Genetics plays a role in T1D and the 

susceptibility to diabetes complications, but not everyone with high genetic 

risk will develop the disease. Instead, an individual’s disease susceptibility is a 

gene-environment interplay. Although the deoxyribonucleic acid (DNA) 

storing our genetic information is a stable molecule that can survive thousands 

of years in optimal conditions, both the composition and function of the 

genome change throughout life. For example, the telomeres at the 

chromosome end shorten with aging, and hyperglycemia induces gene 

expression modifying epigenetic changes in the DNA. Thus, the risk of the 

disease is a combination of the genetic risk, environmental influence, e.g., 

HbA1c, and epigenetic changes caused by the environmental stimuli. 

The studies included in this thesis contain a wide range of genetic research 

conducted to study the relationships between the human genome and T1D and 

its complications. Study I measured the telomere length and assessed its role 

in the progression of DN. Study II investigated the association between 

diabetic complications and genetic variation in three genes coding for proteins 

responsible for making epigenetic marks upon hyperglycemic stimulus. 

Studies III and IV used genome-wide approaches to study the genetics of 

glycated hemoglobin and to find the genes affecting the age at diagnosis of 

T1D. 
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2 Review of the literature 

2.1 Diabetes and its complications 

 Diabetes 

Approximately 463 million individuals in the world have diabetes [Saeedi 

2019]. The prevalence is estimated to rise from 9.3% (2019) to 10.9% – 700 

million cases in 2045 [Saeedi 2019]. To date, the diabetes spectrum diseases 

are categorized into childhood-onset monogenic diabetes types, including 

neonatal diabetes and maturity-onset diabetes of young (MODY), type 1 

diabetes (T1D), type 2 diabetes (T2D), latent autoimmune disease in adults 

(LADA), etc. The vast majority, ~90%, of individuals with diabetes have T2D, 

leaving 5–10% for T1D [Skyler and Oddo 2002]. Finland has the highest 

incidence of T1D in the world, but fortunately, the constantly-rising incidence 

during the last two decades has plateaued to ~60 new diagnoses per 100,000 

persons below the age of 15 per year [Harjutsalo 2013]. In Finland, the 

childhood incidence seems to be the highest in the age group from 5 to 9 years 

[Harjutsalo 2013], but T1D can manifest in adolescents and adults as well 

[Vandewalle 1997; Thunander 2008]. 

Diabetes is a disease of glucose metabolism, where the body cannot 

sufficiently utilize glucose as an energy source because the glucose uptake into 

cells is impaired. In normal conditions, the beta cells in the islets of 

Langerhans inside the pancreas secrete the insulin hormone into the 

bloodstream. Insulin then binds to its receptor on the cell membrane, which 

activates a signal cascade resulting in the mobilization of glucose-transporter-

protein-containing vesicles to the cell surface and thus, glucose molecules can 

enter the cell. In diabetes, however, the release of insulin from the pancreas is 

insufficient to meet the needs due to a reduced number of insulin-secreting 

beta cells (e.g., T1D) or due to tissue resistance to insulin (e.g., T2D). This 

causes excess glucose to be trapped and circulated in the bloodstream. The 

resulting hyperglycemia leads to symptoms such as thirst, fatigue, and 

polyuria that causes the patient to consult a doctor, although pre-diabetes and 

mild diabetes often remain undiagnosed. 

In the autoimmune form of diabetes, T1D, the immune cells identify the 

beta cells as foreign, and an autoimmune attack slowly destroys the beta cells. 

LADA is another slowly evolving type of autoimmune diabetes that is 

diagnosed in adults, and it presents with characteristics of T2D as well. Since 

T1D can also develop at the age of 30, 40, or even later, a mix-up in the 

diagnosis between diabetes types is possible. 

Classically, T2D is seen as diabetes in adults caused by lifestyle factors, 

where obesity and the metabolic syndrome — a group of risk factors including 

high waist circumference, elevated blood pressure, high triglycerides, and 

elevated blood glucose — cause tissue insulin resistance, which then leads to 
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hyperinsulinemia and beta cell fatigue. The cause of T2D, however, is not 

solely environmental and the disease is highly heritable (h2 up to 0.69, 

[Almgren 2011]). Genetic studies have shed light on the disease pathogenesis 

and showed that beta cell dysfunction seems to play an important role also in 

T2D [Thomsen and Gloyn 2014]. A recently proposed new classification of 

T2D into five clinically different sub-classes [Ahlqvist 2018], however, shows 

our lack of knowledge about the true biology behind the diabetes-spectrum 

diseases. 

Overall, the diabetes types may represent a disease continuum rather than 

distinct diseases, but the categorization eases the clinician’s decision on the 

first-line (medical) intervention to control the hyperglycemia. At diagnosis, an 

individual with T1D would have already lost the majority of the pancreatic beta 

cells, would have subsequent severe hyperglycemia, and exogenous insulin is 

often immediately necessary, whereas, in T2D, the first-line intervention may 

be a change in lifestyle habits, which may be sufficient to improve the disease 

prognosis. 

 Pathogenesis of T1D 

White blood cells (WBC), named leukocytes, protect the body from outside 

pathogens. Leukocytes are derived from hematopoietic stem cells, which are 

multipotent cells located in the bone marrow. Leukocytes are classified 

according to their morphology and functions. Neutrophils, eosinophils, 

basophils, and mast cells are granulocytes that contain cytoplasmic granules 

visible in light microscopy. Monocytes and lymphocytes are agranulocytes. 

Lymphocytes are further classified into T-cells, B-cells, and natural killer cells. 

The two major groups of T-cells are the CD8+ cytotoxic T-cells and the CD4+ 

helper T-cells. Lymphocytes work as a part of the innate and adaptive immune 

systems that aim to kill pathogen-infected cells and to produce pathogen-

specific antibodies (B-cells). 

During normal lymphocyte development in the bone marrow (B-cells) or 

maturation in the thymus (T-cells), cells heavily reacting to self-proteins are 

guided to cell death, leaving behind a healthy self-tolerant immune cell pool. 

In genetically susceptible individuals, the autoimmune process seems to start 

from an environmental trigger such as an enterovirus infection [Stene and 

Rewers 2012] (FIGURE 1). Other suspected environmental risk factors include 

high-level hygiene, toxins, weight gain, dietary factors such as high cow milk 

consumption or low vitamin D levels, but the scientific evidence on these is 

less evident and controversial [Rewers and Ludvigsson 2016]. The 

environmental trigger most likely varies between individuals, and different 

triggers might initiate diverge pathological pathways that can finally lead to 

beta cell destruction and clinical T1D diagnosis [Battaglia 2020]. 

The journey towards T1D starts when some immune cells fail in self-

tolerance and start an immune reaction against insulin or islet-cell-derived 

proteins. The resulting inflammation in the pancreas, insulitis, is accompanied 

by beta cell death [Eisenbarth 1986]. At the time of the T1D diagnosis, the beta 
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cell mass is markedly reduced up to 10% of the normal, and commonly, at least 

one B-cell-derived antibody against self-proteins are detectable from blood 

[Knip 2016]. Researchers confirmed the presence of such autoantibodies by 

immunofluorescence almost fifty years ago [Bottazzo 1974, MacCuish 1974]. 

Even today, the standard method to detect islet-cell autoantibodies (ICAs) 

uses indirect immunofluorescence: Autoantibodies in the serum attach to a 

pancreas tissue section of an organ donor, and a fluorescent secondary 

antibody shows the presence of ICAs. While the ICAs target variable 

autoantigens or epitopes, other more specific autoantibodies include insulin 

autoantibodies (IAA), autoantibodies towards glutamic acid decarboxylase 

(GADA), and specific proteins in the islet cells (IA-2A and ZnT8A) [Seissler 

and Scherbaum 2006]. Autoantibodies commonly emerge at different ages 

and combinations, and importantly, they are detectable in the serum of 

individuals at a high risk of T1D years before a clinical diagnosis [Knip 2016]. 

 

 

FIGURE 1. Pathogenesis of T1D. Abbreviations: PC = Plasma cell, (originated from the B-cell), Inf-γ = 
Interferon gamma, IL-2 = Interleukin 2, and Tnf-α = Tumor necrosis factor alpha (mainly from CD4+ Th1 
cells); Inf-α = Interferon alpha (mainly from plasmacytoid dendritic cells). 
 

Many immune cell types play an established role in the pathogenic process 

in the islets of Langerhans. Important cell types include autoreactive cytotoxic 

T-cells (CD8+) and CD4+ T-cells that start to secrete cytokines like interleukin 

2, which “help” cytotoxic T-cells to initiate beta cell destruction. Autoreactive 

(Th1-type) CD4+ T-cells also secrete interferon gamma that activate, e.g., 

antigen-presenting dendritic cells, macrophages, and B-cells that differentiate 

into autoantibody producing plasma cells [Wållberg and Cooke 2013]. One 

study succeeded in grouping the newly diagnosed individuals with T1D 

according to low or high B-cell infiltration in the islets [Arif 2014], and higher 

B-cell infiltration was associated with earlier disease onset. To summarize, 

insulitis is a complex process with potential heterogeneity in its etiology and 

involves many cell (sub-) types, which are still under investigation. 
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 Glycated hemoglobin 

Red blood cells circulating in the bloodstream are packed with oxygen-

transporting molecules, hemoglobin (Hb). Hemoglobin consists of two α-

globin and two β-globin chains, each binding one iron-containing heme group, 

which is the oxygen-carrying unit. Thus, one hemoglobin molecule is able to 

carry four oxygen molecules (O2) from the lungs to the peripheral tissues. 

When the insulin secretion or external insulin administration is inadequate, 

the signal cascade to bring enough glucose transporter proteins to the cell 

surfaces is not properly initiated, and the glucose concentration in the blood 

rises. Free circulating glucose continuously attaches non-enzymatically to 

proteins such as hemoglobin. Red blood cells have a lifespan of ~120 days; 

thus, the amount of glycated hemoglobin (HbA1c) is an estimate of long-term 

glycemic exposure of up to three months, with the largest impact coming from 

the month before the blood sample is drawn [Nathan 2007]. HbA1c is a 

clinically useful measure of the glycemic load because it is easily measurable 

from a drop of blood. 

The name, HbA1c originates from the cation exchange chromatography of 

hemoglobin, an old laboratory protein separation technique, where HbA0 is 

the non-glycated fraction of hemoglobin and HbA1c was the third (c) and 

largest fraction comprising ~80% of all the glycated hemoglobin. In this A1c-

fraction, the glucose molecule is attached to the amino-terminal valines in the 

β-chains of the hemoglobin molecule [Holmquist and Schroeder 1966]. As 

being the largest fraction of glycated hemoglobin, HbA1c has a strong linear 

association with the mean glucose concentrations, thus reflecting the glycemic 

load. 

HbA1c was long reported as a percentage of glycated hemoglobin from the 

total hemoglobin, named DCCT (Diabetes Control and Complications Trial) 

units. In the year 2007, the International Federation of Clinical Chemistry and 

Laboratory Medicine (IFCC), the European Association for the Study of 

Diabetes (EASD), the International Diabetes Federation (IDF), and the 

American Diabetes Association (ADA) made a statement [Consensus 

Committee 2007] about reporting HbA1c values as mmol HbA1c / mol 

hemoglobin (Hb) [Jeppsson 2002]. However, in the scientific literature, DCCT 

units (%) or dual reporting of both HbA1c units are still common. 

The most important indication for HbA1c is the monitoring of self-

management of diabetes, but it is used in T2D diagnostics as well. An HbA1c 

over 48 mmol/mol or > 6.5% is a cut-off point for diagnosing diabetes [World 

Health Organization 2011]. Other blood glucose indices for a T2D diagnosis 

are an elevated fasting plasma glucose concentration of ≥ 7.0 mmol/L or a 2-

hour glucose concentration of ≥ 11.1 mmol/L in an oral glucose tolerance test. 

The HbA1c measurement estimates the glucose load for the whole body 

because the excess glucose is not only attached to hemoglobin but also to other 

molecules. The glycated proteins and lipids become so-called advanced-

glycation end-products (AGEs) that accumulate in tissues over the years and 

contribute to tissue and organ dysfunction. 
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 Vascular complications 

Long-standing diabetes causes harm to both the larger vessels and to the 

microvasculature. Microvascular complications emerge in organs containing 

small blood vessels. Diabetic retinopathy (DR) is a gradually progressing eye 

disease with a prevalence of over 25% in most populations with diabetes 

[Cheung 2010]. The retina is a multilayer membrane in the back of the eye that 

is composed of multiple cell types, including photoreceptors sensing light, 

motion, and color. In DR, hyperglycemia and high blood pressure damage the 

microvasculature that supplies oxygen and nutrients to the retina through 

various mechanisms and pathways (e.g., oxidative stress, AGEs, 

inflammation). The consequences are micro-aneurysms, overt micro-

vascularization, and microbleeds in the retina. Laser treatment slows down the 

progression of DR but does not cure it [Ferris 1999]. Thus, DR remains the 

most common cause of vision loss in the adult population [Cheung 2010], and 

therefore, for an individual living with diabetes, doctors recommend regular 

fundus photographs to monitor retinal health. 

Regular monitoring of kidney health is also advised. The two 10 cm long 

bean-shaped kidneys maintain the body homeostasis by filtrating end-

products of the metabolism, urea, excess glucose, electrolytes, and water from 

the blood. The kidney’s other functions are regulation of blood pressure and 

production of hormones such as erythropoietin. Each kidney contains 

approximately one million functional units named nephrons, although the 

number is highly variable from 200,000 to over 2.5 million [Bertram 2011]. 

The afferent arteriole brings the blood into the ball-shaped network of 

capillaries named glomerulus, where water, electrolytes, and small molecules 

are filtrated through the glomerular filtration barrier, which is a three-layered 

structure consisting of endothelial cells of the capillaries, basement 

membrane, and epithelial cells with podocyte foot processes [Sircar 2008] 

(FIGURE 2). The primary urine continues to the proximal and distal tubules, 

where some water, electrolytes, and amino acids are reabsorbed either 

passively or through active transport into efferent arterioles. The remaining 

urine continues to the collecting duct and bladder. 

Regardless of regular follow-up of kidney health, up to one-third of 

individuals with T1D develops DN [Hovind 2004]. In some individuals, DN 

leads to kidney failure, end-stage renal disease (ESRD), a stage when the 

kidneys can no longer maintain their blood filtration task, and dialysis 

treatment or kidney transplantation is vital. ESRD is associated with an as 

high as 18-fold increased premature mortality compared to individuals 

without diabetes but of the same age and sex [Groop 2009]. 

Pathological signs of DN include expansion of mesangial cells inside the 

glomerulus, basement membrane thickening in the filtration barrier, and 

fibrosis of the tubulointerstitium [Gilbert and Cooper 1999]. Injuries in the 

podocyte foot processes enable the leakage of proteins into the urine. In 

individuals with T1D, the cause of chronic kidney disease (CKD) is most often 

DN. While earlier the incidence of DN was the highest after 10–15 years of 
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diabetes, today’s more advanced antihypertensive medications and blood lipid 

medications have shifted the incidence peak to ten years later [Harjutsalo 

2004]. 

 

 
FIGURE 2. Structure of the nephron. Figure from OpenStax College, Anatomy & Physiology, Jun 19, 
2013. The figure is licensed under the Creative Commons Attribution 3.0 Unported license. 
 

Unlike the retinal changes, the structural damage to the kidneys cannot be 

easily “photographed” from a living individual unless biopsies are taken. 

Instead, the blood filtration capacity of the kidney or the leakage of protein 

into the urine is used to estimate the kidney status. Excretion of albumin, the 

most abundant plasma protein, is measured and commonly categorized into 

normal albumin excretion (AER, i.e., normoalbuminuria), microalbuminuria, 

and macroalbuminuria stages. These terms are used in the studies included in 

this thesis, but other terminology to describe albuminuria stages is common 

today [Levey 2020; American Diabetes Association 2021b] (TABLE 1). Because 

AER has notable day-to-day variability, multiple measurements are needed to 

assess the kidney status [Caramori 2006]. 

The kidney function can be measured or estimated as the (estimated) 

glomerular filtration rate (mGFR or eGFR). TABLE 2 shows the current CKD 

classification according to kidney function (American Diabetes Association 

2021a). The progression of DN is commonly a gradual increase in the AER and 

a concomitant decline in the eGFR. The eGFR can be calculated based on age, 

sex, ethnicity, and plasma creatinine concentration [Levey 2009]. Creatinine 

mainly originates from the muscle cells, and its daily concentration in the 

https://en.wikipedia.org/wiki/en:Creative_Commons
https://creativecommons.org/licenses/by/3.0/deed.en
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blood is somewhat variable depending on the diet and exercise. Therefore, 

regular measurements (and eGFR calculations) are needed to estimate the 

potential decline in kidney function. Naturally, the GFR declines with aging by 

an approximate loss of one mL/min/1.73m2 per year after the age of 40. 

TABLE 1. Classification of the kidney status according to the albumin excretion rate (AER) 

Albuminuria categories AER (μg/min or mg/24h) 

normoalbuminuria; A1: normal to mildly increased <20 or <30 

microalbuminuria;  A2: moderately increased 20–200 or 30–300 

macroalbuminuria;  A3: severely increased ≥200 or ≥300 

Albuminuria categories as described in ref. [Levey 2020]. 
 
TABLE 2. Classification of chronic kidney disease according to kidney function measured as an 
(estimated) glomerular filtration rate. 

Stage Kidney function GFR categories GFR (mL/min/1.73m2) 

G1 normal to high normal to increased GFR ≥90  

G2 mildly decreased mildly reduced GFR 60–90 

G3a mildly to moderately decreased 
moderately reduced GFR 

45–59 

G3b moderately to severely decreased 30–44 

G4 severely decreased severely reduced GFR 15–29 

G5 kidney failure kidney failure < 15 or dialysis 

Kidney function categories as described in ref. [American Diabetes Association 2021b] and GFR categories as in ref. 
[Levey 2020]. 
 

Cardiovascular disease (CVD) is a disease of the large blood vessels in the 

heart, brain, or in limbs. Coronary artery disease (CAD) may lead to 

myocardial infarction (“heart attack”), which may be fatal. In fact, CVD is the 

major cause of premature mortality in individuals with diabetes, especially in 

individuals with DN [Laing 2003; Harjutsalo 2018]. Damage to the blood 

vessels of the brain is called cerebrovascular disease, and it may result in a 

stroke, after which individuals with T1D have a poor prognosis [Hägg-

Holmberg 2017]. Peripheral vascular disease is a blood circulation problem 

that causes pain in the limbs, especially during exercise. When worsened, it 

may lead to the need for limb amputation. One common mechanism behind 

CAD, stroke, and peripheral vascular disease is atherosclerosis, where lipid-

containing plaques gradually build up inside the arteries making them 

narrower, harder, and subsequently blocking the normal blood flow [Katakami 

2017]. 

 Risk factors for vascular complications 

HbA1c – The major risk factor for the late complications of diabetes is 

hyperglycemia [DCCT/EDIC Research Group 2000; Lachin 2008]. Elevated 

blood glucose induces oxidative stress and inflammation in vascular 

endothelial cells [Giacco and Brownlee 2010]. As described earlier (paragraph 
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5.1.3 Glycated hemoglobin), the rate of non-enzymatic hemoglobin glycation 

is dependent on the amount of glucose in the bloodstream. Therefore, elevated 

HbA1c is an easily measurable indicator of a high glucose load. Glycated Hb 

(HbA1c) has a higher oxygen affinity compared to the non-glycated Hb [Samaja 

1982], which may result in hypoxia in the peripheral tissues in individuals with 

high HbA1c. 

The landmark Diabetes Control and Complications Trial (DCCT) was a 

randomized controlled trial conducted during the years 1983–1993 to study 

the role of glycemia in developing late complications of T1D [DCCT Research 

Group 1993]. Individuals with T1D were randomized into two groups for a 

mean of 6.5 years. The intensive treatment group aimed at lower blood glucose 

levels (and resulted in HbA1c of 7.4%), whereas individuals in the conventional 

treatment group continued their traditional management of diabetes (HbA1c 

was 9.1%). The results of the study were striking. Being in the intensive 

treatment arm reduced the risk of DR, slowed down DR progression, and 

decreased the risk of microalbuminuria and DN. The original DCCT cohort 

was young for their mean age to develop macrovascular complications. 

However, the Epidemiology of Diabetes Interventions and Complications 

(EDIC) study continued to follow up the same cohort. Even though the HbA1c 

values of the two treatment arms merged to similar values in the EDIC, the 

risk of macrovascular complications remained lower in the individuals with 

lower past HbA1c [DCCT/EDIC Study Research Group 2005]. Similar findings 

showing HbA1c as a major risk factor for micro- and macrovascular 

complications have been replicated in several other T1D cohorts around the 

world. 

Blood pressure – Elevated blood pressure is a risk factor for both micro- 

and macrovascular disease in diabetes [Hsueh and Anderson 1992]. Effective 

antihypertensive treatment significantly lowers the risk for DN, for example 

[Bretzel 1997; Thomas and Atkins 2006]. Commonly, in individuals without 

diabetes but with hypertension, the blood pressure target is < 140/90 mmHg, 

but because the diabetic milieu already imposes an excess risk to the 

vasculature, the treatment target in individuals with diabetes could also be 

lower <130/80 mmHg [Working group set up by the Finnish Medical Society 

Duodecim and the Finnish Hypertension Society 2020; American Diabetes 

Association 2021a; American Diabetes Association 2021b]. 

Lipids – Fats circulating in the blood are either free or bound to other 

molecules. Triglycerides (glycerol + three fatty acids) and cholesterol are 

packed within lipoproteins that are classified according to their lipid density 

and size. Different lipid concentrations indicating dyslipidemia (high 

triglycerides, high low-density lipoprotein (LDL) cholesterol, or low high-

density (HDL) cholesterol) have shown to be risk factors for DN [Jenkins 

2003], DR, and coronary artery disease [Tolonen 2014]. Furthermore, an 

adverse metabolic condition combining multiple risk factors, the metabolic 

syndrome, increases the complication risk [Thorn 2005]. 
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Gender – Men are at higher risk of vascular complications [Raile 2007; Klein 

2008; Harjutsalo 2011]. Some studies suggest that women are partly protected 

due to female sex hormones, especially estrogen, but this is still under 

investigation [Maric-Bilkan 2017]. 

Lifestyle habits – Poor lifestyle habits cause higher complication risk: both 

cigarette smoking and the use of excess alcohol are risk factors for diabetes 

complications [Harjutsalo 2014; Feodoroff 2016]. Smoking cessation and 

staying physically active reduce the risk of complications [Wadén 2008; 

Feodoroff 2016; Tikkanen-Dolenc 2019; Barlovic 2019]. 

Age at diagnosis of T1D – Not surprisingly, late complications are more 

common in older people with long disease duration. Cardiovascular diseases, 

for example, are more common in individuals with T1D onset before the age of 

10 [Rawshani 2018], but on the contrary, childhood-onset diabetes may 

protect from microalbuminuria [Raile 2007]. The risk of ESRD, instead, is the 

highest amongst individuals with T1D diagnosed between the age of 10–14 

[Harjutsalo 2011]. In individuals with T1D onset age between 5 and 14, DR 

occurs earlier, after a mean diabetes duration of 20.1 years [Hietala 2010], 

compared to individuals with later T1D diagnosis age. 

The late complications are similar in diabetes types T1D and T2D, but 

individuals with T2D comprise a more heterogeneous group of people in 

whom aging, the metabolic syndrome, and high blood pressure play a pivotal 

role in their complications risk. 

2.2 Human genome 

 Structure and replication 

The basic genetic code is the same in all eukaryotes. The cell nucleus stores the 

genetic information as deoxyribonucleic acid (DNA) molecules. The structural 

unit of DNA is a deoxyribonucleotide that is composed of 1) a deoxyribose-

sugar 2) one of four nitrogen-containing bases; pyrimidines thymine (T) or 

cytosine (C), or purines adenine (A) or guanine (G), and 3) a phosphate group. 

Nucleotides form up to a couple of hundred million nucleotide long 

polynucleotides called DNA strands. The DNA molecule is a double-stranded 

helix, where two complementary DNA strands (one going in the 5'–3' 

direction, the other in the 3'–5' direction) are bound to each other with 

hydrogen bonds [Watson and Crick 1953]. The DNA is then wrapped around 

protein complexes called nucleosomes and forms complex 3D structures 

enabling all DNA to fit in the cell nucleus [Olins and Olins 1974] (FIGURE 3). 

The nucleosome core particle consists of eight histone proteins: two copies of 

H2A, H2B, H3, and H4. Approximately 146 base pairs (bp) of DNA are 
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wrapped around it. Nucleosomes are separated by up to 80 bp long linker 

DNA. 

One DNA molecule is a chromosome, and in humans, the genetic 

information is stored in 23 chromosomes: 22 autosomes and in sex 

chromosomes X and Y. Oocytes and sperm are haploid cells (one set of 

chromosomes), but other cell-types are diploids and contain two complete sets 

of chromosomes: 44 autosomes and two sex chromosomes. Women are 

generally 46XX, and men are 46XY. 

