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ABSTRACT

Type 2 Diabetes (T2D) is an increasingly prevalent health problem and
better understanding of its etiology is vital for improved prevention and
treatment. It is known that T2D has multifactorial origin and mental health
problems seem to accompany this progressive disorder. Of note, there is a
bidirectional association between T2D and depression. One explanation for
this relationship between T2D and depression could be the presence of
pleiotropic genetic variants and possibly shared biological pathways.
However, the underlying mechanisms remain poorly understood.

Another possible common biological mechanism underlying T2D and
depression comorbidity is related to disrupted circadian rhythms. It has been
well established that many common disorders have seasonal fluctuations and
it has been hypothesized that the amount of daylight might play an important
role in seasonal fluctuations of both mental health conditions, glucose
metabolism and T2D. The amount of daylight varies substantially throughout
the year in Finland, making it one of the best locations to study this
phenomenon.

This research explores the shared genetic basis of T2D and depression as
limited information exists on shared genetic risk of these conditions.
Furthermore, another possible biological mechanism associated with both
T2D and depression — circadian rhythm — has received limited research
attention and is thus one of the focus areas of current thesis in relation to
glucose metabolism.

This research aims to provide better understanding in the genetic basis of
increasingly prevalent health problems of T2D depression. The indicated
knowledge together with understanding environmental effects of these
prevalent conditions is needed in development of intervention strategies in
light of the diabetes epidemic. Thus, this thesis focuses on four objectives. The
first objective of this doctoral thesis is to examine whether there is a common
genetic basis of T2D, glycemic indices related to T2D, and depressive
symptoms. The second objective is to examine which specific genetic variants
show common variation between glycemic indices and depressive symptoms.
The third aim is to study if a common diabetes risk variant rs10830963 in the
Melatonin Receptor 1B (MTNR1B) gene influences the relationship between
depressive symptoms and glycemic indices. The final aim of this doctoral
thesis is to investigate to what extent the amount of daylight moderates the
associations between MTNR1B rs10830963 and glycemic indices. The first two
objectives are addressed in Study I, objective three in Study II and objective
four in study III.

Study I is based on the summary statistics data from previously published
Genome-Wide Association Studies (GWAS) of depressive symptoms by
CHARGE consortium, T2D by Diagram consortium and glycemic traits by



MAGIC consortium. GWAS on depressive symptoms involved 51,258
participants, GWAS on T2D involved 34,840 cases and 114,981 controls,
GWAS on glycemic traits involved up to 58,074 participants. Studies IT-III are
conducted within the same Prevalence, Prediction and Prevention of Diabetes,
the PPP-Botnia Study cohort. This prospective study cohort comprises 5,208
individuals at baseline visit and 3,850 individuals at follow-up, on average 6.8
years later. The analytic sample of Study II involved 4,455 non-diabetic
participants from the baseline visit who were genotyped for MTNRiB
rs10830963, had data on glycemic indices available based on an Oral Glucose
Tolerance Test (OGTT) and additionally had data on depressive symptoms
measured using Mental Health Inventory (MHI). The analytic sample of Study
III involved 3,422 participants who had data on glycemic indices at both time
points, were genotyped for MTNR1B rs10830963 and had no diabetes at
baseline.

The results of Study I showed that there was very low SNP-based
heritability of the traits of interest and no overall SNP-based genetic
correlation between glycemic traits or T2D and depressive symptoms. Yet,
pleiotropic genetic variation for depressive symptoms and T2D was found in
the IGF2BP2, CDKAL1, CDKNB-AS, and PLEKHA1 genes. Pleiotropic genetic
variation for depressive symptoms and fasting glucose was found in the
MADD, CDKN2B-AS, PEX16, and MTNRi1B genes. The results of Study II
showed that the common diabetes risk variant rs10830963 in the MTNR1B
gene and depressive symptoms are independently associated with glycemic
traits. The associations between glycemic traits and depressive symptoms
were not influenced by the variation in diabetes risk variant rs10830963. The
results of Study III showed that each addition of the risk allele G of rs10830963
was associated with an increasingly worse glycemic profile across the 6.8-year
follow-up. Additionally, more daylight was associated with worse glycemic
response across the follow-up. Finally, the risk genotype GG of the MTNR1B
rs10830963 became more insulin resistant during the follow-up, if the amount
of daylight was less at the follow-up than at the baseline.

Based on these findings, there are differences in underlying genetic
background of glycemic traits, T2D and depressive symptoms. Additionally,
on a candidate gene level, the known diabetes risk variant rs10830963 does
not contribute significantly to the comorbidity between depression and
diabetes. Yet, the rs10830963 and daylight are associated with glucose
metabolism and the longitudinal glycemic profiles vary according to the
amount of daylight, MTNR1B rs10830963 genotype and their interaction.

This study contributes to the research literature in several ways. The
findings provide valuable insights into the relationship of T2D and depression
by addressing the common genetic background of these conditions.
Furthermore, it emphasizes the importance of the amount of daylight in
glucose metabolism and consequently T2D genesis.



TIVISTELMA

Tyypin 2 diabetes (T2D) on yleistynyt ja sen etiologian parempi ymmarrys
on oleellista sairauden tehokkaamman ehkiisyn ja hoidon kannalta. T2D on
perustaltaan monitekijdinen, eteneva sairaus, jonka kanssa yhti aikaa esiintyy
my06s mielenterveyden hairi6itd, kuten masennusta. Yksi selitys T2D:n ja
masennuksen viliselle kaksisuuntaiselle yhteydelle voi olla ndihin molempiin
vaikuttavat - pleiotrooppiset - geneettiset variantit sekd molemmille yhteiset
biologiset mekanismit. Niiti taustalla olevia mekanismeja ei kuitenkaan viela
riittdvasti ymmarretd. Tama tutkimus selvittadkin T2D:n ja masennuksen
yhteista geneettista perustaa.

Toinen mahdollinen yhteinen biologinen mekanismi T2D:n ja
masennuksen  komorbiditeetin  taustalla  liittyy = hiiriintyneeseen
vuorokausirytmiin. Monet yleiset hiiriot vaihtelevat vuodenajan mukaan ja on
esitetty, ettd paivinvalon maéaiardn vaihtelu voisi olla tarkedssd osassa
selittdimassi vuodenaikojen mukaan tapahtuvaa mielenterveyden héiiriéiden,
sokeriaineenvaihdunnan ja T2D:n vaihtelua. Suomi on tdmén ilmion
tutkimisen kannalta olennaisessa asemassa, koska paivinvalon maara
vaihtelee huomattavasti 1dpi vuoden. Vuorokausirytmin vaikutuksia on
tutkittu kohtalaisen vihan, joten se on yksi timéin tutkimuksen kohdealueista
suhteessa sokeriaineenvaihduntaan.

Tassaa vaitoskirjassa oli nelja tavoitetta. Ensimmainen tavoite oli tutkia
T2D:n, sokeriaineenvaihdunnan ja masennuksen yhteisti geneettista taustaa.
Toinen tavoite oli tutkia, milla geneettisilla varianteilla on yhteistd vaihtelua
seka sokeriaineenvaihdunnan ettd masennusoireiden kanssa. Kolmas tavoite
oli tutkia, vaikuttaako melatoniinireseptori 1B (MTNR1B) -geenissa sijaitseva
yleinen T2D riskivariantti rs10830963 masennusoireiden ja T2D:n sekia
sokeriaineenvaihdunnan viliseen yhteyteen. Viimeinen tavoite oli tutkia
missd madrin paivinvalon maird muokkaa yhteyksida MTNR1B rs10830963-
riskivariantin ja sokeriaineenvaihdunnan vililli. Kahta ensimmaista
tavoitetta tutkittiin Tutkimuksessa I, kolmatta tavoitetta Tutkimuksessa II ja
neljatta tavoitetta Tutkimuksessa III.

Tutkimus I perustuu masennusoireiden osalta CHARGE-konsortion,
T2D:n osalta Diagram-konsortion ja sokeriaineenvaihdunnan osalta MAGIC-
konsortion aiemmin julkaistuihin genominlaajuisiin assosiaatiotutkimuksiin
(GWAS). Masennusoireita tutkinut GWAS-tutkimus sisilsi 51258 osallistujaa,
T2D:sta tutkineessa GWAS-tutkimuksessa oli mukana 34840 potilasta ja
114981 verrokkia ja sokeriaineenvaihduntaa tutkinut GWAS-tutkimus sisélsi
58074 osallistujaa. Tutkimukset II-III toteutettiin PPP (Prevalence, Prediction
and Prevention of Diabetes)-Botnia  tutkimuskohortissa. Tama
prospektiivinen tutkimuskohortti sisilsi alun perin 5208 osallistujaa ja
seurantavaiheessa, keskimairin 6.8 vuotta myohemmin, 3850 osallistujaa.
Tutkimuksen II analyysiotos sisilsi 4455 alkuperiisti osallistujaa, joilla ei



ollut diabetesta, joiden genotyyppi MTNRiB rs10830963:n osalta oli
selvitetty, joilla oli tietoa sokeriaineenvaihdunnasta sokerirasitustestista
(OGTT) ja joilta oli lisdksi tieto masennusoireista Mental Health Inventory
(MHI)-menetelméda kayttden. Tutkimuksen III analyysiotos kasitti 3422
osallistujaa, joilta oli tietosokeriaineenvaihdunnasta  molemmissa
aikapisteissd, joiden genotyyppi MTNR1B rs10830963:n osalta oli selvitetty ja
joilla ei ollut tutkimuksen alussa diabetesta.

Tutkimus I osoitti, ettd tutkittujen piirteiden mitatun geneettisen vaihtelun
perusteella arvioitu periytyvyys oli vahaista. Lisdksi sokeriaineenvaihdunnan
piirteiden tai T2D:n ja masennusoireiden viliset geneettiset korrelaatiot eivit
olleet merkitsevia. Sen sijaan geeneisti IGF2BP2, CDKAL1, CDKNB-AS ja
PLEKHA1 loytyi pleiotrooppisia geneettisid variantteja, jotka olivat
yhteydessd masennusoireisiin ja T2D:hen. Lisdksi geeneisti MADD,
CDKNZ2B-AS, PEX16 ja MTNR1B 10ytyi pleiotrooppisia geneettisid variantteja,
jotka olivat yhteydessa masennusoireisiin ja paastosokeritasoon. Tutkimus II
osoitti, ettd MTNR1B-geenissa sijaitseva yleinen diabeteksen riskivariantti
rs10830963 ja  masennusoireet olivat itsendisesti = yhteydessi
sokeriaineenvaihdunnan piireisiin. Sen sijaan diabeteksen riskivariantti
rs10830963 ei vaikuttanut sokeriaineenvaihdunnan piirteiden ja
masennusoireiden vilisiin yhteyksiin. Tutkimus III osoitti, ettd diabeteksen
riskialleeli G rs10830963:ssa oli additiivisesti yhteydessd heikompaan
sokeriaineenvaihduntaprofiiliin 6.8 vuoden seurannan aikana. Lisaksi
seurannan aikana todettiin, ettd eneneva pdivinvalon méira oli yhteydessa
heikompaan sokerivasteeseen. Lopuksi, diabeteksen riskigenotyyppi
rs10830963 GG:n kantajilla insuliiniresistenssi lisadntyi seurannan aikana,
jos pdivanvalon méaara oli seurannan lopussa vahdisempi kuin tutkimuksen
alussa.

Niiden tulosten perusteella sokeriaineenvaihdunnan piirteiden, T2D:n ja
masennusoireiden taustalla olevassa geneettisessi perustassa on eroja. Lisdksi
yleinen diabeteksen riskivariantti rs10830963 ei merkitsevisti vaikuta
masennuksen ja diabeteksen komorbiditeettiin. Sen sijaan, rs10830963 ja
paivinvalo ovat yhteydessd sokeriaineenvaihduntaan, ja pitkdaikaiset
sokeriaineenvaihduntaprofiilit vaihtelevat paivinvalon mairdn, MTNR1B
rs10830963 -genotyypin ja niiden yhteisvaikutuksen suhteen.

Tama tutkimus tarjoaa arvokasta tietoa T2D:n ja masennuksen yhteydesta
keskittymilld ndiden hiirididen yhteiseen geneettiseen perustaan. Lisdksi
tdma tutkimus korostaa pdivinvalon maidran merkittdivdid osaa
sokeriaineenvaihdunnassa ja ndin ollen T2D:n synnyssa.
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1 INTRODUCTION

Diabetes is one of the leading global health problems that is currently affecting
more than 451 million people aged 18-99 worldwide (Cho et al., 2018).
Alarmingly, a dramatic increase in diabetes prevalence has occurred globally
over the past few decades. It has to be noted that the prevalence of diabetes
was evaluated to be 151 million in 2000 and it is now estimated to rise over
693 million by 2045 (Cho et al.,, 2018). That is 4.5 times higher future
prevalence rates compared to early 2000.

The increased diabetes prevalence reflects on an increased societal burden.
Currently, the expenditure on diabetes already accounts for approximately
11% of the world’s total health expenditure (da Rocha Fernandes et al., 2016).
However, T2D patients often present several comorbidities, such as mental
disorders, high blood pressure, heart disease and so on, which is why the
associated healthcare costs can be considered significantly higher (Aguiree et
al., 2013).

According to the current classification of diabetes, type 2 diabetes (T2D)
comprises 90% of people with diabetes (WHO, 1999). Due to the very high
heterogeneity of the most common diabetes, T2D, a completely new five-
cluster classification of diabetes has been recently proposed including severe
autoimmune diabetes, severe insulin-deficient diabetes, severe insulin-
resistant diabetes, mild obesity-related diabetes and mild age-related diabetes
(Ahlqvist et al., 2018). Nevertheless, independent of the classification criteria,
it needs to be acknowledged that almost half of all people who have diabetes
are undiagnosed (Cho et al., 2018). Unaware of their condition, people could
experience persistency high glucose levels for several years, which is likely to
lead to various complications (WHO, 2009). Moreover, the disease is often
recognized only when complications such as cardiovascular disease (CVD),
nephropathy, retinopathy or neuropathy become evident. While many somatic
complications can be seen in relation to diabetes, mental health problems also
seem to accompany this progressive condition. Furthermore, several
environmental factors are associated to diabetes.

Taken together, in light of the growing epidemic of diabetes, a better
understanding of its etiology and specific risk factors is vital for improved
intervention.
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2 REVIEW OF THE LITERATURE

2.1 DIABETES DEVELOPMENT AND DIAGNOSIS

Diabetes is considered to be one of the main threats to human health in the
215t century (Alberti, Zimmet, & Shaw, 2005). It is a heterogeneous syndrome
that is characterized by abnormalities in carbohydrate and fat metabolism.
While in healthy individuals, glucose stimulates pancreatic secretion of insulin
to maintain normal blood glucose levels by facilitating cellular glucose uptake,
in individuals with T2D, the secretion of insulin is insufficient for their level of
insulin sensitivity. This results in individuals with T2D having at least some
degree of insulin resistance.

The progression towards T2D can be seen years before the manifestation
of the disease. With that said, prediabetes is a condition where liver and/or
skeletal muscles are insulin resistant and the body is not able to lower blood
glucose level. As a result, pancreas produces more insulin to compensate for
insulin resistance, which is called hyperinsulinemia. In a prediabetic state, the
body is not using insulin effectively, causing glucose to build up in the
bloodstream (Wilcox, 2005). As described above, prospective studies also
show that blood glucose may start to rise years or even decades before the
diagnosis of T2D (Mason, Hanson, & Knowler, 2007). Shortly before the
diagnosis, blood glucose values rise very steeply and it has been hypothesised
that viral infections might play a role in the manifestation of T2D (Sestan et
al., 2018). Recent findings show that acute infection is not only associated with
the manifestation of T2D but also with insulin resistance (Sestan et al., 2018).
Even though prediabetes is a condition that can last for years and is related to
several complications, it does not fulfill the criteria of T2D (Tabak, Herder,
Rathmann, Brunner, & Kivimiki, 2012) but is rather a high-risk state of
developing T2D.

High blood glucose levels indicate impaired glucose metabolism which is
affected by liver and/or muscle insulin resistance. Thus, fasting hyperglycemia
(or Impaired Fasting Glucose, IFG) and impaired glucose tolerance (IGT) are
closely associated with insulin resistance. As described earlier, the progress
towards T2D can be seen years before the manifestation of the disease.
However, not only the diagnosis is related to severe complications. Also
chronic hyperglycemia is associated with a plethora of complications including
long-term damage, dysfunction, and failure of different organs, especially the
eyes, kidneys, nerves, heart, and blood vessels. In order to reduce the risk of
developing those complications, it is important to know about the risk factors
contributing to the development of impaired glucose metabolism. Other
cardiometabolic risk factors in addition to impaired glucose metabolism also
exist. For example, Metabolic Syndrome (MetS) is a term used to classify a
combination of impairments in glucose and lipid metabolism, obesity and
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hypertension (Alberti et al., 2005). These conditions may lead to T2D and
furthermore, are risk factors for mortality.

T2D is diagnosed on the basis of hyperglycemia, characterized as a
progressive disorder of glucose metabolism with decreased B-cells function
and insulin resistance as the dominant factors in its genesis (Ismail-Beigi,
2012). The assessment of T2D requires an oral glucose tolerance test (OGTT)
which needs to be performed after an overnight fast, using a glucose load
containing the equivalent of 75 grams of anhydrous glucose dissolved in water,
and with samples obtained before (baseline) and 2h after the glucose load
(American Diabetes Association, 2010).

Several indices can be calculated based on the OGTT. For example, various
insulin sensitivity indices exist, including the Homeostatic Model Assessment
for Insulin Resistance (HOMA-IR), the product of fasting glucose and insulin
concentrations divided by a constant; furthermore, an updated non-linear
computer based HOMA-IR2 calculation; and additionally, Insulin Sensitivity
Index (ISI), which, in addition to fasting values, takes 30 min OGTT based
glucose and insulin values into account. Insulin secretion and (-cell function
are commonly estimated using Disposition Index (DI) and Corrected Insulin
Response (CIR) indices.

In addition to OGTT-based diagnosis, several other measurements can be
used to evaluate suboptimal glycemic control and in diagnosing diabetes as
suggested by American Diabetes Association (ADA). For example, other highly
accurate measurements of insulin sensitivity include the gold standard -
hyperinsulinemic-euglycemic clamp - and intravenous glucose tolerance test
(IVGTT), which also provide an assessment of insulin secretion. Additionally,
diabetes can be diagnosed based on glycated hemoglobin (HbA1c) with a cut-
point 26.5% (Sherwani, Khan, Ekhzaimy, Masood, & Sakharkar, 2016) as an
alternative to those above mentioned criteria.

Nevertheless, although there are several easily accessible methods to
diagnose diabetes, still around half of the individuals with T2D are left
undiagnosed (Cho et al., 2018).

2.2 DIABETES ETIOLOGY AND COMMON RISK
FACTORS

Diabetes is a heterogeneous condition and the origin of its most common type,
T2D, is likely to be multifactorial with both environmental and genetic factors
contributing to the development of the disease.

One of the main factors associated to the T2D epidemic is the worldwide
increase in obesity (American Diabetes Association, 2017). Sedentary lifestyle
that is very common in modern day society is contributing to the increase in
body mass index (BMI) of both children and adults. It is known that the
increase in adipose tissue (that is related to obesity) is triggering both
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metabolic and inflammatory changes. These changes interfere with insulin
action in response to glucose loading in peripheral tissues, eventually possibly
culminating in [-cell failure. Taken together, this might cause the
manifestation of diabetes (Qi et al., 2009).