To maintain the genetic information during cell divisions, duplication of the 

genetic code, i.e., DNA replication, is necessary. DNA polymerase is the 

enzyme that synthesizes the new strands, and many other proteins are needed 

for unwinding the DNA strands and maintaining the replication fork structure 

at the replication starting points (origin of replication). DNA polymerase reads 

the template DNA strand in the 3'–5' direction, and the new complementary 

strand forms in the 5'–3' direction. Because DNA polymerase needs a free 3'-

OH to attach a new nucleotide, small RNA primers are needed at the origin of 

the replication. The replication mechanisms for the two DNA strands differ: 

The leading strand (DNA strand 5'–3') is synthesized continuously, while the 

lagging strand is synthesized as small Okazaki fragments initiated with RNA 

primers. Exonucleases then remove the RNA primers, DNA polymerase delta 

fills in the gaps with DNA-nucleotides, and DNA ligase attaches the fragments 

to an intact strand. The RNA primer at the 5' end of the lagging strand is 

removed but is not replaced with DNA. Thus, at the chromosome ends, the 

telomeres shorten in each replication cycle. 

Two types of cell divisions occur in eukaryotes. Mitosis is the normal cell 

division that is necessary for growth, development, and cell replacement when 

short-lived cell types like red blood cells, the cells in the skin epidermis, and 

those in the digestive tract renew. In mitosis, the genome duplicates so that 

after the division, both daughter cells are genetically identical with the parent 

cell and with each other. Another type of cell division, meiosis, happens during 

oogenesis and spermatogenesis. Daughter cells after meiosis are haploids and 

contain only one copy of each chromosome. These haploid gametes meet 

during the fertilization process and form the diploid zygote. 
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FIGURE 3. DNA packing in the cell nucleus. Figure is reprinted and modified as allowed in the Pixabay 
License. 

 Genes and beyond 

A gene is a stretch of a DNA sequence containing a genetic code for making a 

protein or a functional RNA molecule. Genes comprise only a minor 

proportion of the human genome, and the number of genes keeps updating 

[Lander 2001; Salzberg 2018]. Exons in genes contain amino-acid-

determining trinucleotide codons, while introns are the sequence between the 

exons. An enzyme called RNA polymerase II attaches to the promoter 

sequence at 5' end (upstream) of the gene and transcribes both exons and 

introns to a precursor messenger RNA (pre-mRNA). Proteins that recognize 

splice sites in the pre-mRNA sequence cleave out introns and produce mature 

mRNA. After that, protein synthesis, translation occurs in ribosomes 

primarily located in the endoplasmic reticulum (ER), a membrane system in 

the cell cytoplasm. In ribosomes, the transfer RNAs (tRNAs) with 

complementary anticodons recognize codons (a sequence of three bases) in 

mRNA, and the correct amino acid is attached to the forming polypeptide 

chain. The newly formed proteins often experience post-translational 

modifications in the ER or the Golgi apparatus, after which the gene product 

is a functional protein. Not all genes, however, encode proteins. For example, 

the long non-coding RNA gene’s and micro-RNA gene’s final product is a 

functional RNA-molecule often playing a role in gene expression regulation. 
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A significant part of the human genome contains no genes. Today, scientists 

acknowledge the importance of this sequence, but before, the genome outside 

the genes was called junk DNA [Pennisi 2012]. These sequences contain 

transcription factor binding sites and regulatory elements (enhancers, 

insulators) that are important modulators of gene expression even from long-

distance. Intronic sequences inside genes may also contain these regulatory 

elements. 

The DNA around centromeres and at the ends of linear chromosomes, 

telomeres, comprise structural repetitive DNA sequences (tandem repeats). 

Other types of repetitive DNA, such as interspersed repeats or transposable 

elements, are spread through the genome. The proportion of the genome with 

repetitive sequences is estimated to be as high as two-thirds [de Koning 2011]. 

We still know little about the role of the repetitive regions in the genome, and 

even with today’s advanced genotyping technology, long repeat regions are 

hard to align. 

 Genetic variation 

Every human genome is unique. A variation at a single deoxyribonucleotide 

position is called single nucleotide variation (SNV) or single nucleotide 

polymorphism (SNP, FIGURE 4). Every individual differs at 4–5 million 

genomic sites from the chosen human reference genome [1000 Genomes 

Project Consortium 2015]. 

 

 

FIGURE 4. Single nucleotide polymorphism (SNP) and its effects on the protein coding DNA sequence. 
Codon is the trinucleotide sequence defining one amino acid or a stop signal to terminate the protein 
synthesis. 
 

For each genomic position, for example, chr17:37,910,368, a person carries 

two alleles, one inherited from the mother and one from the father. The 

combination of the alleles makes the genotype. If that locus contains a SNP 

(e.g., alleles C and T), a person is either homozygous for the major allele (most 

common, C/C), heterozygous (C/T), or homozygous for the minor allele (rare 

allele, T/T). In a large ideal population free of selection, genetic drift, or 

environmental pressure, the SNP genotype frequencies in a population should 
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be at Hardy–Weinberg equilibrium (HWE) following the Mendel’s law of 

independent segregation, 

 
(1)                                                     𝑝2 + 2𝑝𝑞 + 𝑞2 = 1 , 

where p2 is the frequency of the minor allele homozygotes, 2pq is for 

heterozygotes, and q2 is the frequency of the major allele homozygotes. Minor 

allele frequency (MAF) is a common term in genetics and defines the 

frequency of the rare (minor) allele. A SNP is typically defined as a common 

SNP when the MAF is ≥ 5%. Between human populations, MAFs may differ 

due to migration, genetic drift, population bottlenecks, and natural selection. 

The smallest structural differences between human genomes are insertions or 

deletions (indel) of one or a few nucleotides. Copy number variation (CNV) is 

a repetitive structural difference. The repeating sequence length may vary 

from bi- and trinucleotides (e.g., GAGAGA…) to thousands of nucleotides. 

Short tandem repeats contain <7 bp repeating sequences and a variable 

number of repeats between individuals. These loci are called microsatellites, 

and they have been used as an easy tool to genetically identify individuals. 

Larger structural differences, which are possibly even visible when 

karyotyping the chromosomes under the light microscope, are chromosomal 

deletions (part of chromosome missing), duplications, inversions 

(chromosome segment turned from 5'–3' to 3'–5' direction), substitutions 

(segment from one chromosome is deleted and inserted into the other), and 

translocations (two different chromosomes exchanging a DNA segment, often 

at the end of chromosomes). Depending on the site of occurrence, these 

changes can be tolerated or lethal. 

Chromosome number variation, usually during embryogenesis, leads to 

termination of the pregnancy. A few tolerated chromosome number variations 

are the triplication of chromosome 21 that causes Down syndrome, the 

triplication of chromosome 13 that causes Eduard syndrome, and sex 

chromosomal duplications or triplications that result in mild to severe 

disorders. 

The consequences of SNPs and indels are location-dependent. In exons, a 

non-synonymous substitution changes the codon and results in an amino acid 

change in the protein (missense mutation) or creates a premature stop codon 

(nonsense mutation, FIGURE 4). Deletions or insertions in exons may change 

the reading frame causing a wrong amino acid sequence in the final protein 

and/or premature translation termination. Outside exons, SNPs may alter 

transcription factor binding affinity, affect intron splicing, protein binding to 

enhancers, or RNA polymerase binding. When located at the gene promoter 

or other regulatory regions, CNVs may also have an effect on the gene 

expression regulation, but less is known about the role of these repetitive 

sequences. 

One source of changes in the DNA, mutations, is the DNA polymerase 

enzyme that makes errors during DNA replication at a rate of one mistake per 
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107 nucleotides. Although many DNA polymerases do proofreading and a cell 

has mismatch repair proteins, some mutations remain [McCulloch and Kunkel 

2008]. External causes of mutations are, for example, chemicals and 

electromagnetic radiations with a wavelength shorter than that of visible light, 

such as ultraviolet light and X-rays. An important evolutionary aspect is 

whether these mutations occur in somatic cells and, therefore, are not 

transmitted to later generations or whether they emerge in gametogenesis 

when the offspring may inherit them. Large structural changes like 

duplications and translocations usually originate from problems of meiosis in 

gametogenesis, when replicated sister chromatids (one from the mother, one 

from the father) exchange genetic material at crossing over, and a different set 

of haploid chromatids end up in the sperm cell or oocyte. 

Biologically, all these changes are not errors or mistakes, but they are 

crucial. Mutations and rearrangements in the genome create variability in 

phenotypes of living organisms and enable adaptation and evolution. 

 Telomeres 

The chromosome end is a repetitive DNA that is thousands of nucleotides long, 

named telomere. The repeat sequence is TTAGGG, which, in vertebrates, is 

followed by a 50–300 bp long single-stranded overhang. The single-stranded 

DNA folds back to form a t-loop structure protecting the chromosome ends 

from degradation and chromosome end-joining. A special protein complex, 

shelterin, helps to maintain the telomere structure [de Lange 2005] (FIGURE 
5). Although this is not shown in the figure, some of the shelterin proteins 

interact inside the t-loop. The telomere length is approximately 11 thousand 

base pairs (kb) at birth but shows an individual variation [Okuda 2002]. 

Telomeres shorten by aging, and in men, the telomere-shortening rate is 

higher than in women [Barrett and Richardson 2011]. Interestingly, genetic 

variants also control the telomere length [Li 2020]. Critically short telomeres 

are recognized, and the cell undergoes replicative senescence. The cell 

experiences functional changes in a senescent state and will no longer divide 

[Campisi 1996]. This cell proliferation arrest is one tumor suppressor 

mechanism that prevents old cells from becoming cancerous and immortal. 

Telomeres naturally shorten because of the end-replication problem. After 

the removal of the RNA primer at the 5' end of the lagging strand, this 

sequence remains non-replicated, and thus, the telomeres shorten by 100–

200 nucleotides at each cell division. Although telomeres generally shorten in 

cell divisions, the telomerase enzyme and a mechanism termed alternative 

lengthening of telomeres (ALT) can lengthen the telomeres [Greider and 

Blackburn 1989; Cesare and Reddel 2010]. Telomerase is activated in stem 

cells such as hematopoietic progenitor cells and detectable at low levels in 

differentiated B and T cells [Hiyama 1995]. Telomerase studies hope to reveal 

the secrets of immortal cells and eternal life. Still, telomerase’s activation in 

cancer cells shows the danger of forever-dividing cells that never become 

senescent. 
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FIGURE 5. Telomere forms a t-loop at the chromosome end. Proteins in the shelterin complexes help 
to maintain the structure. 

 Hyperglycemic memory 

A phenomenon that describes the cumulative risks of long diabetes duration 

and exposure to high glucose concentrations is called hyperglycemic memory, 

metabolic memory, or legacy effect. The follow-up study of the landmark 

DCCT, EDIC, proved the detrimental effects of past hyperglycemia [Writing 

Team for the DCCT/EDIC Research Group 2002]. In EDIC, even though the 

HbA1c values of the intensively treated group merged to similar levels as in the 

conventional treatment group (∼8% [64 mmol/mol]), those individuals 

continued to have a reduced incidence of diabetes complications. Individuals 

in the conventionally treated group, in contrast, continued to have a 

significantly higher incidence of micro- and macrovascular complications. 

Thus, EDIC showed the concept of hyperglycemic memory. 

 Hyperglycemia modifies the epigenome 

How does the body memorize past hyperglycemia? One explanation seems to 

be epigenetic alterations [Pirola 2010]. Epigenetic information is not directly 

coded in the DNA sequence, but it is added on top of it. In Greek, epi- means 

“outside of, around.” Like the genomic sequence, epigenetic signatures are also 

transferred to daughter cells in somatic cell divisions. Histone proteins in 

nucleosomes have long N-terminal tails that are either tightly or loosely 

wrapped around the DNA. Looser DNA-nucleosome conformation with “right” 

epigenetic marks makes the DNA sequence more available for the 

transcription machinery, enables binding of transcription factors to the gene 

promoter, or reveals enhancers-regions to proteins (activators). Lysine (K) 

and arginine (R) amino acid residues at the histone N-terminal tails especially 

are subject to varying epigenetic modifications: methylation, acetylation, 
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ubiquitination, and phosphorylation as well as the reverse: demethylation, 

deacetylation, de-ubiquitination, and dephosphorylation. 

Histone 3 (H3) lysine 9 (K9) tri-methylation (me3, addition of three –CH3) 

is one epigenetic signature associated with metabolic memory. H3K9me3 is a 

signal of transcriptional repression. A study in vascular smooth muscle cells of 

db/db mice (an animal model for T2D) measured decreased H3K9me3 at key 

inflammatory gene promoters, and the decrease of this mark resulted in an 

increase in inflammatory gene expression [Villeneuve 2008]. More 

specifically, this study found decreased occupancy of histone 

methyltransferase Suv39h1 (Suppressor of variegation 3-9 homolog 1, symbol 

SUV39H1 in humans). After Study II publication, H3K9me3 was shown to be 

decreased in hyperglycemia in macrophages with a concurrent decrease of 

expression of histone methyltransferases SUV39H1, SUV39H2, SETDB1, and 

G9A. More importantly, this decrease was accompanied by an increase in the 

expression of inflammatory cytokine genes such as IL-6 [Li 2016]. Another 

epigenetic alteration, acetylation at the same H3 Lysine 9 (H3K9Ac), is gene-

expression activating. This marking was increased in the inflammatory gene 

promoters in monocytes of individuals in the conventional treatment group 

(higher glucose burden) in the DCCT study [Miao 2014]. 

Another gene-expression activating epigenetic signature is H3K4me1. 

Experimental evidence in aortic endothelial cells in vitro and in nondiabetic 

mice in vivo showed that even transient (16 hours) hyperglycemic spikes 

caused Set7 (SET domain-containing (lysine methyltransferase) 7, SETD7 in 

human) mobilization and increased H3K4me1 at the nuclear factor-κB (NF-

κB) subunit p65 gene promoter [El-Osta 2008]. NF-κB is a key transcription 

factor in inflammation. Thus, the study by El-Osta and coworkers was among 

the first studies to show that the link from hyperglycemia to inflammatory 

gene activation may function through epigenetics. Furthermore, these 

connections between hyperglycemia, epigenetics, and inflammation are 

relevant for their likely causative role in complications of diabetes. Whether 

the genetic variability in the histone methyltransferases is associated with the 

susceptibility to the complications of diabetes is unknown. 

DNA methylation is another important epigenetic signature. DNA 

methyltransferase family enzymes are able to add a methyl group only to the 

cytosine (C) base at cytosine-guanine dinucleotide (CpG). CG-islands are CpG-

rich DNA sequences often found near gene promoter regions, and they affect 

gene transcription activity. DNA methylation is generally associated with gene 

expression repression, but the true effect is always location-dependent. More 

importantly, an additional study in the DCCT/EDIC cohort proved that 

metabolic memory is partly explained by persistent DNA methylation changes 

in whole blood and monocytes [Chen 2016]. 
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2.3 Genetic variation in polygenic diseases and phenotypes 

 Telomere length measurement 

Ideally, telomere length would be measured from the cells or tissue of interest. 

Accessing relevant tissues (e.g., pancreas, kidney) may be difficult or 

impossible, and therefore most studies have measured telomere length from 

leukocytes (white blood cells). It is still unclear how well the leukocyte 

telomere length correlates with the telomere length in peripheral tissues; the 

results from small studies are contradictory [Friedrich 2000; Dlouha 2014]. 

The two most common laboratory methods to measure telomere length are 

based on Southern blotting [Kimura 2010] and quantitative polymerase chain 

reaction (qPCR) [Cawthon 2009]. Other possible methods are quantitative 

fluorescence in situ hybridization, shortest telomere length analysis, and 

single telomere length assay. Southern blot was long a gold standard method 

that measures the average terminal restriction fragment (TRF) length from a 

smear of all sizes of telomeres and a part of the subtelomeric sequence. 

Nowadays, the most common method for measuring telomeres is based on 

quantitative polymerase chain reaction (qPCR) that gives relative telomere 

length T/S by comparing the telomere signal (T) to a single-copy gene signal 

(S). 

 Telomere length in T1D and in diabetic nephropathy 

A broad spectrum of diseases including cancer and CVD is associated with 

short telomere length. Compared to non-diabetic controls, the telomere length 

in white blood cells [Jeanclos 1998] and mononuclear cells (lymphocytes and 

monocytes), as well as in the arterial cells of individuals with diabetes, is 

shorter [Uziel 2007]. Poor glycemic control seems to speed up the telomere 

attrition both in adults ([Rosa 2018], T2D) and in children with type 1 diabetes 

[Tesovnik 2018]. Oxidative stress may be one mechanism speeding up the 

telomere shortening. 

Prior to Study I, no single study had examined the association between 

telomere length and DN in T1D. In men with T2D, shorter leukocyte TRF was 

associated with microalbuminuria [Tentolouris 2007], and markers for 

cellular senescence had been found in the kidneys of individuals with T2D 

[Verzola 2008]. In the same study, high glucose concentration induced both 

senescence and shorter telomeres in vitro in proximal tubular cells. There was 

a gap in knowledge in the relationship between telomere length and 

progression of DN, especially in T1D. 

After the year 2010 (after Study I), researchers studying a Danish T1D 

cohort measured similar leukocyte telomere length in individuals with or 

without albuminuria, but during follow-up, shorter baseline telomere length 

predicted all-cause mortality [Astrup 2010]. In T2D, both cross-sectional and 

longitudinal studies have thereafter shown the association between short 

leukocyte telomere length and DN [Cañadas-Garre 2019]. 
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 Studying genetic difference 

One mutation can have a strong effect on the phenotype and even cause a 

disease (monogenic disease). Complex diseases like T1D and DN, however, are 

polygenic in origin, meaning that multiple genes and genetic variants affect 

the disease susceptibility. In polygenic diseases, one genetic variation (e.g., 

SNP) has only a tiny effect, and the total genetic risk for the disease is the sum 

of the impact of all the risk alleles. 

Genetic studies of diseases (both monogenic and polygenic) often have a 

case-control-setting, meaning, comparison of disease carriers (cases) with 

non-disease carriers (controls). The case-control setting assumes the 

phenotype to be qualitative. 

Many earlier genetic studies have used a candidate gene approach, where 

the researchers focus on a target gene (candidate gene) they suspect to be 

involved in the disease risk. Genetic differences (between cases and controls) 

are then studied only in the small susceptibility region of the genome. In a 

case-control setting, the association test may be a simple χ2-test examining the 

allele frequency differences between the cases and controls. 

Genome-wide approaches study the whole genome, and commonly used 

methods are family-based linkage analysis and association analysis [Visscher 

2017]. Linkage analysis traces the linkage of a marker (e.g., SNP) and the trait 

in families, whereas association analysis is a test that evaluates the association 

between marker genotype frequencies cases vs. controls or the phenotype 

(mean) values in different genotype carriers. The first genome-wide studies 

used microsatellites (tandem repeat regions) in the genome to find a disease-

associated linkage peak on a chromosome. Often those association peaks span 

through hundreds of genes urging for more detailed analysis. 

 

Genome-wide association study (GWAS) is an association analysis of 

up to millions of variants across the whole genome. As a statistical test, it is 

often a simple linear regression (continuous dependent variable) or logistic 

regression (binary dependent variable, case-control status) analysis with one 

SNP at a time and with appropriate covariates. After the completion of the 

human genome sequencing initiative in 2003 [International Human Genome 

Sequencing Consortium 2004] and the first published results in 2005 from 

The International HapMap Project, which concentrated on genetic differences 

and linkage disequilibrium in different populations (YRI = Nigerian, CEU = 

Utah residents of northern and western European ancestry, JPT = Japanese, 

and CHB = Han Chinese) [International HapMap Consortium 2005], GWAS 

started to become a common method to study complex disease genetics. 

Today, a public GWAS Catalog at https://www.ebi.ac.uk/gwas/ contains 

results from GWAS 4,892 publications on February 25, 2021. 

Whole-genome sequencing (WGS). Due to technological developments, 

sequencing of the whole human genome (reading every base pair) is no longer 

a 10-year-long task like the first human genome sequencing initiative, but the 
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sequence is ready for subsequent analysis in a couple of days. WGS finds rare 

variants, and the association analysis in WGS can be similar to GWAS, or a 

gene burden-test that combines the effects of multiple rare functional variants. 

In complex diseases, we often assume additive genetic effects for SNPs, 

meaning that the effect of two alleles on the trait is two times the effect of one 

allele. Some SNPs, however, have alleles that have dominant effects, where the 

presence of one single allele makes the change in the phenotype. The effect of 

alleles may also be recessive when one allele has no effect and only two copies 

of the effect allele manifest the phenotype. Due to the Finnish population 

history with a small founder population (population bottleneck), isolated 

inhabitance, and only little migration from other populations, Finns carry 

their own set of severe rare recessive diseases called the Finnish disease 

heritage [Norio 2003]. 

 Interpretation of genetic association 

GWAS on quantitative traits uses linear regression, where the magnitude of 

the association is measured by effect size (Beta) and its standard error (SE). 

For example, if an association between height (cm) and a SNP has a Beta = 

0.25, this would imply that one effect allele increases the height by 0.25 cm if 

we assume an additive genetic effect. Because of potential phenotype 

transformations, the interpretation of the effect sizes is not always 

straightforward. 

In statistical testing, we reason whether we can reject the null hypothesis 

(H0: no difference) based on the observed data we have. In a single hypothesis 

testing, the commonly used significance level is α = 5% (P value threshold of 

0.05), which means that the probability of getting the result we see, when the 

null hypothesis holds, is only 5%. Therefore, we are ready to reject the null 

hypothesis and accept the alternative (H1: there is a difference). This also 

means that in 5 out of 100 hypotheses tested, our result may be a false positive 

(Type I error = incorrect rejection of the null hypothesis). 

In a GWAS, the same statistical test is applied to millions of genetic variants 

(millions of hypotheses tested). Multiple testing increases the number of false 

positives, and with 10,000,000 tests and α = 5%, already 500,000 results 

(10,000,000 × 0.05 = 500,000) may be false positives. Using the Bonferroni 

correction (αBonf = 0.05 / ntests) [Bonferroni 1935], one can overcome this 

problem, but it is over-conservative [Balding 2006] because the Bonferroni 

correction does not take the LD between the tested SNPs, i.e., non-

independence of tested hypotheses, into account. The estimated number of 

independent SNPs in European population is 1,000,000 [McCarthy 2008], 

which has set the commonly accepted genome-wide significance threshold to 

P = 5×10–8 (0.05 / 1,000,000). 
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 Type 1 diabetes genetics 

Twin studies provide good estimates of disease heritability and the 

contribution of genetics to the disease. In T1D, 43% of Finnish monozygotic 

(MZ, similar genomes) twins with T1D had a co-twin with the same disease 

[Hyttinen 2003], and eventually, 65% of MZ twins with a co-twin with T1D 

seemed to develop T1D by the age of 60 [Redondo 2008]. In addition, children 

with a first-degree family member with T1D have a 5% risk of developing T1D, 

compared to the 0.3% risk among those without an affected family member 

[Bonifacio and Ziegler 2010]. T1D is a polygenic disease where variability in 

many genes affects the disease onset. In the last ten years, researchers have 

discovered over sixty loci in the genome that together explain almost 80% of 

the disease heritability [Barrett 2009; Onengut-Gumuscu 2015]. 

The role of the human leukocyte antigen (HLA) region for the T1D 

susceptibility was already recognized 50 years ago [Singal and Blajchman 

1973]. The HLA region on chromosome 6 (hg19, Grch37 chr6:28,477,797–

33,448,354) also named major histocompatibility complex (MHC) region 

accounts for 40% to 50% of the genetic susceptibility to T1D [Noble and Valdes 

2011]. HLA is the most variable genomic region that contains ~250 genes, 

most of which are immunity-related [Shiina 2009]. This region is divided into 

class I, class II, and class III, of which the HLA class II genes DRB1, DQA1, and 

DQB1, as well as DPA1 and DPB1, are the most important for T1D susceptibility 

(FIGURE 6). These genes encode for the MHC class II proteins HLA-DR, HLA-

DQ, and HLA-DP that are cell surface receptors composed of an alpha (e.g., 

DQA) and a beta chain (e.g., DQB) expressed mainly in antigen-presenting 

cells (B-cells, dendritic cells, and macrophages). Peptides from proteins bind 

to these receptors and act as ligands for T-cell receptors on helper T-cells 

(CD4+), and a strong contact may initiate an immune reaction. 

 

 
FIGURE 6. HLA region on chromosome 6 with examples of genes located in the class I, II, and III regions. 
*Genes that may contain alleles found in the haplotype conferring the highest genetic risk for T1D. 
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In the HLA region, not only the genotype at the particular position, but the 

combination of genotypes, haplotype, determines the disease risk. The highest 

T1D risk is found in individuals with the DR3-DQ2 / DR4-DQ8 haplotype 

combination (diplotype) [Hermann 2003; Ilonen 2016; Noble and Valdes 

2011]. The exact risk alleles at these haplotypes are DRB1*03:01-DQA1*05:01-

DQB1*02:01 for DR3-DQ2 and DRB1*04:01/02/04/05/08-DQA1*03:01-

DQB1*03:02/04 for DR4-DQ8. Nearly 22% of all individuals with T1D in 

Finland carry this high-risk diplotype [Ilonen 2016]. While some HLA 

haplotypes associate with higher disease risk, some are protective – e.g., 

DRB1*15:01-DQA1*01:02-DQB1*06:02 [Pugliese 2016]. 

HLA class II genes DR, DQ, and DP, as well as HLA class I genes A, B, and 

C are homologous cell-surface receptors. The HLA class I genes encode for 

MHC I-type receptors expressed on cell surfaces of many cell types. These 

receptors bind peptides derived from proteins (antigens) and show them to 

cytotoxic CD8+ T-cells that also have specific T-cell receptors (TCRs) 

recognizing only certain MHC I–antigen combination. The idea is that if a 

virus infects the cell, some CD8+ T-cell would recognize the MHC I–virus–

antigen combination and start killing the infected cell. In the pathogenesis of 

T1D, this process of reacting only to non-self-antigens is impaired. Both HLA-

A and HLA-B genes contain strong T1D risk alleles (e.g., HLA-A*24:02 or 

HLA-B*39) that increase the disease risk independent of DR and DQ-

haplotypes [Howson 2009]. 

Beyond HLA, the genomic regions imposing the highest T1D risk are 

chr11p15.5; INS (insulin) [Bell 1984; Julier 1991], chr2q33; CTLA4 (cytotoxic 

T-lymphocyte-associated protein 4), chr1p13; PTPN22 (Protein tyrosine 

phosphatase, non-receptor type 22), and chr10p15; IL2RA (Interleukin-2 

receptor alpha) [Pociot 2010]. How the genetic variability in or near these 

genes may affect the pathogenesis of T1D is already quite well understood 

[Pociot 2010]. For example, a variable tandem repeat region near INS affects 

the gene expression levels in the thymus, where the T-cells encounter self-

proteins and become self-tolerant (as those reacting to “self” proteins are 

guided to cell death). The other genes encode proteins mainly involved in the 

inhibition of the T-cell response: CTLA4, present on the surface of T-cells, is a 

co-receptor that downregulates the immune response and T-cell activation. 

LYP encoded by PTPN22 inhibits excess T-cell activation through its 

dephosphorylating activity. The interleukin 2 receptor alpha-subunit, known 

as CD25, is expressed in cells such as naive regulatory T-cells and activated 

monocytes, and it suppresses T-cell activity.  

Today, large consortia and meta-analysis of multiple T1D GWAS’ have 

increased the number of T1D risk loci to over sixty [Barrett 2009; Onengut-

Gumuscu 2015]. Although more genetic loci remain to be found in even larger 

datasets or different populations, the genetic basis for T1D is so well-known 

that genetic risk scores (GRS, a sum risk allele effects) distinguish small 

infants at the highest genetic risk. The most recent GRS2 combined the genetic 

complexity of the HLA region with non-HLA variants, and it appeared that the 
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GRS2 could already be used in newborn T1D-risk-screening [Sharp 2019]. 

Genotyping only the most critical T1D HLA risk locus alleles or haplotypes 

have already successfully identified individuals at the highest genetic risk for 

T1D. Still, for the most accurate screening, this score combining the HLA 

region risk loci with the non-HLA region variants is likely more efficient. 

T1D susceptibility loci often co-locate with other immune- and autoimmune 

disease loci such as celiac disease, rheumatoid arthritis, systemic erythema 

lupus, ulcerative colitis, and asthma [Cho and Feldman 2015]. As expected, 

T1D risk loci also seem to be enriched in enhancers active in the thymus, T-

cells, B-cells, and CD34+ hematopoietic stem cells [Onengut-Gumuscu 2015]. 

The variety of autoantibodies found at the time of the disease diagnosis 

show the disease heterogeneity in T1D. Additionally, some T1D risk 

polymorphisms seem to associate with the presence of a particular 

autoantibody at the time of T1D diagnosis, but not the other. For example, the 

T1D risk allele of a SNP close to INS gene was associated with insulin 

autoantibody (IAA) positivity, whereas the T1D risk allele at a SNP in IKZF4 

was associated with the absence of IAA [Lempainen 2013]. Further, a study in 

a Swedish cohort showed that the T1D risk among the PTPN22 T1D risk allele 

carriers and glutamic autoantibody positive (GADA) individuals was higher 

than that of the GADA negative individuals, and this association was further 

modified by the HLA risk category [Maziarz 2010]. However, this association 

remained non-replicated in a genome-wide association study in the Type 1 

Diabetes Genetic Consortium that reported other significant or suggestive 

SNP–autoantibody associations [Plagnol 2011]. These studies aiming to 

subgroup individuals with T1D acknowledge the disease heterogeneity, a 

concept recently named endotypes of T1D [Battaglia 2020]. Possible clinical 

and other features that may differ between endotypes of T1D include genetic 

risk loci, environmental triggers, autoantibodies, the rate of beta cell mass 

decline, age at diagnosis, and residual insulin production, to name a few. 

The age at T1D onset differs, and the HLA locus haplotypes confer the 

highest risk of early-onset disease [Valdes 2012]. Of the non-HLA loci, T1D 

risk SNPs in or near RNLS (Renalase) and IL2 (Interleukin 2) first proved the 

age-at-diagnosis effects [Howson 2012]. A region on chromosome 6 near 

genes PTPRK (Protein Tyrosine Phosphatase Receptor Type K) and THEMIS 

(Thymocyte selection associated) has also shown to increase T1D risk, 

especially in children before the age of five [Inshaw 2018]. More recently, T1D-

associated SNPs close to GLIS3 (GLIS family zinc finger 3), IL2RA 

(Interleukin-2 receptor alpha, alias CD25), IL10 (Interleukin 10), CTSH 

(Cathepsin H), and IKZF3 (IKAROS family zinc finger 3) were shown to confer 

T1D risk especially in children with T1D onset below the age of seven [Inshaw 

2019]. The IKZF3 locus has shown diagnosis-age effects also in a Japanese T1D 

cohort [Ayabe 2016]. Additionally, a Finnish cohort with cases with late-onset 

T1D (onset age from 15 to 40) tested the T1D association of the five T1D risk 

regions: CTLA4, INS, PTPN22, IFIH1, and IL2RA. They showed that SNPs in 

INS, PTPN22, and IFIH1 were significantly associated with T1D, and two 
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independent SNPs in IL2RA were associated with T1D diagnosis age in their 

late-onset cohort [Klinker 2010]. Some of the genes mentioned above seem to 

function in lymphocyte development or beta cells, but their exact role in the 

pathogenesis of T1D remains unknown. 

These earlier genetic studies that have studied genetic factors affecting the 

age-at-diagnosis of T1D have, first, concentrated on the previously known T1D 

risk loci [Klinker 2010; Howson 2012; Inshaw 2019], used a targeted 

genotyping chip (Immunochip containing immunity-related pre-selected 

variants) [Inshaw 2018], or compared a priori selected age-groups [Inshaw 

2019]. More extensive genome-wide analyses might unveil additional age-at-

dignosis-associated genomic loci. 

 Genetics of microvascular complications 

DN is an inherited disease with a clear clustering in families [Seaquist 1989; 

Borch-Johnsen 1992]. In Finnish individuals with T1D, the 25-year cumulative 

incidence of DN was 43% in siblings of probands with DN and as high as 58% 

in siblings of probands with ESRD, whereas the cumulative risk of siblings 

without a proband with DN was 25% [Harjutsalo 2004]. Additionally, the high 

trait heritability of 35% (h2, narrow-sense heritability) suggests a significant 

genetic component [Sandholm 2017]. 

Over the years, candidate gene studies have found a couple of interesting 

associations. For example, a promoter polymorphism at the EPO gene was 

shown to increase the risk of DN and DR [Tong 2008]. This gene encodes for 

erythropoietin, a hormone secreted from the kidneys in response to hypoxia. 

None of the previously found candidate gene associations replicated, however, 

in a GWAS meta-analysis of 2,843 individuals performed in the year 2017 

[Sandholm 2017], suggesting that many of the previous candidate gene studies 

represented false positive signals. The largest genetic study effort so far is the 

JDRF Diabetes Nephropathy Collaborative Research Initiative (JDRF-

DNCRI). With up to 19,406 individuals with T1D and of European origin, the 

authors could show the involvement of a SNP close to a collagen pathway gene 

COL4A3 in the diabetic kidney disease (DKD) risk. This study tested different 

combinations of albuminuria and kidney function (eGFR) stages as a DKD 

phenotype (cases in a case-control analysis). In other studies, the SNP 

rs1564936 close to GLRA3 (Glycine Receptor Alpha 3) was associated with 

AER (as a continuous trait) [Sandholm 2014], and rs4972593 near the Sp3 

transcription factor gene was associated with ESRD only in women [Sandholm 

2013]. 

In DR, several candidate gene studies, as well as many small GWASs (< 

3,000 cases) have been performed in many populations, but these studies have 

yielded mostly suggestive results only [Dahlström and Sandholm 2017]. 

Interestingly, the DR risk allele of a variant at the EPO gene promoter was 

shown to be associated with an increased EPO concentration in the vitreous 

body of the eyes [Tong 2008]. A linkage study followed by sequencing efforts 

conducted in the Finnish Diabetic Nephropathy (FinnDiane) Study cohort 
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revealed DR-associated non-synonymous variants (alter amino acid sequence) 

in a calcium channel gene CACNB2 (Calcium voltage-gated channel auxiliary 

subunit beta 2) [Vuori 2019]. 

The microvascular complications of diabetes share the same predisposing 

clinical factors, namely high blood glucose, high cholesterol, and high blood 

pressure. It is good to keep in mind that genetic variants may affect these risk 

factors, which then, as a secondary phenomenon, increase the risk of 

microvascular disease susceptibility. Additionally, the risk genes are not 

necessarily expressed in the target tissue, such as the retinal cells or the 

kidney. For example, although eGFR-associated genetic variants are mainly 

enriched in DNA that is open for gene expression in the kidneys [Pattaro 

2016], some risk variants may affect the protein expression only in other cell 

types, such as immune cells that then associate with the decline of kidney 

function through increasing inflammation. 

 Genetics of hemoglobin 

Some genetic variants in the hemoglobin gene cause diseases. The most 

common and well-known disease is the sickle-cell disease that is caused by 

mutations in the beta-globin gene HBB on chromosome 11. A clear 

characteristic of this disease is the red blood cells that, instead of being 

biconcave disks, have the shape of a sickle. The disease phenotype varies 

according to the inherited two recessive mutations. Sickle cell disease is 

common in tropical regions such as sub-Saharan Africa, India, and the Middle 

East, but in Finland, the disease is nearly absent [Roberts and de 

Montalembert 2007]. Thalassemia is another group of hemoglobin disorders 

characterized by lower hemoglobin concentration in the blood. Genetic 

variants affecting the alpha-globin structure cause alpha thalassemia, and the 

corresponding disease of beta-globin is beta thalassemia. These diseases 

manifest with different severity and are relatively common throughout the 

world, especially outside Europe. The incidence of thalassemia in the Finnish 

population is low [Kattamis 2020]. 

In addition to severe disease-causing mutations, several common variants 

affect hemoglobin. Large GWAS meta-analyses have studied many aspects of 

hemoglobin such as hematocrit (hemoglobin-containing fraction of blood), 

mean corpuscular hemoglobin (MCH: the amount of hemoglobin in the red 

blood cell), MCH concentration (MCHC: hemoglobin concentration divided by 

hematocrit), and these studies have found over hundred associated genomic 

loci [Van Der Harst 2012; Hodonsky 2017; Chen 2020]. 

The same variants that affect the hemoglobin or red blood cell survival may 

also affect the glycated hemoglobin levels. Additionally, variants affecting 

glucose metabolism may also affect HbA1c. The largest multi-ethnic genetic 

HbA1c study in 159,940 non-diabetic individuals classified their top HbA1c-

associated loci according to the scientific evidence related to the top SNPs into 

erythrocytic (n = 22), glycemic (n = 19), or variants with unknown biological 

function (n = 19) [Wheeler 2017]. Their study confirmed 18 of the previously 
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found loci, including variants affecting erythrocytes in hemochromatosis 

(HFE) [Soranzo 2009; Soranzo 2010] and hexokinase (HK1) genes [Paré 

2008], and found 42 additional variants. An important finding with a likely 

clinical impact was a non-synonymous X-chromosomal variant G202A 

(rs1050828) in a gene coding for glucose-6-phosphate dehydrogenase 

(G6PD). G202A allele is present at a markedly higher frequency in African-

Americans (11% vs. absent in Europeans) and lowers the red blood cell survival 

and HbA1c. Because HbA1c levels in G202A carriers do not reflect the actual 

(and possibly high) blood glucose concentrations, this variant alone may cause 

2% of the T2D cases in African-Americans undiagnosed [Wheeler 2017]. In 

individuals with T1D, a GWAS on HbA1c in individuals from DCCT/EDIC study 

pointed towards a SNP close to the SORCS1 gene, and the same SNP was 

associated with the mean blood glucose [Paterson 2010]. 

This largest and only GWAS for HbA1c in T1D comprised ~1,300 individuals. 

Therefore, only including more individuals in the analysis could possibly 

reveal additional HbA1c-associated loci also in T1D, where the phenotype is 

clearly more variable than in the general population. 
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3 Aims 
 

The aim of this thesis was to study the association between variations in the 

human genome with respect to the complications of diabetes as well as 

phenotypes that increase the complication risk. Four independent studies had 

specific research questions: 

 

I  Do individuals with DN have shorter leukocyte telomere length, 

and can short telomere length predict the progression of diabetic 

nephropathy? 

II  Given that specific epigenetic marks change upon hyperglycemic 

stimulus, is genetic variability in three specific histone 

methyltransferases associated with microvascular complications 

of diabetes? (Candidate gene approach) 

II  Are genetic variants associated with glycated hemoglobin values 

in individuals with T1D? (GWAS approach) 

IV  Diabetes onset age varies; can we find additional variants and 

genes that are associated with the T1D diagnosis age? (meta-

GWAS approach) 
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4 Materials and Methods 

4.1 Study design 

Study I included 132 individuals with T1D and 44 controls without T1D. We 

grouped individuals with T1D according to albuminuria. The aim was to 

compare leukocyte telomere length in T1D and in non-diabetic controls and 

between individuals with different degrees of albuminuria. With longitudinal 

clinical data on diabetic nephropathy status progression, we further studied 

whether telomere length could predict the progression of diabetic 

nephropathy. 

Study II was a candidate gene study that had a case-control setting. We 

compared allele frequencies of genetic variants at three histone 

methyltransferase genes between cases (DN, DR, or CVD) and controls. This 

study included 2,991 individuals in the discovery cohort (FinnDiane) and two 

additional T1D cohorts for the replication of the top variants (FIGURE 7). 

 

 
 

FIGURE 7. Candidate gene study design (Study II) 
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Study III comprised a GWAS for HbA1c consisting of one discovery cohort 

(FinnDiane, n = 4,622 individuals) and five replication cohorts (total n = 

3,097). The flow chart in FIGURE 8 describes the study in further detail.

 
FIGURE 8. The outline of the genome-wide association study for HbA1c (Study III). The figure has 
previously been published in Diabetes [Syreeni 2019] and is reprinted with the permission of the 
copyright owners.

 

Study IV utilized a GWAS meta-analysis approach to study the genetics of age 

at diabetes diagnosis: the association results from three independent GWASs 

performed in the FinnDiane (n = 5,162), the Genetic Resource investigating 

Diabetes UK (UK GRID, n = 5,901), and the Sardinian cohort (n = 1,476) were 

combined in a meta-analysis. Additional analyses included tissue enrichment 

analysis, i.e., annotation of SNPs to open chromatin regions in different cell 

types, and transcription-wide association analysis (FIGURE 9). 
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FIGURE 9. Study design of a genome-wide association study meta-analysis for T1D diagnosis age 
(Study IV). The figure has previously been published in supplementary material in Journal of Internal 
Medicine [Syreeni 2020] under the CC BY-NC-ND 4.0 license and is reprinted with permission. 
Modifications: Boxes in the upper row moved slightly.
 

The ethics committees of all participating cohorts approved the study 

protocols in Studies I–IV. The protocols follow the Declaration of Helsinki and 

each individual participating in the study cohorts provided written informed 

consent prior to participation. 

4.2 Study cohorts 

 The FinnDiane Study 

The FinnDiane Study was launched in 1997 to study the complications of T1D. 

To date, over 8,000 individuals have participated in the study at 93 study 

centers (university hospitals, central hospitals, district hospitals, and health 

care centers) across Finland. FinnDiane is a still ongoing prospective study 

that invites study participants to follow-up visits. At each visit, all study 

participants are thoroughly characterized by the attending physician and the 

study nurses. Clinical measures are taken, blood samples are drawn, and the 

participants complete a number of questionnaires about their health, 

psychological factors, lifestyle factors, diet, and physical activity. Summary of 

the data of individuals included in the Studies I–IV is presented in TABLE 3. 
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 Other cohorts 

STUDY II. Seven top variants in the histone-methyltransferase genes 

examined in Study II were genotyped in two additional T1D cohorts from 

Steno Diabetes Center (Steno) and All Ireland/Warren 3/Genetics of Kidneys 

in Diabetes (GoKinD) UK study. 

Steno — Steno Diabetes Center in Copenhagen recruited Danish individuals 

with T1D. From the Steno cohort, three partly overlapping phenotypes were 

used in a case-control setting. Altogether, 452 individuals had DN (cases, 

macroalbuminuria or ESRD), and 432 had normal AER and duration of 

diabetes ≥ 15 years (controls) (TABLE 4). Retinopathy classification was nil, 

simplex, or proliferative retinopathy, and the cases were those with 

proliferative retinopathy (n = 416) and the controls had no retinopathy (nil, n 

= 159). The number of individuals with cardiovascular events (stroke or 

myocardial infarction) was 57, while 172 were classified as controls (normal 

AER, age ≥ 45 years). 

TABLE 4. Replication cohort in Study II: Steno Diabetes Center cohort characteristics 

 

Steno Diabetes Center cohort 

Nephropathy Retinopathy 

Cases Controls Cases Controls 

n 452 432 416 159 

Men, n (%) 60.8 53.2 56.0 49.7 

Age (years) 45.3 ± 11.5 42.0 ± 10.4 44.5 ± 11.1 44.9 ± 11.7 

Age at diabetes diagnosis (years) 13.7 ± 8.2 17.4 ± 8.8 13.5 ± 8.1 18.6 ± 9.3 

Diabetes duration (years) 28.3 ± 8.8 27.9 ± 10.0 31.0 ± 8.7 26.3 ± 10.8 

HbA1c (%) 9.4 ± 1.5 8.4 ± 1.1 9.2 ± 1.0 8.2 ± 1.4 

HbA1c (mmol/mol) 79 ± 16 68 ± 12 77 ± 11 66 ± 15 

Systolic blood pressure (mmHg) 144 ± 22 134 ± 19 145 ± 21 130 ± 17 

eGFR (mL / min / 1.73 m2) 78 ± 32 102 ± 15 80 ± 30 104 ± 13 
Nephropathy (macroalbuminuria / 
ESRD) n (%) 

428 (94.7) /  
24 (5.3) 0 (0) 280 (67.3) / 

21 (5.0) 6 (3.8) / 0 (0) 

Retinopathy a, n (%) 307 (67.9) 115 (26.6) 416 (100) 0 (0) 

CVD b, n (%) 44 (9.7) 16 (3.7) 41 (9.9) 4 (2.5) 

Data are mean ± standard deviation 
a Proliferative diabetic retinopathy 
b CVD = Cardiovascular disease defined as stroke or myocardial infarction 

 

All Ireland/Warren 3/GoKind UK — referred to as the GoKind UK in 

Study II but also known as UK-ROI (from “Republic of Ireland”) collection 

consisted of T1D subjects from the UK and Ireland. Altogether 718 cases with 

DN (macroalbuminuria or ESRD) and 749 controls without renal disease were 

included (TABLE 5). Retinopathy data was self-reported; 556 had proliferative 

retinopathy (cases), and 382 had no retinopathy (controls). 
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TABLE 5. Replication cohort in Study II: The GoKind UK cohort characteristics 

 

GoKind UK cohort 

Nephropathy Retinopathy 

Cases Controls Cases Controls 

n 718 749 556 382 

Men, n (%) 57.8 42.7 49.5 45.3 

Age (years) 48.0 ± 10.4 43.5 ±11.0 45.2 ± 10.4 44.3 ± 11.6 

Age at diabetes diagnosis (years) 14.8 ± 7.7 15.5 ± 7.9 14.4 ± 7.6 15.8 ± 7.9 

Diabetes duration (years) 33.3 ± 9.4 28.1 ± 9.0 30.9 ± 9.1 28.5 ± 9.2 

HbA1c (%) 8.9 ± 1.8 8.6 ± 1.5 8.9 ± 1.7 8.7 ± 1.6 

HbA1c (mmol/mol) 74 ± 20 70 ± 16 74± 19 72 ± 18 

Systolic blood pressure (mmHg) 145 ± 21 125 ± 15 135 ± 21 128 ± 17 

Nephropathy 
(macroalbuminuria/ESRD) n (%) 

524 (73.1) /  
193 (26.9) 0 (0) 182 (32.7) / 

142 (25.5) 
36 (9.4) / 
1 (0.3) 

Retinopathya, n (%) 515 (71.7) 394 (52.6) 556 (100) 0 (0) 

a Self-reported proliferative retinopathy 

STUDY III. We attempted the replication of FinnDiane HbA1c GWAS top SNPs 

in 3,097 individuals from five T1D cohorts described below in more detail. 

HbA1c association analyses of these replication cohorts were done by 

researchers in Toronto, Canada. The cohorts and their HbA1c measurement-

collection strategies are briefly described below. 

DCCT/EDIC — The Diabetes Control and Complication Trial (DCCT) took 

place in 1983–1993 at 29 medical centers in the United States and Canada. 

EDIC was a follow-up study of the individuals in the DCCT. In the replication 

of the FinnDiane GWAS results, the original division of the DCCT cohort into 

intensive (INT, n = 637) and conventional (CON, n = 667) groups were kept, 

and the groups were analyzed separately. In the INT stratum, altogether, a 

mean (range) of 83 (range 17–126) HbA1c measurements were collected at a 

monthly interval from 6 months up to an average of 6.5 years, followed-up by 

yearly measures in the EDIC for a mean of 14 years. In the CON stratum, 

quarterly HbA1c measurements in the DCCT (mean 6.5 years) and yearly 

measurements during the EDIC (mean 14 years) resulted in 39 (6–69) HbA1c 

measurements. 

WESDR — The Wisconsin Epidemiologic Study of Diabetic Retinopathy 

(WESDR) began in 1979 in the United States with the aim to study the 

complications of diabetes. Altogether, 596 individuals from the WESDR were 

included in the HbA1c GWAS replication cohort. The mean number of HbA1c 

measurements was six (range 1–7), taken at baseline, at the follow-up visits (4, 

10, 14, 20, and 25 years after the baseline), and at the last study visit in 2012–

2014. 

CACTI — Coronary Artery Calcification in Type 1 Diabetes Study (CACTI) 

examined adult individuals with T1D and healthy controls at baseline visits 

during 2000–2002, and at 3- and 6-year follow-up visits. The prevalence of 
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coronary artery calcification and CVD risk in diabetes was the study focus. In 

the HbA1c GWAS results replication, the CACTI data were studied in two 

strata: individuals recruited from the Barbara Davis Center Clinic (CACTIclinic, 

n = 265) or from other sources (CACTInon-clinic, n = 253). For the CACTIclinic 

stratum, monthly HbA1c measurements for a mean of 16 years resulted in an 

average of 43 (range 1–106) measurements. In CACTInon-clinic, a mean of three 

(range 1–4) HbA1c measurements were collected at baseline and at follow-up 

visits 3 and 6 years after the baseline and at visit 4 in 2014–2016. 

EDC — The Pittsburgh Epidemiology of Diabetes Complications Study (EDC) 

is a prospective cohort of incident cases of childhood-onset (< 17 years) T1D, 

diagnosed in 1950−1980 at Children’s Hospital of Pittsburgh, USA. The EDC 

study was conducted in 1986−88 (n = 658), and this cohort has been 

subsequently followed for 30 years with biennial surveys and/or exams. 

Altogether, 424 individuals from the EDC were included in the HbA1c study 

replication cohort. Biennial HbA1c measurements over ten years at study visits 

in 2005–2007 and 2011–2014 resulted in a mean of six (range 2–8) 

measurements. 