Although obesity is one of the main risk factors in diabetes development,
not all overweight or obese individuals develop T2D. According to the most
recent meta-analysis on T2D risk factors, in addition to adiposity, several other
factors related to unhealthy lifestyle are associated to the development of T2D
such as unhealthy dietary pattern, decreased physical activity, high sedentary
time and duration of television watching (Bellou, Belbasis, Tzoulaki, &
Evangelou, 2018). Furthermore, some medical conditions such as high systolic
blood pressure, MetS and preterm birth but also serum biomarkers (including
increased level of alanine aminotransferase, gamma-glutamyl transferase, uric
acid and C-reactive protein, and decreased level of adiponectin and vitamin D)
increase the risk of T2D. Of note, the authors found two main psychosocial
factors (lower educational attainment and lower consciousness — a personality
trait of being mindful and diligent) to be associated with the risk of T2D and
furthermore, highly suggestive evidence for the associations between MDD
and bipolar disorder and the risk for T2D were shown (Bellou et al., 2018).

Against this background, it is important to identify other risk factors of T2D
and explore the associations of these variables with glycemic traits. Thus, the
following chapters focus on other common T2D risk factors relevant for this
thesis — depressive symptoms, seasonality including the amount of daylight
and genetics. The last section of the introduction gives an overview of how
these risk factors may be associated with each other and provides insight into
the novelty of current study.

2.21 MENTAL HEALTH

In current modern society, people experience growing number of stressful
events at the societal and interpersonal level, which might have harmful
consequences on health and wellbeing. Moreover, a somatic illness itself can
be considered as a life stressor and is often accompanied by high rates of
mental health problems (Cassem, 1995).

In general terms, it is well established that psychosocial factors are
associated with chronic illnesses (Schneiderman, Ironson, & Siegel, 2005) and
the relationship appears to be bidirectional. Individuals who are experiencing
high levels of psychological distress might not be able to take proper care of
their health that is especially necessary in the context of chronic illnesses. At
the same time, as described earlier, chronic illnesses can be considered as life
stressors that contribute to the development of mental health conditions.
Thus, the relationship between mental and somatic health can be reciprocal.

A recent overview and clinical practice guidelines on diabetes and mental
health by the Diabetes Canada Clinical Practice Guidelines Expert Committee
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(Robinson, Coons, Haensel, & Yale, 2018) has pointed out the following
psychiatric conditions to be most commonly related to diabetes: schizophrenia
and other psychotic disorders, anxiety disorders, sleep disorders, eating
disorders and stress-related disorders, depressive disorder, bipolar and
related disorders. And furthermore, individuals with diabetes often experience
diabetes distress, psychological insulin resistance and the persistent fear of
hypoglycemic episodes (Robinson et al., 2018).

On a biological level, Bjorntorp has hypothesised that mental health
problems such as depression or unpleasant social conditions, behavioral
characteristics (such as smoking, alcohol consumption and drug abuse) and
other forms of pressures on the individual, act as stressors that can cause
endocrine responses (Bjorntorp, 1991). Indeed, as described above, on a
phenotypic level psychological problems such as depression, anxiety and
eating disorders, appear to accompany T2D (Ducat, Philipson, & Anderson,
2014). However, the potential underlying mediators between mental health
and somatic illnesses remain unclear.

Some possible mechanisms have been proposed to be underlying this
relationship. These mechanisms include the Hypothalamic—Pituitary—
Adrenal axis (HPA) activity and inflammation (Golden, 2007; Moulton,
Pickup, & Ismail, 2015). Additionally, Talbot and Nouwen (2000) have
proposed that psychological problems might be associated with T2D merely
because of the daily burden of diabetes and its complications that have a
negative effect on one’s behavior (Talbot & Nouwen, 2000). Furthermore,
other researchers also give support to the behavioral factors underlying the
relationship between mental health and diabetes. It has been stated that poor
health behaviors associated with psychological problems, such as poor diet,
smoking and lack of exercise, that may lead to weight gain and obesity, major
risk factors for diabetes (Renn, Feliciano, & Segal, 2011).

Sleep is significantly affecting our behavior and one of the problems in
today’s overscheduled society is associated with sleep. Both adults and
children have increasingly more problems with attaining proper sleeping
pattern. Problems with sleep are commonly seen among depressed
individuals, almost 90% of patients with depression have difficulties with
sleeping (Tsuno, Besset, & Ritchie, 2005). Also, associations between sleep
problems and glucose metabolism have been shown before. Based on a meta-
analysis, both the quantity and quality of sleep have been shown to
consistently and significantly predict the risk of the development of T2D
(Cappuccio, D’Elia, Strazzullo, & Miller, 2010). Spiegel (2008) has
hypothesised that sleep loss and sleep disturbances could contribute to the
development of insulin resistance and T2D either directly by having a
deleterious effect on components of glucose regulation or indirectly, via
behavioral factors such as dysregulation of appetite, leading to weight gain and
obesity, a major risk factor for insulin resistance and T2D (Spiegel, 2008).

There have been some animal studies that explore the associations between
mental health and glucose metabolism. On a molecular level, mice study shows
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that mice lacking the insulin receptor in the brain are displaying increased
depression- and anxiety-like behaviors. Furthermore, these findings suggest
that mood disorders in diabetes are caused by insulin resistance in the central
nervous system (CNS) and involve disruption of dopaminergic pathways
(Kleinridders et al., 2015).

Based on the current knowledge, it is important to study T2D related
indices in relation to mental health because, among other issues, individuals
with T2D with comorbid psychological problems are at increased risk for
complications, poorer quality of life, and increased mortality (de Groot,
Anderson, Freedland, Clouse, & Lustman, 2001). Among other complications,
patients with comorbid mental health conditions and T2D have the highest
relative risk for developing dementia later in life (Katon et al., 2015).

In the next chapter, the association between depression, one of the most
common psychological risk factors of diabetes, and T2D are discussed.

2.2.1.1 Depression and its subclinical symptoms

Depression is a condition that carries a high global prevalence with similarly
rapid increase in disease incidence as T2D. Depression is estimated to affect
350 million people worldwide and it is characterized by persistent sadness and
a loss of interest in activities that you normally enjoy, accompanied by an
inability to carry out daily activities (WHO, 2012). Lifetime prevalence rates
suggest that up to 30% of adults experience a depressive episode sometime
during their lives and estimates of 12-month prevalence rates vary from 2.9 to
8.3% (Kessler & Wang, 2008; WHO, 2012; Wittchen & Jacobi, 2005). Finnish
estimates are even higher and show that the prevalence of major depressive
disorder (MDD) in Finland has significantly increased and reached 9.6%
(Markkula et al., 2015). However, like diabetes, depression is common
condition that is among the leading causes of disability adjusted life years: by
2030 it is estimated to rank second in the world and first in middle and high-
income countries (Mathers & Loncar, 2006). Similarly to T2D, many
individuals with depression have not been diagnosed with the condition.
Moreover, subclinical depressive symptoms might be even more common than
previous estimates show.

Like T2D, depression is also a heterogeneous disease that imposes a heavy
burden on people with the condition. Those who suffer from depression
commonly experience feelings of sadness and hopelessness and lose interest
in activities they once enjoyed. According the the diagnostic criteria, these
symptoms must be present for at least two weeks (American Psychiatric
Association, 2013). However, as mentioned above, depression is a
heterogeneous condition and it has been recently proposed that it can be
characterized as a complex dynamic system explained through evolving
symptom-symptom relations (Cramer et al., 2016). Thus, depression is unique
for every individual and it has been shown that those people with strong
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connections between the symptoms are in the highest risk of developing
depression, especially if their vulnerable network is subject to external stress
(Cramer et al., 2016). T2D could potentially be considered as an external
stressor to the depressive symptoms network and influence the development
of depression.

To continue, evidence strongly suggests that depression and T2D often co-
occur more often that would occur only by chance. The bidirectional
relationship between T2D and depression has been confirmed in several meta-
analyses (Campayo et al., 2010; Demakakos, Pierce, & Hardy, 2010; Knol et
al., 2006; Mezuk, Eaton, Albrecht, & Golden, 2008). Research literature has
demonstrated that MDD is at least twice as prevalent among people with T2D
as compared to the general population (Anderson, Freedland, Clouse, &
Lustman, 2001). Furthermore, Knol and colleagues concluded in their meta—
analysis that depression is a risk factor for the onset of T2D, comparable in
effect to smoking and physical activity (Knol et al., 2006). This makes
depression one of the leading risk factors contributing to the development of
T2D. However, as the relationship between depression and T2D is reciprocal
and bidirectional, it can also be considered as a common complication of
diabetes, affecting 10—-30% of people with T2D (Anderson et al., 2001).
Furthermore, a meta-analysis including 27 studies showed that an increase in
depressive symptoms is associated with an increase in the severity or number
of diabetes complications (de Groot et al., 2001). Based on the above, it is
important to study the associations between depression and T2D because if
those conditions co-occur, the individuals who are experiencing both
disorders are at a higher risk of developing diabetes-related complications.

On the level of symptomatology, depressive symptoms have been shown to
influence glucose metabolism (Musselman, Betan, Larsen, & Phillips, 2003).
Pyykkonen and colleagues have found that depressive symptoms are
associated with insulin resistance based on several indices such as fasting
insulin and HOMA-IR, with antidepressant medication is not modifying these
associations (Pyykkonen et al., 2011). Another study has found a significant
association between depression and higher levels of insulin resistance as
measured with HOMA-IR (Everson-Rose et al., 2004). Additionally, it has
been shown that individuals with depression develop glucose intolerance, also
in high correlation with insulin secretion, suggestive of insulin resistance
(Lustman & Clouse, 2005). Importantly, it has been shown that impaired
insulin sensitivity might get resolved after recovery from depression based on
a small prospective study of 20 non-diabetic patients with depression
(Okamura et al., 2000). Behavioral factors might play a role in this potentially
reversible process as individuals are able to adhere better to the treatment
after recovery from mental health conditions (Dixon, Holoshitz, & Nossel,
2016).

However, the underlying mechanisms of the phenotypic association
between depression and T2D are not extensively studied. One of the possible
underlying mechanisms of this relationship could be the common genetic
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background. It has to be noted that the rationale of the study comes from the
fairly little research attention that the common genetic background of the of
the bidirectional relationship between depression and diabetes has received
(Renn et al., 2011). Only one population-representative Nordic twin study
suggested a moderate genetic correlation between depression and diabetes
(Kan et al., 2016). Thus, the common genetic background of depression and
diabetes on a genome-wide and candidate gene level was one of the main
avenues to explore in current research.

2.2.2 SEASONALITY AND CIRCADIAN RHYTHM

As established earlier, mental and somatic health conditions tend to co-occur.
One of the likely underlying mechanisms that influence both, in addition to
the potential common biological background or behavioral factors, is circadian
rhythm. It is known that both mental health conditions and glucose
metabolism show circadian pattern (Coimbra et al., 2016; Dord, Benko, Matuz,
& So006s, 2006; Postolache et al., 2010; Shore-Lorenti et al., 2014). Even more
interestingly, there is a seasonal pattern of people searching for information
on (mental) health that appears to be similar to the periodic pattern of
seasonal affective disorder (Ayers, Althouse, Allem, Rosenquist, & Ford,
2013).

In general, circadian rhythms are universal and affect almost every
biological action, including both mental and somatic processes. A wealth of
evidence shows that numerous human physiologic and pathophysiologic
processes also vary seasonally, including glucose metabolism which is of most
interest in the context of current research. It is known that typically better
metabolic profile is displayed during summer compared to winter (Mavri et
al., 2001). For example, more individuals meet the criteria of MetS in winter
than in summer, which has also been linked to insulin resistance and increased
blood pressure (Kamezaki et al., 2013).

Furthermore, on a molecular level, a functional circadian clock is necessary
for proper insulin secretion by pancreatic islet cells. Thus, the rhythmic
behavior can be seen in pancreatic islet cells (Rakshit, Qian, Colwell, &
Matveyenko, 2015). Circadian regulation of glucose homeostasis is controlled
by the suprachiasmatic nucleus (SCN) of the hypothalamus, that is an essential
component of the master biological clock (Asher & Schibler, 2011; Marcheva
et al.,, 2010). Taken together, among other functions, the -circadian
mechanisms have been found to regulate blood glucose levels, glucose sensing,
insulin gene expression and insulin secretion (Rudic et al., 2004).

Aside assisting in the regulation of glucose metabolism, it is also
established that disturbances in circadian rhythms are therefore associated
with increased risk of T2D (Depner, Stothard, Wright, & Jr., 2014). For
example, chronic misalignment between internal and environmental rhythms
is typically found in night-shift workers who are exposed to increased light at
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night (Davis, Mirick, Chen, & Stanczyk, 2012; Dumont, Benhaberou-Brun, &
Paquet, 2001; Vetter et al.,, 2018). Furthermore, based on extensive
epidemiologic data, these night-shift workers are at considerably higher risk
of developing T2D (Morikawa et al., 2005; Pan, Schernhammer, Sun, & Hu,
2011). Of note, night-shift workers on the other hand are not at higher risk of
developing MDD according to a systematic review even though some of the
individual studies give support to the increased risk (Angerer, Schmook,
Elfantel, & Li, 2017).

The next chapter discusses the effect of daylight in relation to circadian
disturbances and glucose metabolism.

2.2.2.1 The amount of daylight

Circadian oscillations in the human body are characteristic of nearly every
hormone. It is important to note that these hormonal profiles are a product of
interaction between many factors, including the light exposure. According to
bioclimatic hypothesis, changes in sunlight and climate affect variations in
hormones and may explain the seasonal variation in disease incidences
(Lambert, Reid, Kaye, Jennings, & Esler, 2003). It has been hypothesized that
seasonal variation in glucose metabolism might be driven by the changes in
daylight, with increased exposure linked to reduced risk of developing T2D
(Shore-Lorenti et al., 2014).

Importantly, light is the strongest environmental cue for all circadian
systems (Duffy & Czeisler, 2009). External environmental timing that comes
mainly from the light signals the regulation of the internal clocks. It is known
that internal timing systems influence all physiological processes and energy
homeostasis to maximise adaptation and fitness (Green, Takahashi, & Bass,
2008).

Taken together, the amount of daylight hours appears to affect our energy
levels. It has been shown that during summer, when more daylight is available,
typically better glycemic profile and lower body mass index (BMI) is displayed
(Ishii, Suzuki, Baba, Nakamura, & Watanabe, 2001; Mavri et al., 2001).
However, the relationship between daylight and glucose metabolism is more
complex. For example, previous research findings regarding the relationship
between the amount of daylight and insulin secretion and sensitivity have been
scarce and inconsistent (Berglund et al., 2012; Chen, Chuang, Lin, Tsai, &
Chou, 2008).

However, as it has been at least partly validated that the amount of
environmental light is associated with glucose metabolism, previous research
has raised the question of the pathways through which light exposure could
act to influence T2D and its related outcomes. A potential pathway through
which daylight exposure may influence T2D related outcomes, is circadian
rhythm and its misalignment, as briefly mentioned in the previous chapter.
The master clock in the brain’s suprachiasmatic nucleus synchronises the
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tissue specific intrinsic clocks to the photoperiod (the time between sunrise
and sunset) in response to signals from retinal photoreceptors communicating
the presence of daylight (Patton & Hastings, 2018). It synchronizes a wide
range of complex biological processes via neurological pathways, through the
central nervous system and into peripheral tissues (Morris, Yang, & Scheer,
2012).

Disturbances in hormonal profiles might arise from major changes in
daylight potentially contributing to circadian misalignment. Very long and
very short days might challenge the network within the circadian pacemaker
as it is known that the principal circadian clock entrains to the sun light
(Roenneberg, Kumar, & Merrow, 2007). Entrainment errors during the period
of rapid daylight changes might challenge the circadian pacemaker and
predispose to circadian misalignment especially during equinoxes when dark
light transitions are most rapid.

From that perspective, the association between daylight and glucose
metabolism has received some research interest. A Swedish study shows that
fasting glucose concentrations are higher in participants examined during the
dark season (Nov-April) compared with the light season (Renstrom et al.,
2015). Furthermore, there is also evidence that higher level of recreational
sunshine exposure (sunbathing) reduces the odds of T2D incidence, yet the
findings regarding glycemic traits are not consistent (Shore-Lorenti et al.,
2014).

The other potential pathways through which daylight could act to influence
glucose metabolism are related to vitamin D, photo immunomodulation,
thermogenesis but also cellular stress (Lindgvist, Olsson, & Landin-Olsson,
2010; Shore-Lorenti et al., 2014). It has been proposed that vitamin D might
underlie relationship between daylight and glucose metabolism, as a large part
of vitamin D is endogenously produced when solar rays trigger its synthesis
(Holick, 2007). Low serum 25-hydroxyvitamin D (25-OHD) is the index of
vitamin D nutritional status and its low levels have been associated with
increased risk of several cardiometabolic outcomes including T2D and MetS
(Osei, 2010). Parker and colleagues showed in their meta-analysis of 28
independent studies a 43% of decrease in cardiometabolic disorders for those
of highest levels of 25-OHD (Parker et al., 2010), however experimental
vitamin D supplementation studies have been inconclusive. For example, it
has been shown that vitamin D supplementation does not have an effect on
glucose concentrations, insulin level and HOMA-IR values based on a
systematic review of randomized controlled trials in overweight and obese
populations (Jamka et al., 2015; Pittas et al., 2010). Taken together, vitamin D
supplementation might not be effective treatment for improvement of glucose
metabolism, thus other avenues shall be explored to unravel the potential
underlying mechanisms between daylight and glucose metabolism.
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2.2.2.2 Melatonin

At the epicentre of circadian rhythms is melatonin, thus the association
between daylight and glucose metabolism might be affected by melatonin
pathway. A recent review of melatonin action emphasized that the effect of
melatonin needs to receive even further research interest to reduce the existing
uncertainties in relation to various health conditions given the technological
and lifestyle changes that are associated with chronodisruption (such as the
overwhelming use of LED lights at night) (Posadzki et al., 2018).

Melatonin is a neurohormone that is mainly associated with sleep, yet
involved with a broad spectrum of functions in the human body including anti-
inflammatory and immune-enhancing effects (Hardeland, Pandi-Perumal, &
Cardinali, 2006). Mainly via these effects on health, melatonin is related to the
development of several conditions ranging from acute coronary syndrome,
metabolic diseases to various cancers (Posadzki et al., 2018). Melatonin is also
involved in the development of depression (Hickie & Rogers, 2011) and
diabetes (McMullan, Schernhammer, Rimm, Hu, & Forman, 2013), relevant
in the context of this current thesis.

Melatonin production is under the control of the biological clock and,
importantly, is directly responsive to daylight (Bonmati-Carrion et al., 2014).
It is secreted from the pineal gland and produced from serotonin, which is
derived from the amino acid tryptophan (Claustrat, Brun, & Chazot, 2005).
Melatonin is a neurohormone that has a very short half-life. Once it is secreted,
it is immediately released into the general circulation, thus plasma
concentrations of melatonin are accurate and reflect its pineal synthesis (Pevet
& Challet, 2011). At the same time, these measurements are time-critical due
to the short half-life of melatonin in the bloodstream. Melatonin release is
triggered by a loss of light exposure to the retina and its levels are high in the
evening and low in the morning, thus melatonin is often referred to as a sleep
hormone and also most often studied in relation to sleep disorders (Posadzki
et al., 2018). However, melatonin acts in concert with other neurotransmitters,
glucocorticoids and thyroid hormones.