RASS — The aim of the Renin-Angiotensin System Study (RASS) was to 

determine whether renin-angiotensin-aldosterone system (RAAS)-blocking 

medications could delay or prevent the onset of diabetic kidney disease, and 

whether that medication also has an effect on other chronic complications of 

diabetes. The study setting was a 5-year, multicenter, double-blind, placebo-

controlled clinical trial comparing the effects of enalapril and losartan with 

those of placebo in 285 individuals with T1D. Altogether, 253 individuals from 

the original RASS cohort served as a replication cohort in Study III. HbA1c was 

measured quarterly for a mean of five years which totaled 20 (range 4–22) 

measurements. 

Meta-GWAS for HbA1c —Wheeler and colleagues [Wheeler 2017] studied 

the genetics of HbA1c in up to 159,940 individuals with different ancestries. We 

took advantage of the summary statistics available from the Europeans (n = 

123,517 individuals) and East Asians (n = 23,461 individuals). 

 

STUDY IV. The GWAS meta-analysis for age at diagnosis of T1D included the 

FinnDiane cohort and two other non-Finnish European cohorts described 

below. 

UK GRID — The UK Genetic Resource Investigating Diabetes (UK GRID) 

collection originates from the initiative to study the genetics of T1D, and it is 

part of the Type 1 Diabetes Genetics Consortium (T1DGC). Individuals in this 

cohort are from the UK, have European ancestry, and their disease onset was 

during childhood, < 16 years. From the UK GRID, altogether, 5,901 individuals 
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divided into two strata according to the genotyping platform (Illumina: n = 

3,976; Affymetrix: n = 1,925) were included in Study IV. 

Sardinia — The prevalence and incidence of T1D is high in Finland and other 

Nordic countries but also in Sardinia [DIAMOND Project Group 2006; 

Patterson 2009; Songini 2017]. The recruitment of individuals with T1D was 

part of a larger autoimmunity cohort studying multiple sclerosis and T1D. A 

total of 1,476 individuals with T1D were eligible for this study, and their T1D 

onset age was below 30. 

UKBB — The UK Biobank is a large resource of genome-wide genetic data 

combined with phenotypic information from half a million individuals living 

in the United Kingdom. These resources, containing individual-level genetic 

and phenotypic data, are open to the research community, and summary data 

from over 4000 GWAS (v.2 released August 1, 2018) can be browsed online at 

http://www.nealelab.is/uk-biobank. 

TABLE 6. Basic characteristics of the cohorts in Study IV 

 UK GRID 

Illumina 

UK GRID 

Affymetrix 

FinnDiane Sardinia 

N 3,976 1,925 5,162 1,476 
Men, n (%) 2,123 (53.4%) 978 (50.8%) 2,689 (52.1%)  832 (56.4%) 

Age at diagnosis, mean ± SD,  
< max 

7.8 ± 4.0 
 <17 years 

7.3 ± 3.8 
<17 years 

15.3 ± 9.0  
<40 years 

8.5 ± 4.5 
 <30 years 

Age at diagnosis, median (IQR) 8 (4−11) 7 (4−10) 13 (9−21) 9 (5−12) 

IQR = interquartile range 
The table was previously published in the supplementary material in J Intern Med. [Syreeni 2020] under the CC BY-
NC-ND 4.0 license and is reprinted with permission. 

4.3 Main phenotypes 

 Definitions 

All phenotypes described here define phenotypes specifically collected in the 

FinnDiane cohort. A description of the main phenotypes used in other cohorts 

can be found in the previous section 4.2.2, along with the cohort information. 

T1D was defined as diabetes with onset before the age of 35 (Study I-III) or 

40 (Study IV) and initiation of permanent insulin administration within a year 

from diagnosis. Other types of diabetes (MODY, T2D) were not allowed. To 

increase the cohort size in Study IV, we did not require information on the 

insulin administration in individuals diagnosed before the age of 18. 

Age at diagnosis of diabetes (term used in Study IV) or age at onset (term 

used in Studies I−III) is the time from the birth date to July 1 on the reported 

diabetes diagnosis year. Values below < 0.5 years were approximated to 0.5 

years in Study IV. In Studies I−III, values below < 0.5 years were left 

untouched, but negative values were put to zero. 
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Individuals with diabetic nephropathy (DN) had either 

macroalbuminuria or ESRD (i.e., kidney failure). Macroalbuminuria is defined 

as an AER > 200 μg/min or ≥ 300 mg/24h in two out of three timed overnight 

or 24h urine collections, and an ESRD diagnosis was considered when an 

individual had received a kidney transplant or was undergoing dialysis (cases 

in Study II). DN controls in Study II were individual with AER within the 

normal range, i.e., an AER < 20 mg/min or < 30 mg/24h and diabetes 

duration over 15 years. In Study I with longitudinal DN data, progression of 

DN was defined as a change to a higher albuminuria level as follows: from 

normal AER to microalbuminuria (AER ≥ 20 mg/min and < 200 mg/min or 

AER ≥ 30 mg/24 and < 300 mg/24h), from microalbuminuria to 

macroalbuminuria, or the start of dialysis treatment or having received a 

kidney transplant (ESRD). 

The definition of diabetic retinopathy (DR) in the FinnDiane is self-

reported retinal laser treatment. Controls in Study II were individuals without 

laser treatment. 

CVD hard events were myocardial infarction, coronary artery procedure, 

stroke, limb amputation, or peripheral artery procedure (CVD cases in Study 

II). CVD control subjects in the same study had no hard cardiovascular events, 

normal AER, and were above 45 years. 

HbA1c single time-point values were reported in Studies I, II, and IV, but 

intrapersonal mean HbA1c (%-unit) was the main phenotype in Study III. We 

used untransformed HbA1c in the FinnDiane discovery cohort, but we 

subsequently re-calculated the results with natural logarithm-transformed 

values for the meta-analysis with other cohorts because, in the replication 

cohorts, a mean of natural log-transformed HbA1c was used as the phenotype. 

 Clinical examination and further data acquisition 

A more detailed description of the clinical data and laboratory measures is 

given for the FinnDiane study as it is included in all Studies I−IV. The clinical 

examination took place at the FinnDiane study visit. A study nurse measured 

blood pressure twice in a sitting position, and the average was calculated. 

Variables making use of systolic blood pressure (SBP) and diastolic blood 

pressure (DBP) measurements were pulse pressure (PP = SBP − DBP) and 

mean arterial pressure (MAP = (SPB + 2 × DBP)/ 3). Height and weight 

measurements were the basis for the BMI calculation, i.e.,  𝐵𝑀𝐼 (𝑘𝑔 𝑚2⁄ ) =

𝑤𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔)/ ℎ𝑒𝑖𝑔ℎ𝑡 (𝑚)2. Waist-to-hip ratio (WHR) was calculated as 

𝑊𝐻𝑅 = 𝑤𝑎𝑖𝑠𝑡/ ℎ𝑖𝑝. 
The attending study nurse drew the blood samples for DNA extraction and 

serum/plasma samples that were stored at −20ᵒC and/or −80ᵒC depending on 

the study center. Serum lipids and lipoproteins were measured using 

standardized enzymatic assays. Hematological variables from whole blood 

(e.g., hematocrit, hemoglobin concentration, and mean hemoglobin 

concentration in red blood cells) were measured from a sub-cohort using flow 
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cytometry at the Helsinki University Central Hospital Laboratory, and these 

values were utilized in Study III. 

The main HbA1c measurement method was a standardized immuno-

assay that gradually replaced the earlier method based on chromatography. In 

Study III, all laboratory records from January 1, 1991, to June 1, 2016, were 

reviewed and the available HbA1c values were recorded, and also data from the 

prospective FinnDiane visits provided additional HbA1c values. Exclusion 

criteria for serial HbA1c values were < 1-year time to diabetes diagnosis or 

ESRD diagnosis. This resulted in a median of 19 (range 1–129) measurements 

per person that were utilized for the calculation of intrapersonal mean HbA1c 

(GWAS phenotype in Study III). The coefficient of variation (CV) of HbA1c was 

calculated as 𝐶𝑉 = 𝑆𝐷 / 𝑀𝑒𝑎𝑛 . The HbA1c was reported as %-unit, i.e., DCCT 

unit in all Studies I–IV, but values for the mmol/mol unit (i.e., IFCC unit) are 

reported in parallel in Studies II–IV. The HbA1c unit conversion formula is 

written below [Hoelzel 2004]. 

 

 (2)                   𝐼𝐹𝐶𝐶 𝐻𝑏𝐴1𝑐  
𝑚𝑚𝑜𝑙

𝑚𝑜𝑙
= [𝐷𝐶𝐶𝑇 𝐻𝑏𝐴1𝑐(%) − 2.14]  × 10.929 

 

Serum creatinine (Screa) measurement method was the kinetic Jaffé 

reaction until the year 2002. Since January 2002, the method has been a 

photometric enzymatic method (IDMS). The formula to convert earlier Screa 

(Jaffé-method) to IDMS values is as follows: 

 

  (3)                   𝑆𝑐𝑟𝑒𝑎 (𝐼𝐷𝑀𝑆) = 0.953 × 𝑆𝑐𝑟𝑒𝑎 (𝐽𝑎𝑓𝑓é) – 7.26. 

 

eGFR was calculated with the Chronic Kidney Disease Epidemilogy 

Collaboration (CKD-EPI) equation [Levey 2009]: 

 

  (4)                  𝑒𝐺𝐹𝑅 (

𝑚𝐿
𝑚𝑖𝑛

1.73𝑚2
) = 141 × 𝑚𝑖𝑛 (

𝑆𝑐𝑟𝑒𝑎

𝜅
, 1)

𝛼

× 𝑚𝑎𝑥 (
𝑆𝑐𝑟𝑒𝑎

𝜅
, 1)

−1.209

 

       
× 0.993𝐴𝑔𝑒 × 1.018 [𝑖𝑓 𝑤𝑜𝑚𝑎𝑛] × 1.159 [𝑖𝑓 𝑏𝑙𝑎𝑐𝑘] 

 

where κ is 0.7 (woman) or 0.9 (man), α is −0.329 (woman) or −0.411 (man), 

min indicates the minimum of Screa (mg/dL)/κ or 1, and max indicates the 

maximum of Screa(mg/dL)/κ or 1.  

Albumin excretion in two out of three consecutive timed urine 

collections (overnight or 24h) defined the renal status; two of three 

measurements within the albuminuria range were sufficient for classification 

into micro- and macroalbuminuria groups as described in the section 4.3.1. 

At the study visit, a blood sample was drawn for DNA extraction with 

either the phenol-chloroform method or the Gentra Puregene Blood Kit 

(Qiagen, Germantown, MD, USA) according to the protocols. DNA was stored 

at –20ᵒC. The FinnDiane study participants completed the questionnaires 
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about their medications, other diseases, smoking, psychological factors as well 

as lifestyle factors, and diet. The definition of current smoking was at least one 

cigarette per day. Each of the studies (I–IV) reported the most relevant clinical 

variables and laboratory measures for that particular study. 

Additional data – In addition to baseline clinical characteristics reported 

in most studies, we collected clinical data from the prospective visits. Study I 

used DN progression data, and in Study III, the ESRD year was sought from 

prospective visit data and from the Care Registers for Social Welfare and 

Health Care (HILMO) data to exclude HbA1c measurements after the onset of 

ESRD. 

4.4 Telomere length measurement and genotyping 

 Telomere length assay 

The telomere length measurement method was the TeloTAGGGTM Telomere 

length assay (Roche Molecular Biochemicals, Basel, Switzerland). Briefly, for 

the 20 µL DNA digestion reaction, we used 20 U/µg Hinf and RsaI enzymes 

and 2 µL of appropriate buffer, to digest 1 µg of genomic DNA diluted to 17 µL 

H2O at 37°C for two hours. Digested DNA samples were loaded in the 0.8% 

agarose gel and were run in 0.04 M Tris-acetate, 0.001 M EDTA (pH 8.0) 

buffer approximately 5V/cm for 2–3 h. Samples from the same individual were 

loaded into the same gel along with low and high molecular weight markers 

and a DNA ladder. 

After electrophoresis, the agarose gel was moved to a large glass container 

and kept in 0.25 M HCl-solution for ten minutes. Then, the gel was rinsed 

twice with sterile water and was incubated in the denaturation solution (TABLE 
7) for 30 minutes. The denaturation solution was changed once at 15 min. The 

water rinse was repeated, and the gel was incubated in neutralization solution 

for 30 minutes, and again, the solution was changed to a fresh one after 15 

minutes. 

DNA fragments (smear) were transferred to a positively charged nylon 

membrane (Hybond N+, Amersham, Little Chalfont, UK) by Southern blotting 

(capillary transfer) using 2 × SSC solution (TABLE 7) at room temperature 

overnight (approx. 17 hours). We used UV-crosslinking [setting 120 mJ (auto-

crosslink) in UV Stratalinker 1800, Stratagene, La Jolla, CA] to fix DNA on the 

blotting membrane. A digoxigenin-labeled probe specific for telomeric repeats 

was hybridized with the blotted DNA on the membrane using a hybridization 

tube in the hybridization oven (Techne, Burlington, NJ) at 42ᵒC for 3 h. 

Membrane washing steps (with mild shaking) after the hybridization were first 

twice for 5 min with washing buffer I and then twice for 15 min with washing 

buffer II in a 50C water bath. 
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TABLE 7. Solutions used in the telomere length measurement but not included in the  
TeloTAGGG Telomere length assay 

Solution Description 

TAE buffer 0.04 M Tris-asetate; 0.001 M EDTA →pH 8.0;  or diluted from 50 × TAE (OneMed) 

Denaturation solution 1.5 M NaCl; 0.5 M NaOH 
Neutralization solution 3 M NaCl; 0.3 M Tris-HCl → pH 7.5 
HCl-solution 0.25 M HCl 
20 × SSC 

3 M NaCl; 0.3 M tri-Sodium citrate dihydrate (formula weight = 294.1 g/mol)  pH 7.0 

2 × SSC dilute from 20 x SSC 
Washing buffer I 2 x SSC, 0.1% SDS 
Washing buffer II 0.2 x SSC, 0.1% SDS 

 

Thereafter, the membrane was incubated for 30 min in blocking solution 

and for 30 min with a digoxigenin-specific antibody (1:10,000 in blocking 

solution) covalently coupled to alkaline phosphatase. Then, the membrane 

was washed twice for 15 min with washing buffer II followed by a 5 min 

incubation in the detection buffer. 3 mL of the substrate was pipetted onto the 

membrane for 5 min. This enabled the later visualization of alkaline 

phosphatase attached to the anti-DIG metabolizing a highly sensitive 

chemiluminescence substrate, CDP-Star. Hyperfilm ECL (Amersham, Little 

Chalfont, UK) was exposed to the membrane (4–6 min) in a dark room, and 

the films were analyzed with Adobe PhotoShop and Science Lab 99 Image 

gauge software V4.22 (Fuji Photo Film Co. Ltd). 

The mean telomere length was the mean size of telomere restriction 

fragment (TRF) calculated by placing 20 boxes on top of the DNA smear 

according to the molecular weight marker and using the equation 

 

 (5)                                     𝑇𝑅𝐹 =  
∑ 𝑂𝐷𝑖−𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

∑(𝑂𝐷𝑖−𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑)/𝐿𝑖
  , 

where ODi is the luminescence signal in box i and Li is the mean telomere 

length in the box i (4.0−23.4 kb) and the background is the film background 

signal. 

 Single SNP genotyping 

To study the genomic region around the candidate genes SETD7, SUV39H1, 

and SUV39H2 in Study II, we downloaded the SNPs that were found within 

the genes or within a ±10 kb flanking region, genotyped in the HapMap CEU 

population (Utah residents with Northern and Western European ancestry 

from the CEPH collection; 30 parent-child trios) from the HapMap (Phase II, 

Data release 24). The HapMap project was launched in 2002 with the aim to 

study the human genome haplotype structure in various populations by 

genotyping at least one common SNP per 5 kb across the gene-containing 

genome. In Study II, HapMap variants with MAF ≥ 0.05 and HWE P value ≥ 

0.001 were eligible for the selection of tagging SNPs (tagSNPs, r2 ≥ 0.80) with 
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the Tagger program in Haploview 4.1 software [Barret 2005]. Altogether, 25 

SNPs tagged 43 SNPs in SETD7 (average r2 = 0.906), 11 SNPs tagged 15 SNPs 

in the SUV39H2 region (average r2 = 0.885), and no tagging was needed for 

the only SNP available around SUV39H1. 

The genotyping method for 36/37 of the selected SNPs in Study II was the 

MassARRAY iPLEX system (Agena Bioscience, San Diego, CA, USA) for the 

FinnDiane discovery cohort. Of the 25 tagSNPs for SETD7, rs7680948 had 

primer problems and rs4863655 failed genotyping; thus, we excluded both 

SNPs. Of the 11 tagSNPs for SUV39H2, nine were successfully genotyped; 

rs17156024 failed in the genotyping and rs7922341 gave four genotype clusters 

(instead of three). Further studies with PCR and sequencing did not validate 

the genotypes, and we excluded both SNPs. Individuals with genotyping 

success rate of ≥ 0.75 were included in Study II. The SNP genotyping method 

for the SNPs selected for replication (n = 7) in the GoKinD UK cohort in Study 

II was similar – MassARRAY iPLEX Gold (Agena Bioscience). 

We used the TaqManTM single SNP genotyping method to genotype one of 

the 37 discovery cohort SNPs, rs3373 (SUV39H1), as well as all the seven SNPs 

for replication in the Steno cohort in Study II. Furthermore, in Study III, we 

used TaqManTM genotyping to confirm imputed genotypes of two top SNPs, 

rs2085277 and rs17076364, in 1,489 individuals (rs2085277) and 1,863 

(rs17076364) individuals, respectively. Thermo Fisher Scientific provided the 

SNP genotyping assays and one custom assay for rs12572872 (Study II). The 

384-well genotyping plates contained four control samples from two 

individuals (total eight controls) and eight water wells (non-template 

controls). A total of ten nanograms of genomic DNA was dried on the bottom 

of the 384-well plates overnight at 37ᵒC. TaqMan Genotyping Master Mix 

(Thermo Fisher Scientific) and SNP mix were mixed and pipetted into the 

wells of genotyping plates, and the plates were sealed with MicroAmp™ 

Optical Adhesive film (Thermo Fisher Scientific). Genotyping PCR took place 

in the ABI Prism 7000/7900HT Sequence Detection Systems [Thermo Fisher 

Scientific, Waltham, MA (former Applied Biosystems, Foster City, CA)]. After 

the PCR, we used SDS 2.3 software (Thermo Fisher Scientific) for genotype 

calling. We filtered one male from the analyses in Study II because he was 

heterozygous for the X-chromosomal SNP rs3373. 

 Genome-wide genotyping and imputation 

Study III (HbA1c genetics) and Study IV (genetics of T1D diagnosis age) 

required genotyping of variants across the genome. In addition, we used 

genotype imputation to increase the number of variants. The imputation 

process is explained in more detail for the FinnDiane cohort and briefly 

explained for the other two cohorts included in Study IV. 

FinnDiane — Genotyping of 6,256 individuals from the FinnDiane was done 

in three batches with Human Core Exome Bead Chips versions 12-1.0, 12-1.1, 

or 24-1.0 (Illumina, San Diego, CA, USA) at the University of Virginia, USA. 
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Careful quality control (QC) was necessary to get reliable genotype calls, and 

several aspects were controlled for. Excluded SNPs had either low genotyping 

call rate (< 90%), low MAF (< 1%), deviation from the Hardy–Weinberg 

equilibrium (HWE, P < 1×10−7), or they differed in allele frequency with the 

1000 Genomes European (EUR) population; > 20% difference in SNPs with 

MAF ≥ 5% or > 5% difference in SNPs with MAF < 5%. Individuals or samples 

filtered out had high genotype missingness (> 5%), extreme heterozygosity, or 

they were duplicates, plausible sample mix-ups, or genetic outliers based on 

principal component analysis. 

After filtering, 316,899 SNPs and 6,019 individuals were ready for genotype 

imputation, which is a method to predict the genotypes of non-genotyped 

SNPs with the help of a more densely genotyped reference panel. Prior to 

imputation, the genotyped SNPs were first phased to haplotypes with the 

SHAPEIT v2r837 program [Delaneau 2011]. The imputation reference panel 

was the 1000 Genomes EUR phase 3 (version 5), and the imputation software 

was Minimac3/Minimac3-omp v1.0.14 [Das 2016]. For each imputed SNP, the 

result is the probability of the three possible genotypes. For example, for a SNP 

with alleles A and a, the genotype probabilities might be 0.01 for AA, 0.10 for 

Aa and 0.89 for aa. In this case the most likely genotype for this individual is 

aa, and the estimated allelic dosages for allele a (the estimated number of a 

alleles) is 1.88 (0 × 0.01 (AA) + 1 × 0.10 (Aa) + 2 × 0.89 (aa) = 1.88). This 

allele dosage is the explanatory phenotype used later in the association 

analysis. Imputation quality was assessed with info score (0 ≤ r2 ≤ 1). In the 

GWAS for HbA1c (Study III) we included variants with imputation info r2 ≥ 

0.70 (8,354,674 SNPs) and for the T1D diagnosis age GWAS (Study IV), we 

selected variants with r2 ≥ 0.60 (8,872,294 SNPs). We applied a different SNP 

HWE-filtering in Study IV that took the high T1D association of chromosome 

6 HLA region (hg19: chr6:28,477,797−33,448,354) into account because we 

did not want to filter out variants possibly associated with T1D: The HWE P 

value thresholds were P > 5×10−8 for genotyped variants (not in the HLA 

region), P > 1×10−19 for imputed variants (not in the HLA region) and, P > 

1×10−49 for SNPs in the HLA region. 

Other cohorts in Study III — The association results of the 13 SNPs 

selected for replication in the HbA1c GWAS study were retrieved from GWASs 

performed in five T1D cohorts: DCCT/EDIC, WESDR, RASS, CACTI, and EDC. 

Some of the queried variants were directly genotyped (genotyping chips listed 

in Supplementary Table 2 in Study III [Syreeni 2019], and some variants were 

imputed in the replication cohorts with the 1000 Genomes (1000G) Project 

Phase 3 EUR as a common reference panel, except for RASS that used 1000G 

Project Phase 1 data. We accepted SNPs with MAF ≥ 1% and imputation quality 

info ≥ 0.6 in the meta-analysis. This resulted in five to eight SNPs eligible for 

meta-analysis from each replication cohort. 

Other cohorts in Study IV — The genome-wide genotyping of the UK 

GRID collection had been performed earlier as part of genetic studies for T1D. 
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Among the individuals from the UK GRID included in our study, 1,925 were 

genotyped with the Affymetrix GeneChip Mapping 500K platform 

(Affymetrix, Santa Clara, CA, USA) and 3,976 were genotyped using the 

Illumina 550K Infinium microarray platform (Illumina, San Diego, CA, USA). 

After the standard QC steps, 328,044 variants from the Affymetrix data and 

437,739 variants from the Illumina data were used in the imputation with 

IMPUTE2 v.2 and 1000 Genomes European Phase 3 reference panel. 

Altogether 6,237,463 SNPs with MAF ≥ 1% and info ≥ 0.60 from the 

Affymetrix stratum and 6,891,969 SNPs from the Illumina stratum were used 

in two separate GWAS for T1D diagnosis age. 

The Sardinia cohort used two genotyping platforms for 8,546 individuals 

from an autoimmune disease cohort: Affymetrix GeneChip Mapping 500K 

(Affymetrix, Santa Clara, CA, USA) and Illumina Omni Express (Illumina, San 

Diego, CA, USA). In QC, the variants with poor HWE (P < 5×10–6) and low 

MAF (< 1%), for example, were filtered out. After QC, 883,557 SNPs were 

ready for imputation with Minimac3 and with a custom reference panel of 

Sardinian individuals [Sidore 2015]. After imputation, 7,921,026 SNPs in 

1,476 individuals with T1D were used in the GWAS for age at diagnosis. 

4.5 Statistical analyses 

 Heritability 

Study III assessed the heritability of HbA1c in the FinnDiane cohort. The 

narrow-sense heritability (h2), 

 (6)                                                 ℎ2 =
𝜎𝐴

2

𝜎𝑃
2 

is the proportion of phenotypic variance (𝜎𝑃
2) explained by additive effects of 

genotyped SNPs (𝜎𝐴
2). We calculated a genetic relationship matrix using 

genotyped variants and the GCTA v.1.24.4 software [Yang 2011]. After 

removing close relatives (303 /4,622; GRM ≥ 0.05), we calculated the h2 for 

HbA1c with the remaining 4,319 individuals, with or without covariates in the 

model (sex, age, diabetes duration, genotyping batch, and the number of HbA1c 

measurements). 

 Power calculation and multiple testing correction 

In Study II, we calculated the statistical power with the Genetic Power 

Calculator [Purcell 2003] for the case-control setting in the FinnDiane 

discovery cohort. Based on the approximate prevalence in FinnDiane, we 

estimated the prevalence of DR to be 0.40, and the prevalence of DN as 0.30. 