As discussed above, melatonin is directly responsive to environmental light
and exerts its effect through its receptors. In humans, there are two subtypes
of melatonin receptors, MTNR1A and MTNR1B. Both of these receptors are G
protein-coupled receptors and are expressed in various tissues of the body
including the brain and pancreatic islets (Tosini, Owino, Guillaume, & Jockers,
2014). The presence of melatonin receptors MTNR1B and MTNR1A in various
tissues explains the direct action of melatonin in many organs such as the
brain, suprachiasmatic nucleus (SCN), retina and pancreatic a- and [-cells
(Hardeland, 2012).

Melatonin is a hormone that has several functions in the human body as
described above. Thus far, both the production and administration and
supplementation (ranging from oral and intravenous to sublingual) of
melatonin has been studies previously in the context of glucose metabolism.
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First of all, it is known that insulin secretion follows a circadian pattern
opposite to melatonin secretion with a nocturnal fall (Haus, 2007).
Furthermore, it has been proposed that the phase of the insulin secretion
rhythm might be modulated by melatonin (Mulder, Nagorny, Lyssenko, &
Groop, 2009) and recent findings show that melatonin physiologically serves
as an inhibitor of nocturnal insulin release (Tuomi et al., 2016). However, the
relationship between melatonin and glucose metabolism is not that clear
although endocrine rhythms and circadian rhythms are closely
interconnected. Both inhibitory and stimulatory effects of melatonin on
insulin secretion and action have been reported (Kemp, Ubeda, & Habener,
2002; Peschke, Bach, & Muhlbauer, 2006; Tuomi et al., 2016). However, a
recent meta-analysis of the effects of melatonin supplementation on glucose
metabolism concluded that melatonin administration is related to improved
glucose metabolism but not with insulin levels and insulin sensitivity (Doosti-
Irani et al., 2018). Furthermore, the findings of humans and of preclinical
studies are conflicting — animal models show that melatonin administration
improves lipid metabolism in diabetic rats, probably through restored insulin
resistance (Nishida, Segawa, Murai, & Nakagawa, 2002).

Taken together, previous research literature points towards the potential
influence of melatonin pathway in glucose metabolism although the findings
are scarce and inconsistent.

2.2.3 GENETICS OF TYPE 2 DIABETES

In addition to previously discussed environmental and mental health
associations (and potential molecular mechanisms) with glucose metabolism,
it is widely known that T2D and glucose metabolism also has genetic
component. T2D is polygenic disease which means that the development of
this condition is influenced by several genes.

Based on family studies, it has been estimated that the lifetime risk of
developing T2D is 40% for individuals who have one parent with T2D and 70%
if both parents have T2D (Creutzfeldt, Kobberling, & Neel, 1976). Based on
twin studies, the heritability estimates of T2D are around 76% after the 15-year
follow-up; with rather astonishing concordance rates of 96% in abnormal
glucose metabolism after the 15-year follow-up (Medici, Hawa, Ianari, Pyke, &
Leslie, 1999). On the other hand, SNP-based heritability estimates are much
lower (around 10%) because these estimates rely on common genetic variation
(Bulik-Sullivan et al., 2015) as GWA studies are not capturing rare variants
that might account for a sizable proportion of heritability of this complex
disease and its development. Furthermore, mutations have higher effect
compared to common variants which penetrance is low or indeed zero.

Nevertheless, hundreds of variants have been identified using several
methods in relation to T2D and while each variant explains only a very small
proportion of the disease risk, these variants have significantly contributed to
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the understanding of the genesis of T2D (Prasad & Groop, 2015). Most
coherently associated genetic variants are briefly described below.

TCF7L2 is one of the most successfully replicated variant that has been
associated with T2D. This variant was first found to be associated with T2D in
linkage studies. The association between T2D and TCF7L2 has been confirmed
across various populations, conferring a relative risk of approximately 1.4
(Tong et al., 2009). Other genetic variants (single nucleotide polymorphisms
- SNPs) in or near PPARy, KCNJ11, TCF2, TCF7L2, CDKAL1, CDKN2A-
CDKN2B, IDE-KIF1i-HHEX, IGF2BP2, MTNRiB, SLC30A8, KCNQ1,
CDCi123, GLIS3, HNFi1B, DUSP9 have been identified in Caucasian
populations and also replicated elsewhere (Cho et al., 2012; Imamura et al.,
2012; Shu et al., 2010).

In current thesis, the most important findings arise from the collaborative
effort of DIAGRAM and MAGIC consortia that are described below as these
summary statistics were used in the analyses of the Study I. DIAGRAM
investigators were exploring the associations between common variants on a
genome-wide level and T2D diagnosis (Morris et al., 2012). They had data on
34,840 cases and 114,981 controls combining Stage 1 and 2. Based on this
extensive data, these researchers found eight new loci associated with T2D.
These signals were from ZMIZ1, ANKi1, KLHDC5, HMG20A, GRB14 genes.
Furthermore, rs7177055 and rs13389219 were not previously reported in
European ancestry populations. The authors discuss that several of these
signals were mapped to loci that had been previously implicated in T2D-
related metabolic traits (Morris et al., 2012).

In the analysis of glycemic traits, GWAS from MAGIC investigators has
resulted in identification several new loci using the data of 46,186 individuals
without diabetes and following up among 76,558 additional subjects.
Following up the 25 initially identified loci resulted in 16 loci associated with
glycemic traits. These included nine loci newly associated with fasting glucose
(ADCY5, MADD, ADRA2A, CRY2, FADS1, GLIS3, SLC2A2, PROX1 and
C2CD4B), one locus influencing fasting insulin and HOMA-IR (IGF1), and five
loci with T2D (ADCY35, PROX1, GCK, GCKR, DGKB-TMEM195) (Dupuis et al.,
2010).

These findings are not any more the most recent to date. Scott and
colleagues have since published an expanded GWAS of T2D as a follow-up to
the initial research effort involving individuals with European ancestry (Scott
et al., 2017). They analysed the samples of 26,676 cases of T2D and 132,532
controls and found several novel loci associated to T2D. These variants were
near the GLP2R, GIP, and HLA-DQA1 genes; all together they found 128
independent variants to be associated with T2D belonging to 113 loci. They
state that they causality and biological plausibility need to receive further
research attention (Scott et al., 2017).
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2.2.3.1 Melatonin Receptor 1B gene

MTNR1B is a member of the melatonin receptor family expressed in many
tissues, including pancreatic islets and brain (Hardeland, 2012) that is
encoded by the MTNRi1B gene (Reppert et al., 1995). MTNR1B is one of the
genes which variants — specifically rs10830963 - have been most consistently
shown to be associated with T2D and glucose metabolism. MTNR1B is often
described in the research literature as a diabetes risk gene. Molecular studies
have shown increased expression of the MTNR1B receptors in [-cells in
pancreatic islets of nondiabetic and diabetic individuals carrying the MTNR1B
risk variant (Lyssenko et al., 2009).

Furthermore, genome-wide association studies have shown that a common
variant of the MTNR1B gene is associated with altered insulin and glucose
concentrations and risk of future T2D (Prokopenko et al., 2009). Lyssenko and
colleagues showed that the risk genotype of MTNRiB SNP rs10830963
predicts future T2D in two large prospective studies (Lyssenko et al., 2009). It
is important to point out that rs10830963 in the MTNR1B gene has been
proved to be the causal variant in functional studies (Gaulton et al., 2015).

The MTNRi1B gene has been studied in relation to lifestyle intervention in
the context of gestational diabetes (Grotenfelt et al., 2016). Findings from the
study by Grotenfelt and colleagues (2016) show that genetic variants might
influence the effectiveness of lifestyle interventions although they were not
able to show that diabetes risk allele G carriers would have poorer response to
the intervention (Grotenfelt et al., 2016).

2.2.4 THE LINKS BETWEEN DIABETES RISK FACTORS

This literature review has given an overview of the individual contribution of
depressive symptoms, circadian rhythm that is affected by the amount of
daylight and genetics in the development of T2D and impaired glucose
metabolism. However, these factors are all closely linked. Yet, the interactions
between these factors have received very little research attention. Against this
background, the current study focuses on genetic associations, filling in the
gap in the research literature as the genetic moderation of the relationship
between 1) depressive symptoms or 2) the amount of daylight and glucose
metabolism has not not received enough scientific attention.

Pleiotropic genetic variants that are shared between the traits could
unravel potential novel pathways through which these conditions are
associated. Due to the limited information on these shared genetic risks, this
current study was conducted, allowing the researchers to fill in the gap in the
research literature. Indeed, previous research has suggested that there is
abundant pleiotropy among genetic variants related to complex traits
(Sivakumaran et al., 2011). Sivakumaran and colleagues showed that 16.9% of
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the genes have pleiotropic effects on complex diseases (Sivakumaran et al.,
2011).

There have been numerous studies exploring the genetic background of
complex diseases but these have been conducted on univariate level —
involving one single disease. However, these studies using both genome-wide
approach or candidate gene analyses in relation to metabolic traits and mental
health have found variants related to both mental and somatic health. Recent
meta-analysis exploring the associations between MDD, bipolar disorder,
coronary artery diseases, T2D and hypertension gave an overview of these
recent findings and they identified 24 potentially pleiotropic variants shared
between the traits of interest (Amare, Schubert, Klingler-Hoffmann, Cohen-
Woods, & Baune, 2017). These variants included SNPs in or near MTHFR,
CACNA1D, CACNB2, GNAS, ADRB1, NCAN, REST, FTO, POMC, BDNF,
CREB, ITIH4, LEP, GSK3B, SLC18A1, TLR4, PPP1R1B, APOE, CRY2, HTR1A,
ADRA2A, TCF7L2, MTNR1B, IGF1. The authors also completed pathway
analysis that revealed several biologically plausible and significant pathways
supporting these associations and concluded the following: “Overall, genes
that encode for molecules involved in HPA-axis activity, circadian rhythm,
inflammation, neurotransmission, metabolism and energy balance were found
to have a central role to link mood disorders with cardiometabolic diseases. It
is also worth noting the gene-environment interaction that might contribute
to the diseases” (Amare et al., 2017). This study by Amare and colleagues has
been the most recent to provide insights into the shared genetic mechanisms
of mental health and cardiometabolic traits.

In addition to the view where depression and T2D are two distinct
phenomena that might share a common genetic background, gene-
environment interaction should be explained further, especially since the
concept of genetic moderation of associations was mentioned above. Gene-
envionment interaction is commonly described as a phenomenon where
different genotypes are responding differently to environmental variation. In
the case of T2D, environment is most commonly referred to as lifestyle factors
(Franks, Pearson, Bchir, & Florez, 2013). It is known that individuals respond
differently to lifestyle interventions, the most common strategy to prevent and
treat T2D, and it has been proposed that it might be due to gene-environment
interaction (Franks & Merino, 2018). However, environmental variation can
be for example external (such as the amount of daylight), internal (such as the
psychological state), behavioral (lifestyle) or other. Thus, the concept of gene-
environment interaction is important in the context of this research because
the aim is to explore the associations between different T2D risk factors
including both genetic variation and environmental factors. Consequently,
genetic moderation of both external (the amount of daylight) and internal
(depressive symptoms) environmental exposures is explored.

This current research provides further insights into the relationship
between depression and T2D and contributes significantly to the scientific
literature. The pleiotropy on a genome-wide level between depressive
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symptoms and glycemic traits is explored and moreover, the associations are
studied on a candidate gene level. Furthermore, environmental factors such as
the amount of daylight are taken into account.
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3 AIMS OF THE STUDY

Previous studies have identified several risk factors contributing to the genesis
of diabetes. In addition to genetic susceptibility, mental health and
environmental factors also have an effect in the disease development. Thus,
this thesis focuses on four objectives:

1. The first objective of this doctoral thesis is to examine whether there is
a common genetic basis of the phenotypic associations between T2D,
glycemic indices related to T2D, and depressive symptoms (Study I)

2. The second objective is to examine which specific genetic variants are
potentially pleiotropic, affecting both glycemic indices and depressive
symptoms (Study I)

3. The third aim is to study if a common diabetes risk variant rs10830963
in the Melatonin Receptor 1B (MTNRiB) gene influences the
relationship between depressive symptoms and glycemic indices
(Study II)

4. The fourth aim of this doctoral thesis is to investigate to what extent the
amount of daylight moderates the associations between MTNRiB
rs10830963 and glycemic indices (Study III)
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4 MATERIALS AND METHODS

4.1 PARTICIPANTS: STUDY I-llI

Study I is based on the summary statistics data from previously published
GWA studies, described in detail below. Studies II and III are conducted
within the same PPP-Botnia cohort, described in detail below.

41.1 STUDY I: SUMMARY STATISTICS OF GWAS FOR T2D,
GLYCEMIC INDICES AND DEPRESSIVE SYMPTOMS

The analyses of Study I are based on previously published univariate GWAS
summary statistics which did not require generating any new cohort-level
results but re-uses consortium-level summary statistic data.

Data on T2D have been contributed by DIAGRAM investigators, and
include 34840 cases with T2D and 114981 controls without T2D (Morris et al.,
2012). Summary statistics were publicly available and obtained from the
www.diagram-consortium.org website (accessed 08.10.2015).

Data on glycaemic traits have been contributed by MAGIC investigators,
and include up to 46186 participants without diabetes from up to 21 cohorts
(Dupuis et al., 2010). Summary statistics were publicly available and obtained
from the www.magicinvestigators.org website (accessed 26.11.2015).

Data on depressive symptoms have been contributed by the Cohorts for
Heart and Aging Research in Genomic Epidemiology (CHARGE) depression
working group investigators and include 51258 individuals (Hek et al., 2013).
The data and the approval to pursue bivariate studies using the summary
statistics on depressive symptoms was obtained from the CHARGE depression
working group in March 2014.

4.1.2 STUDY lI-lll: PPP-BOTNIA STUDY

The prospective PPP-Botnia Study is a population-based study in the Botnia
region of western Finland. The study is designed to obtain accurate estimates
of prevalence and risk factors for diabetes, impaired glucose regulation, and
the MetS in the population aged 18 — 75 years and to use this information for
prediction and prevention of diabetes. The study is described in further detail
elsewhere (Di Camillo et al., 2018) and has the general aims to identify early
disturbances in persons with risk of suffering from T2D; to identify gene
defects which cause these interferences and which increase the risk of T2D; to
investigate which cause these gene defects has for the development of the
disease and the outlet of the disease; to try to prevent the development of T2D.
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In short, the study is comprised of 5208 individuals participating in the
baseline study in 2004-2008. Of those, the analytic sample of Study II
comprised of 4455 individuals who were genotyped for rs10830963, did not
have T2D and had data on glycemic traits and depressive symptoms. In
comparison with the excluded sample (753 individuals), those in the analytic
sample were more often women, younger, had lower BMI, more often had
higher education, less often smoked, more often used alcohol and reported
lower depressive symptoms. They also had lower glucose, insulin, HOMA-IR,
HOMAZ2-IR and higher CIR values (Study II, Table 1). However, the groups
did not differ in 30-min insulin, ISI and DI, physical activity, rs10830963
genotype frequencies and in season of the testing date (Study II, Table 1).

The follow-up visits took place in 2010-2015 and 3850 individuals (74% of
the baseline study participants) participated in the follow-up. Of those,
individuals who did not have T2D at baseline and participated in the follow-
up, had genetic data and data on glycemic traits available (3422 individuals)
formed the analytic sample of Study III. This analytic sample did not differ
from the whole baseline cohort, except that they had lower 120 min and AUC
for glucose, smoked less often and used more alcohol (Study III, Table 1).

The flowchart of analytic samples of Study IT and Study III is described in
Figure 1.
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Figure 1. PPP-Botnia flowchart
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4.2 MEASURING AND EVALUATING GLYCEMIC TRAITS
AND T2D: STUDY Il

421 STUDY I: SUMMARY STATISTICS OF GWAS FOR T2D,
GLYCEMIC INDICES AND DEPRESSIVE SYMPTOMS

T2D diagnosis in DIAGRAM GWAS was based on several different criteria
including self-reported T2D, physician’s diagnosis, registry data, and OGTT
applying WHO criteria (WHO, 1999).

The quantitative glycemic traits in MAGIC included fasting insulin, fasting
glucose, HOMA- [(20 x fasting plasma insulin)/(fasting plasma glucose —
3.5)] for assessment of B-cell function, and HOMA-IR (fasting plasma insulin
x fasting plasma glucose/22.5) for estimation of the degree of insulin
resistance (Wallace, Levy, & Matthews, 2004).

4.2.2 STUDY llI-lll: PPP-BOTNIA STUDY

PPP-Botnia Study participants underwent a 2-hour OGTT performed in the
morning after an overnight fasting. The subjects ingested 75 grams of glucose
and one of the participants had worked during the two nights preceding the
OGTT.

During the OGTT, venous-samples for glucose and insulin were drawn at
fasting and additionally at 30 and 120 min after the glucose load. Plasma
glucose was measured with a glucose dehydrogenase method (HemoCue,
Angelholm, Sweden) and serum insulin by a fluoroimmunoassay (Delphia;
Perkin-Elmer Finland, Turku, Finland).

The formulas of all indices calculated based on the OGTT used in current
thesis are listed in Table 1. We also used online calculator for HOMA2-IR,
which is available at https://www.dtu.ox.ac.uk/homacalculator/.

Table 1. Glycemic traits calculated based on the OGTT

mmol]

l
mmol

l

mmol
AUC glucose = 15 X fasting glucose [ ] + 15 X 30 min glucose [

mmol
+ 45 X 30 min glucose [ ] + 45 X 120 min glucose [
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mU mU
AUC insulin = 15 X fasting insulin [T] + 15 X 30 min insulin [T]

mU mU
+ 45 X 30 min insulin [T] 4+ 45 X 120 min insulin [T]

Fasting insulin [mTU] X fasting glucose [mr{ml]
22.5

HOMA — IR =

IS] = 10000

1

mTOI]X mean OGTT insulin [mTU])

\/ (fasting glucose[mmm]x fasting insulin [mTU] X

mean OGTT glucose [

(100 x 30 min insulin [mTU])
CIR =

(30 min glucose [mTol]) X (30 min glucose [mTOl] - 3.89 [

mr;lol])

DI = CIR X ISI

4.3 MEASURING DEPRESSIVE SYMPTOMS: STUDY Il

Self reported questionnaires on depressive symptoms including Center for
Epidemiological Studies Depression Scale (CES-D) and Mental Health
Inventory (MHI-5) derived from the 36-item Short-Form Health Survey (SF-
36) were used in evaluating depressive symptoms across the studies. Used
questionnaires are described in further detail below.

4.3.1 STUDY I: SUMMARY STATISTICS OF GWAS FOR T2D,
GLYCEMIC INDICES AND DEPRESSIVE SYMPTOMS

Depressive symptoms in CHARGE GWAS were estimated from the total sum
score of the Center for Epidemiological Studies Depression Scale (CES-D) 10,
11 or 20-item versions.

The CES-D is a brief self-report scale designed to measure depressive
symptoms experienced in the past week in a general population (Radloff,
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1977). The CES-D questionnaire has been established as a reliable and valid
measure of depressive symptoms both in the context of various conditions
such as cancer, but also in noninstitutionalized (general) populations (Cosco,
Prina, Stubbs, & Wu, 2017; Hann, Winter, & Jacobsen, 1999). The
questionnaire is divided into scales reflecting major facets of depression
including somatic, positive and negative domains. The continuous sum score
of the CES-D was used in the study.

4.3.2 STUDY IIl: PPP-BOTNIA STUDY

Depressive symptoms were reported by the five-item Mental Health Inventory
(MHI-5) derived from the 36-item Short-Form Health Survey (SF-36)(Hays,
Sherbourne, & Mazel, 1993).

The five-item MHI-5 questionnaire includes following questions: feeling
nervous, feeling down in the dumps, feeling downhearted and blue, feeling
calm and peaceful (reverse scored) and feeling happy (reverse scored). The
questions are rated on a six-point scale ranging from none of the time (1) to all
the time (6) during the past 4 weeks.

A sum score of these items is transformed into a scale that ranges from o
to 100 (Ware & Sherbourne, 1992). A higher value of the sum score of these
items reflects higher depressive symptoms.

4.4 GENOTYPING: STUDY Il

Genotyping of the the cohorts that participated in the genome-wide meta-
analyses of T2D, glycemic indices, and depressive symptoms has been
described in the original articles (Dupuis et al., 2010; Hek et al., 2013; Morris
etal., 2012).

In PPP-Botnia, genotyping of MTNR1B rs10830963 was performed either
by mass spectrometry or by allelic discrimination method, as described in
detail elsewhere (Jonsson et al., 2013).

4.5 THE AMOUNT OF DAYLIGHT: STUDY llI

The amount of daylight varies considerably with the season in Finland. The
range of day length in western Finland is from 4h 44min to 20h 17min.
Daylight information was provided by the Finnish Meteorological Institute
(FMI) Climate Service for Seindjoki Pelmaa station. Sein&joki station is the
closest meteorological station to the PPP-Botnia study centers in Narpio,
Maalahti, Mustasaari, Vaasa and Pietarsaari. The average distance between
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Seindjoki Pelmaa and the study centers is about 71 km (53 km to Vaasa and 97
km to Pietarsaari.

Daylight (day length in hours) at the testing date from the Sein#joki station
was linked to the baseline and follow-up study dates.

4.6 STATISTICAL ANALYSIS: STUDY I-lll

4.6.1 STUDYI

To estimate genetic correlation of depressive symptoms with T2D, fasting
glucose, fasting insulin, HOMA-B and HOMA-IR, results from univariate
GWAS meta-analyses were combined using LD (linkage disequilibrium) Score
Regression tool LDSC (B. K. Bulik-Sullivan et al., 2015). Default options of this
command line tool were used for estimating heritability and genetic
correlation from GWAS summary statistics. The tool relies on the fact that the
GWAS effect size estimate for a given SNP incorporates the effects of all SNPs
in LD with that SNP. LDSC is not biased by sample overlap and has been
described in detail elsewhere (Bulik-Sullivan et al., 2015).

To identify potential pleiotropic SNPs associated with both depressive
symptoms and T2D, fasting glucose, fasting insulin, HOMA- or HOMA-IR,
five independent bivariate GWAS analyses were performed using empirical-
weighted linear-combined test statistics (eLC) (Chen & Hsu, 2017) with
aggregate data (Z test statistics) from each univariate GWAS meta-analysis.
The bivariate analyses were performed only of those SNPs with nominal p-
values < 0.05 in univariate GWAS meta-analyses as suggested before (Ligthart
et al., 2016). Potential pleiotropic SNPs are reported based on 1) p-value <
5x1078 from the bivariate GWAS analyses and 2) the bivariate p-value is at least
one order of magnitude smaller than the univariate p-values.

The influence of identified potential pleiotropic SNPs on gene expression
were further evaluated in the Brain eQTL Almanac (BRAINEAC,
www.braineac.org) database, and GTEx portal V6 (dbGaP Accession
phs000424.v6.p1, www.gtexportal.org).

4.6.2 STUDY II-li

IBM SPSS version 23.0 was used for data analysis in Studies II-III
(www.ibm.com/spss/). Primary findings are based on multiple linear
regression analysis in both studies.

In Study II, multiple linear regression analyses were used to test if the
MNTR1B 1510830963 genotype influenced the associations between
depressive symptoms and glycemic traits by including main effects of
rs10830963 and depressive symptoms and their interaction into the
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regression equation with indices of glycemic traits as the outcomes. Before
proceeding to the interaction tests, we used multiple linear regression analyses
to also test if the rs10830963 and depressive symptoms were associated with
the glycemic traits and if these effects were independent of each other. In these
analyses we used depressive symptoms both as continuous and dichotomized
at the clinical cutoff. All associations were tested in the presence of covariates
including sex, age, body mass index, education, current smoking status,
alcohol consumption, physical activity and season of testing. Skewed variables
were log-transformed where appropriate and variables were standardized to
the mean of 0 and SD of 1 to facilitate interpretation. To decrease the
likelihood of type 1 error, we used the false discovery rate (FDR) procedure to
account for multiple testing. The FDR procedure is a method for
conceptualizing the rate of type 1 errors in null hypothesis testing when
conducting multiple comparisons and is formally described elsewhere
(Benjamini & Hochberg, 1995).

In Study III, multiple linear regressions were used to test if rs10830963
and daylight were associated with glycemic traits cross-sectionally both at
baseline and at follow-up. To test if daylight moderated the association of
rs10830963 and glycemic traits, an interaction term of daylight x rs10830963
was added into the linear regression model following the main effects of these
variables. In change analysis, multiple linear regression analyses were used to
study if rs10830963, change in the amount of daylight (amount of daylight at
the date of baseline testing was subtracted from the date of follow-up testing),
or their interaction, were associated with change in glycemic traits between
baseline and follow-up (baseline glycemic trait value was subtracted from the
respective follow-up value). The analyses of change were adjusted for the
baseline value of the outcome variable. The covariates included sex, age, body
mass index, smoking, alcohol use, physical activity and educational
attainment. Skewed variables were log-transformed where appropriate and
daylight, daylight change, glycemic traits, and glycemic trait change variables
were standardized to the mean of 0 and SD of 1 to facilitate interpretation.
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5 RESULTS

5.1 STUDY I: DEPRESSIVE SYMPTOMS AND GLYCEMIC
TRAITS - BIVARIATE GWAS

5.1.1 GENETIC CORRELATION

SNP-based heritability estimates based on the LDSC analysis, were all very low
between 0.04 and 0.10. More specifically, the estimates were 0.09 [0.07, 0.12]
for T2D, 0.10 [0.06, 0.15] for fasting glucose, 0.07 [0.05, 0.10] for fasting
insulin, 0.07 [0.05, 0.09] for HOMA-(, 0.05 [0.03, 0.07] for HOMA-IR, and
0.04 [0.01, 0.07] for depressive symptoms.

Considering the low heritability estimates, we also did not find any
significant SNP-based genetic correlations between depressive symptoms and
T2D or quantitative glycemic traits. SNP-based genetic correlations between
depressive symptoms, T2D or glycemic traits were not significant (p-values >

0.37).

5.1.2 PLEIOTROPIC SNPS

We found several SNPs showing potential pleiotropic effects between
depressive symptoms and 1) T2D and 2) fasting glucose (Figure 2). The
analyses for depressive symptoms and 1) fasting insulin 2) HOMA-3 and 3)
HOMA-IR did not result in any significant findings. Significant findings are
described in detail below.

Bivariate GWAS analysis for depressive symptoms and T2D resulted in
following significant and potentially pleiotropic variants: intronic SNPs in the
insulin like growth factor 2 mRNA binding protein 2 gene (IGF2BP2; chr 3)
and CDKj5 regulatory subunit associated protein 1-like 1 gene (CDKAL1; chr
6), intergenic SNPs close to the CDKN2B antisense RNA 1 gene (CDKN2B-AS;
chr 9) and pleckstrin homology domain-containing family A member 1 gene
(PLEKHA1; chr 10) (Figure 2). Not all associations were in the same direction
with depression and T2D (Figure 2). All these SNPs were associated with
significant alterations in expression of several genes in brain tissues in the
BRAINEAC database and rs6769511 and rs10510110 as well with expression in
other tissues in the GTEx database (Study I, Supplemental Table S4).

Bivariate GWAS analysis for depressive symptoms and fasting glucose
resulted in following significant and potentially pleiotropic variants: intronic
SNPs in the MAP kinase-activating death domain protein gene (MADD; chri1),
peroxisomal biogenesis factor 16 gene (PEX16; chr 11), intergenic SNPs near

42



CDKN2B-AS (chr 9) and MTNRi1B (chr 11) The associations of rs11039183
(MADD) and of rs7020996 (CDKN2B-AS) with depression and glucose levels
were in the same direction whereas for rs11038708 and rs10510110 in PEX16
and MTNR1B, the effect was opposite. Of these four SNPs, rs11039183 was
associated with expression of several genes in brain and other tissues in the
Braineac and GTEx databases (Study I, Supplemental Table S4).
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Figure 2. SNPs showing potential pleiotropic association with depressive

symptoms, T2D and fasting glucose
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5.2 STUDY II: DEPRESSIVE SYMPTOMS AND
GLYCEMIC TRAITS - THE EFFECT OF RS10830963

MTNR1B rs10830963 had a significant main effect on glucose response
(fasting and AUC glucose), insulin resistance (ISI) and insulin secretion (DI
and CIR). The addition of each copy of the minor G allele was associated with
worse glycemic profile: higher fasting and AUC glucose, lower ISI, CIR and DI
(Table 2). However, the association with ISI did not survive the FDR
correction for multiple testing.

Table 2. Associations between MTNR1B rs10830963, depressive symptoms

and glycemic traits

Panel A: The effect of rs10830963 (CC/CG/GG)

Outcome (SD units) B (95% CI)2 R2 Pt P2 P3 P4 P5
Glucose

Fasting 174 (.142; .206) .050 <.001 <.001 <.001 <.001 <.001
AUC 162 (.126; .198) 119 <.001 <.001 <.001 <.001 <.001
Insulin

Fasting .011 (-.030; .051) .007 .603 .236 .740 .887 .850
AUC -.020 (-.065;.024) .015 .368 480 .658 724 744
Insulin resistance

HOMA-IR .048 (.007; .089) .012 .023 .002 .058 .097 .088
HOMA2-IR .021 (-.027; .068) .012  .390 .257 711 707 .676
ISI -.047 (-.090; -.004) .027 .031 .006 .037 .048 .044
Insulin secretion

DI -.203 (-.242;-.164) .094 <.001 <.001 <.001 <.001 <.001
CIR -.198 (-.240; -.156) .050 <.001 <.001 <.001 <.001 <.001
Panel B: The effect of depressive symptoms (continuous sum score)

Outcome (SD units) B (95% CI)2 R2 P! P2 P3 P4 P5
Glucose

Fasting .004 (-.017; .025) .025 .720 .870 720 .697  .599
AUC .033 (.009; .057) .104 .007 .020 .013 .012  .008
Insulin

Fasting .051 (.024; .078) .009 <.001 .001 .002 .002 .002
AUC .046 (.017; .076) .017 .002 .012 .004 .005 .005
Insulin resistance

HOMA-IR .051 (.023; .078) .013 <.001 .002 .003 .003 .003
HOMA2-IR .050 (.019; .081) .014 .002 .012 .005 .005 .005
ISI -.058 (-.087;-.030) .029 <.001 .001 <.001 <.001 <.001
Insulin secretion

DI -.033 (-.059; -.007) .072 .013 .037 .033 .034 .026
CIR .012 (-.016; .040) .031 .395 .610 .504 .600 .645

Pt — linear regression model 1 is adjusted for sex and age

P2 — linear regression model 2 is adjusted for sex, age, and body mass index

Ps3 — linear regression model 3 is adjusted for sex, age, body mass index, education, current
smoking status, alcohol consumption, and physical activity

P4 — linear regression model 4 is adjusted for sex, age, body mass index, education, current
smoking status, alcohol consumption, physical activity and season

Ps5 — linear regression model 5 is adjusted for sex, age, body mass index, education, current
smoking status, alcohol consumption, physical activity, season and depressive symptoms (in
the analysis of rs10830963) or rs10830963 (in the analysis of depressive symptoms)

a— 3 coefficients and R2 are from the model 1 and show change in standard deviation units
in outcome
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Higher depressive symptoms were associated with higher glucose response
(AUC), higher insulin response (AUC), higher insulin resistance (fasting
insulin, HOMA-IR, HOMA2-IR and ISI) and lower insulin secretion (DI)
(Table 2). However, the association with DI did not survive the FDR correction
for multiple testing. Additionally, we used previously established cut-off of 60
for depressive symptoms and consequently identified individuals with
clinically relevant depressive symptoms. We then ran the analyses again using
categorical depression as a factor variable which resulted in no changes in the
significance of the findings (data not shown).

The furthest right column (P5) in Table 2 shows that the effects of
rs10830963 and depressive symptoms on glycemic traits were independent of
each other.

Furthermore, Table 3 indicates that the interactions between rs10830963
and depressive symptoms were not significantly associated with glycemic
traits (Table 3).

Table 3. Interaction between depressive symptoms and rs10830963 on
glycemic traits

Outcome (SD units) B (95% CI)a P! P2 P3 P4
Glucose

Fasting -.004 (-.040; .033) .321 .327 .654 572
AUC -.005 (-.041; .030) 776 .851 .879 .903
Insulin

Fasting .007 (-.033; .047) 736 .636 754 .408
AUC .022 (-.023; .066) .341 .225 167 .076
Insulin resistance

HOMA-IR .003 (-.038; .044) .875 788 .815 478
ISI .005 (-.041; .052) .816 .656 .397 .393
Insulin secretion -.017 (-.059; .026) 444 .266 .253 .107
DI

CIR .000 (-.039; .039) .990 .900 .965 971
Glucose .008 (-.034; .050) 714 .670 .592 .423

Pt — linear regression model 1 is adjusted for sex and age

P2 —linear regression model 2 is adjusted for sex, age, and body mass index

Ps3 — linear regression model 3 is adjusted for sex, age, body mass index, education,
current smoking status, alcohol consumption, and physical activity

P4 — linear regression model 4 is adjusted for sex, age, body mass index, education,
current smoking status, alcohol consumption, physical activity, and season

a— Beta coefficients are from model 1 and show change in standard deviation units in
outcome
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5.3 STUDY lll: THE AMOUNT OF DAYLIGHT,
RS10830963 AND GLYCEMIC TRAITS

Table 4 shows that at baseline and at follow-up the addition of each G allele of
the rs10830963, conferring risk for T2D, was associated with higher glucose
response (fasting and AUC glucose) and with lower insulin secretion (DI, CIR).
At baseline, the addition of each G allele of the rs10830963 was also
significantly associated with insulin resistance (higher HOMA-IR and lower
ISI), but at the follow-up, rs10830963 was not significantly associated with the
HOMA-IR or ISI. Similarly, the addition of each G allele of the rs10830963
was also associated with an increase in fasting glucose and AUC for glucose
and with a decrease in DI and CIR values between the baseline and the follow-
up but was not associated with change in insulin resistance (HOMA-IR or ISI)
between baseline and follow-up (Table 4).

All these associations remained unchanged when adjusted for sex, age, and
BMI at the respective visit(s), and when additionally adjusted for baseline
education and lifestyle factors at the respective visit(s), except for the
associations with HOMA-IR and ISI at baseline, which were rendered non-
significant (Table 4).

At baseline, daylight was not associated with any of the glycemic traits
(Table 4). However, at the follow-up, individuals studied on days with more
daylight had lower fasting glucose, yet higher AUC for glucose, higher insulin
resistance (higher fasting insulin, lower ISI), as well as lower insulin response
(DI, CIR). Individuals who underwent the OGTT on days with more daylight
available at the follow-up than at the baseline, displayed significantly higher
increase in AUC for glucose and decrease in CIR between the baseline and the
follow-up (Table 4).

MTNR1B rs10830963 and daylight did not interact significantly at the
baseline or the follow-up cross-sectional analyses of the glycemic traits (Table
5). However, rs10830963 and change in daylight between the baseline and the
follow-up visits interacted significantly with the change between the baseline
and the follow-up in fasting insulin and HOMA-IR (Table 5, panel C).

To illustrate these interactions, we divided the participants into three
groups according to change in daylight between baseline and follow-up. These
tertiles were the following: less daylight at the follow-up than at the baseline
(-15h to -2h difference), no or small difference in daylight between the testing
days (-1h to 4h difference), and more daylight at the follow-up than at the
baseline (5h to 15h difference). These findings show that those with no or one
risk allele of the rs10830963 (CC and CG genotypes), change in fasting insulin
and HOMA-IR was independent of the change in daylight between the baseline
and follow-up testing days (Figure 3). Yet, those homozygous for the risk allele
(GG) became more insulin resistant (higher fasting insulin and HOMA-IR)
during the follow-up if the amount of daylight was less at the follow-up than
at the baseline date compared with individuals who had similar or higher
amount of daylight at follow-up than at baseline.
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Table 4. Associations between MTNR1B rs10830963, daylight and glycemic

traits cross-sectionally and over time

Panel A: Baseline

rs10830963 Daylight
Outcome B (95% CI)2 P P2 B (95% CI)= P! P2
Glucose
Fasting .221 (.171; .271) <.001 <.001 .026 (-.007; .060) 122 224
AUC .199 (.151; .247) <.001 <.001 .030 (-.003; .062) .071 .086
Insulin
Fasting .009 (-.037; .055) .608 .528 .022 (-.008; .052) 153 171
AUC -.017 (-.067; .032) .503 .510 .002 (-.030; .035) .881 .999
Insulin resistance
HOMA- .046 (.000; .091) .050 .377 .026 (-.004; .056) .095 122
IR
ISI -.047 (-.093; .000) .050 .199 -.015 (-.046; .016) .341 414
Insulin secretion
DI -.248 (-.298; -.199)  <.001 <.001 -.028 (-.062;.005) .096 .062
CIR -.224 (-.275; -.173) <.001 <.001 -.018 (-.052; .017) .309 .202
Panel B: Follow-up

rs10830963 Daylight
Qutcome B (95% CI)2 Pt P2 B (95% CI)= P! P2
Glucose
Fasting 173 (.124; .221) <.001 <.001 -.069(-.101;-.037) <.001 <.001
AUC .123 (.076; .170) <.001 <.001 .053 (.022; .084) .001 <.001
Insulin
Fasting .008 (-.036; .051) 723 .698 .045 (.016; .073) .002 .002
AUC -.043 (-.090; .004) .073 134 .007 (-.024; .038) .645 .527
Insulin resistance
HOMA- .041 (-.002; .084) .063 .091 .028 (.000; .056) .052 .043
IR
ISI -.018 (-.062; .025) .397 .358 -.023 (-.051; .006) 124 <.001
Insulin secretion
DI -.192 (-.241; -.144) <.001 <.001 -.048 (-.080;-.015) .004 .003
CIR -.213 (-.253; -.152) <.001 <.001 -.040 (-.073; -.006)  .021 .024
Panel C: Change over time

rs10830963 Daylight change
Outcome B (95% CI)2 P P2 B (95% CI)2 P P2
Glucose
Fasting .088 (.043; .134) <.001 .001 -.017 (-.047; .012) .253 .094
AUC .019 (-.029; .067) .438 .495 .068 (.036; .099) <.001 <.001
Insulin
Fasting -.001 (-.047; .045) .970 .893 .000 (-.030; .031) .997 .880
AUC -.054 (-.103; -.006) .027 .066 -.010 (-.042; .021) .519 .500
Insulin resistance
HOMA- .010 (-.037; .057) .690 .519 -.002 (-.033; .029) .897 .818
IR
ISI -.008 (-.053; .036) 712 .625 -.024 (-.053; .005) .104 185
Insulin secretion
DI -.063 (-.114; -.012) .016 .038 -.030 (-.064; .003) .071 .077
CIR -.070 (-.122; -.108) .008 .042  -.037(-.071; -.003) .031 .030