For DR, our cohort with 1,180 cases and 1,785 controls had > 90% power to 

detect association for a variant with MAF ≥ 0.05 and an odds ratio (OR) of 

1.35, assuming additive genetic effects. For DN, the FinnDiane cohort with 810 
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cases and 1,070 controls had > 85% power to detect an association with the 

same parameters. For CVD, 298 cases and 341 controls provided 80% power 

in a dominant model for MAF ≥ 0.10 and an OR = 1.7. 

For the GWAS in Study III, we used QUANTO [Gauderman 2002] to 

estimate the study power at α = 5×10–8 (genome-wide significance). In the 

FinnDiane discovery cohort, we had 94% power to detect variants with MAF ≥ 

0.05 and an estimated effect size of β = 0.40 for non-transformed HbA1c (%) 

in an additive genetic model. Combined replication cohorts (five cohorts, n = 

3,097 in Study III provided > 57% power to detect association for rare variants 

(MAF = 0.01−0.05) and 99% power for common variants (MAF ≥ 0.05) with 

two-sided α = 0.05. 

In all genetic Studies (II−IV), we analyzed multiple variants and used 

correction for multiple testing. The candidate gene Study II examining three 

phenotypes took advantage of the SNPSpD program with an equation from Li 

et al. [Li and Ji 2005], which took the LD between SNPs into account and 

calculated the effective number of independent variants (n = 21.23). Thus, the 

significance threshold used in Study II was P = 7.8 ×10−4 [P = 0.05 / (21.23 × 

3)]. 

Significant associations in GWAS Studies III and IV were required to have 

a P < 5×10−8, which is the Bonferroni corrected P-value commonly 

acknowledged as the genome-wide significance limit (see section 2.3.4 

Interpretation of genetic association). Variants reported to have suggestive 

association had a P < 5×10−6 in Study III and P < 1×10−5 in Study IV. 

We also reported significant results based on a false discovery rate (FDR) 

calculated with the Benjamini−Hochberg method [Benjamini 1995] in Study 

IV. This method calculates the significance limit by dividing the order-number 

(k) of P value by the total number of tested variants (m) and multiplying with 

the chosen FDR-limit (0 ≤ α ≤ 1) as shown in the formula below: 

 

 (7)                                                𝑃(𝑘) ≤
𝑘

𝑚
 𝛼 

 

The largest original P value [P(k)], which is still smaller than 
𝑘

𝑚
 𝛼 is called 

the critical P value. All study P values smaller than the critical P value are 

significant at the chosen FDR level α. FDR of 0.05 (5%) was used to assess the 

significance of genes in the transcriptome-wide association study (Study IV). 

Five tissues analyzed first from the Genotype-Tissue Expression (GTEx) 

project data (whole blood, Epstein–Barr virus (EBV) -transformed 

lymphocytes, spleen, pancreas, and small intestine) contained 63,947 genes 

altogether and significant associations had a P ≤ 1.3×10–5 at FDR = 5%. The 

other whole blood dataset we used had a P ≤ 3.4×10–5 significance threshold 

at FDR = 5%. 
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 SNP association, GWAS, and meta-analysis 

The candidate gene Study II tested 37 SNPs, but Studies III and IV used 

genome-wide coverage of millions of SNPs. Therefore, in Studies II–IV, we 

used different association analysis and meta-analysis software, which are 

described in detail below. 

STUDY II. We compared allele and genotype frequencies between case and 

control subjects with Pearson’s chi-square (χ2) test [Pearson 1900] or Fisher’s 

exact test [Fisher 1922]. For the X-chromosomal variant rs3373, we applied 

separate comparisons in men and women. Haplotypes were set with the 

confidence-interval (CI)-option in Haploview 4.1, and the test used correction 

for multiple testing with permutation for 100,000 tests. 

To correct for clinical risk factors, we carried out a logistic regression 

analysis for every SNP in a dominant model (major allele homozygotes 

[reference] vs. heterozygotes/minor allele homozygotes). Covariates selected 

for the models were significant (P < 0.05) in the univariate logistic regression 

models. We removed individuals who were outliers (based on standardized 

residuals, 0.01 level) before adding SNPs to the full model with the chosen 

covariates, In FinnDiane, we included diabetes duration, HbA1c, SBP, 

ln(triglycerides), and BMI as covariates when studying DR; diabetes duration, 

HbA1c, SBP, ln(triglycerides), and smoking (current smoker (yes/no)) when 

studying DN; and diabetes duration, HbA1c, ln(triglycerides), mean arterial 

pressure, smoking (history, yes/no), and eGFR when studying CVD. 

Additionally, we generated a complication score with values ranging 

between 0 and 4. Each individual got a value based on the presence of diabetes 

complications as follows: 0 = no vascular complications; 1 = DN or DR; 2 = 

(DN and DR) or CVD; 3 = (CVD and DN) or (CVD and DR); and 4 = (CVD and 

DN and DR). The frequency of the C-allele of rs17353856 and the C-allele-

containing homozygous haplotype (CGG/CGG, with alleles from adjacent 

SNPs rs17353856 [C], rs7900814 [G], rs12572872 [G] in the complication 

score-groups (0–4) were analyzed with Mantel−Haenszel test for trend 

[Mantel 1959]. 

We altogether chose seven SNPs that showed nominal association (P < 

0.05) with DR, DN, or CVD in FinnDiane for replication in the Steno and 

GoKind UK cohorts. Covariates in the logistic regression models were similar 

to those used in FinnDiane, except for the smoking variable that was “ever-

smoker” (current or ex-smoker, yes/no) in GoKinD UK (DN analysis), and 

covariates in the CVD analysis that included only HbA1c, ln(triglycerides), and 

eGFR in the Steno cohort. The association results were combined with a fixed-

effects meta-analysis in Plink v.1.07 [Purcell 2007]. 

STUDY III. In the HbA1c study, the GWAS was performed in the FinnDiane 

cohort, and only the top SNPs were selected for replication and meta-analysis 

with five other T1D cohorts. The phenotype in the GWAS was mean HbA1c 

calculated from all available HbA1c measurements. Prior to the GWAS with the 

PLINK version 1.9b3.26, principal components had been calculated with the 
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EIGENSTRAT v.3.0 software at the University of Virginia, where the samples 

had also been genotyped. The ten first principal components were added as 

covariates in the GWAS to correct for genetic relatedness. Separate linear 

regression models were applied for all > 8 million SNPs, included as genotypic 

dosages with the ten first principal components, sex, age and diabetes duration 

at the average time (date) of HbA1c measurements, number of HbA1c 

measurements, and genotyping batch (two dichotomous variables defining 

genotyping batches 1–3) included as covariates. The genomic inflation factor 

lambda of 1.003 suggested no excess inflation from the expected test statistics. 

We chose five variants from the top GWAS loci on chromosome 13 and eight 

other independent variants with P < 5×10–6 for replication attempt in the other 

T1D cohorts. SNP association results were queried from the other cohorts, 

where the natural log-transformed HbA1c was the phenotype used in the 

frequentist test in the SNPtest software. Therefore, to get comparable effect 

sizes (beta), we re-calculated the association result in FinnDiane using 

ln(HbA1c) as the phenotype. The significance of associations was fairly similar 

to the original results; for example, the top SNP rs2085277 association had a 

P = 1.5×10–8 with HbA1c, and P = 4.7×10–8 with ln(HbA1c). Thereafter, we 

performed a fixed-effect meta-analysis based on betas and SEs with GWAMA 

[Magi and Morris 2010]. 

STUDY IV. We performed genome-wide association analysis for the T1D 

diagnosis age in three T1D cohorts and combined the results in meta-analysis. 

In FinnDiane, we used RVTESTS [Zhan 2016] to implement linear regression 

with the natural logarithm of age-at-diagnosis of T1D as dependent variable 

and SNP dosages and sex as explanatory variables. RVTESTS allowed the 

usage of the genetic relationship matrix (calculated with GCTA version 1.24.4) 

as a covariate to correct for genetic relationships in the cohort. 

In the UK GRID and Sardinia cohorts, GWAS was performed with the 

frequentist test of the SNPtest software using sex and population structure as 

covariates. To combine effect sizes (Beta) and SEs of all three cohorts in a 

fixed-effect meta-analysis, we used METAL software [Willer 2010]. Our final 

results consisted of altogether 7,374,092 variants that had association results 

available in ≥ 2 cohorts. 

 Genetic risk scores 

We combined the genome-wide significant autosomal SNPs in the multi-

ancestry meta-GWAS for HbA1c [Wheeler 2017] that additionally had MAF ≥ 

1% and P < 0.01 in their European cohorts to a genetic risk score (GRS) in 

Study III; GRS-ALL comprised 55 SNPs, GRS-E 19 SNPs thought to affect 

erythrocytes, and GRS-G included 18 glycemic SNPs, similar to Wheeler et al. 

[Wheeler 2017]. We summarized the expected number of each risk allele and 

weighted it by the effect size (Beta) seen in the Europeans, multiplied by the 

number of SNPs and divided by the sum of Betas. We tested the association 

between GRSs and HbA1c in FinnDiane using linear regression (R version 
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3.3.3) with sex, age, and diabetes duration (at the mean date of HbA1c 

measurements), and the number of HbA1c measurements as covariates. In 

Study III, we also generated another GRS based on the GWAS in FinnDiane 

(FD) from independent significant or suggestive SNPs (P < 5×10–6). This 

GRSFD was tested for association with diabetes duration (linear regression) 

and complications (DN and DR; Student’s t-test [Student 1908]). 

 Phenotype analyses 

Phenotypic differences were analyzed using appropriate statistical tests. We 

evaluated the variables for normal distribution with the Kolmogorov–Smirnov 

test [Kolmogorov 1933] (Study I) or visually from histograms (Studies II–IV). 

We used Student’s t-test, Welch’s t-test [Welch 1947], or the corresponding 

non-parametric Mann–Whitney U-test [Mann 1947] to compare the means of 

continuous variables between two groups. Three groups were compared with 

one-way analysis of variance (ANOVA) [Fisher 1925], ANCOVA with 

covariates, or with the non-parametric equivalent Kruskal–Wallis test 

[Kruskal 1952]. We used linear regression in Study III to study the association 

between the clinical variables and the lead SNP rs2085277. For categorical 

data, we used Pearson’s chi-square (χ2) test or Fisher’s exact test. To assess 

correlations, Pearson’s r [Galton 1877, Pearson 1895] or Spearman’s rank 

correlation coefficients [Lovie 1995] were calculated. Statistical tests were 

performed with SPSS v.14.0 and v.15.0 (IBM Statistics, Chicago, IL, USA) in 

Studies I and II or with R v. 3.3.3–3.6 [R Core Team 2013] in Studies III and 

IV. 

 Longitudinal data analyses 

Prospective or longitudinal data were analyzed in Studies I and III. We used 

Cox proportional hazards model [Cox 1972] to examine the effect of baseline 

telomere length (TRF) and the proportion of short telomeres with respect to 

DN progression in Study I. The models included one of these telomere length 

variables together with the baseline clinical characteristics (sex, diabetes 

duration, SBP, HbA1c, and current smoking [yes/no]). The hazard ratio (HR) 

and its 95% CI indicates to what extent the baseline variable adds to the risk 

of a future event. For example, HR = 2 for HbA1c shows that one unit (%) 

increase in baseline HbA1c doubles the risk of DN progression. 

In Study III, the intra-individual mean HbA1c of longitudinal HbA1c data was 

used as the main phenotype in the GWAS. Additionally, we studied the 

association of the top SNPs with HbA1c using the longitudinal HbA1c values in 

a linear mixed-effect model (lme-function in the nlme package [Pinheiro 2017] 

in R version 3.3.3). This analysis included 4,153 individuals with ≥ 3 HbA1c 

measurements. The model assumed random intercept and random slope (as 

we assumed individual HbA1c starting levels and slopes), and the model 

included SNP as dosages, age (“AGEmin”), and diabetes duration (“DURmin”) at 

the time of the first HbA1c measurement, sex, genotyping batch (“BATCH1”, 
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“BATCH2”), and the ten first principal components (“PC1”, “PC2” etc.). After 

testing several different options, the best model (model with the lowest Akaike 

information criterion) had an autocorrelation structure in the order of 1 

[corCAR1()] with continuous time (“TIME_HBA1C”) and a combined 

[varComb()] covariance structure with exponential variances [varExp()] for 

fitted model values and separate variances [VarIdent()] for HbA1c 

measurements from different decades of diabetes duration (“TIME_ 

HBA1C_decade”) as shown in the R code below. 
 

𝑅𝑒𝑠𝑢𝑙𝑡𝑠 < −   𝑙𝑚𝑒(𝐻𝐵𝐴1𝐶 ~ 𝑆𝑁𝑃 + 𝑇𝐼𝑀𝐸_𝐻𝐵𝐴1𝐶 + 𝑆𝐸𝑋 +  𝐴𝐺𝐸𝑚𝑖𝑛 + 𝐷𝑈𝑅𝑚𝑖𝑛    

+ 𝐵𝐴𝑇𝐶𝐻1 + 𝐵𝐴𝑇𝐶𝐻2 +  𝑃𝐶1 +  𝑃𝐶2 +  𝑃𝐶3 +  𝑃𝐶4 +  𝑃𝐶5 +  𝑃𝐶6 

+  𝑃𝐶7 +  𝑃𝐶8 +  𝑃𝐶9 +  𝑃𝐶10 
                             + 𝑟𝑎𝑛𝑑𝑜𝑚 =  ~𝑇𝐼𝑀𝐸_𝐻𝐵𝐴1𝐶  | 𝑃𝐸𝑅𝑆𝑂𝑁𝐼𝐷 , 

         method = "REML", 

         weights = varComb(varExp(form = ~fitted(.)), 

                             varIdent(form = ~1 | TIME_ HBA1C_decade)), 

        corCAR1(form = ~TIME_HBA1C |  𝑃𝐸𝑅𝑆𝑂𝑁𝐼𝐷), 

        na.action = na.exclude, data = pheno)  

 Transcriptome-wide association analysis 

Transcriptome-wide association analysis tests the association between the 

predicted gene expression and the phenotype. The basis of such analysis is a 

transcriptome prediction model generated with gene expression data from 

tissue and genome-wide SNP data from the same individuals. Some SNPs are 

expression quantitative trait loci (eQTL), which means that they affect gene 

expression of a certain gene or multiple genes. In the model, the best eQTL 

combination predicts the expression of each gene (mRNA abundancy) found 

in a particular tissue. 

We used the MetaXcan software [Barbeira 2018] and from PredictDB 

(http://predictdb.org), downloaded pre-calculated transcriptome prediction 

models of two whole-blood datasets: GTEx (v.8) and the Depression Genes 

and Networks (DGN) study [Battle 2014]. In addition, we downloaded 

transcriptome prediction models of four other relevant tissues (GTEx v.8): 

Epstein−Barr virus (EBV) -transformed lymphocytes and spleen for their 

relevance in immunity, pancreas as a potential target organ, and small 

intestine due to the potential role of the gut immune system in the 

pathogenesis of T1D. 

To calculate phenotype association results for a gene, S-PrediXcan, an 

extension of the PrediXcan, uses the summary of SNP effects based on the 

transcriptome prediction models. PredictDB also provided 1000G EUR 

population-based SNP covariance tables that were used in the transcriptome-

wide association analysis. We implemented the transcriptome-wide 

association analysis according to the method’s developer’s recommendation: 

We harmonized SNP nomenclature to match with variants genotyped in GTEx, 

and we imputed the effects of the missing variants [Barbeira 2019]. The 
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formula below shows the parameters that S-PrediXcan uses to calculate the 

association between gene g transcription levels and the phenotype (Zg, here 

T1D diagnosis age). 

 

(8)                                  𝑍𝑔 = ∑  𝑤𝑙𝑔𝑙 ∈𝑀𝑜𝑑𝑒𝑙𝑔

𝜎𝑙

 �̂�𝑔
 

�̂�𝑙

𝑠𝑒(�̂�𝑙)
 

 

In the formula, wlg denotes SNP l weight (effect size for gene g expression) in 
the training set (GTEx, from PredictDB), 𝜎𝑙  and �̂�𝑔  are SNP variances and 

covariances (LD structure) in the reference study set (here 1000G EUR 

population), and effect size of SNP l (�̂�𝑙) and its SE [𝑠𝑒(�̂�𝑙)] come from the age-

at-diagnosis meta-analysis summary statistics. Running the scripts given by 

MetaXcan software with the data described above gave all gene-phenotype 

associations results for the selected tissue. 

We also queried the chr17q12 region gene association results generated with 

the transcriptome-wide association models from sigmoid colon, adrenal 

gland, thyroid, liver, and lung tissues. To compare the gene-level association 

results of our T1D diagnosis age analysis with the S-PrediXcan results 

generated with UKBB data [Pividori 2019], we queried our significant results 

from two UKBB phenotypes: “Age diabetes diagnosis” and “E10 Diagnoses 

main; ICD10-E10 Insulin-dependent diabetes mellitus”. Furthermore, we 

compared the three top associations (per tissue) found in the transcriptome-

wide association analyses of the UKBB “Age diabetes diagnosis”-phenotype 

with our age-at-diagnosis results. 

 Pathways and enrichment 

In Study III, the pathway analysis with PANTHER [Mi 2017] included 1,175 

genes (4,470 Ensemble transcripts connected with the Human Genome 

Organisation (HUGO) gene IDs) within 150 kb from variants associating with 

HbA1c (P < 0.001) in FinnDiane. Significantly enriched biological pathways 

had a P value of < 0.05 corrected for multiple testing with the Bonferroni 

method as suggested by PANTHER. For the closest gene of the lead SNP, we 

studied protein interaction networks with STRING v.10.5. In the settings, we 

required the highest confidence for interaction (> 0.90), included 10 

interactors at most, and perforemed a look-up in either all interaction sources 

(databases, text mining, experiments, co-expression, neighborhood, gene 

fusion, and co-occurrence) or databases only. 

In Study IV, we examined in which tissues the significant and suggestive 

T1D diagnosis age-associated SNPs were located in the open chromatin, which 

is subject to active gene transcription. We used GWAS Analysis of Regulatory 

or Functional Information Enrichment with LD correction (GARFIELD v.2) 

software [Iotchkova 2019] to implement enrichment analysis. The software 

provided the SNP annotations, linkage disequilibrium data (based on UK10K 

collection with 3,621 samples from TwinsUK and The Avon Longitudinal 

Study of Parents and Children (ALSPAC) population cohorts), location of 
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SNPs relative to the transcription start sites (TSS), and the necessary scripts. 

We used 424 DNase I hypersensitive sites (DHS) and 41 genomic footprint 

annotations from multiple tissues, cells, and cell lines; these originated from 

the Encyclopedia of DNA elements (ENCODE) [ENCODE Project Consortium 

2012] and the NIH Roadmap Epigenomics Consortium [Bernstein 2010]. The 

significance threshold of P = 2.25×10–4 was based on the effective number of 

annotations (223) calculated by GARFIELD. In the enrichment analysis, we 

included the SNPs with P ≤ 10–5 and P ≤ 10–4 in the T1D diagnosis age GWAS 

meta-analysis and used similar covariate settings as in the original paper by 

Iotchkova et al. [Iotchkova 2019]. The first step was variant pruning to 

independent variants (r2 < 0.1) that was followed by the annotation of all these 

independent variants and all variants having r2 ≥ 0.8 with independent SNPs 

(Question “Does the variant locate in the certain DHS (1 = “yes”; 0 = “no”)?” 

asked separately for all 465 annotations). Finally, for all annotations, the 

enrichment (odds ratio, OR) of age-at-diagnosis-associated variants was 

calculated. 

 Other in silico analyses 

Studies II–IV included additional analyses related to SNPs, DNA sequence, 

SNP LD, gene structure, gene expression, and protein translation, etc. These 

analyses took advantage of various online tools and databases summarized in 

TABLE 8. 
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TABLE 8. Online resources for in silico analyses 

Name Current Internet address Description Study 

Capture HiC 
Plotter  https://www.chicp.org/ Chromatin conformation capture IV 

Ensemble https://www.ensembl.org Study SNPs, gene transcripts, sequence 
context II–IV 

ESE finder 3.0 http://krainer01.cshl.edu/cgi-
bin/tools/ESE3/esefinder.cgi 

Find exonic splicing enhancers from the 
sequence II 

Gene cards https://www.genecards.org/ Summary site for gene and protein 
functions II-IV 

Gene2pheno http://gene2pheno.org/ 
http://apps.hakyimlab.org/phenomexcan/ 

Download MetaXcan results for UKBB 
phenotypes IV 

Genetic Power 
Calculator http://zzz.bwh.harvard.edu/gpc Study power calculator II 

GTEx https://gtexportal.org/ Expression quantitative trait (eQTL) loci 
in different tissues III, IV 

Human Protein 
Atlas https://www.proteinatlas.org Protein expression and function 

database III, IV 

LDlink https://ldlink.nci.nih.gov/ Variant frequency and LD information in 
1000G populations III, IV 

miRBase http://www.mirbase.org/ microRNA database II 

Open targets https://genetics.opentargets.org/ e.g. variant details, eQTL summary, 
UKBB and other GWAS associations  IV 

Panther http://www.pantherdb.org/ Pathway analysis III 

Predict DB http://predictdb.org/ Download site of transcriptome 
prediction models for MetaXcan IV 

SNPsnap https://data.broadinstitute.org/mpg/snpsna
p/about.html SNP Linkage disequilibrium II 

String https://string-db.org/ Protein interaction and pathway analysis III 

TargetScan http://www.targetscan.org/ 
vert_72/ Prediction of microRNA targets II 

UCSC Browser https://genome.ucsc.edu/ Variant location and genomic sequence 
context II–IV 

UTRScan http://itbtools.ba.itb.cnr.it/utrscan Untranslated region analysis 
(posttranscriptional regulation) II 
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5 Results and discussion 

5.1 Study I: Telomere length and diabetic nephropathy 

 TRF was associated with age and sex 

This study examined leukocyte telomere length measured as terminal 

restriction fragment (TRF) of 132 individuals with T1D and of 44 healthy 

controls from the FinnDiane study. TRF inversely correlated with age both in 

individuals with T1D (Pearson r = −0.30; or Beta [SE] = −0.023 [0.006]; P = 

4.2×10−4) and in healthy controls (Pearson r= −0.40; or Beta = −0.040 

[0.014]; P = 0.0077; FIGURE 10). In women with T1D, the mean TRF was 

longer than in men (8.6 ± 0.7kb vs. 8.2 ± 0.6 kb; P = 0.009, age-adjusted). In 

healthy controls, women had longer telomeres compared to men, but the 

difference was non-significant after age-adjustment (8.6 ± 1.0 kb vs. 8.3 ± 0.9 

kb; P = 0.767, age-adjusted). Mean TRF was similar in T1D (8.4 ± 0.7 kb) and 

in healthy controls (8.5 ± 0.7 kb), P = 0.545) when adjusted for age and sex. 

 

FIGURE 10. Mean TRF decreased by age in individuals with T1D and in healthy controls. 
 

The proportion of short telomeres (< 6.6 kb) was strongly correlated with 

the mean TRF (r = 0.89, P = 4.6×10–60), thus concluding that analyzing either 

mean TRF or percentage of short telomeres gave relatively similar results. For 
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example, women with T1D had a lower percentage of short telomeres 

compared to men (P = 0.021, age-adjusted, TABLE 9). 

When including age and sex as covariates, telomere length in individuals 

with T1D was not associated with systolic blood pressure, pulse pressure, BMI, 

HbA1c, LDL cholesterol, CRP, or diabetes duration. Individuals taking renin-

angiotensin-aldosterone system (RAAS) inhibitor drugs (angiotensin-

converting enzyme (ACE) inhibitor or angiotensin II receptor blocker, n = 49) 

had a smaller proportion of short telomeres compared to individuals on beta-

blocker or calcium channel blocker medication (n = 6; P = 0.027, adjusted for 

age and sex). In healthy control subjects, mean TRF was associated only with 

age. 

Baseline telomere length was not different in individuals with normal AER, 

microalbuminuria, or macroalbuminuria (P = 0.229, adjusted for age and sex. 

TABLE 9). The same applied for the proportion of short telomeres that was 

similar in individuals with normal AER, microalbuminuria, or 

macroalbuminuria (P = 0.246, adjusted for age and sex). A post hoc analysis 

after the Study I publication combining micro- and macroalbuminuria groups 

gave similar results (of no difference) when compared to individuals with 

normal AER (data not shown). 

 
TABLE 9. Association of selected clinical variables with the mean TRF or the proportion of short 
telomeres in individuals with T1D 

 Mean TRF Percentage of short TRF 

Continuous phenotypes 

 
Univariate Multivariate a Univariate Multivariate a 

Beta  
[SE] P Beta 

[SE] P a Beta 
[SE] P  Beta 

[SE] P a 

Age (years) −0.023 
 [0.006] 4.2×10−4 –0.0190 

[0.0064 ] 3.6×10−3 0.305 
[0.070] 2.4×10−5 0.266 

[0.070] 2.5×10−4 

SBP (mmHg) –0.0087 
 [0.0031] 0.0058 –0.0040 

[0.0032] 0.225  0.117 
[0.034] 8.9×10−4 0.060 

[0.036] 0.095 

PP (mmHg) –0.0088  
[0.0035] 0.0137 –0.0029 

[0.0039] 0.465 0.123 
[0.039] 0.0020 0.048 

[0.043] 0.264 

HbA1c (%) 0.0031 
 [0.040] 0.0396 –0.043 

[0.269] 0.938 –0.152 
[0.444] 0.733 0.430 

[0.420] 0.313 

BMI (kg/m2) –0.012 
 [0.016] 0.453 0.0049 

[0.016] 0.759 0.150 
[0.184] 0.416 –0.062 

[0.175] 0.725 

Categorical phenotypes     

 mean ± 
SD (kb) P P a mean ± 

SD (%) P P a 

Sex: women vs. 
men 

8.6 ± 0.7/ 
8.2 ± 0.6 0.0013 0.0093 26 ± 7 / 

30 ± 8 0.0018 0.021 

RAAS vs. (beta 
blocker or calcium 
channel blocker) b 

8.5 ± 0.6/ 
7.7 ± 0.8 0.009 0.103 27 ± 7 /  

38 ± 11 0.0013 0.027 

Normal AER/ 
microalbuminuria/ 
macroalbuminuria 

8.5 ± 0.8/ 
8.1 ± 0.5/ 
8.4 ± 0.7 

0.276 0.229 
27 ± 8 / 
32 ± 7 / 
28 ± 8 

0.306 0.246 

Beta [SE] is the effect size and its standard error in the univariate linear regression analysis or in a linear regression 
model with covariates. 
a Age and sex as covariates, except for variables “Age” (sex as covariate) and “Sex” (age as covariate). 
b RAAS = renin-angiotensin-aldosterone system inhibitors: angiotensin-converting enzyme (ACE) inhibitor or 
angiotensin II receptor blocker  
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 Short TRF predicted the progression of diabetic 
nephropathy 

During the follow-up, DN progressed in 21 individuals. Even though the cross-

sectional analysis showed no difference in telomere length according to the 

albuminuria status, we wanted to test whether the telomere length or the 

proportion of short telomeres was predictive for DN progression i.e. change to 

a higher level of albuminuria or the development of ESRD. This was analyzed 

with Cox proportional hazards models including the baseline risk factors: 

HbA1c, systolic blood pressure, diabetes duration, smoking, and male sex. In 

the two separate models, both shorter telomere length (HR [95% CI] = 0.19 

[0.07, 0.56], P = 0.0025) and higher proportion of short telomeres (1.12, 

[1.04–1.20], P = 0.0023) predicted the progression of DN (FIGURE 11). 

 

FIGURE 11. A) Mean TRF and B) the proportion of short telomeres in individuals with no progression or 
progression of DN during follow up. 
 

 Follow-up of diabetic nephropathy progression 

The FinnDiane study invites the study participants to prospective visits and 

collects additional data from medical files and laboratory records. For this 

thesis, we assessed the DN status of the Study I cohort again, ten years after 

the original study. In the year 2019, an additional 19 individuals had 

progressed with respect to their DN status, and the number of nephropathy 

progressors now totaled 40. TABLE 10 describes the new follow-up data, and 

it shows, for example, that in the year 2009 (at Study I), 13 (17%) individuals 

in the baseline macroalbuminuria group had developed ESRD when the 

corresponding number was 31 (40%) in the year 2019. With almost double the 

number of DN progressors, we were able to confirm the results of Study I: both 

lower mean TRF and a higher proportion of short telomeres were risk factors 

for the progression of DN (TABLE 11). 
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TABLE 10. The progression of DN (from the baseline FinnDiane study visit) in Study I (2009) and in the 
year 2019 

Baseline 
DN 

Follow-up of diabetic nephropathy 

Year 2009 (Study I)  Year 2019 

normal 
AER Micro Macro ESRD no 

data 
normal 

AER Micro Macro ESRD 

Normal 
AER,  
n = 48 

46 0 1 
(2%) 

0 1 46 1 
(2%) 

0 1 
(2%) 

Micro, 
 n = 7 

0 0 7 
(100%) 

0 0 0 0 6 
(86%) 

1 
(14%) 

Macro, 
 n = 77 

0 0 64  13 
(17%) 

0 0 0 46 31 
(40%) 

The %-units are calculated from the baseline DN group (normal AER, Micro = microalbuminuria, Macro = 
macroalbuminuria). Individuals whose DN got worse (progressors) during follow-up are bolded. The percentages 
are calculated for the baseline DN group. 

 
TABLE 11. Cox proportional hazards models predicting the progression of DN: follow-up data from the 
year 2009 (Study I) and from the year 2019 

 
Year 2009 (Study I) 

21 events  Year 2019 
40 events 

HR [95%CI] P  HR [95%CI] P 
Cox model for the mean TRF 
Mean TRF (kb) 0.19 [0.07,0.56] 0.0025  0.53 [0.29, 0.098] 0.042 
HbA1c (%) 2.05 [1.42, 2.98] 0.0001  1.45 [1.15, 1.83] 0.0015 
Smoking (yes/no) 4.58 [1.59, 13.23] 0.0049  1.79 [0.92, 3.47] 0.086 
Male sex 1.14 [0.35, 3.37] 0.826  0.51 [0.27, 0.99] 0.047 
SBP (mmHg) 1.01 [0.98, 1,03] 0.726  1.03 [1.01, 1.05] 0.0009 
Diabetes duration (years) 1.01 [0.94, 3.69] 0.801  1.01 [0.97, 1.06] 0.541 
Cox model for the proportion of short telomeres 
Proportion of short telomeres (%) 1.12 [1.04, 1.20] 0.0023  1.08 [1.02, 1.14] 0.0071 
HbA1c (%) 2.23 [1.39, 2.95] 0.0002  1.50 [1.18, 1.92] 0.0009 
Smoking (yes/no) 5.23 [1.71, 16.04] 0.0038  2.00 [1.03, 3.90] 0.042 
Male sex 1.33 [0.40, 4.44] 0.643  0.49 [0.25, 0.96] 0.038 
SBP (mmHg) 1.01 [0.98, 1.04] 0.638  1.03 [1.01, 1.05] 0.0009 
Diabetes duration (years) 1.00 [0.93, 1.09] 0.921  1.01 [0.97, 1.06] 0.614 

 

 Summary and discussion 

Even though the telomere length was not associated with the baseline DN, 

both the mean TRF and the proportion of short telomeres predicted DN 

progression. Our lack of association between telomere length and cross-

sectional DN status was concordant with a Danish study conducted at the same 

time as Study I [Astrup 2010]. Short telomere length did not, however, predict 

ESRD progression in their study. Instead, short telomere length was predictive 

of all-cause mortality. In the year 2015, five years after Study I, a meta-analysis 

of two cohorts comprising 1,055 individuals showed that shorter relative 

telomere length (rTL, result from qPCR) predicted CKD progression, defined 

as doubling of serum creatinine or development of ESRD [Raschenberger 

2015]. The finding was significant only within active smokers or individuals 

with diabetes. 
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Interestingly, a study on ~4,800 individuals showed a U-shaped association 

between CKD duration and rTL [Raschenberger 2015]. Individuals with the 

shortest (< 6 months) and the longest (≥ 5 years) duration of CKD (stage 3 in 

the Kidney Disease: Improving Global Outcomes (KDIGO) guidelines: eGFR 

30–60 mL/min per 1.73 m2 or overt proteinuria and eGFR > 60 mL/min per 

1.73 m2) had higher rTL compared to individuals with an intermediate 

duration of CKD. As discussed by the study, this finding could indicate a 

survival bias of individuals in the longest duration of CKD (only individuals 

with relatively long telomeres are alive), or differences in telomerase 

activation, urging for further studies to confirm this. Our study did not look at 

the relationship between duration of DN (or albuminuria) and telomere 

length, but such studies could be reasonable in the entire FinnDiane cohort. 

Our study comprised 132 individuals with T1D, of which 84 had 

albuminuria. Although being relatively small in size, our study was larger than 

those conducted earlier for T2D and microalbuminuria (n = 84, [Tentolouris 

2007]), and T2D and renal senescence (n = 17, [Verzola 2008]). All these 

earlier studies used the same labor-intensive Southern blotting method for 

measuring telomere length. Today, the most common method to measure 

telomeres is a method based on qPCR that gives the relative telomere length 

(defined as the telomere signal/single-copy gene signal, T/S). The main 

advantages of the qPCR method are the high throughput and the low need for 

DNA. As a disadvantage, this method does not give absolute telomere length 

nor the proportion of short telomeres in a DNA sample. Additionally, without 

a common control sample, inter-study comparison of the results is impossible. 

One limitation in our study was that even though we measured telomere 

length both from the baseline and from the follow-up leukocyte DNA, we did 

not utilize much of the follow-up telomere sample in the analyses. Although 

telomeres are thought to be a biological clock and show attrition in relation to 

age, the truth is more versatile. In fact, in our study, too, telomeres actually 

lengthened in some individuals during the follow-up. Indeed, the telomere 

dynamics deserve more attention in future telomere research. 

5.2 Study II: Histone methyltransferases and complications 
of diabetes (candidate gene approach) 

 Association with complications of diabetes 

Our candidate gene study on three histone methyltransferases examined the 

association of altogether 33 successfully genotyped variants with 

complications of diabetes in the FinnDiane. We selected seven variants that 

showed nominal association (P < 0.05) with DN, DR, or CVD for replication in 

the Steno and GoKind UK cohorts. The selected SNPs were rs17353856, 

rs7900814, and rs12572872 close to SUV39H2 (association with DR and/or 

DN); rs3373 close to SUV39H1 (association with DN and CVD), and 
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rs11100112, rs2592970, and rs2725790 in SETD7 (DN association). In a meta-

analysis of the FinnDiane, Steno, and GoKind UK cohorts, the rs17353856 

association with DR remained significant, and the minor T-allele decreased 

the DR risk (OR = 0.75; P = 1.2×10−4) when analyzed in a logistic regression 

model with diabetes duration, HbA1c, BMI, SBP, and triglycerides included as 

covariates (TABLE 12, FIGURE 12). 

One variant, rs11100112 in SETD7, was significantly associated with DN in 

the meta-analysis (OR = 0.76, P = 2.5×10−4) when the covariates diabetes 

duration, sex, SBP, HbA1c, smoking, and triglycerides were included in the 

model. The effect, however, was in a different direction in the FinnDiane and 

Steno cohorts (minor allele was protective), compared to GoKind UK (minor 

allele increased the risk of DN), and the Cochran’s Q test P value of 0.036 

indicated significant heterogeneity between the effects in the cohorts. Further, 

a post hoc random-effects meta-analysis that allows heterogeneity of the 

effects between the cohorts retained no significant association at this SNP (P 

= 0.233). 

The cardiovascular disease phenotype was available in the FinnDiane (n = 

298 cases) and in Steno (n = 57 cases) cohorts. SUV39H2 SNP rs17353856 (P 

= 0.017) and rs3373 close to SUV39H1 (P = 0.037 in men) were nominally 

associated with CVD in the FinnDiane when using a χ2-test, but the association 

was non-significant when adjusting for covariates (diabetes duration, sex, 

triglycerides, smoking history, eGFR, HbA1c, and MAP; rs17353856: OR 0.66 

[0.40–1.10], P = 0.114; rs3373: 2.06 [0.96–4.53], P = 0.073). In FinnDiane, 

the minor G-allele frequencies of the SNP rs3373 were higher in the CVD cases 

compared to the controls (0.354 vs. 0.246), but in Steno, the G-allele 

frequency was instead lower in the cases compared to the controls, although 

non-significantly (0.250 vs. 0.312, P = 0.509). The SNP rs17353856 was not 

associated with CVD in Steno, and the result of the meta-analysis was non-

significant. 

The association of the exonic SNP rs17353856 (SUV39H2) with micro- and 

macrovascular complications in FinnDiane inspired us to perform additional 

explanatory analyses. We created a complication score with values ranging 

from 0 to 4 according to the number of vascular complications (0 = no vascular 

complications, 4 = DR, DN, and CVD; details in section 4.5.3). Both the 

rs17353856 major C-allele frequency (P = 5.7×10–4) and the genotype where 

both haplotypes had risk-increasing alleles in three SNPs rs17353856, 

rs7900814, and rs12572872 (CGG/CGG) were associated with complication 

score (P = 0.001). For example, the CGG/CGG genotype frequencies were 

0.554, 0.568, 0.616, 0.615, and 0.660 in groups 0–4. In the Steno cohort with 

available data for all these three complications, this trend was, however, not 

seen. 
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TABLE 12. Nominally significant associations (P < 0.05) in the meta-analysis (1 per gene) 

Gene; SNP Alleles 
A1>A2 Cohort 

MAF (%)  Genotypic association Hetero-
geneity 
test P cases / 

controls  P a OR [95%CI] a P b 

Diabetic retinopathy 

SUV39H2  
rs17353856 C>T 

FinnDiane 10.5 / 12.7 0.0017 0.76 [0.61–1.01] 0.064 NA 

Meta-analysis 11.8 / 13.5     0.008 0.75 1.2×10−4 0.590 

Diabetic nephropathy  

SUV39H2  
rs17353856 C>T 

FinnDiane 9.9 / 12.0     0.001 0.69 [0.50–0.97] 0.030 NA 

Meta-analysis 12.0 / 13.2     0.0023 0.80 0.012 0.171 

SETD7  
rs11100112 C>T 

FinnDiane 18.0 / 20.7     0.044 0.67 [0.51–0.88] 0.004 NA 

Meta-analysis 19.6 / 21.5     0.303 0.76 2.5×10−4 0.036 

Minor allele (A2) was the effect allele. Significant associations (P < 7.8×10−4) are bolded. 
a Chi-square test P value 
b Logistic regression model with genotypes [(A1A2  + A2A2) vs. A1A1] and selected covariates: diabetes duration, HbA1c, 
SBP, ln(triglycerides), and BMI (DR model) or smoking (DN model). 
 
 

 
FIGURE 12. The association between rs17353856 (SUV39H2) and DR in the three cohorts and in the 
meta-analysis. Numbers (n) denote the number of cases / controls. 

 Effects of variants in SUV39H2 and SETD7 

The complication risk decreasing minor T-allele of the exonic SNP rs17353856 

in SUV39H2 gene disrupts a putative binding site of SRSF1 (Serine and 

arginine rich splicing factor 1) participating in the regulation of pre-mRNA 

splicing. Six out of the eight SUV39H2 mRNA splicing-variants include the 

rs17353856-containing exon (GTEx v.8 data, released August 26, 2019). It is 

not known whether the potential lack of binding of SRSF1 truly affects 

SUV39H2 mRNA splicing.  

Histone methyltransferases SUV39H1 and SUV39H2 have fairly similar 

gene expression profiles in various tissues; SUV39H1 gene expression is the 

highest in EBV-transformed lymphocytes, testis, and spleen, whereas 
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SUV39H2 expression is the highest in testis, EBV-transformed lymphocytes, 

and cultured fibroblasts (TABLE 13). Genetic variants may alter gene 

expression, and the most recent GTEx data provides significant genotype–

gene expression associations for 49 tissues. Further, post hoc analyses after 

the Study II was published, showed that rs17353856 is an expression 

quantitative trait locus (eQTL) for SUV39H2 in the thyroid tissue (P = 2.3×10–

5), but also for the adjacent gene DCLRE1C (DNA cross-link repair 1c) in six 

tissues, including the thyroid (P = 5.9×10–9) and whole blood (P = 6.5×10–11). 

For both genes, the minor T-allele was associated with lower gene expression. 

The expression of SETD7 is the highest in cultured fibroblasts and in two 

blood vessel tissues, namely the tibial artery and aorta. According to GTEx, 

our top finding rs11100112 is not associated with the expression of this gene 

(no eQTL data available for rs11100112). Instead, in the tibial artery, the only 

eQTL for SETD7 was rs112164740 (P = 6.2×10–7) located ~0.5 Mb 3’ from 

SETD7. Our study did not include rs112164740 because it was outside our 

study region (±10 kb of the gene), nor was rs112164740 in LD with any of the 

SNPs we included. The best eQTL for SETD7 in any tissue was rs1026048 in 

muscle tissue (P = 8.4×10–41). This SNP is in high LD (r2 > 0.90) in the 1000G 

EUR population with rs2725773 that did not show any association with 

diabetes complications in our study. 

TABLE 13. Top eQTLs for SUV39H1, SUV39H2, and SETD7 in the GTEx v.8 data 

Gene 
Highest 
expression in 
GTEx tissues 

eQTL 

Top 
eQTLs Tissue Variant r2 in 

EUR a 
Distance 

to gene P 

SETD7 
cultured 
fibroblasts, tibial 
artery, aorta 

any tissue muscle rs1026048 >0.90 with 
rs2725773  in gene 8.4×10–41 

high expr. 
tissue tibial artery rs112164740 <0.10 351,976 6.2×10–7 

SUV39H1 
EBV-transformed 
lymphocytes, 
testis, spleen 

any tissue brain; basal 
ganglia rs181426209 NA –518,287 1.4×10–6 

high expr. 
tissue testis rs34074516 NA –735,517 7.3×10–5 

SUV39H2 

testis, EBV-
transformed 
lymphocytes, 
cultured fibroblasts 

any tissue esophagus 
muscularis rs60532904 <0.10 578,382 5.7×10–7 

high expr. 
tissue NA NA NA NA NA 

a Linkage disequilibrium (LD) with any SNPs included in Study II in the 1000G EUR population (Accessed through 
https://ldlink.nci.nih.gov/). LD was not calculated for the monoallelic SNP rs181426209 and for the multiallelic SNP 
rs34074516. 

 Summary and discussion 

We originally utilized the published genetic data of the HapMap phase II CEU 

population to search for variants tagging genetic variability in the three 

histone methyltransferases. Today, the 1000G data provides more detailed 

SNP maps and haplotype structures. TABLE 14 compares the resources 

available at the time of Study II (SNP selection in 2009) with those available 

in April 2020 and shows the increase in the number of common variants and 
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the number of tag SNPs in the gene regions in the recent 1000G data compared 

to the HapMap data we used. This highlights the overall progress in the 

knowledge of the human genome due to improvements in sequencing and 

genotyping methods over the past ten years. 

TABLE 14. Common variants (MAF ≥ 0.05) in or near (± 10 kb) the studied three histone 
methyltransferases in the HapMap phase II data and in the 1000 Genomes phase 3 data 

Gene  
Gene location Variants  

gene ± 10,000 bp 
Number of tag SNPs 

needed (r2 ≥ 0.80)c 

NCBI36 (hg18) GRCh37 (hg19) HapMapa 1000Gb HapMap 1000G 

SETD7 chr4:140,646,643 
–140,697,027 

chr4:140,427,193 
–140,477,577 43 118 25 45 

SUV39H1 chrX:48,440,075 
–48,452,348 

chrX:48,555,131 
–48,567,404 1 6 1 3 

SUV39H2 chr10:14,960,905–
14,986,308 

chr10:14,920,899 
–14,946,302 15 45 11 17 

a HapMap, Phase 2, Data release 24; SNPs only 
b 1000G Phase 3 (version 5) EUR population; SNPs included (insertions and deletions not included) 
c Haploview Tagger program used for the HapMap data in Study II and the SNPclip tool at https://ldlink.nci.nih.gov for 
the 1000G data. 

 

Our approach of taking only variants in the gene, or 10 kb around it into 

account was common for candidate gene studies published before the GWAS 

era. Today, we know that regulatory elements are commonly either near the 

gene or several Mb’s (1,000,000 base pairs) from the gene. Chromatin forms 

3D structures in the cell nucleus, and transcription factors, inhibitors, and 

other regulatory proteins may interact with the gene transcription start sites 

far away in the linear sequence. Indeed, top eQTLs for SUV39H1, SUV39H2, 

and SETD7 are mostly located ~0.5 Mb from the gene (TABLE 13). Therefore, 

many earlier candidate gene studies that selected only variants near the gene 

have not included all possibly important SNPs. In addition, variants were 

earlier thought to affect the closest gene only, when today, nothing conclusive 

can be said based on the SNP location only. 

We selected 37 variants (tag SNPs) to cover all known genetic variability in 

the three studied histone methyltransferases. Thus, our selected SNPs tagged 

many other variants, and based on just the top association result, the causative 

SNP cannot be determined. In fact, our top SNP rs17353856 in SUV39H2 was 

in high LD (r2 ≥ 0.80) with one other SNP rs11594111 (r2 = 1.0) in genetic 

databases available at the time of Study II publication (HapMap Data Releases 

≤ 28 or 1000 Genomes Project Pilot Phase 1). This SNP rs11594111 showed a 

suggestive association for migraine (P = 1×10–7) in a large genome-wide 

association meta-analysis [Anttila 2013]. The newest 1000G Phase 3 data from 

the EUR population identifies ten common variants (SNPs and small 

insertions and deletions) in high LD with rs17353856. Post hoc analysis shows, 

however, that none of these ten variants appear to be functional (RegulomeDB 

score ≥ 4). 
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One key study inspiring us to perform Study II found that especially the 

H3K4me1 by SETD7 was increased in the Nf-κB sub-unit p65 gene promoter 

in response to transient hyperglycemia in vascular endothelial cells [El-Osta 

2008]. Although our study found no clear association between SNPs in SETD7 

and diabetes complications, more studies have been published showing how 

the function of SETD7 in a hyperglycemic milieu may be causal for the 

complications of diabetes. For example, hyperglycemia seems to guide SETD7 

to also other important inflammatory gene promoters, and the genes are 

activated partly due to an increase in H3K4me1 [Okabe 2012]. Importantly, 

Sasaki and colleagues showed that inhibition of Setd7 in mice reduced 

H3K4me1 and ameliorated kidney fibrosis [Sasaki 2016] – one key hallmark 

of DN. During normal conditions, SETD7 expression in the kidney is low 

(GTEx. v8), and SETD7 is undetectable by antibody staining of kidney tissue 

sections (Human Protein Atlas). 

The main finding in Study II was the protective association between the 

minor T-allele of the exonic SNP rs17353856 and DR. The eQTL evidence so 

far does not show a strong association between this SNP and SUV39H2 

expression. More importantly, the histone 3 lysine 9 trimethylation, the 

epigenetic mark generated by SUV39H2, seems to be altered by diabetic 

conditions. A small study of 26 individuals with LADA and healthy controls 

showed that SUV39H2 methyltransferase (but not SUV39H1) expression was 

decreased, and the KDM4C demethylase expression was increased, 

concordant with the lower H3K9me3-level measured in subjects with LADA 

[Liu 2017]. In individuals with LADA and a micro- or macrovascular 

complication, both SUV39H2 and global H3K9me3 levels were further 

decreased. This H3K9me3 is a marker of non-active DNA, indicating that 

reducing H3K9me3 results in gene activation. One study showed that in 

diabetic mouse models for T1D and T2D, the glucose receptor GLUT4 levels in 

skeletal muscle were decreased due to increased H3K9me3 at the Slc2a4 

enhancer sequence (Slc2a4 is the gene coding for GLUT4 in mice) [Yonamine 

2019]. The decrease in the number of glucose transporters results in 

hyperglycemia and the need for more insulin. 

To summarize, hyperglycemia seems to affect the expression of some 

histone methyltransferases that further make epigenetic changes seen in 

diabetic conditions: increase in H3K4me1 and decrease in H3K9me3 that are 

both gene-expression activating epigenetic events. Such epigenetic changes 

have already been shown to upregulate the expression of some key 

inflammatory genes and thus increase inflammation — one possible causal 

link between hyperglycemia and the vascular complications of diabetes. We 

found a consistent association between the exonic SNP rs17353856 in the 

histone methyltransferase SUV39H2 and DR. The cases with DR more often 

had the C allele than the control group. This SNP has only modest evidence for 

regulating SUV39H2 expression, although the DR-risk-increasing major C-

allele was associated with higher gene expression in some tissues. Thus, our 

findings suggest that in the diabetes context, the C-allele carriers would have 
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more SUV39H2 expression, more H3K9me3, and they would potentially have 

lower inflammatory gene expression and lower glucose receptor gene 

expression as well. Without proper in vitro studies in relevant tissues, 

however, the actual effects of genetic variants on SUV39H2 expression remain 

inconclusive. 