P — linear regression model is adjusted for sex, age, body mass index
P2 — linear regression model is adjusted for sex, age, body mass index, smoking, alcohol use,
physical activity at respective visit(s), and education at baseline

a — Beta coefficients are from model 1
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Table 5. Interaction between daylight and rs10830963 on
glycemic traits

Panel A: Baseline

Outcome B (95% CI) P B (95% CI) p:
Glucose

Fasting .027 (-.022; .076) .279 .051 (.000; .102) .051
AUC -.015 (-.062; .032) .531 .001 (-.048; .051) .960
Insulin

Fasting -.009 (-.054; .035) .680 -.005 (-.051; .042) 844
AUC .008 (-.040; .056) 737  -.002 (-.052; .048) .940
Insulin resistance

HOMA-IR -.004 (-.049; .041) .862 .005 (-.041; .052) .830
ISI -.001 (-.047; .045) .975 -.005(-.053;.042)  .833
Insulin secretion

DI .022 (-.027; .071) .375 -.002 (-.053; .049) .927
CIR .031 (-.020; .081) .231 .007 (-.045; .059) .796
Panel B: Follow-up

Outcome B (95% CI) P B (95% CI) P2
Glucose

Fasting -.020 (-.068; .028) .420 -.031 (-.081; .019) 226
AUC .017 (-.029; .064) .465  .008 (-.040; .056) 746
Insulin

Fasting -.020 (-.063; .023) .372  -.019 (-.064; .025) .399
AUC .016 (-.030; .063) .499 .012 (-.037; .060) .366
Insulin resistance

HOMA-IR -.022 (-.065; .021) .314  -.024 (-.068; .020) .290
ISI .001 (-.043; .044) .968  .004 (-.042;.049) .878
Insulin secretion

DI -.002 (-.050; .046) .939 -.001 (-.051; .049) .978
CIR .001 (-.049; .052) .058  .000 (-.052; .052) .998
Panel C: Change over time

Outcome B (95% CI) pr B (95% CI) P2
Glucose

Fasting -.016 (-.061; .028) .478 -.027 (-.074; .019) .252
AUC -.024 (-.071; .023) .313  -.032 (-.080; .017) .201
Insulin

Fasting -.071 (-.117; -.026) .002  -.068 (-.115; -.021) .005
AUC -.034 (-.082; .014) 162 -.034 (-.085; .016) 181
Insulin resistance

HOMA-IR -.073 (-.120; -.027) .002  -.067 (-.115; -.019) .006
ISI -.008 (-.052; .036) .723  -.019 (-.065; .026) .407
Insulin secretion

DI .006 (-.044; .056) .817 .009 (-.045; .064) 731
CIR .014 (-.037; .064) .600 .013 (-.040; .066) .625

Pr —linear regression model is adjusted for sex, age, body mass index
P2 — linear regression model is adjusted for sex, age, body mass index,

smoking, alcohol use, physical activity at respective visit(s), and education at

baseline
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Figure 3. The interaction between rs10830963 and change in daylight on
fasting insulin and HOMA-IR. The figure is reproduced with permission from
the copyright holder (Informa UK Limited, trading as Taylor & Francis

Group).
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6 DISCUSSION

This thesis consisted of three studies exploring the relationship between
depressive symptoms, the amount of daylight and glycemic traits. The central
candidate gene in the studies was MTNRiB and specifically its variant
rs10830963. This study was designed to explore the underlying mechanisms
of the common comorbidity of depression and diabetes. Furthermore, one of
the aims was to unravel the potential moderating effect of MTNR1B in the
relationship of daylight and glucose metabolism.

First, it was shown in Study I that there was no common genetic
background between depressive symptoms and glycemic traits and T2D in a
genome-wide level using previously published GWAS summary statistics.
However, several potentially pleiotropic SNPs were identified that were
associated to both depressive symptoms and fasting glucose or T2D.
Importantly, one of the identified variants was near the MTNR1B gene. A
variant rs10830963 in the MTNR1B gene was extensively studied in the next
studies Study IT and III.

Second, the relationship between depressive symptoms and glucose
metabolism was further explored in a population-based PPP-Botnia Study in
Study II. These results indicated that there was no interaction between
depressive symptoms and rs10830963 in the analysis of glycemic traits.
However, it was shown that the effect of these factors was additive.

Third, it was hypothesized that even though there was no interaction
between depressive symptoms and rs10830963, the variant could potentially
interact with the amount of daylight. This was assumed against previous
research literature as melatonin is directly responsive to environmental light
and one’s genetic makeup could influence the effect of daylight on glucose
metabolism. In Study III it was found in the same PPP-Botnia Study that the
amount of daylight was not associated to any glycemic trait at baseline visit
but in this study it was also possible to analyze the data from the follow-up. At
follow-up, daylight was moderately associated with some of the glycemic
traits. Moreover, when exploring the interaction between rs10830963 and
change in the amount of daylight on change in glycemic traits, a significant
interaction on the change in insulin sensitivity was found.

The findings are further discussed below, the results emphasize the
importance of taking psychological wellbeing and the amount of daylight into
account in the context of glucose metabolism. After discussion of the findings,
an overview of methodological considerations is given, followed by a general
discussion and conclusions with further research directions.
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6.1 STUDY I

Study I was conducted combining previously published summary statistics
from several sources allowing us to evaluate the common genetic background
of depressive symptoms and diabetes using independent and large-scale
samples of thousands of individuals. To authors’ best knowledge, this was the
first bivariate GWAS focusing solely on the possible common genetic
background of the known phenotypic association of depressive symptoms and
glycemic traits. This study should be considered as the first attempt in focusing
the analyses on the common genetic background of depressive symptoms and
glycemic traits and T2D.

The findings from the study showed that SNP-based heritability estimates
for the traits were low, ranging from 4% to 10%. These low heritability
estimates might arise from the study design as GWA studies may not be able
to capture relevant genomic variation necessary in the development of
complex diseases. Furthermore, in addition to low heritability estimates, the
authors were not able to show significant SNP-based genome-wide genetic
correlations between the traits of interest (p-values > 0.37). However, these
findings were in line with previous findings as another study had also found
no genetic overlap between major depressive disorder (MDD) and glycemic
traits (Bulik-Sullivan et al., 2015). Furthermore, recent GWAS on MDD found
associations between BMI and MDD, they had significant genetic correlation
and shared more than 30 independent potentially pleiotropic loci. Obesity is
closely associated with T2D, thus these findings are important to discuss,
however, the authors concluded that BMI is not either a causal risk factor for
MDD or correlated with causal risk factors for MDD (Wray et al., 2018).

On the other hand, not all studies have failed to show genetic correlation
between these traits. One population-representative Nordic twin study
pointed towards a moderate genetic correlation between depression and
diabetes (Kan et al., 2016). However, it needs to be clarified that this study
used different methodology as twin study design was used in the research by
Kan and colleagues. Nevertheless, the lack of common genetic background as
an underlying mechanism in the relationship of depression and diabetes might
not hold true based on these findings, suggesting other biological mechanisms
to be involved in this association, such as previously proposed cytokine-
mediated inflammatory response or HPA axis dysfunction (Moulton et al.,
2015).

To continue, although a potential common genetic co-predisposition was
expected, the authors were not able to show significant genetic correlation
between depressive symptoms and glycemic traits and T2D. Nevertheless,
current study identified novel SNPs which may contribute to the correlation of
depressive symptoms and glycemic traits. Several pleiotropic SNPs were
identified between depressive symptoms and fasting glucose and T2D but not
between other glycemic traits. The authors propose that these variants need to
receive further research attention.
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In the analyses of depressive symptoms and T2D, potentially pleiotropic
variants in the IGF2BP2 and CDKAL1 genes and near the CDKN2B-AS and
PLEKHA1 genes were found. Not all the associations were in the same
direction between the traits which means that these results address the topic
that biological processes underlying phenotypic correlation might operate in
different directions or possibly emphasize the role of chance findings. Those
identified variants had been associated with some cardiometabolic traits
previously (Dorajoo, Liu, & Boehm, 2015; Prasad & Groop, 2015) but not with
depressive symptoms in any of the previous studies. Those variants were novel
in relation to depressive symptoms and the effect should be further explored
because all of the potentially pleiotropic variants altered an expression of
genes in various regions of the brain. Thus, future research should focus on
the biological relevance of those variants on depression and its subclinical
symptoms.

In the analyses of depressive symptoms and fasting glucose, potential
pleiotropic loci in the MADD and in the PEX16 genes and near the CDKN2B-
AS and the MTNRiB genes were identified. Once again, all of these
associations were novel in relation to depressive symptoms but had been
identified in relation to metabolic traits (Cornes et al., 2014; Dupuis et al.,
2010). The variant rs6483221 near the MTNR1B gene that showed potential
pleiotropy between depressive symptoms and fasting glucose was of the most
interest to the authors in the context of current research as another variant
rs10830963 in MTNRi1B was extensively studied in relation to depressive
symptoms and the amount of daylight on glucose metabolism in other two
studies presented in current thesis.

Taken together, the bivariate GWAS study showed that the IGF2BP2,
CDKAL1, CDKN2B-AS, PLEKHA1, MADD, PEX16 and MTNRiB may be
associated with both metabolic traits and depressive symptoms and their
biological plausibility should be further investigated. However, it needs to be
pointed out that in the recent GWAS on MDD, variants in or near these genes
were not identified to be associated with depression (Wray et al., 2018). Wray
and colleagues (2018) identified 44 variants to be associated with MDD using
data on 135,458 cases and 344,901 controls, none of those overlapping with
the variant identified in current study. Nonetheless, this study was based on
depression diagnosis and not its symptomatology, thus on an endophenotype
level, further investigation of those variants is justified.

However, these few potentially pleiotropic variants were identified from
around 2.4 million variants, which raises the question of potentially sporadic
findings and rather support the view that depression and diabetes might be
independently acquired due to the effect of lifestyle or other factors rather than
sharing common genetic background. Previous studies show that there are
several behavioral factors contributing to the bidirectional relationship.
Depressed patients are often displaying poorer health behavior and smoking
and obesity are two of the main factors driving the associations (Katon et al.,
2004). These associations can also be seen on a brain level, one additional
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plausible mechanism is through functioning of the dopaminergic reward
circuitry, that modulates food reward and is linked with obesity (Karatsoreos
et al., 2013) and that show alterations in depression; this circuit includes
projections from ventral tegmental area to nucleus accumbens that are
regulated by input from the habenula, hippocampus and prefrontal cortex.

Despite the limitations of the study that are discussed under the chapter of
methodological considerations, no overall SNP-based genome-wide genetic
relation was shown between depressive symptoms and glycemic traits.
Understanding these findings allow researchers to explore other avenues in
finding the common underlying mechanisms of commonly co-occurring
depression and diabetes.

6.2 STUDYII

In Study I1, the relationship between depressive symptoms and glycemic traits
was explored further and the potential moderating effect of MTNRiB
rs10830963 in these associations was studied.

It was shown in a large PPP-Botnia cohort from Finland that contrary to
expected, the known diabetes risk variant rs10830963 does not influence the
associations between depressive symptoms and glycemic traits. Rather, it was
shown that the effects of depressive symptoms and rs10830963 are
independent and additive. Thus, the main interesting findings arise from the
main effects of depressive symptoms and rs10830963. The study showed that
the addition of each copy of the risk allele G was associated with poorer
glycemic profile that was evaluated based on higher fasting plasma glucose
concentrations and also glucose response to OGTT, higher insulin resistance
and lower insulin secretion. Higher depressive symptoms were also associated
with poorer glycemic profile. It was shown that more depressive symptoms
were associated with higher glucose response to OGTT, higher fasting insulin
and insulin response to OGTT, higher insulin resistance and lower insulin
secretion.

These findings are highly relevant for the research literature. Earlier GWAS
studies have identified promising candidate genes for glycemic traits (Dupuis
et al., 2010; Manning et al., 2012; Scott et al., 2007) and for depression (Hek
et al.,, 2013; Ripke et al., 2013) and our own previous research indicated
potential pleiotropic effect of one variant near the MTNR1B gene on depressive
symptoms and fasting glucose. Thus, exploring the potential moderating effect
of one candidate gene MTNR1B on the known relationship of depression and
diabetes was crucial.

The findings indicate that depressive symptoms and rs10830963 have
independent effects on glucose metabolism, furthermore, these effects are
independent of the covariates including sex, age, BMI, smoking, alcohol
consumption, physical activity and educational attainment. Thus, these
findings do not support the role of MTNR1B as a contributing factor in the
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relationship between depression and T2D, yet are in line with previous
findings on the level of main effects (Moulton et al., 2015; Prasad & Groop,
2015).

The findings are important as molecular studies have shown increased
expression of MTNR1B in [-cells in pancreatic islets of individuals carrying
the MTNR1B risk variant (Lyssenko et al., 2009). Based on that, this variant is
not only associated with glycemic traits in GWA studies but also seems to be
functional. It has been suggested that the pathogenic effects on melatonin are
likely mediated through inhibitory effects on -cell function, which results in
worsening of glucose metabolism (Jonsson et al., 2013; Peschke, 2008).

From the perspective of the relationship between depressive symptoms and
glycemic traits, current study emphasizes the same conclusion as in the Study
I — most probably behavioral factors play the biggest role in underlying this
relationship as proposed also previously (Moulton et al., 2015).

Despite the limitations, current study did not unravel the biological
underpinnings of the common comorbidity between depressive symptoms and
T2D in relation to MTNR1B rs10830963 variant. Taken together, first two
studies of current thesis show that the relationship between depression and
diabetes is independent of one’s genetic makeup.

6.3 STUDYIIII

The final study III investigated in the PPP-Botnia cohort the relationship
between rs10830963 and glycemic traits in a longitudinal study setting while
studying the potential moderating effect of the amount of daylight in these
associations. Daily changes in daylight and seasonality are associated with
physiological processes and the geographical location of Finland allowed to
study the extensive variation in daylight in relation to insulin and glucose
metabolism over time in a prospective study. To the author’s best knowledge,
this study was the first to investigate the amount of daylight as a continuous
variable allowing us to capture the variability in the increase versus decrease
in day length in the analyses of glycemic traits. The rationale of current study
was associated with the hypothesis that disturbances in hormonal profiles
might arise from major changes in daylight potentially causing circadian
misalignment.

The main findings of Study III, that was conducted in a large, prospective
population-based sample of individuals residing in Western Finland, consist
of three main parts.

First, it was found in the cross-sectional analysis of daylight on glucose
metabolism that individuals who got tested during the lighter days of the year,
had lower fasting glucose but higher fasting insulin levels and worse glucose
response to OGTT (higher glucose AUC, lower DI and CIR) at follow-up but
not at baseline visit. Furthermore, the longitudinal analyses showed that
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individuals who got tested on lighter days at the follow-up than at the baseline
showed worsening of glucose response to OGTT across the follow-up.

Second, the study replicates findings from our research group in relation to
MTNRI1B rs10830963 and glycemic traits with additional analysis completed
at the follow-up and considering the change in glucose metabolism. It was
shown that each risk G allele of the MTNR1B rs10830963 was associated with
higher fasting glucose and additionally with worse glucose response to OGTT.
In the previous study (Study II), the focus was on the baseline visit, yet in
current study, it was possible to evaluate changes over time. Thus,
longitudinally, each G allele was additively associated with worsening of
glucose response to OGTT across the follow-up (higher fasting glucose, lower
DI and CIR). Finally, the findings showed that risk genotype GG carriers of
MTNR1B rs10830963, who underwent the OGTT on darker days at follow-up
than at the baseline, showed deterioration of insulin sensitivity across the
follow-up. These findings were independent of the covariates; thus the
findings thus suggest that individual glycemic profiles may be modulated by
daylight, the MTNR1B genotype and their interaction.

The findings were in line with previous findings from the Swedish
GLACIER cohort. Similarly to the GLACIER study, we showed that more
daylight is associated with lower fasting glucose (Renstrém et al., 2015). It is
important to note that GLACIER cohort is from the Visterbotten region in
Sweden which means that the latitude of PPP-Botnia and GLACIER are very
similar. Furthermore, the GLACIER study has not been the only study
reporting better glycemic profiles during seasons with more daylight (Shore-
Lorenti et al., 2014). For example lower BMI and lower fasting glucose has
been reported during summer when there is more daylight available (Chen et
al., 2008; Mavri et al., 2001; Suarez & Barrett-Connor, 1982). In our study, we
showed associations between daylight and glucose metabolism only at follow-
up and longitudinally but not at baseline visit. Not all previous studies
consistently show the associations between the amount of daylight and glucose
metabolism. For example Waldhauser and Dietzel (1985) showed no seasonal
differences in fasting glucose values (Waldhauser & Dietzel, 1985).
Furthermore, previous research has found conflicting results in the
relationship of seasonality and insulin values. Both higher and lower insulin
values have been reported in lighter season (Berglund et al., 2012; Isken et al.,
2011).

The authors had the opportunity to study the effect of daylight also in a
longitudinal study setting and we showed that more daylight is associated with
worse glucose response to OGTT and worsening of the glycemic profile across
the follow-up. Apart from lower fasting glucose, our cross-sectional and
longitudinal findings suggest that more daylight is associated with worse
glycemic profiles. However, previous research has found mixed findings
(please see above), thus future studies should further explore the relationship
using more detailed measures on the daylight exposure, which the amount of
daylight or season do not directly capture.
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The authors propose that one of the potential mechanisms through which
daylight has an effect on glucose metabolism is related to reduced periodic
melatonin exposure that occurs during the light season. Shorter nocturnal
melatonin peak caused by the known inhibitory effects of light from an early
sunrise on melatonin secretion gives an insight into the potential mechanism
through which light exposure influences metabolic profile. Based on the
findings from Luboshitzky and colleagues (1998), it is known that there is a
seasonal variation in the concentration of melatonin in the human pineal
gland. Long photoperiod from April to September is associated with higher
melatonin concentrations at night; short photoperiod is shown to be possibly
associated with phase-delay in melatonin secretion (Luboshitzky et al., 1998).

Furthermore, the study showed that the interaction between change in
daylight and rs10830963 was associated with glycemic profiles. It was found
that rs10830963 GG carriers became more insulin resistant when less daylight
was available at the follow-up than at the baseline visit. In the context of
previous studies, this is in contrast with findings from the GLACIER study.
Renstrom and colleagues (2015) showed the lowest 2h glucose concentrations
during the dark season in individuals with the GG genotype (Renstrom et al.,
2015). However, this interaction finding was not replicated in the GLACIER
study follow-up conducted a decade later (Renstrém et al., 2015). This once
again confirms, that further research is needed in order to explore this
relationship further because current literature shows inconsistent findings.

However, both biological and behavioral factors may influence these
associations. It is well known that environmental influences are important in
human behavior but furthermore, seasonal effects can als arise from other
environmental factors in addition to the amount of daylight such as the
changes in temperature. These factors collectively could have effect on human
behavior including caloric intake and physical activity (Ishii et al., 2001). In
addition, some other behavioral factors such as changes in eating patterns,
hunger, alcohol use and alertness can also be associated with light exposure.
Additionally, the feeding-fasting cycle itself could play a critical role in the
circadian rhythm of metabolic processes as the dominant environmental cue
(Dibner & Schibler, 2015).

Taken together, this study shows that individual glycemic profiles can vary
according to the amount of daylight, the MTNR1B rs10830963 genotype and
their interaction.

6.4 METHODOLOGICAL CONSIDERATIONS

6.4.1 LIMITATIONS

The studies discussed in current thesis had several limitations. Study I used
previously published GWAS summary statistics and this meta-analysis
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methodology might not capture all relevant genetic variation as only common
genetic variation is explored. Furthermore, even though previously published
summary statistics were used, the sample might have still been underpowered
to detect genetic effects typical for complex traits. Importantly, the authors did
not find replication cohorts for Study I, thus further research should focus on
the replication of these findings. The study has methodological restraints as
twin studies show higher heritability estimates for these traits. However, it is
typical that SNP-based heritabilities are considerably lower than heritabilities
based on twin studies. Furthermore, rare mutations that are not explored in
GWAS have higher effect compared to common variants which penetrance is
low or indeed zero. Additionally, in further studies, the importance of family
history has to be noted.

Study II and IIT also had several limitations with the main one being the
fact that we did not measure melatonin concentrations or its circadian
variation. Furthermore, sleep has been shown to play an important role in
glucose metabolism but were not evaluated in current studies more deeply
than adding it as a covariate (which did not change the findings). Also, while
the variant rs10830963 in the MTNR1B is also common in other ethnic groups,
these associations may be exaggerated in Finns living at latitudes with large
seasonal variations in light and darkness. The applicability to other ethnic
groups remains to be seen. In Study II, self-reported MHI-5 instrument was
used for measuring depressive symptoms that is derived from the 36-item
short form health survey SF-36. Thus, Study II did not utilize more commonly
used instruments such as Beck Depression Inventory-II (BDI II) or CES-D
(Smarr & Keefer, 2011) and therefore lacked the the more clinically relevant
measurement of depression.

Regarding the limitations of Study III, it needs to be pointed out that we
were not able to explore other proposed alternative mechanisms through
which light exposure might influence glycemic traits. For example, due to the
lack of data on vitamin D levels, we were not able to test if the vitamin D
hypothesis holds true in the relationship between the amount of daylight and
glucose metabolism. Furthermore, several other advanced data analysis
methods such as the repeated measures mixed modeling or path analysis could
have been used to address the research questions, however, linear regression
was chosen as the analysis method, especially since we only had only two
datapoints available in Study III.

Finally, we do not know if missingness would have influenced the findings
as imputation of missing data was not used in Study II-III.

6.4.2 STRENGTHS

The main strength of Study I was related to the summary statistics that were
the most comprehensive to date and allowed the exploration of the genetic
basis of the known phenotypic relationship of depression and diabetes on a
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genome-wide level among independent samples. The state-of-the-art, newly
developed, truly novel methodology at the time was used, allowing to address
if the potential underlying genomic associations are 1) pleiotropic, and 2) if the
associations between depression and diabetes are modified by genomic loci.

One of the main strengths of Study II is related to the state-of-the-art
measures on glycemic traits that allowed the researchers to compute several
indices based on the measurements after fasting, 30 minutes after the glucose
load and 120 minutes after the load. In general, regarding both Study IT and
ITI that used PPP-Botnia cohort benefitted from the detailed clinical
examination that was carried out at two timepoints, on average 6.8 years apart.

A strength of Study III is its population-based longitudinal design and data
on the amount of daylight available both at baseline and follow-up derived
from a meteorological station in Pelmaa, Seingjoki near the PPP-Botnia study
centers. The geographic location of PPP-Botnia study centers allowed to
explore the large variation in the amount of daylight available at these
latitudes.
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7 GENERAL DISCUSSION

Diabetes prevalence estimates have increased 281% between 2000 and 2017
(Cho et al., 2018) making it one of the fastest growing burdens of disease. It
has been estimated that the rapid rise in diabetes prevalence is associated with
socioeconomic changes, such as changes towards sedentary lifestyle causing
weight gain among other issues (Cho et al., 2018). However, in addition to the
known effect of lifestyle on the development of diabetes, it is also important to
emphasize the effect of mental health in relation to diabetes. Knol and
colleagues (2006) have concluded in their meta-analysis that the effect of
depression on diabetes is comparable to known lifestyle factors contributing
to the development of diabetes (Knol et al., 2006). In current studies, the
authors also explored the relationship between psychological factors and
diabetes that has been shown to be affected by a number of potential
mechanisms including individual’s biological vulnerability — also one of the
topics to explore in current thesis.

The authors were able to replicate previous consistent findings showing the
association between depression and diabetes (Pan et al., 2012; Renn et al.,
2011) on a level of depressive symptoms and glycemic traits (Study II). Yet,
these phenotypic associations were not shown to have common genetic
background on a whole genome level, which was one of our hypotheses (Study
I). Nevertheless, several common genetic variants were found to be associated
with both depressive symptoms and glycemic traits that might potentially be
pleiotropic and require further research to evaluate the causality of these novel
associations.

The authors did not identify diabetes risk variant MTNR1B rs10830963 to
be associated with both depressive symptoms and glycemic traits in our study,
yet melatonin pathway has been indicated to be involved with both depression
and diabetes (de Bodinat et al., 2010; Peschke, 2008) and another variant
rs6483221 near MTNRiB was identified as being potentially pleiotropic
between depressive symptoms and fasting glucose. Thus, in Study II the
authors explored the interaction between depressive symptoms and MTNR1B
rs10830963, one of the most consistently identified diabetes risk variant, on
glycemic traits. Instead of confirming an interaction, we identified the
relationship to be additive — both depressive symptoms and MTNR1B have an
effect on glucose metabolism but the effect is independent. This gives new
knowledge to the research literature as the associations of MTNRiB and
depressive symptoms on glucose metabolism have been confirmed
independently (Tuomi et al., 2016; Yu, Zhang, Lu, & Fang, 2015) but it was
additionally shown that when exploring the potential interaction, the effect
remains independent.

Taken together, the findings from current research indicate that the known
phenotypic association between depression and diabetes is not significantly
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explained by genetic factors on genome-wide level and on candidate gene level.
There might be other mechanisms causing this common comorbidity of
depression and diabetes. For example, it has been proposed that psychosocial
pressure, stress, contributes to HPA axis dysfunctions which could manifest in
fat accumulation and insulin resistance (Bjorntorp, 2001). Cytokine-induced
HPA axis dysregulation has also been shown (Pace & Miller, 2009).
Inflammatory mechanisms are indeed associated with both conditions (Stuart
& Baune, 2012). Mechanistically, cytokines may interact with the serotonergic
neurotransmitter system and induce tryptophan depletion (Fujigaki et al.,
2006). Furthermore, it has been suggested that obesity might be an amplifying
factor in this relationship given the existence of inflammatory pathways in all
three conditions with the inter-relational potential (Stuart & Baune, 2012).
Abdominal obesity in patients with T2D is indeed associated with the severity
of depressive symptoms (Labad et al., 2010).

We also should not exclude the possibility of epigenetic changes as
underlying this relationship because even though our genome contains all the
information, many of the traits are determined by gene regulation. And even
though we were able to show the additive effect of depressive symptoms and
MTNRI1B, but not gene-environment interaction, epigenetic changes might be
seen on a molecular level as humans are adjusting to the environment across
the lifespan for adaptivity (Kanherkar, Bhatia-Dey, & Csoka, 2014).

Furthermore, behavioral factors might play a significant role in this
relationship as depression is related to poorer health behavior and adherence
to treatment (Carter & Swardfager, 2016). Unhealthy lifestyle (including
alcohol consumption, smoking, unhealthy diet and sedentary behavior) is
more common among patients with depression but also with T2D compared
to the general population (Bellou et al., 2018; Cabello et al., 2017).

Our behavior is also affected by our environment. Importantly, the amount
of daylight is one of the key environmental cues that influence our behavior
and physiologic processes (Duffy & Czeisler, 2009). Thus, the authors wanted
to further explore the associations between MTNRiB and the amount of
daylight on glucose metabolism. It was expected that there is an interaction
between the amount of daylight and MTNR1B on glycemic traits as melatonin
is directly responsive to daylight and its effect on glucose metabolism is known
(Tuomi et al., 2016). The authors were able to explore these associations in a
longitudinal study design and we showed some support to the interaction
between daylight and MTNR1B on glucose metabolism, but these associations
require further research attention. Currently, one of the leading hypothesis
linking the amount of daylight with diabetes has been the vitamin D
hypothesis suggesting that vitamin D has a direct effect on insulin action
(Parker et al., 2010; Pittas, Lau, Hu, & Dawson-Hughes, 2007). The deficiency
of vitamin D has been shown to impair insulin secretion of the pancreatic [3-
cells and increase the insulin resistance. However, vitamin D supplementation
has not resulted in consistent effects on glucose metabolism (Jamka et al.,
2015).
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Furthermore, as discussed earlier, epigenetic regulation might play a role
in this relationship as well because it provides a potential mechanism for cells
in our body to integrate genetic programs with environmental signals in order
to achieve adaptivity. DNA methylation appears to act as a critical mediator of
the complex interactions between genetic, environmental and developmental
systems in mammals (Powell & LaSalle, 2015).

Last, in addition to the feasible role of biological and molecular
mechanisms underlying the relationship between the factors explored in this
thesis, behavioral components should be also taken into account. As people
are responsive to their environment, it can be estimated that one’s behavioral
pattern is also influenced by the extensive seasonal changes taking place in
Finland, affecting both the lifestyle factors, such as eating habits and physical
activity, but also mental wellbeing. Combined with the stress from the burden
of dealing with a chronic illness, this is in favour of the disease progression
theory from the dynamic model viewpoint (Cramer et al., 2016), making those
with already sensitive underlying networks more responsive to environment
and potentially making the chronic disease management more burdening to
them. Consequently, behavioral factors that are affected by the seasonal
pattern such as unhealthy lifestyle that is frequently seen in both depression
and T2D development and maintenance collectively contribute to the disease
burden.
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8 CONCLUSIONS

It is known that T2D is a complex disease and glucose metabolism is affected
by various factors including mental health, environmental factors and
genetics. The known multifactorial origin of T2D implicates that the disease
could be triggered in genetically susceptible individuals in the presence of
relevant environmental risk factors (Prasad & Groop, 2015). The disease
development is associated with modern lifestyle, going hand in hand with the
rapid increase in obesity in the society (ROssner, 2002). But also individuals’
mental wellbeing plays a significant role in glucose metabolism and in the
development of diabetes.

Although human genome has not changed markedly during the last few
decades, we are seeing a dramatic rise in lifestyle associated diseases including
T2D. This, together with the findings of current study, emphasize the effect of
environmental factors in the disease development.

The findings from current study explored the relationship between
depressive symptoms and glycemic traits on the whole-genome level but also
on the candidate gene level studying the effect of known diabetes risk variant
rs10830963. The results show that the known phenotypic relationship
between diabetes and depression is not significantly explained by one’s genetic
makeup. Rather, the effect of mental health and genetics are both important
in relation to glucose metabolism and we suggest that these effects could be
additive. Furthermore, we emphasized the effect of daylight on glucose
metabolism, showing that also these associations were independent of the
known diabetes risk variant rs10830963.

These results are clinically relevant with implications for T2D prevention
drawing more attention to the effect of daylight, depression and one’s genetic
profile that all have an additive effect on the disease development.

8.1 FUTURE DIRECTIONS

This thesis suggests that depressive symptoms, the amount of daylight and
genetics go hand in hand in relation to glucose metabolism. Still, the causality
needs to be identified in further research. Even more, future studies in larger
sample sizes than ours are needed to either confirm or refute our findings.
Additionally, more molecular and experimental data is needed to explain
these associations and the underlying mechanisms. We do not know if sleep-
wake rhythm might affect the relationship between daylight, depression and
metabolic outcomes and future studies should focus on this relationship.
Moreover, future studies should investigate the effect of chronotype on
these associations as chronotype reflects how individual circadian clocks are
entrained within the 24-hour day. Additionally, very long and very short days
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might challenge the network within the circadian pacemaker as it is known
that the principal circadian clock entrains to the sun light (Paul, Saafir, &
Tosini, 2009). Furthermore, future studies should investigate whether these
associations are through vitamin D or independent of it.

Additionally, other photoperiod-related environmental variables and
meteorological parameters such as daily temperature should be further
investigated. Finally, epigenetic changes should be further explored on a
molecular level.

Even further emphasis, both from the perspective of research and
developing intervention strategies, should be given to behavioral factors
contributing to the development of both depression and diabetes.

64



REFERENCES

Aguiree, F., Brown, A., Cho, N. H., Dahlquist, G., Dodd, S., Dunning, T., ...
Patterson, C. (2013). IDF Diabetes Atlas. Retrieved from
https://www.idf.org/component/attachments/attachments.html?id=81
3&task=download

Ahlqvist, E., Storm, P., Kardjamaki, A., Martinell, M., Dorkhan, M., Carlsson,
A., ... Groop, L. (2018). Novel subgroups of adult-onset diabetes and their
association with outcomes: a data-driven cluster analysis of six variables.
The Lancet. Diabetes &  Endocrinology, 6(5), 361-369.
doi:10.1016/S2213-8587(18)30051-2

Alberti, K. G. M. M., Zimmet, P., & Shaw, J. (2005). The metabolic syndrome-
a new worldwide definition. Lancet (London, England), 366(9491),
1059—62. d0i:10.1016/S0140-6736(05)67402-8

Amare, A. T., Schubert, K. O., Klingler-Hoffmann, M., Cohen-Woods, S., &
Baune, B. T. (2017). The genetic overlap between mood disorders and
cardiometabolic diseases: a systematic review of genome wide and
candidate gene studies. Translational Psychiatry, 7(1), e1007—€1007.
doi:10.1038/tp.2016.261

American Diabetes Association (2010). Diagnosis and -classification of
diabetes mellitus. Diabetes Care, 33(Supplement 1), S62-S69.
doi:10.2337/dc10-S062

American Diabetes Association (2017). Obesity Management for the
Treatment of Type 2 Diabetes. Diabetes Care, 40(Supplement 1), S57—
S63. doi:10.2337/dc17-So10

American Psychiatric Association. (2013). Diagnostic and statistical manual of
mental disorders (5th ed.). Arlington, VA: Author.
doi:10.1176/appi.books.9780890425596

Anderson, R. J., Freedland, K. E., Clouse, R. E., & Lustman, P. J. (2001). The
prevalence of comorbid depression in adults with diabetes: a meta-
analysis. Diabetes Care, 24(6), 1069-1078.
doi:10.2337/diacare.24.6.1069

Angerer, P., Schmook, R., Elfantel, I., & Li, J. (2017). Night Work and the Risk
of Depression. Deutsches Arzteblatt International, 114(24), 404—411.
doi:10.3238/arztebl.2017.0404

Asher, G., & Schibler, U. (2011). Crosstalk between Components of Circadian
and Metabolic Cycles in Mammals. Cell Metabolism, 13(2), 125—137.
doi:10.1016/j.cmet.2011.01.006

Ayers, J. W., Althouse, B. M., Allem, J.-P., Rosenquist, J. N., & Ford, D. E.
(2013). Seasonality in Seeking Mental Health Information on Google.
American Journal of Preventive Medicine, 44(5), 520—525.
doi:10.1016/J.AMEPRE.2013.01.012

Bellou, V., Belbasis, L., Tzoulaki, I., & Evangelou, E. (2018). Risk factors for
type 2 diabetes mellitus: An exposure-wide umbrella review of meta-
analyses. PLOS ONE, 13(3), e0194127. doi:10.1371/journal.pone.0194127

Benjamini, Y., & Hochberg, Y. (1995). Controlling the False Discovery Rate: A

65



Practical and Powerful Approach to Multiple Testing. Journal of the
Royal Statistical Society. Series B (Methodological), 57, (1), 289—300.
doi:10.2307/2346101

Berglund, L., Berne, C., Sviardsudd, K., Garmo, H., Melhus, H., & Zethelius, B.
(2012). Seasonal variations of insulin sensitivity from a euglycemic
insulin clamp in elderly men. Upsala Journal of Medical Sciences, 117(1),
35—40. d0i:10.3109/03009734.2011.628422

Bjorntorp, P. (1991). Visceral fat accumulation: the missing link between
psychosocial factors and cardiovascular disease? Journal of Internal
Medicine, 230(3), 195—201. d0i:10.1111/j.1365-2796.1991.tb00431.x

Bjorntorp, P. (2001). Do stress reactions cause abdominal obesity and
comorbidities? Obesity Reviews : An Official Journal of the International
Association for the Study of Obesity, 2(2), 73—86. doi:10.1046/j.1467-
780X.2001.00027.X

Bonmati-Carrion, M. A., Arguelles-Prieto, R., Martinez-Madrid, M. J., Reiter,
R., Hardeland, R., Rol, M. A., & Madrid, J. A. (2014). Protecting the
melatonin rhythm through circadian healthy light exposure.
International Journal of Molecular Sciences, 15(12), 23448-500.
doi:10.3390/ijms151223448

Bulik-Sullivan, B., Finucane, H. K., Anttila, V., Gusev, A., Day, F. R., Loh, P.-
R, ... Neale, B. M. (2015). An atlas of genetic correlations across human
diseases and traits. Nature Genetics, 47(11), 1236—1241.
doi:10.1038/ng.3406

Bulik-Sullivan, B. K., Loh, P.-R., Finucane, H. K., Ripke, S., Yang, J., Patterson,
N, ... Neale, B. M. (2015). LD Score regression distinguishes confounding
from polygenicity in genome-wide association studies. Nature Genetics,
47(3), 291—5. doi:10.1038/ng.3211

Cabello, M., Miret, M., Caballero, F. F., Chatterji, S., Naidoo, N., Kowal, P., ...
Ayuso-Mateos, J. L. (2017). The role of unhealthy lifestyles in the
incidence and persistence of depression: a longitudinal general
population study in four emerging countries. Globalization and Health,
13(1), 18. d0i:10.1186/s12992-017-0237-5

Campayo, A., de Jonge, P., Roy, J. F., Saz, P., de la Camara, C., Quintanilla, M.
A., ... Lobo, A. (2010). Depressive disorder and incident diabetes mellitus:
the effect of characteristics of depression. American Journal of
Psychiatry, 167(5), 580—588. doi:10.1176/appi.ajp.2009.09010038

Cappuccio, F. P., D’Elia, L., Strazzullo, P., & Miller, M. A. (2010). Quantity and
quality of sleep and incidence of type 2 diabetes: a systematic review and
meta-analysis. Diabetes Care, 33(2), 414—20. doi:10.2337/dc09-1124

Carter, J., & Swardfager, W. (2016). Mood and metabolism: Anhedonia as a
clinical target in Type 2 diabetes. Psychoneuroendocrinology, 69, 123—
132. d0i:10.1016/j.psyneuen.2016.04.002

Cassem, E. H. (1995). Depressive Disorders in the Medically Ill.
Psychosomatics, 36(2), S2—S10. doi:10.1016/S0033-3182(95)71698-X

Chen, S.-H., Chuang, S.-Y., Lin, K.-C., Tsai, S.-T., & Chou, P. (2008).
Community-based Study on Summer-Winter Difference in Insulin
Resistance in Kin-Chen, Kinmen, Taiwan. Journal of the Chinese Medical
Association, 71(12), 619—627. d0i:10.1016/S1726-4901(09)70004-8

Chen, X., & Hsu, Y.-H. (2017). Identifying Pleiotropic Effects: A Two-Stage
Approach Using Genome-Wide Association Meta-Analysis Data. BioRxiv.