5.3 Study III: Genetics of glycated hemoglobin in T1D 
(GWAS approach) 

 Novel HbA1c association on chromosome 13 

This GWAS study searched for novel genetic variants associated with glycated 

hemoglobin levels. In the FinnDiane discovery cohort, intra-individual mean 

HbA1c was 8.5% (69.5 mmol/mol). HbA1c showed significant narrow-sense 

heritability of 17.0% (P = 0.002) or 15.3% when adjusted for covariates (P = 

0.003), which indicates that genetic variants do affect the phenotype. In the 

Manhattan plot showing all genome-wide associations, a significant peak 

emerged on chromosome 13 (FIGURE 13). The minor T-allele of the lead 

variant rs2085277 was associated with higher HbA1c levels (Beta = 0.42 [95% 

CI 0.27, 0.56], P = 1.52×10−8) and the mean HbA1c values per genotype were 

TT: 8.8% (73.0 mmol/mol, n = 6), CT: 8.9 (73.5 mmol/mol, n = 266), and CC: 

8.5% (69.2 mmol/mol, n = 4,236). The corresponding HbA1c values in 

individuals with ≥ 3 HbA1c measurements were TT: 9.2% (76.5 mmol/mol, n 

= 5), CT: 8.8 (73.0 mmol/mol, n = 240), and CC: 8.5% (69.3 mmol/mol, n = 

3,808). TaqMan genotyping confirmed that the imputed genotypes of 

rs2085277 were reliable. 

 

 

FIGURE 13. Results from the GWAS for HbA1c in the FinnDiane cohort: A) Manhattan plot of all 
associations, with a chromosomal position on the x-axis and significance (–log10(P)) on the y-axis. The 
upper horizontal line shows the genome-wide significance threshold (P = 5.0×10–8) and the lower line is 
for the suggestive associations (P = 5.0×10–6). B) Locus Zoom plot zooms into the chr13 region. Colors 
of the SNPs (dots in the figure) show the LD between the lead SNP and SNPs within ±290kb in the 
1000G EUR population. The significance of the association with HbA1c is shown on the y-axis. 
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We chose five correlated SNPs from the chromosome 13 locus and eight 

other independent SNPs with P < 5×10–6 for replication attempts and 

subsequent analyses. As described in the Methods section, the five replication 

cohorts (DCCT/EDIC, WESDR, RASS, CACTI, and EDC) used the intra-

individual mean of the natural logarithm of HbA1c as a phenotype, and thus, 

we recalculated similar results for FinnDiane to be able to combine the results 

in the meta-analysis. 

In the meta-analysis, the only significant result was on chr13, where two 

correlated SNPs, rs2085277 and rs1360072, were significantly associated with 

ln(HbA1c) with similar effect size: Beta = 0.046 [95% CI 0.030, 0.063] and P 

= 3.7×10−8 (rs2085277) or P = 4.2×10−8 (rs1360072) (TABLE 15). Of note, the 

MAF for rs2085277 was 4% in the FinnDiane, whereas it was 1% in the RASS 

and only 0.2%–0.4% in the DCCT/EDIC and WESDR cohorts. Therefore, only 

RASS was included in the meta-analysis for this SNP, whereas the 

DCCT/EDIC and WESDR results (low MAF) and the CACTI and EDC cohort 

results (imputation quality r2 < 0.60) were excluded (FIGURE 14). The MAFs 

of rs2085277 in our study were in line with the 1000G population data: MAF 

= 5.6% in FIN (Finnish in Finland) and 0.5% in GBR (British in England and 

Scotland). Interestingly, this SNP had markedly higher MAFs in East Asians 

(38.5%) and South Asians (9.2%). 

 
TABLE 15. Top loci for the HbA1c GWAS in the FinnDiane as well as the results from replication in other 
type 1 diabetes cohorts 

Variant 
location (hg19) 

Closest 
gene 

FinnDiane (n = 4,622) EAF 
(%) 
in 
repa 

Meta-analysis 

EA/ 
OA 

EAF 
(%) 

Beta 
[95% CI] P Direction 

of effectsb P 

rs7514675 
chr1:99,782,478 LPPR4 G/A 10.1 0.23 

[0.13,0.33] 2.7×10–6 12.4 +–+–+– – – 1.5×10–2 

rs144918527 
chr3:12,740,810 RAF1 T/ 

TTG 53.2 0.13 
[0.08,0.19] 4.4×10–6 51.2 ++?– –+++ 2.5×10–4 

rs373883321 
chr6:165,403,975 MEAT6 T/– 34.4 0.13 

[0.07,0.18] 3.9×10–6 36.8 +–+??+–+ 2.1×10–2 

rs478414 
chr7: 154,526,318 DPP6 C/T 56.0 0.13 

[0.07,0.18] 3.1×10–6 50.5 +–+–+–++ 8.3×10–3 

rs113241624 
chr8:109,658,463 TMEM74 A/G 1.2 0.60 

[0.35,0.85] 3.2×10–6 1.0 +??–???? 8.5×10–5 

rs4744017 
chr9:93,615,717 SYK A/G 47.9 0.12 

[0.07,0.17] 8.8×10–6 46.8 ++– –++– – 8.3×10–4 

rs2085277 
chr13:32,167,717 RXFP2 T/A 4.1 0.42 

[0.27,0.56] 1.5×10–8 1.0 +???+??? 3.7×10–8 

rs552894079 
chr15:89,840,012 FANCI A/G 97.6 0.40 

[0.23,0.56] 8.1×10–6 NA NA NA 

rs2599441 
chr19:43,989,088 PHLDB3 G/A 72.8 0.14 

[0.08,0.19] 2.0×10–6 76.2 +–++– – –+ 3.2×10–3 

EA = effect allele, OA = other allele, EAF = effect allele frequency 
a EAF in replication cohorts with SNP MAF ≥ 1% 
b Direction of the effect in the cohorts (in the following order): FinnDiane, DCCT/EDIC CON, DCCT/EDIC INT, 
WESDR, RASS, CACTInonCLINIC, CACTICLINIC, and EDC. 
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FIGURE 14. SNP rs2085277 (C > T) association with mean natural logarithm of HbA1c in the FinnDiane 
and the T1D replication cohorts. Minor T-allele was the effect allele. The meta-analysis included only the 
FinnDiane and RASS cohorts with MAF ≥ 1% for this variant. Figure was published in the supplementary 
material of ref. [Syreeni 2019] in Diabetes. Reprinted with permission from the American Diabetes 
Association. 
 

So far the largest HbA1c GWAS by Wheeler and colleagues studied the 

genetics of HbA1c in individuals without diabetes from multiple ethnic groups 

[Wheeler 2017]. First, we queried the association results for the two top 13 

SNPs from their European population, but these results were missing likely 

due to the low MAF. Additionally, no other variant at the chr13 locus nor any 

proxy SNPs were associated with HbA1c in that European population without 

diabetes. Therefore, we performed a look-up of the chr13 SNP association 

results in East and South Asian populations in which these SNPs had higher 

MAFs. In the South Asians, these SNPs were missing but in the East Asians 

the lead SNP rs2085277 was associated with HbA1c with Beta = 0.02 [95% CI 

0.006, 0.03] (P = 0.005). 

 Genetic risk score 

A couple of GWAS have investigated the genetics of HbA1c in individuals 

without diabetes, whereas in individuals with T1D, only one GWAS had been 

performed before our Study III. We were able to nominally replicate (P < 0.05 

in FinnDiane) some of the previously found HbA1c-associations (TABLE 16). 

Especially individuals homozygous for minor A-allele of SNP rs1800562 (G > 

A, Cys282Tyr) in the HFE (hemochromatosis) gene had notably lower HbA1c: 

AA (n = 3); 7.6 ± 1.1%, AG (n = 250); 8.3 ± 1.2%, and GG (n = 4,369); 8.5 ± 

1.2%. 

We generated genetic risk scores (GRS) from independent SNPs associated 

with HbA1c in the most recent and largest study in the general population. A 

GRS-ALL comprising 55 SNP was associated with HbA1c in FinnDiane, and 

together with the covariates (age, diabetes duration, sex, and the number of 

HbA1c measurements), explained 2.5% of the variation in HbA1c (P = 0.014). 

The covariates only, however, explained most of the variation (R2 = 2.4%). A 

GRS-E comprising 19 SNPs with estimated effects on erythrocyte (red blood 
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cell) biology was associated with HbA1c in FinnDiane (P = 0.01), whereas GRS-

G from 18 glycemic SNPs was not associated with HbA1c (P = 0.573). 

TABLE 16. Previously known HbA1c-associated variants – replication in FinnDiane: Results for the 
SORCS1 locus (from the GWAS for HbA1c in T1D) and other nominally significant results are shown. 

SNP 
(EA) Gene 

Original study  FinnDiane 

Ref. EAF a Beta b 
[95%CI]  EAF Beta c 

[95%CI] P 

rs1358030 
(C) SORCS1 Paterson 

2010 (T1D) d 36% 0.33 
 [0.23,0.43]  40% 0.034 

[–0.02,0.09] 0.192 

rs1800562 
(G) HFE  Soranzo 

2010 94% 0.063 
 [0.050,0.077]  97% 0.21 

[0.06,0.36] 0.007 

rs906216 
(G) HK1  Paré 2008  56% 0.017  58% 0.060 

[0.009,0.11] 0.022 

rs7072268 
(T) HK1  Paré 2008 50% 0.018  43% 0.051 

[0.001,0.10] 0.047 

rs12621844 
(T) FOXN2 Wheeler 

2017 60% 0.010 
[0.006,0.013]  55% 0.059 

[0.008,0.110] 0.023 

a EAF denotes effect allele frequency (increasing HbA1c in the original study). For the SNP rs12621844 (FOXN2) from 
the multiethnic study by Wheeler et al. 2017, EAF and Beta are from the European cohorts. 
b Association with % HbA1c 
c Effect size from the additive genetic model for HbA1c (%) including the covariates 
d Results provided for the conventional treatment arm, unadjusted analysis 

 Consistency of intra-individual HbA1c 

To be able to maximize the sample size, our study also included individuals 

with only one single HbA1c measurement. This can be seen as a limitation. 

Although environmental factors (insulin, diet, exercise) influence HbA1c, we 

noticed, however, that the intra-individual HbA1c values were correlated. For 

example, in individuals with ≥ 3 HbA1c measurements, the first and the last 

HbA1c measurements were correlated (r = 0.39, P < 1.0×10–100, FIGURE 15) 

even though the time between the measurements was over ten years (median 

[IQR]: 11.0 [6.5–14.1]). Additionally, the first HbA1c measurement was 

strongly correlated with the intra-individual mean HbA1c (r = 0.70, P < 

1.0×10–100). Thus, one single HbA1c measurement may be representative of the 

individual’s overall HbA1c level. 

 

FIGURE 15. The correlation of intra-individual HbA1c values: A) the correlation between the first and the 
last HbA1c measurement and B) the first and the mean of all HbA1c measurements (n = 1–129). 
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Our genetic findings showed the same consistency over time. We studied 

271 individuals that had HbA1c measurements from three consecutive diabetes 

duration bins (1–9.9, 10–19.9, and 20–29.9 years). We then combined the top 

nine independent SNPs associated with the mean HbA1c in the FinnDiane to a 

single genetic risk score (GRSFD). This score was associated with the intra-

individual mean HbA1c in all three diabetes duration bins (P < 0.03 in a linear 

regression model adjusted for sex, age, and diabetes duration). Similarly, 

when all the study HbA1c measurements were divided into bins according to 

the diabetes duration (1–9.9, 10–19.9, 20–29.9, 30–39.9, and over 40 years), 

in all these bins, the GRSFD was associated with HbA1c (P < 4.2 ×10–5). 

 Summary and discussion 

HbA1c measurements are used for the monitoring of the diabetes treatment 

and glucose control, but also for diagnosing the disease (T2D). An X-

chromosomal variant in the glucose-6-phosphate dehydrogenase gene seems 

to cause 2% of T2D cases undiagnosed in African Americans, a population that 

carries the effect allele at a higher frequency [Wheeler 2017]. Our study 

hypothesized that also in T1D, genetic factors might influence HbA1c levels, 

and that GWAS may reveal such variants. Indeed, our GWAS for HbA1c 

conducted in 4,622 Finnish individuals with T1D found variants on 

chromosome 13 associated with the HbA1c levels. This association was difficult 

to replicate in other European T1D cohorts because of the low MAF of the lead 

variant in non-Finnish Europeans. Instead, our results were confirmed in a 

non-diabetic East Asian cohort, in which the minor T-allele of rs2085277 was 

present at a higher frequency (38.5%). 

The lead SNPs on the chr13 locus are located between the genes B3GLCT 

(261 kb 5') and RXFP2 (146 kb 3'). B3GLCT encodes a protein called beta 3-

glucosyltransferase found on the endoplasmic reticulum (ER) membrane. This 

enzyme participates in post-translational protein modification by adding 

glucose to O-linked fucosylglycans that are sugar chains attached to serine or 

threonine amino acid residues. Hemoglobin glycation in erythrocytes, 

however, is a non-enzymatic reaction. In Study III, we investigated gene 

expression with the GTEx v.7 data. Although rs2085277 was missing from the 

GTEx data, many SNPs in close vicinity to rs2085277 (but not in LD) were 

associated with gene RXFP2 expression, although in the adrenal gland tissue 

only. Post hoc analysis after the publication of Study III showed that this SNP 

was available in the more recent GTEx v.8 data, but it was not associated with 

the gene expression most likely due to the low MAF. 

Without further knowledge, we considered that the closest gene RXFP2 is 

the plausible candidate gene affected by our HbA1c GWAS top variants because 

it also appeared biologically interesting. RXFP2 encodes a receptor protein for 

insulin-like peptide 3 (INSL3) and relaxin [Halls 2015]. Of the receptor 

ligands, the relaxin hormone is naturally increased during pregnancy. In 

addition to its vasodilatative and antifibrotic actions, relaxin, a close homolog 

to insulin, seems to ameliorate insulin sensitivity by activating peroxisome 
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proliferator-activated receptor-gamma (PPARγ) [Singh and Bennett 2010]. 

The study conducted in human embryonic kidney cells showed that PPARγ 

activation was dependent on RXFP1, the main receptor for relaxin hormone. 

The study, however, did not test whether the same effect would have been seen 

with RXFP2. A protein interaction analysis with STRING v.10.5 linked RXFP2 

with proteins like gastric inhibitory polypeptide (GIP) receptor and glucagon, 

both playing an established role in glucose homeostasis. Another interesting 

protein in the same network is adenylate cyclase 5 (ADCY5), in which variants 

have previously been shown to associate both with T2D [Dupuis 2010] and 

HbA1c [Wheeler 2017]. 

In our T1D cohort, we replicated a handful of variants previously shown to 

be associated with HbA1c in the general population. The lack of more 

comprehensive replication may be due to the small effect sizes of the variants 

that are difficult to detect in diabetes and our markedly smaller sample size 

(4,622 in FinnDiane vs. ~150,000 in the study by Wheeler et al.). Thus, our 

power to replicate these HbA1c findings from the general population was low 

(< 0.33). 

Interestingly, 16 out of 19 variants listed to have a potential impact on 

erythrocyte biology showed the same direction of the effect on HbA1c in our 

T1D cohort (Binomial test P = 0.002). The GRS-E was also significantly 

associated with HbA1c in our T1D cohort. Of the findings from the general 

population, the most interesting in our T1D cohort was the SNP rs1800562 

that changes the hemochromatosis (HFE) protein amino acid residue 282 

from cysteine to tyrosine. The three individuals homozygous for the minor A-

allele had HbA1c values of 0.9% units lower than the individuals homozygous 

for the major allele. Individuals with the minor AA-genotype have shown 

increased iron absorption from the diet, higher hemoglobin values, and higher 

risk of hemochromatosis (iron overload). The A-allele has earlier been shown 

to be associated with larger red blood cell size (MCV, mean corpuscular 

volume) and higher amount of hemoglobin in red blood cells (MCH, mean 

corpuscular hemoglobin) [Soranzo 2009]. Therefore, the lower HbA1c-level in 

the AA-genotype carriers is not because of better glycemic control but a result 

of other factors related to the erythrocyte biology, likely shortened erythrocyte 

lifespan. In addition to our significant heritability estimates, the effects shown 

for the variant in HFE demonstrate that genetic factors do affect the measured 

HbA1c levels also in individuals with T1D. This may lead to unfavorable 

decision-making when adjusting the insulin administration. 
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5.4 Study IV: Genes affecting T1D diagnosis age (meta-
GWAS approach) 

 Age-at-diagnosis-associated locus on chromosome 17 

This study was conducted with the aim to identify genomic loci and genes that 

would associate with T1D diagnosis age. From the 7.37 million variants 

available in at least two of three study cohorts (FinnDiane, UK GRID, or 

Sardinia), 275 variants were associated with the diagnosis age with genome-

wide significance. These variants were located in two genomic regions: the 

HLA region on chromosome 6 as well as chromosome 17. The HLA region 

included a total of seven independent variants (r2 < 0.1) significant at the 

genome-wide level, of which the association between lower age-at-diagnosis 

and the major G-allele of rs116763857 was the strongest (Beta = −0.295, SE = 

0.006, P = 1.2×10−14). The only independent SNP at chr17q12 was rs2941522. 

The LD with the second top SNP rs11078921 at this locus was modest in the 

1000G EUR population (r2 = 0.44), and even absent in the 1000G Africans (r2 

= 0.03). In the meta-analysis, the major C-allele of the lead SNP rs2941522 

was associated with lower (ln-transformed) T1D diagnosis age (Beta = −0.069, 

SE = 0.012, P = 7.3×10−9). The direction of the effect was consistent in the 

FinnDiane and the UK GRID cohorts, whereas this SNP was missing from the 

Sardinian cohort (FIGURE 16). In fact, in the Sardinian cohort, no other 

variants in the chr17q12 locus were associated with T1D diagnosis age. Our 

secondary analysis in the FinnDiane cohort divided individuals into those with 

high, medium, or low T1D risk HLA haplotypes and showed that rs2941522 

association with the T1D diagnosis age was similar regardless of the HLA 

background (Heterogeneity test, P = 0.358, METAL). 

 

 

FIGURE 16. A) The association of the variants in the chr17q12 locus with the (natural logarithm of) age 
at diagnosis of T1D. Position (hg19) is on the x-axis and –log10-transformed association P value on the 
y-axis. B) The associations between the locus lead variant and age at diagnosis (ln-transformed) in 
different cohorts. This SNP was absent in the Sardinia cohort data. The figure was published [Syreeni 
2020] under the CC BY-NC-ND 4.0 license and is reprinted with permission. Modifications to the original: 
Locus zoom plot axis titles and the forest plot header-line bolded. 
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In the UKBB data, rs2941522 was strongly associated with blood cell traits. 

For example, the T1D diagnosis age lowering C-allele was associated with 

lower white blood cell and neutrophil counts, but higher lymphocyte and 

monocyte percentages. Interestingly, the C-allele was associated with higher 

age of an asthma diagnosis (P = 3.9×10−46). 

Independent non-HLA SNPs with a significant or suggestive association (P 

< 1×10–5) with T1D diagnosis age are listed in TABLE 17. 
 
TABLE 17. Independent non-HLA variants associated with age at diagnosis with P < 1×10–5 

Position  
(hg19) SNP (alleles) EA 

freq Beta SE P 
Direction 

of the 
effect b 

In gene or 
closest TSS 

1: 21,020,405 rs17407280 (C>T) 0.777 0.058 0.013 7.2×10−6 + + + + KIF17 

1:161,508,617 rs10919543 (A>G) 0.346 −0.055 0.012 6.0×10−6 − − ? − 
RP11-
25K21.6 

1:212,643,660 rs7524087 (A>G) 0.019 0.285 0.064 8.3×10−6 ? + ? + AC092803.1 

2:162,504,240 rs77155259 (G>A) 0.944 0.142 0.030 1.7×10−6 + + ? + SLC4A10 

3:111,593,569 rs111821448 (C>T) 0.972 0.164 0.036 4.8×10−6 + + + + PHLDB2 

4:46,374,297 rs139881548 (C>T) 0.984 0.222 0.049 7.0×10−6 + + + ? GABRA2 

4:166,837,480 rs34740712 (T>C) 0.104 −0.088 0.019 5.4×10−6 − − ? − TLL1 

5:57,133,145 rs4513644 (T>A) 0.794 0.067 0.014 8.2×10−7 + + + + LINC02225 

6:65,458,587 rs78824139 (C>T) 0.986 0.294 0.066 9.3×10−6 + + ? ? EYS 
7:10,096,655 rs10258381 (T>G) 0.049 −0.119 0.026 5.2×10−6 − − −  + AC004936.1 

7:17,186,779 rs6461299 (T>C) 0.422 −0.078 0.016 2.1×10−6 ? − − − AC003075.4 

7:43,447,790 rs10255565 (T>C) 0.154 −0.086 0.018 1.3×10−6 − − − − HECW1 

8:133,787,972 rs35766765 (C>G) 0.092 −0.091 0.019 2.9×10−6 − − − − PHF20L1 

9:5,421,234 rs74629033 (G>A) 0.950 0.116 0.025 4.5×10−6 + + + + PLGRKT 

9:14,228,471 rs10961433 (G>A) 0.867 0.079 0.017 1.5×10−6 + + + + NFIB 

9:132,505,659 rs4837404 (A>G) 0.368 0.064 0.014 4.8×10−6 + + ? + PTGES 

16:22,980,465 rs1110458 (T>C) 0.239 −0.055 0.012 8.2×10−6 − − − − AC127459.2 

17:37,910,368 rs2941522 (C>T) 0.575 −0.069 0.012 7.3×10−9 − − − ? GRB7 

EA denotes effect allele and TSS the transcription stat site 
a Direction of the effect (Beta – or + ) in the cohorts in order: FinnDiane, UK GRID Illumina, UK GRID Affymetrix, 
Sardinia 
The table was published in J Intern Med. [Syreeni 2020] under the CC BY-NC-ND 4.0 license and is reprinted with 
permission. Modifications: three columns were removed from this version and “in gene” and “closest TSS” columns 
are combined. 

 T1D risk variants 

The major part of the genetic risk for T1D comes from certain HLA II and HLA 

I region haplotypes. Our study, however, did not assess the role of HLA 

haplotypes in the whole meta-analysis cohort. From our GWAS meta-analysis 

results, we queried the age-at-diagnosis associations of 62 known T1D risk 

SNPs located outside the HLA region. A total of 19 (31%) of them were 
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nominally associated (P < 0.05) with the diagnosis age. As expected, the 

strongest association was seen for the chr17q12 locus T1D risk SNP rs12453507 

(P = 3.9×10−6) that is in high LD with our top variant rs2941522 (r2 = 0.87 in 

the 1000G EUR). The SNPs that were associated with diagnosis age with P < 

0.01 are listed in the TABLE 18, and the full list of T1D risk SNP association 

with diagnosis age is available in the Supplementary material of the published 

Study IV [Syreeni 2020] at https://onlinelibrary.wiley.com/doi 

/full/10.1111/joim.13187. For all these age-at-diagnosis associations, the 

alleles imposing the T1D risk were associated with lower diagnosis age. We 

nominally replicated the earlier shown associations [Inshaw 2019] at IL2, 

RNLS, GLIS3, CTSH, and IKZF3/GSDMB/ORMDL3 genes. Age-at-diagnosis 

associations at IL10 and IL2RA (rs6602437) were not replicated (P > 0.05), 

but they were in the same direction in our cohort as described earlier: T1D risk 

allele was associated with lower age at onset. On the other hand, the SNP 
rs61839660 in IL2RA in LD with rs41295061 that was associated with age at 

onset of T1D in a late-onset cohort [Klinker 2010] was nominally associated 

with age at diagnosis in our study. 
Additionally, the PTPRK/THEMIS locus SNP rs72975913, which has been 

shown to be associated with diagnosis age and T1D risk among children < 5 

years [Inshaw 2018], was associated with diagnosis age also in our study (P = 

4.1×10−4). Of note, the UK GRID cohort has taken part in the earlier age-at-

diagnosis studies, which of course can influence the replication of the results 

in our study. 

TABLE 18. Association between the known T1D risk SNPs and age at diagnosis  
in the GWAS meta-analysis: Loci with association P < 0.01 

Gene or region SNP Risk allele (alleles) P value 

AFF3 rs13415583 T (T>G) 0.0052 

4p15.2 rs10517086 A (G>A) 7.3×10−4 

IL2, IL21 rs2069763 A (C>A) 9.1×10−5 

GLIS3 rs6476839 T (A>T) 0.0050 

INS rs689 T (T>A) 0.0092 

CTSH rs34593439 G (G>A) 0.0011 

CTSH rs3825932 C (C>T) 0.0072 

BCAR1 rs8056814 A (G>A) 9.410−4 

IKZF3,ORMDL3,GSDMB rs12453507 G (G>C) 3.9×10−6 

 Enrichment in blood cells, blood vessel, and fetal thymus 

Next, we studied whether the significant and suggestive age-at-diagnosis-

associated variants were located in open chromatin (DNase I hypersensitive 

sites, DHS), indicating active gene transcription in tissues. The enrichment 

analysis included 40 or 17 independent variants with P < 1×10−5, either 

including or excluding the HLA region SNPs, or 171 or 138 with a looser 

https://onlinelibrary.wiley.com/doi
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association threshold of P < 1×10−4. We judged that the P < 1×10−4 threshold 

with more loci was more relevant for the enrichment analysis. We noticed that 

the exclusion of the HLA region variants strongly decreased the number of 

enriched annotations. When HLA was included, 193 of 424 (45.5%) of all 

DHSs annotations (annotation = DHS in a specific tissue or cell line) were 

enriched (P < 2.25×10–4), whereas excluding HLA dropped the number of 

enriched annotations to 43. A binomial test P < 0.05 showed that these 43 

annotations were enriched in blood cells, blood vessels, and fetal thymus 

tissue. 