66



doi:10.1101/184895

Cho, N. H., Shaw, J. E., Karuranga, S., Huang, Y., da Rocha Fernandes, J. D.,
Ohlrogge, A. W., & Malanda, B. (2018). IDF Diabetes Atlas: Global
estimates of diabetes prevalence for 2017 and projections for 2045.
Diabetes Research and Clinical Practice, 138, 271-281.
doi:10.1016/j.diabres.2018.02.023

Cho, Y. S., Chen, C.-H., Hu, C., Long, J., Hee Ong, R. T., Sim, X., ... Seielstad,
M. (2012). Meta-analysis of genome-wide association studies identifies
eight new loci for type 2 diabetes in east Asians. Nature Genetics, 44(1),
67—72. doi:10.1038/ng.1019

Claustrat, B., Brun, J., & Chazot, G. (2005). The basic physiology and
pathophysiology of melatonin. Sleep Medicine Reviews, 9(1), 11—24.
doi:10.1016/j.smrv.2004.08.001

Coimbra, D. G., Pereira e Silva, A. C., de Sousa-Rodrigues, C. F., Barbosa, F.
T., de Siqueira Figueredo, D., Aratjo Santos, J. L., ... de Andrade, T. G.
(2016). Do suicide attempts occur more frequently in the spring too? A
systematic review and rhythmic analysis. Journal of Affective Disorders,
196, 125—137. d0i:10.1016/J.JAD.2016.02.036

Cornes, B. K., Brody, J. A., Nikpoor, N., Morrison, A. C., Dang, H. C. P., Ahn,
B. S., ... Meigs, J. B. (2014). Association of levels of fasting glucose and
insulin with rare variants at the chromosome 11p11.2-MADD locus:
Cohorts for Heart and Aging Research in Genomic Epidemiology
(CHARGE) Consortium Targeted Sequencing Study. Circulation.
Cardiovascular Genetics, 7(3), 374—-82.
doi:10.1161/CIRCGENETICS.113.000169

Cosco, T. D., Prina, M., Stubbs, B., & Wu, Y.-T. (2017). Reliability and Validity
of the Center for Epidemiologic Studies Depression Scale in a Population-
Based Cohort of Middle-Aged U.S. Adults. Journal of Nursing
Measurement, 25(3), 476—485. d0i:10.1891/1061-3749.25.3.476

Cramer, A. O. J., van Borkulo, C. D., Giltay, E. J., van der Maas, H. L. J.,
Kendler, K. S., Scheffer, M., & Borsboom, D. (2016). Major Depression as
a Complex Dynamic System. PloS One, 11(12), €e0167490.
doi:10.1371/journal.pone.0167490

Creutzfeldt, W., Kobberling, J., & Neel, J. V. (Eds) (1976). The Genetics of
Diabetes Mellitus. Berlin Heidelberg, Germany: Springer.

da Rocha Fernandes, J., Ogurtsova, K., Linnenkamp, U., Guariguata, L.,
Seuring, T., Zhang, P., ... Makaroff, L. E. (2016). IDF Diabetes Atlas
estimates of 2014 global health expenditures on diabetes. Diabetes
Research and Clinical Practice, 117, 48-54.
doi:10.1016/j.diabres.2016.04.016

Davis, S., Mirick, D. K., Chen, C., & Stanczyk, F. Z. (2012). Night Shift Work
and Hormone Levels in Women. Cancer Epidemiology Biomarkers &
Prevention, 21(4), 609—618. doi:10.1158/1055-9965.EPI-11-1128

de Bodinat, C., Guardiola-Lemaitre, B., Mocaér, E., Renard, P., Mufioz, C., &
Millan, M. J. (2010). Agomelatine, the first melatonergic antidepressant:
discovery, characterization and development. Nature Reviews. Drug
Discovery, 9(8), 628—42. doi:10.1038/nrd3140

de Groot, M., Anderson, R., Freedland, K. E., Clouse, R. E., & Lustman, P. J.
(2001). Association of depression and diabetes complications: a meta-
analysis. Psychosomatic Medicine, 63(4), 619—630. doi:10.2337/dc09-

67



1068

Demakakos, P., Pierce, M. B., & Hardy, R. (2010). Depressive symptoms and
risk of type 2 diabetes in a national sample of middle-aged and older
adults: the English Longitudinal Study of Aging. Diabetes Care, 33(4),
792—797. doi:10.2337/dc09-1663

Depner, C. M., Stothard, E. R., Wright, K. P., & Jr. (2014). Metabolic
consequences of sleep and circadian disorders. Current Diabetes Reports,
14(7), 507. d0i:10.1007/511892-014-0507-Z

Di Camillo, B., Hakaste, L., Sambo, F., Gabriel, R., Kravic, J., Isomaa, B., ...
Tuomi, T. (2018). HAPT2D: high accuracy of prediction of T2D with a
model combining basic and advanced data depending on availability.
European Journal of Endocrinology, 178(4), 331—341. doi:10.1530/EJE-
17-0921

Dibner, C., & Schibler, U. (2015). Circadian timing of metabolism in animal
models and humans. Journal of Internal Medicine, 277(5), 513—527.
doi:10.1111/joim.12347

Dixon, L. B., Holoshitz, Y., & Nossel, I. (2016). Treatment engagement of
individuals experiencing mental illness: review and update. World
Psychiatry : Official Journal of the World Psychiatric Association
(WPA), 15(1), 13—20. d0i:10.1002/wps.20306

Doosti-Irani, A., Ostadmohammadi, V., Mirhosseini, N., Mansournia, M.,
Reiter, R., Kashanian, M., ... Asemi, Z. (2018). The Effects of Melatonin
Supplementation on Glycemic Control: A Systematic Review and Meta-
Analysis of Randomized Controlled Trials. Hormone and Metabolic
Research, 50(11), 783—790. doi:10.1055/a-0752-8462

Dorajoo, R., Liu, J., & Boehm, B. (2015). Genetics of Type 2 Diabetes and
Clinical Utility. Genes, 6(2), 372—384. d0i:10.3390/genes6020372

Dord, P., Benko, R., Matuz, M., & So6s, G. (2006). Seasonality in the incidence
of type 2 diabetes: a population-based study. Diabetes Care, 29(1), 173.
doi:10.2337/DIACARE.29.01.06.DC05-1839

Ducat, L., Philipson, L. H., & Anderson, B. J. (2014). The mental health
comorbidities of diabetes. JAMA, 312(7), 691-2.
doi:10.1001/jama.2014.8040

Dufty, J. F., & Czeisler, C. A. (2009). Effect of Light on Human Circadian
Physiology. Sleep Medicine Clinics, 4(2), 165—-177.
d0i:10.1016/j.jsmc.2009.01.004

Dumont, M., Benhaberou-Brun, D., & Paquet, J. (2001). Profile of 24-h light
exposure and circadian phase of melatonin secretion in night workers.
Journal of Biological Rhythms, 16(5), 502—11.
doi:10.1177/074873001129002178

Dupuis, J., Langenberg, C., Prokopenko, I., Saxena, R., Soranzo, N., Jackson,
A. U, ... Henneman, P. (2010). New genetic loci implicated in fasting
glucose homeostasis and their impact on type 2 diabetes risk. Nature
Genetics, 42(2), 105—116. doi:10.1038/ng.520

Everson-Rose, S. A., Meyer, P. M., Powell, L. H., Pandey, D., Torrens, J. L.,
Kravitz, H. M., ... Matthews, K. A. (2004). Depressive Symptoms, Insulin
Resistance, and Risk of Diabetes in Women at Midlife. Diabetes Care,
27(12), 2856—2862. doi:10.2337/diacare.27.12.2856

Franks, P. W., & Merino, J. (2018). Gene-lifestyle interplay in type 2 diabetes.
Current Opinion in Genetics & Development, 50, 35—40.

68



doi:10.1016/J.GDE.2018.02.001

Franks, P. W., Pearson, E., Bchir, M. B., & Florez, J. C. (2013). Gene-
Environment and Gene-Treatment Interactions in Type 2 Diabetes
Progress, pitfalls, and prospects. Diabetes Care, 36(5), 1413-1421.
doi:10.2337/dc12-2211

Fujigaki, H., Saito, K., Fujigaki, S., Takemura, M., Sudo, K., Ishiguro, H., &
Seishima, M. (2006). The Signal Transducer and Activator of
Transcription 1a and Interferon Regulatory Factor 1 Are Not Essential for
the Induction of Indoleamine 2,3-Dioxygenase by Lipopolysaccharide:
Involvement of p38 Mitogen-Activated Protein Kinase and Nuclear
Factor-kB Pathways, and Synergistic Effect of Several Proinflammatory
Cytokines. The Journal of Biochemistry, 139(4), 655—662.
doi:10.1093/jb/mvjo72

Gaulton, K. J., Ferreira, T., Lee, Y., Raimondo, A., Migi, R., Reschen, M. E., ...
Morris, A. P. (2015). Genetic fine mapping and genomic annotation
defines causal mechanisms at type 2 diabetes susceptibility loci. Nature
Genetics, 47(12), 1415—1425. d0i:10.1038/ng.3437

Golden, S. H. (2007). A review of the evidence for a neuroendocrine link
between stress, depression and diabetes mellitus. Current Diabetes
Reviews, 3(4), 252—9.
doi: 10.2174/157339907782330021

Green, C. B., Takahashi, J. S., & Bass, J. (2008). The Meter of Metabolism.
Cell, 134(5), 728—742. d0i:10.1016/j.cell.2008.08.022

Grotenfelt, N. E., Wasenius, N. S., R6no, K., Laivuori, H., Stach-Lempinen, B.,
Orho-Melander, M., ... Eriksson, J. G. (2016). Interaction between
rs10830963 polymorphism in MTNRi1B and lifestyle intervention on
occurrence of gestational diabetes. Diabetologia, 59(8), 1655—1658.

doi:10.1007/500125-016-3989-1

Hann, D., Winter, K., & Jacobsen, P. (1999). Measurement of depressive
symptoms in cancer patients: Evaluation of the center for epidemiological
studies depression scale (Ces-d). Journal of Psychosomatic Research,
46(5), 437-443. d0i:10.1016/50022-3999(99)00004-5

Hardeland, R. (2012). Melatonin in aging and disease -multiple consequences
of reduced secretion, options and limits of treatment. Aging and Disease,
3(2), 194—225. d0i:10.3390/ijms16011030

Hardeland, R., Pandi-Perumal, S. R., & Cardinali, D. P. (2006). Melatonin. The
International Journal of Biochemistry & Cell Biology, 38(3), 313—316.
doi:10.1016/J.BIOCEL.2005.08.020

Haus, E. (2007). Chronobiology in the endocrine system. Advanced Drug
Delivery Reviews, 59(9—10), 985—1014. doi:10.1016/j.addr.2007.01.001

Hays, R. D., Sherbourne, C. D., & Mazel, R. M. (1993). The RAND 36-Item
Health  Survey 1.0. Health  Economics, 2(3), 217-27.
doi:10.1002/hec.4730020305

Hek, K., Demirkan, A., Lahti, J., Terracciano, A., Teumer, A., Cornelis, M. C.,
... Murabito, J. (2013). A genome-wide association study of depressive
symptoms. Biological Psychiatry, 73(7), 667—-678.
doi:10.1016/j.biopsych.2012.09.033

Hickie, I. B., & Rogers, N. L. (2011). Novel melatonin-based therapies:
potential advances in the treatment of major depression. Lancet (London,
England), 378(9791), 621—31. d0i:10.1016/S0140-6736(11)60095-0

69



Holick, M. F. (2007). Vitamin D Deficiency. New England Journal of
Medicine, 357(3), 266—281. do0i:10.1056/NEJMra070553

Imamura, M., Maeda, S., Yamauchi, T., Hara, K., Yasuda, K., Morizono, T., ...
Kadowaki, T. (2012). A single-nucleotide polymorphism in ANK1 is
associated with susceptibility to type 2 diabetes in Japanese populations.
Human Molecular Genetics, 21(13), 3042—-3049.
doi:10.1093/hmg/dds113

Ishii, H., Suzuki, H., Baba, T., Nakamura, K., & Watanabe, T. (2001). Seasonal
variation of glycemic control in type 2 diabetic patients. Diabetes Care,
24(8), 1503. doi:10.2337/diacare.24.8.1503

Isken, F., Abraham, U., Weickert, M., Keyhani-Nejad, F., Arafat, A., Spranger,
J., ... Mohlig, M. (2011). Annual Change in Insulin Sensitivity. Hormone
and Metabolic Research, 43(10), 720—722. d0i:10.1055/s-0031-1286310

Ismail-Beigi, F. (2012). Glycemic management of type 2 diabetes mellitus.
New England Journal of Medicine. 366, 1319-1327. doi:
10.1056/NEJMcp1013127

Jamka, M., WozZniewicz, M., Jeszka, J., Mardas, M., Bogdanski, P., &
Stelmach-Mardas, M. (2015). The effect of vitamin D supplementation on
insulin and glucose metabolism in overweight and obese individuals:
systematic review with meta-analysis. Scientific Reports, 5(1), 16142.
doi:10.1038/srep16142

Jonsson, A., Ladenvall, C., Ahluwalia, T. S., Kravic, J., Krus, U., Taneera, J., ...
Lyssenko, V. (2013). Effects of common genetic variants associated with
type 2 diabetes and glycemic traits on a- and B-cell function and insulin
action in humans. Diabetes, 62(8), 2978—-83. doi:10.2337/db12-1627

Kamezaki, F., Sonoda, S., Nakata, S., Muraoka, Y., Okazaki, M., Tamura, M.,
... Otsuji, Y. (2013). Association of seasonal variation in the prevalence of
metabolic syndrome with insulin resistance. Hypertension Research,
36(5), 398—402. doi:10.1038/hr.2012.197

Kan, C., Pedersen, N. L., Christensen, K., Bornstein, S. R., Licinio, J., MacCabe,
J. H., ... Rijsdijk, F. (2016). Genetic overlap between type 2 diabetes and
depression in Swedish and Danish twin registries. Molecular Psychiatry,
21(7), 903—9. d0i:10.1038/mp.2016.28

Kanherkar, R. R., Bhatia-Dey, N., & Csoka, A. B. (2014). Epigenetics across the
human lifespan. Frontiers in Cell and Developmental Biology, 2, 49.
doi:10.3389/fcell.2014.00049

Karatsoreos, I. N., Thaler, J. P., Borgland, S. L., Champagne, F. A., Hurd, Y. L.,
& Hill, M. N. (2013). Food for thought: hormonal, experiential, and neural
influences on feeding and obesity. The Journal of Neuroscience : The
Official Journal of the Society for Neuroscience, 33(45), 17610—6.
doi:10.1523/JNEUROSCI.3452-13.2013

Katon, W., Pedersen, H. S., Ribe, A. R., Fenger-Grgn, M., Davydow, D.,
Waldorff, F. B., & Vestergaard, M. (2015). Effect of Depression and
Diabetes Mellitus on the Risk for Dementia. JAMA Psychiatry, 72(6),
612—619. doi:10.1001/jamapsychiatry.2015.0082

Katon, W., von Korff, M., Ciechanowski, P., Russo, J., Lin, E., Simon, G., ...
Young, B. (2004). Behavioral and clinical factors associated with
depression among individuals with diabetes. Diabetes Care, 27(4), 914—
20. doi:10.2337/DIACARE.27.4.914

Kemp, D. M., Ubeda, M., & Habener, J. F. (2002). Identification and

70



functional characterization of melatonin Mel 1a receptors in pancreatic
beta cells: potential role in incretin-mediated cell function by
sensitization of cAMP signaling. Molecular and Cellular Endocrinology,
191(2), 157—66. d0i:10.1016/S0303-7207(02)00064-3

Kessler, R. C., & Wang, P. S. (2008). The Descriptive Epidemiology of
Commonly Occuring Mental Disorders in the United States. Annual
Review of Public Health, 29(1), 115—129.
doi:10.1146/annurev.publhealth.29.020907.090847

Kleinridders, A., Cai, W., Cappellucci, L., Ghazarian, A., Collins, W. R,,
Vienberg, S. G, ... Kahn, C. R. (2015). Insulin resistance in brain alters
dopamine turnover and causes behavioral disorders. Proceedings of the
National Academy of Sciences of the United States of America, 112(11),
3463-8. doi:10.1073/pnas.1500877112

Knol, M. J., Twisk, J. W., Beekman, A. T., Heine, R. J., Snoek, F. J., & Pouwer,
F. (2006). Depression as a risk factor for the onset of type 2 diabetes
mellitus. A  meta-analysis.  Diabetologia, 49(5), 837-845.
doi:10.1007/s00125-006-0159-X

Labad, J., Price, J. F., Strachan, M. W. J., Fowkes, F. G. R., Ding, J., Deary, 1.
J., ... Edinburgh Type 2 Diabetes Study Investigators. (2010). Symptoms
of depression but not anxiety are associated with central obesity and
cardiovascular disease in people with type 2 diabetes: the Edinburgh Type
2 Diabetes Study. Diabetologia, 53(3), 467—71. d0i:10.1007/S00125-009-
1628-9

Lambert, G., Reid, C., Kaye, D., Jennings, G., & Esler, M. (2003). Increased
Suicide Rate in the Middle-Aged and Its Association With Hours of
Sunlight. American Journal of Psychiatry, 160(4), 793—795.
doi:10.1176/appi.ajp.160.4.793

Ligthart, S., Vaez, A., Hsu, Y.-H., Inflammation Working Group of the
CHARGE Consortium, I. W. G. of the C., PMI-WG-XCP, LifeLines Cohort
Study, L. C., ... Dehghan, A. (2016). Bivariate genome-wide association
study identifies novel pleiotropic loci for lipids and inflammation. BMC
Genomics, 17, 443. d0i:10.1186/s12864-016-2712-4

Lindqvist, P. G., Olsson, H., & Landin-Olsson, M. (2010). Are active sun
exposure habits related to lowering risk of type 2 diabetes mellitus in
women, a prospective cohort study? Diabetes Research and Clinical
Practice, 90(1), 109—14. doi:10.1016/j.diabres.2010.06.007

Luboshitzky, R., Yanai, D., Shen-Orr, Z., Israeli, E., Herer, P., & Lavie, P.
(1998). Daily and seasonal variations in the concentration of melatonin in
the human pineal gland. Brain Research Bulletin, 47(3), 271—6.
doi:10.1016/S0361-9230(98)00105-1

Lustman, P. J., & Clouse, R. E. (2005). Depression in diabetic patients: the
relationship between mood and glycemic control. Journal of Diabetes
and Its Complications, 19(2), 113—-122.
doi:10.1016/j.jdiacomp.2004.01.002

Lyssenko, V., Nagorny, C. L., Erdos, M. R., Wierup, N., Jonsson, A., Spegel, P.,
... Groop, L. (2009). Common variant in MTNR1B associated with
increased risk of type 2 diabetes and impaired early insulin secretion.
Nature Genetics, 41(1), 82—88. doi:10.1038/ng.288

Manning, A. K., Hivert, M.-F., Scott, R. A., Grimsby, J. L., Bouatia-Naji, N.,
Chen, H., ... Lagou, V. (2012). A genome-wide approach accounting for

71



body mass index identifies genetic variants influencing fasting glycemic
traits and insulin resistance. Nature Genetics, 44(6), 659—669.
doi:10.1038/ng.2274

Marcheva, B., Ramsey, K. M., Buhr, E. D., Kobayashi, Y., Su, H., Ko, C. H,, ...
Bass, J. (2010). Disruption of the clock components CLOCK and BMAL1
leads to hypoinsulinaemia and diabetes. Nature, 466(7306), 627—31.
doi:10.1038/natureo9253

Markkula, N., Suvisaari, J., Saarni, S. I., Pirkola, S., Pefia, S., Saarni, S., ...
Harkédnen, T. (2015). Prevalence and correlates of major depressive
disorder and dysthymia in an eleven-year follow-up — Results from the
Finnish Health 2011 Survey. Journal of Affective Disorders, 173, 73—80.
doi:10.1016/j.jad.2014.10.015

Mason, C. C., Hanson, R. L., & Knowler, W. C. (2007). Progression to Type 2
Diabetes Characterized by Moderate Then Rapid Glucose Increases.
Diabetes, 56(8), 2054—2061. doi:10.2337/db0o7-0053

Mathers, C. D., & Loncar, D. (2006). Projections of global mortality and
burden of disease from 2002 to 2030. PLoS Medicine, 3(11), e442. doi:06-
PLME-RA-0071R2

Mavri, A., Guzic-Salobir, B., Salobir-Pajnic, B., Keber, 1., Stare, J., & Stegnar,
M. (2001). Seasonal variation of some metabolic and haemostatic risk
factors in subjects with and without coronary artery disease. Blood
Coagulation & Fibrinolysis : An International Journal in Haemostasis
and Thrombosis, 12(5), 359—65.