 Transcriptome-wide association 

The basic idea of transcriptome-wide association is to change the focus from 

SNPs to genes. FIGURE 17 represents the transcriptome-wide association 

results of one out of the five studied tissues and how they align with the 

findings from the GWAS meta-analysis. 

 

 
FIGURE 17. Two Manhattan plots showing the association between age at diagnosis of T1D and A) 
SNPs and B) genes expressed in the EBV-transformed lymphocytes. Significant results are above the 
dotted lines in both figures. 

To correctly interpret the direction of the association from the 

transcriptome-wide analysis, one must keep in mind that when the direction 

of the association is positive (positive Beta or z-score in TABLE 19), then the 

increase in T1D diagnosis age is associated with higher gene expression. 

However, the opposite is clinically relevant: direction of the gene expression, 
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when the diagnosis age is lower. Therefore, the direction of the gene 

expression associated with lower T1D diagnosis age is mentioned in the text. 

 
TABLE 19. Transcriptome-wide association analysis results: the association of gene expression with 
T1D diagnosis age.  

Tissue Genome region 
Genes with significant associations with age at diagnosis 

Genes (sign of z-score)a P 

GTEx whole blood: 12,136 genes 
 chr17q12 IKZF3 (−) 1.8×10−6 

 GTEx EBV-transformed lymphocytes: 11,798  genes 
 chr6; MHC I HLA-G (−), MICA (+) ≤6.9×10−6 
 chr8q24.22 PHF20L1 (−) 2.9×10−6 
 chr17q12 IKZF3 (−), ZPBP2 (−), GSDMB (+), ORMDL3 (+) ≤5.2×10−6 
 GTEx spleen: 13,486 genes 
 chr6: MHC III LST1 (−) 7.2×10−6 
 chr8q24.22 PHF20L1 (−) 3.1×10−6 
 chr17q12 GSDMB (+), ORMDL3 (+) ≤3.80×10−6 
GTEx pancreas: 13,132 genes 
 chr6; MHC I MICA (+) 1.2×10−5 
 chr8q24.22 PHF20L1 (−) 1.7×10−6 
GTEx small intestine, terminal ileum: 13,395 genes  
 chr17q12 ZPBP2 (−), GSDMB (+), ORMDL3 (+) ≤1.1×10−5 
Whole blood from Depression Genes and Networks (DGN) study: 11,530 genes 
 chr6; MHC I MICA (+) 4.0×10−9 
 chr6; MHC III GPANK1 (+), PBX2 (+) ≤5.5×10−7 
 chr17q12 IKZF3  (−), PNMT (+) ≤2.8×10−5 
 chr20q13.12 SLC13A3 (+) 2.3×10−5 

a Plus sign denotes higher gene expression when the T1D diagnosis age increases whereas minus sign denotes 
lower gene expression when diagnosis age increases. The association with lower T1D diagnosis age is the opposite. 
 

In whole blood, higher expression of only one gene, IKZF3, on chromosome 

17 was associated with lower age at diagnosis of T1D. In EBV-transformed 

lymphocytes (a B-cell-derived cell line) instead, along with IKZF3, also the 

GSDMB, ORMDL3, and ZPBP2 gene expression was associated with diagnosis 

age. Similarly, earlier diagnosis age was associated with lower GSDMB and 

ORMDL3 expression in the spleen and small intestine. 

Another significant non-HLA gene was PHF20L1 (PHD Finger Protein 20 

Like 1) on chromosome 8 in EBV-transformed lymphocytes and in the spleen. 

Of note, the index SNP rs35766765 of the suggestive GWAS meta-analysis 

locus on chr8 is located within the first intron of this gene. We retrieved 

association results from five additional tissues, and higher PHF20L1 

expression was associated with lower diagnosis age also in the thyroid gland, 

liver, and the lungs (P < 1.5×10–5). 

Of the HLA region genes, expression of HLA-G (EBV-transformed 

lymphocytes), LST1 (spleen), PBX2, and GPANK1 (DGN whole blood), and 

MICA (EBV-transformed lymphocytes and pancreas) were associated with 

diagnosis age. Only MICA (MHC class I polypeptide-related sequence A) was 

significant in two tissues: lower MICA expression in lymphocytes and in the 
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pancreas was associated with lower diagnosis age. This MICA association was 

replicated in the other whole blood transcriptome prediction model (DGN). 

Additionally, the IKZF3 association (chr17) replicated in the DGN data, 

whereas GSDMB, ORMDL3 (chr17) and PHF20L1 (chr8) showed association 

in the same direction, although non-significantly at FDR = 5% (6.5×10−4 < P < 

1.3×10−3). The basic functions of the proteins encoded by these genes are 

summarized in TABLE 20. 

TABLE 20. Top non-HLA genes from the transcriptome-wide association analysis 

Gene / protein Protein expression in selected  
tissues / cells b 

 Function Highest expression: 
mRNA and protein a 
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IKZF3 (Ikaros-family zinc finger protein 3, Aiolos), chr17q12  

 
Transcription factor in 
lymphocyte differentiation and 
proliferation 

mRNA: EBV-transformed lymphocytes, 
spleen, whole blood 
protein: B-cell, CD8+ T-cell, PBMC, NK 
cell 

 

++ 

 

++ 
 

 

+ 

 

++ 
  

 

++ 

GSDMB (Gasdermin B), chr17q12  

 

Possibly regulation of 
apoptosis similar to other 
proteins in the gasdermin-
family 

mRNA: liver, colon, small intestine 
protein: stomach, islet of Langerhans, 
rectum 

       
++  

ORMDL3 (ORMDL sphingolipid biosynthesis regulator 3), chr17q12  

 

Negative regulator of 
sphingolipid synthesis and 
endoplasmic reticulum Ca2+ 
levels 

mRNA: liver, adipose (subcutaneous) 
protein: bone, plasma 

 
+    

++ 
 
++   

++  

ZPBP2 (zona pellucida-binding protein 2), chr17q12   
 Sperm-oocyte interaction 

during fertilization 
mRNA: testis 
protein: testis, ovary         

PHF20L1 (PHD finger protein 20 like 1), chr8q24.22  

 Function unclear 
mRNA: thyroid, brain 
protein: heart, frontal cortex, fetal 
brain, PBMC  

 
+ 

 
++    

+    

PBMC = peripheral blood mononuclear cells, NK cell = natural killer cell 
a The mRNA expression is based on GTEx v.8. Protein expression are the overexpressing tissues in the HIPED data 
(the Human Integrated Protein Expression Database) as shown by Gene cards (https://www.genecards.org/). 
b Protein expression in selected tissues and cell lines from ProteomicsDB, and MOPED as summarized by the Gene 
cards. A “+” denotes detected (but relatively low expression, log10(ppm) < 0) , “++” means higher expression (log10 
(ppm) > 0). 

 Comparison of transcriptome-wide association results 

We aimed to compare our transcriptome-wide association results with results 

from a corresponding phenotype in the UKBB. The phenotype “Age diabetes 

diagnosed” was similarly continuous, but the mean age at diagnosis was high, 

51.5 ± 12.6 years, and only 10% of the 27,000 individuals had been diagnosed 

below the age of 37. Thus, the majority of the cases most likely had T2D. We 

also compared our results with the transcriptome-wide association results of 

the UKBB T1D Phenotype: “E10: Insulin-dependent diabetes mellitus”. In 

short, our findings at the chr17q12 locus (IKZF3, GSDMB, ORMDL3, etc.) or 

at chr8 (PHF20L1) were not significant in the UKBB data. This lack of 

https://www.genecards.org/
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association is explained by the fact that the SNPs at these genomic loci were 

not associated with these UKBB diabetes phenotypes. From the HLA region 

genes, MICA expression was associated with diabetes diagnosis age in EBV-

transformed lymphocytes and pancreas also in the UKBB data. The association 

was, however, in the other direction. Our study showed that lower MICA 

expression was associated with lower age at diagnosis of T1D, whereas in 

UKBB, higher predicted MICA expression was associated with lower diagnosis 

age. 

We then looked at the top associations created in the UKBB data: Their all 

top age-at-diagnosis loci were in the HLA region. We attempted to replicate 

three top associations found in each of the five tissues (whole blood, EBV-

transformed lymphocytes, spleen, pancreas, and small intestine). Of the total 

of 15 genes, CYP21A2 and HLA-DQB2 in whole blood, HLA-DQA2 in EBV-

transformed lymphocytes, CLIC1 in the spleen, POM and MSH5 in the 

pancreas, and HLA-DQB1 in the small intestine were nominally associated 

with T1D diagnosis age (P < 0.05) also in our data. 

 Summary and discussion 

In this study, we confirmed the known association between age at diagnosis of 

T1D and the genomic locus at chr17q12. Inshaw and colleagues [Inshaw 2019] 

investigated the heterogeneity of T1D association of the known T1D risk SNP 

in individuals with age-onset < 7, 7−13, or 13 < years. The T1D risk SNP in this 

locus showed the strongest association with T1D in the early-onset group, 

which is in line with our findings. This locus has similar effects also in a 

Japanese population [Ayabe 2016]. Unlike previous studies, including only 

variants pre-selected for the Immunochip genotyping platform, our study 

provided a genome-wide approach. 

We changed the focus from SNPs to genes by conducting a transcriptome-

wide association study that, based on the SNP associations in our meta-GWAS 

and pre-calculated gene transcription prediction models, predicted how gene 

expression was associated with age at diagnosis. In the chr17q12 locus, the 

expression of multiple genes was associated with the diagnosis age in several 

tissues. This means that variants that are associated with the age at diagnosis 

of T1D may regulate the expression of multiple genes, of which IKZF3 is the 

only one whose protein product is known to have a function in immune cell 

differentiation [Heizmann 2018]. Another gene in the locus, ORMDL3, 

encodes a protein located in the endoplasmic reticulum that may have 

functions in endoplasmic reticulum stress, for example, in the pancreas [Yang 

2019]. Additionally, ORMDL3 expression was low in leukocytes of children 

with T1D [Yang 2019], and our study predicted that lower ORMDL3 

expression was associated with younger age at disease onset. All in all, this 

chr17q12 locus is associated with multiple immune diseases and strongly with 

childhood asthma [Stein 2018]. Interestingly, the risk alleles are opposite for 

T1D and asthma: the allele increasing the T1D risk confers a lower risk of 

asthma [Stein 2018]. 
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We did not find completely novel genetic variants associated with T1D 

diagnosis age with genome-wide significance. On the other hand, most of our 

suggestive non-HLA loci were located outside the genomic regions covered by 

the Immunochip that has been used to unravel the genetics of T1D. One 

interesting finding amongst the suggestive non-HLA loci was chr8q24.22 with 

a lead SNP close to the transcription start site (TSS) of the PHF20L1 gene. This 

gene also appeared in the transcriptome-wide association analysis, and higher 

gene expression in lymphocytes, spleen, and pancreas tissues was associated 

with lower T1D diagnosis age. 

The basis of the gene expression prediction models used in the 

transcriptome-wide association analysis is the GTEx data that contains 

genome-wide SNP data and mRNA from tissues, which are always a mixture 

of different cell types. Whole blood is composed of immune cells, but also the 

three other tissues we studied (spleen, pancreas, and small intestine) 

contained a variety of immune cells. Today, single-cell transcriptomics may 

dissect the gene transcription levels in different cell types present in a tissue. 

Apart from RNA genes, an mRNA molecule is not the functional gene 

product, but it is further translated to a protein. Additionally, the amount of 

mRNA and the protein product does not always correlate because protein 

translation is also a regulated process. The databases integrating genetic 

variability to translated protein levels (pQTLs) are starting to emerge. 

The HLA region on chromosome 6 contains the highest risk alleles for T1D, 

and as expected, we found multiple variants in the HLA region to be associated 

with the age at diagnosis of T1D. The transcriptome-wide association study 

also pointed to a couple of genes in the HLA I and HLA III regions. MICA is an 

interesting gene with age-at-diagnosis associations in multiple tissues. MICA 

is a protein located in the plasma membrane or in the cytosol with a structure 

similar to classical HLA I molecules, but it does not seem to be involved in 

antigen presentation. It is a stress-induced protein serving as a ligand for a 

cell-surface protein NKG2D on natural killer cells, cytotoxic CD8+ T-cells, or 

gamma-delta T-cells and promoting cell death. Genetic variability in MICA has 

shown to be associated with T1D independently of HLA-DQ haplotypes [Van 

Autreve 2006], but the role of MICA in the pathogenesis of T1D is unclear. The 

reason why lower MICA expression was associated with lower disease onset in 

our data, but higher age at diabetes diagnosis in the UKBB data might relate 

to differences in MICA expression in T1D vs. T2D or related to age in general. 

One limitation of Study IV is that we did not adjust for HLA-DR and HLA-

DQ haplotypes at the MHC II region in our primary GWAS, even though the 

DR3/DR4 haplotype combination clearly confers the highest risk for T1D. 

However, a secondary analysis of the FinnDiane cohort showed that at least 

the chr17q12 locus top SNP had similar effects in all DR3/DR4 genetic 

backgrounds. Similar analyses for our findings in the HLA region would be of 

interest and a topic for further studies. The 21 independent significant or 

suggestive associations at the HLA region, regulating the expression of non-
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classical HLA genes at the HLA III region, implies that this region indeed 

needs more research in relation to T1D onset. 

5.5 General discussion and future prospects 

 From candidate gene studies to meta-GWAS 

Both laboratory and statistical methods to study the human genome have 

developed enormously over the past 15 years. The development includes 

updating the reference human genome (current version GRCh38 [hg38]), free 

distribution of the 1000 Genomes project data with WGS data from multiple 

ethnic groups, and multiple new open-source softwares and platforms sharing 

data and association results (e.g. GTEx, UKBB).  

Although it was prevalent ten years ago, candidate gene studies such as 

Study II are rare for polygenic diseases today. The results from the candidate 

gene studies often remain non-replicated in larger study cohorts [Sandholm 

2017]. Although speculation only, this potentially implies that the original 

findings were false positives or they showed some cohort-specific effect. Our 

candidate genes, SUV39H1, SUV39H2, and SETD7, have not come up in newer 

meta-GWAS for complications of diabetes. More importantly, however, the 

epigenetic marks they make are shown to play a role in diabetic complications. 

While ten years ago we targeted the gene and its very close proximity variants, 

today we know that the chromatin forms 3D structures, and that regulatory 

variants may be located Mb’s from the gene. An updated and modern 

candidate gene approach should include prior studies of eQTL databases to 

ensure the inclusion of all potentially important variants. Such carefully 

planned and well-targeted studies would still be justified because of a lower 

multiple testing burden than in the case for GWAS. 

Nowadays, GWASs are commonly integrated into a meta-GWAS like Study 

IV. The study power increases along with an increase in sample size, 

strengthening the reliability of the findings. However, some population-

specific genetic effects may remain hidden. Study III found an HbA1c 

association on chromosome 13 for a SNP rare in non-Finnish Europeans. Low 

MAF made replication attempts relatively unsuccessful because the SNP had 

a ≥ 1% MAF only in one of our European replication cohorts. A reasonable-

sized Finnish T1D cohort would have been a plausible replication cohort, too, 

although the large non-diabetic East Asian cohort with an almost 10-times 

higher MAF also served that purpose well. Acknowledging the MAF 

differences between human populations is necessary when planning studies, 

(meta-) analyzing, or interpreting the results from a GWAS or meta-GWAS. 
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 Phenotype definitions 

The determination of a phenotype is not always straightforward and needs to 

be justified. For example, in the FinnDiane study, we required that the 

participant had started the insulin administration within a year from the 

diabetes diagnosis, and the diabetes onset age was < 35 or < 40. Although T1D 

can start at any age, these limits were originally chosen because T1D was 

reported by the attending doctor/nurse and it was not verified from auto-

antibodies (at the study visit, often years after the actual disease onset). Thus, 

we wanted to minimize the number of individuals with T2D in our study 

cohort. The division of diabetes into two main groups T1D and T2D, seems, 

however, more and more arbitrary in the light of recent studies. T2D can be 

further sub-divided, and T1D is not either a homogeneous disease with similar 

age at onset or a similar decline in beta cell mass and residual insulin 

production. 

We addressed DN based on the albumin excretion rate, which is a 

continuous trait. Study I, however, classified DN into normal AER, 

microalbuminuria, macroalbuminuria, and ESRD groups, and DN cases in 

Study II were individuals with macroalbuminuria or ESRD. Study I defined 

progression of DN as a change to a worse kidney status level, and the majority 

of individuals progressed from macroalbuminuria to ESRD (62%, 13/21). The 

number of progressors changing the DN group from macroalbuminuria to 

ESRD in the 2019 follow-up was 31 (out of 40, 77.5%). Therefore, our results 

in the Study I mainly show that in individuals with macroalbuminuria, short 

telomere length is a risk factor for progression to ESRD. 

The dichotomous phenotype with respect to DR (laser-treatment, 

“yes”/”no”) used in Study II originated from a questionnaire. Although laser-

treatment is mostly used to manage proliferating microvasculature in diabetic 

retinopathy, it is a treatment for diabetic maculopathy as well. Assessing 

diabetic eye disease from fundus photographs would be more sensitive and 

would enable disease grading according to an ETDRS score (the Early 

Treatment Diabetic Retinopathy Study, range 0–100). The examination and 

scoring of fundus photographs require careful work made by 

ophthalmologists, and currently, the FinnDiane study has ETDRS scores 

available from ~1,900 individuals [Simonsen 2020]. Future genetic research 

on DR may utilize this more detailed and accurate phenotype. 

Case-control studies like Study II need a selected control group. In the ideal 

world, control individuals would never develop the disease that the cases have. 

However, in polygenic diseases with late onset, this can never be achieved, and 

controls are selected to the best of our knowledge. Our selected control 

individuals for DN were required to have normal AER and diabetes duration 

> 15 years, and for CVD, we selected individuals that had normal AER and age 

over 45. The controls for DR were individuals without retinal laser treatment, 

but no additional age or diabetes duration limits were used. The mean diabetes 

duration of the DR controls was 19.2 years, indicating that half of them had 

already lived two decades with diabetes without profound microvascular 
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changes in the retina. Still, most likely many individuals in this group will later 

develop DR. Selecting individuals with longer diabetes duration would have 

probably created a more accurate and homogeneous control group. This 

selection would have diminished the sample size but not necessarily decreased 

the study power due to more precise phenotyping. 

Even today, when genetic studies are genome-wide and include tens of 

thousands of individuals, genetic aspects of the complications of diabetes are 

still largely unknown. Some hidden genetic factors may be found by more 

detailed phenotyping. Subgrouping of individuals according to a particular 

clinical risk factor could be useful; hyperglycemia may be the leading risk 

factor in one group of individuals and hypertension in another. Therefore, it is 

very likely that the cellular pathways leading to complications in the eyes or 

the kidneys are probably different in these groups. 

 Towards understanding the function of the genome 

One aim in the search for new genetic associations from the human genome is 

to understand the disease better. Geneticists hope that the genetic findings 

could link disease-relevant genes to specific pathways or reveal new pathways 

not previously implicated in the disease. Laboratory studies that finally dig 

into the protein expression and functions are essential. Prior to in vitro 

studies, open-access databases are a great resource for interpreting the genetic 

associations, and transcriptome-wide association studies can already transfer 

the information about a genetic association to a gene expression change in a 

particular disease. 

Although we claim the genetic code to be stable, in fact, somatic mutations 

change the genomic sequence in the cells, and the mutations accumulate as we 

get older. Additionally, the TTAGGG repeats at the end of the chromosomes 

shorten with each cell division. Instead of being a passive loss, the telomere 

length seems to be actively maintained by telomerase in some cells. Still, one 

advantage of genomics over other “omics” such as proteomics, 

transcriptomics, and metabolomics, is the relative stability. We may predict 

the disease risk of individuals carrying the risk alleles at any age. Genetic 

screening for polygenic diseases is, however, reasonable and ethical only when 

the doctors can offer preventive treatment or lifestyle guidelines for those 

carrying the excess genetic risk. When the genetic risk consists of multiple risk 

alleles with small effect sizes, genetic risk scores (GRS) may help identify the 

individuals at the highest risk. For instance, for an HbA1c measurement, this 

could mean a correction for the genetic contribution to get a more reliable 

HbA1c value. The HLA region genes confer the highest risk for T1D, and a new 

GRS2 for T1D seems to identify the children with the highest risk [Sharp 2019]. 

Unfortunately, many preventive treatment trials conducted so far have 

struggled with side-effects and have only managed to somewhat delay the 

disease onset [Skyler 2015]. Whether the enterovirus vaccine currently being 

developed for the T1D-prevention [Hyöty 2018] will succeed in the hopefully 

upcoming clinical trials remains to be seen. 
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In addition to the lack of knowledge about the actual pathogenic process of 

T1D, there are also gaps in our knowledge of the pathogenesis of microvascular 

complications of diabetes. For DN, we know that the destructive changes in 

the glomerular physiology lead to albuminuria and a decline in the glomerular 

blood filtration, and we acknowledge the role of hyperglycemia and high blood 

pressure as well as the involvement of podocyte foot-process proteins. 

However, only more detailed cellular and molecular level knowledge will help 

in designing novel preventive treatment strategies. In this respect, genetic 

associations may highlight new genes and proteins relevant to the disease 

pathogenesis. 

Study II proposed an association between an exonic SNP in the SUV39H2 

gene and DR. Interestingly, mice lacking the histone methyltransferases 

Suv39h1 and Suv39h2 had longer telomeres than the wild-type mice [Garcia-

Cao 2004]. Those long telomeres had less di- and tri-methylation at the 

histone 3 lysine 9, a marker of heterochromatin and transcription repression. 

On the other hand, mice with short telomeres caused by telomerase gene 

inactivation had shorter telomeres and less H3K9me3 in the subtelomeric 

sequence [Benetti 2007]. Thus, whether it is the Suv39h1/h2 regulating the 

telomere length or the telomere length regulating the epigenetics remains an 

open question. Another question is if we should aim to maintain the long 

telomeres. The fact that many cancer cells express telomerase to reach 

immortality underlines the fine-tuned balancing of telomere biology in health 

and disease. Even though short telomeres predict worse outcomes, it is still 

safe that old cells with an unstable genome caused by short telomeres and 

possibly an accumulated number of mutations go senescent. 

 Future prospects 

The research areas included in this thesis merit further investigation. First, 

telomere length change with time is an important aspect: How do individuals 

with T1D and a fast telomere shortening rate differ from those whose 

telomeres lengthen during follow-up? 

In the epigenetic studies, we could study the relationship between the exact 

epigenetic markings and the complications of T1D. For example, DNA 

methylation is such marking that can be measured from DNA either with 

sequencing or with chips containing pre-selected CpG sites. 

As a continuation of Study III, a GWAS for HbA1c in a single cohort that 

meta-analyzed only the top variants, we could combine several T1D cohorts' 

GWAS results with a meta-GWAS. With a higher number of individuals, such 

a study could potentially find variants with smaller effect sizes. 

For T1D genetics, the FinnDiane cohort is a great resource as participants 

have varying disease onset ages. We will redo the genotype imputation using a 

Finnish SISu v.3 WGS reference panel. As a great advantage, this imputation 

reference panel has Finnish haplotype structures. Thus, we will gain higher 

confidence for the imputed genotypes and up to ~16 million SNPs to be used 
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later on in our upcoming genetic studies in relation to T1D and its 

complications. 

 Concluding remarks 

Based on the four studies included in this thesis we can conclude that: 

Study I — Shorter telomeres predict worsening of DN, but the telomere 

dynamics still remain to be investigated in more detail. 

Study II — The current literature shows that the diabetic milieu induces 

epigenetic changes in histone proteins. An exonic SNP in the histone 

methyltransferase SUV39H2 seems to be associated with DR. 

Study III — Although the HbA1c levels are relatively stable even in individuals 

with T1D, there is some variability that in part can be explained by genetic 

factors: the narrow-sense heritability was 15.2% in the Finnish T1D cohort. 

SNPs on chromosome 13 closest to the RXFP2 gene were associated with the 

HbA1c levels in the same cohort. Due to the low MAF in non-Finnish 

Europeans, the variant is missing from most databases; therefore, little is 

known about this variant's effects on the expression of the nearby genes. 

Study IV — Multiple genes in the HLA region and on chromosome 17q12 are 

associated with the age at diagnosis of T1D. Transcriptome-wide association is 

a useful tool to transfer genetic association to gene expression in different 

tissues. 
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