McMullan, C. J., Schernhammer, E. S., Rimm, E. B., Hu, F. B., & Forman, J.
P. (2013). Melatonin secretion and the incidence of type 2 diabetes.
JAMA : The Journal of the American Medical Association, 309(13),
1388-1396. doi:10.1001/jama.2013.2710

Medici, F., Hawa, M., Ianari, A., Pyke, D. A., & Leslie, R. D. G. (1999).
Concordance rate for Type II diabetes mellitus in monozygotic twins:
actuarial analysis. Diabetologia, 42(2), 146—150.
doi:10.1007/s001250051132

Mezuk, B., Eaton, W. W., Albrecht, S., & Golden, S. H. (2008). Depression and
type 2 diabetes over the lifespan: a meta-analysis. Diabetes Care, 31(12),
2383-2390. doi:10.2337/dc08-0985

Morikawa, Y., Nakagawa, H., Miura, K., Soyama, Y., Ishizaki, M., Kido, T., ...
Nogawa, K. (2005). Shift work and the risk of diabetes mellitus among
Japanese male factory workers. Scandinavian Journal of Work,
Environment & Health, 31, 179—183. d0i:10.2307/40967487

Morris, A. P., Voight, B. F., Teslovich, T. M., Ferreira, T., Segre V., A,
Steinthorsdottir, V., ... Luan, J. (2012). Large-scale association analysis
provides insights into the genetic architecture and pathophysiology of
type 2 diabetes. Nature Genetics, 44(9), 981—990. doi:10.1038/ng.2383

Morris, C. J., Yang, J. N., & Scheer, F. A. J. L. (2012). The impact of the
circadian timing system on cardiovascular and metabolic function.
Progress in Brain Research, 199, 337-58. d0i:10.1016/B978-0-444-
59427-3.00019-8

Moulton, C. D., Pickup, J. C., & Ismail, K. (2015). The link between depression
and diabetes: the search for shared mechanisms. The Lancet Diabetes &
Endocrinology, 3(6), 461—471. doi:10.1016/S2213-8587(15)00134-5

Mulder, H., Nagorny, C. L. F., Lyssenko, V., & Groop, L. (2009). Melatonin

72



receptors in pancreatic islets: good morning to a novel type 2 diabetes
gene. Diabetologia, 52(7), 1240—9. d0i:10.1007/s00125-009-1359-y

Musselman, D. L., Betan, E., Larsen, H., & Phillips, L. S. (2003). Relationship
of depression to diabetes types 1 and 2: epidemiology, biology, and
treatment. Biological Psychiatry, 54(3), 317—329.
doi:10.1016/S0006-3223(03)00569-9

Nishida, S., Segawa, T., Murai, I., & Nakagawa, S. (2002). Long-term
melatonin administration reduces hyperinsulinemia and improves the
altered fatty-acid compositions in type 2 diabetic rats via the restoration
of Delta-5 desaturase activity. Journal of Pineal Research, 32(1), 26—33.
doi:10.1034/j.1600-079X.2002.10797.X

Okamura, F., Tashiro, A., Utumi, A., Imai, T., Suchi, T., Tamura, D., ... Hongo,
M. (2000). Insulin resistance in patients with depression and its changes
during the clinical course of depression: Minimal model analysis.
Metabolism, 49(10), 1255—1260. doi:10.1053/meta.2000.9515

Osei, K. (2010). 25-OH Vitamin D: Is It the Universal Panacea for Metabolic
Syndrome and Type 2 Diabetes? The Journal of Clinical Endocrinology
& Metabolism, 95(9), 4220—4222. d0i:10.1210/j¢.2010-1550

Pace, T. W. W., & Miller, A. H. (2009). Cytokines and Glucocorticoid Receptor
Signaling. Annals of the New York Academy of Sciences, 1179(1), 86—105.
doi:10.1111/j.1749-6632.2009.04984.x

Pan, A., Keum, N., Okereke, O. 1., Sun, Q., Kivimaki, M., Rubin, R. R., & Hu,
F. B. (2012). Bidirectional association between depression and metabolic
syndrome: a systematic review and meta-analysis of epidemiological
studies. Diabetes Care, 35(5), 1171—80. doi:10.2337/dc11-2055

Pan, A., Schernhammer, E. S., Sun, Q., & Hu, F. B. (2011). Rotating night shift
work and risk of type 2 diabetes: two prospective cohort studies in women.
PLoS Medicine, 8(12), e1001141. doi:10.1371/journal.pmed.1001141

Parker, J., Hashmi, O., Dutton, D., Mavrodaris, A., Stranges, S., Kandala, N.-
B., ... Franco, O. H. (2010). Levels of vitamin D and cardiometabolic
disorders: Systematic review and meta-analysis. Maturitas, 65(3), 225—
236. doi:10.1016/j.maturitas.2009.12.013

Patton, A. P., & Hastings, M. H. (2018). The suprachiasmatic nucleus. Current
Biology : CB, 28(15), R816—R822. d0i:10.1016/j.cub.2018.06.052

Paul, K. N., Saafir, T. B., & Tosini, G. (2009). The role of retinal photoreceptors
in the regulation of circadian rhythms. Reviews in Endocrine & Metabolic
Disorders, 10(4), 271—8. doi:10.1007/s11154-009-9120-X

Peschke, E. (2008). Melatonin, endocrine pancreas and diabetes. Journal of
Pineal Research, 44(1), 26—40. doi:10.1111/j.1600-079X.2007.00519.X

Peschke, E., Bach, A. G., & Muhlbauer, E. (2006). Parallel signaling pathways
of melatonin in the pancreatic beta-cell. Journal of Pineal Research,
40(2), 184-191. doi:10.1111/j.1600-079X.2005.00297.X

Pevet, P., & Challet, E. (2011). Melatonin: Both master clock output and
internal time-giver in the circadian clocks network. Journal of
Physiology-Paris, 105(4-6), 170—182.
doi:10.1016/j.jphysparis.2011.07.001

Pittas, A. G., Chung, M., Trikalinos, T., Mitri, J., Brendel, M., Patel, K., ... Balk,
E. M. (2010). Systematic Review: Vitamin D and Cardiometabolic
Outcomes. Annals of Internal Medicine, 152(5), 307. d0i:10.7326/0003-
4819-152-5-201003020-00009

73



Pittas, A. G., Lau, J., Hu, F. B., & Dawson-Hughes, B. (2007). The Role of
Vitamin D and Calcium in Type 2 Diabetes. A Systematic Review and
Meta-Analysis. The Journal of Clinical Endocrinology & Metabolism,
92(6), 2017-2029. d0i:10.1210/jc.2007-0298

Posadzki, P. P., Bajpai, R., Kyaw, B. M., Roberts, N. J., Brzezinski, A.,
Christopoulos, G. 1., ... Car, J. (2018). Melatonin and health: an umbrella
review of health outcomes and biological mechanisms of action. BMC
Medicine, 16(1), 18. d0i:10.1186/s12916-017-1000-8

Postolache, T. T., Mortensen, P. B., Tonelli, L. H., Jiao, X., Frangakis, C.,
Soriano, J. J., & Qin, P. (2010). Seasonal spring peaks of suicide in victims
with and without prior history of hospitalization for mood disorders.
Journal of Affective Disorders, 121(1—2), 88-93.
doi:10.1016/J.JAD.2009.05.015

Powell, W.T., & LaSalle, J. M. (2015). Epigenetic mechanisms in diurnal cycles
of metabolism and neurodevelopment. Human Molecular Genetics,
24(R1), R1-9. doi:10.1093/hmg/ddv234

Prasad, R., & Groop, L. (2015). Genetics of Type 2 Diabetes—Pitfalls and
Possibilities. Genes, 6(1), 87—123. doi:10.3390/genes6010087

Prokopenko, I., Langenberg, C., Florez, J. C., Saxena, R., Soranzo, N.,
Thorleifsson, G., ... Abecasis, G. R. (2009). Variants in MTNR1B influence
fasting glucose levels. Nature Genetics, 41(1), 77—81. doi:10.1038/ng.290

Pyykkonen, A. J., Raikkonen, K., Tuomi, T., Eriksson, J. G., Groop, L., &
Isomaa, B. (2011). Depressive symptoms, antidepressant medication use,
and insulin resistance: the PPP-Botnia Study. Diabetes Care, 34(12),
2545—2547. doi:10.2337/dc11-0107

Qi, L., Saberi, M., Zmuda, E., Wang, Y., Altarejos, J., Zhang, X., ... Montminy,
M. (2009). Adipocyte CREB promotes insulin resistance in obesity. Cell
Metabolism, 9(3), 277—86. d0i:10.1016/j.cmet.2009.01.006

Radloff, L. S. (1977). The CES-D Scale: A Self-Report Depression Scale for
Research in the General Population. Applied Psychological
Measurement, 1(3), 385—401. d0i:10.1177/014662167700100306

Rakshit, K., Qian, J., Colwell, C. S., & Matveyenko, A. V. (2015). The islet
circadian clock: entrainment mechanisms, function and role in glucose
homeostasis. Diabetes, Obesity & Metabolism, 17 Suppl 1(0 1), 115—22.
doi:10.1111/dom.12523

Renn, B. N, Feliciano, L., & Segal, D. L. (2011). The bidirectional relationship
of depression and diabetes: a systematic review. Clinical Psychology
Review, 31(8), 1239—1246. doi:10.1016/j.cpr.2011.08.001

Renstrom, F., Koivula, R. W., Varga, T. V., Hallmans, G., Mulder, H., Florez,
J.C., ... Franks, P. W. (2015). Season-dependent associations of circadian
rhythm-regulating loci (CRY1, CRY2 and MTNRiB) and glucose
homeostasis: the GLACIER Study. Diabetologia, 58(5), 997—1005.
d0i:10.1007/s00125-015-3533-8

Reppert, S. M., Godson, C., Mahle, C. D., Weaver, D. R., Slaugenhaupt, S. A,
& Gusella, J. F. (1995). Molecular characterization of a second melatonin
receptor expressed in human retina and brain: the Melib melatonin
receptor. Proceedings of the National Academy of Sciences of the United
States of America, 92(19), 8734—8738.

Ripke, S., Wray, N. R., Lewis, C. M., Hamilton, S. P., Weissman, M. M., Breen,
G., ... Sullivan, P. F. (2013). A mega-analysis of genome-wide association

74



studies for major depressive disorder. Molecular Psychiatry, 18(4), 497—
511. d0i:10.1038/mp.2012.21

Robinson, D. J., Coons, M., Haensel, H., Vallis, M., Yale, J.-F. & Diabetes
Canada Clinical Practice Guidelines Expert Committee (2018). Diabetes
and Mental Health. Canadian Journal of Diabetes, 42 Suppl 1, S130—
S141. doi:10.1016/j.jcjd.2017.10.031

Roenneberg, T., Kumar, C. J., & Merrow, M. (2007). The human circadian
clock entrains to sun time. Current Biology, 17(2), R44-R45.
doi:10.1016/j.cub.2006.12.011

Rudic, R. D., McNamara, P., Curtis, A.-M., Boston, R. C., Panda, S,
Hogenesch, J. B., & FitzGerald, G. A. (2004). BMAL1 and CLOCK, Two
Essential Components of the Circadian Clock, Are Involved in Glucose
Homeostasis. PLoS Biology, 2(11), e377.
doi:10.1371/journal.pbio.0020377

Rossner, S. (2002). Obesity: the disease of the twenty-first century.
International Journal of Obesity, 26(S4), S2-S4.
doi:10.1038/sj.ijo.0802209

Schneiderman, N., Ironson, G., & Siegel, S. D. (2005). Stress and health:
psychological, behavioral, and biological determinants. Annual Review of
Clinical Psychology, 1, 607-28.
doi:10.1146/annurev.clinpsy.1.102803.144141

Scott, L. J., Mohlke, K. L., Bonnycastle, L. L., Willer, C. J., Li, Y., Duren, W. L.,
... Boehnke, M. (2007). A genome-wide association study of type 2
diabetes in Finns detects multiple susceptibility variants. Science (New
York, N.Y.), 316(5829), 1341—5. d0i:10.1126/science.1142382

Scott, R. A., Scott, L. J., Magi, R., Marullo, L., Gaulton, K. J., Kaakinen, M., ...
DIAbetes Genetics Replication And Meta-analysis (DIAGRAM)
Consortium. (2017). An Expanded Genome-Wide Association Study of
Type 2 Diabetes in Europeans. Diabetes, 66(11), 2888—2902.
doi:10.2337/db16-1253

Sestan, M., Marinovié, S., Kavazovié, 1., Cekinovi¢, P., Wueest, S., Turk

Wensveen, T., ... Poli¢, B. (2018). Virus-Induced Interferon-y Causes
Insulin Resistance in Skeletal Muscle and Derails Glycemic Control in
Obesity. Immunity, 49(1), 164—177.€6.

doi:10.1016/j.immuni.2018.05.005

Sherwani, S. I., Khan, H. A., Ekhzaimy, A., Masood, A., & Sakharkar, M. K.
(2016). Significance of HbA1c Test in Diagnosis and Prognosis of Diabetic
Patients. Biomarker Insights, 11, 95—-104. doi:10.4137/BMI.S38440

Shore-Lorenti, C., Brennan, S. L., Sanders, K. M., Neale, R. E., Lucas, R. M., &
Ebeling, P. R. (2014). Shining the Light on Sunshine: a systematic review
of the influence of sun exposure on type 2 diabetes mellitus-related
outcomes. Clinical Endocrinology, 81(6), 799—811. doi:10.1111/cen.12567

Shu, X. O., Long, J., Cai, Q., Qi, L., Xiang, Y.-B., Cho, Y. S., ... Hu, F. B. (2010).
Identification of New Genetic Risk Variants for Type 2 Diabetes. PLoS
Genetics, 6(9), e1001127. doi:10.1371/journal.pgen.1001127

Smarr, K. L., & Keefer, A. L. (2011). Measures of depression and depressive
symptoms: Beck Depression Inventory-II (BDI-II), Center for
Epidemiologic Studies Depression Scale (CES-D), Geriatric Depression
Scale (GDS), Hospital Anxiety and Depression Scale (HADS), and Patient
Health Questionnaire-9 (PHQ-9). Arthritis Care & Research, 63(S11),

75



S454—S466. doi:10.1002/acr.20556

Spiegel, K. (2008). Sleep loss as a risk factor for obesity and diabetes.
International Journal of Pediatric Obesity, 3(s2), 27-28.
d0i:10.1080/17477160802404681

Stuart, M. J., & Baune, B. T. (2012). Depression and type 2 diabetes:
inflammatory mechanisms of a psychoneuroendocrine co-morbidity.
Neuroscience and  Biobehavioral Reviews, 36(1), 658-676.
doi:10.1016/j.neubiorev.2011.10.001

Suarez, L., & Barrett-Connor, E. (1982). Seasonal variation in fasting plasma
glucose levels in man. Diabetologia, 22(4), 250—3.

Tabak, A. G., Herder, C., Rathmann, W., Brunner, E. J., & Kivimaki, M. (2012).
Prediabetes: a high-risk state for diabetes development. Lancet (London,
England), 379(9833), 2279—90. d0i:10.1016/S0140-6736(12)60283-9

Talbot, F., & Nouwen, A. (2000). A review of the relationship between
depression and diabetes in adults: is there a link? Diabetes Care, 23(10),
1556—62. doi:10.2337/diacare.23.10.1556

Taylor, J. C., Martin, H. C., Lise, S., Broxholme, J., Cazier, J., Rimmer, A,, ...
Wilkie, A. O. M. (2015). Factors influencing success of clinical genome
sequencing across a broad spectrum of disorders. Nature Genetics, 47(7),
717—726. d0i:10.1038/1ng.3304

Tong, Y., Lin, Y., Zhang, Y., Yang, J., Zhang, Y., Liu, H., & Zhang, B. (2009).
Association between TCF7L2gene polymorphisms and susceptibility to
Type 2 Diabetes Mellitus: a large Human Genome Epidemiology (HuGE)
review and meta-analysis. BMC Medical Genetics, 10(1), 15.
doi:10.1186/1471-2350-10-15

Tosini, G., Owino, S., Guillaume, J. L., & Jockers, R. (2014). Understanding
melatonin receptor pharmacology: Latest insights from mouse models,
and their relevance to human disease. BioEssays : News and Reviews in
Molecular, Cellular and Developmental Biology, 36(8), 778-787.
doi:10.1002/bies.201400017

Tsuno, N., Besset, A., & Ritchie, K. (2005). Sleep and Depression. The Journal
of Clinical Psychiatry, 66(10), 1254—1269. d0i:10.4088/JCP.v66n1008

Tuomi, T., Nagorny, C. L. F. L. F., Singh, P., Bennet, H., Yu, Q., Alenkvist, I.,
... Mulder, H. (2016). Increased Melatonin Signaling Is a Risk Factor for
Type 2  Diabetes. Cell Metabolism, 23(6), 1067-1077.
doi:10.1016/j.cmet.2016.04.009

Vetter, C., Dashti, H. S., Lane, J. M., Anderson, S. G., Schernhammer, E. S.,
Rutter, M. K., ... Scheer, F. A. J. L. (2018). Night Shift Work, Genetic Risk,
and Type 2 Diabetes in the UK Biobank. Diabetes Care, 41(4), 762—769.
doi:10.2337/dc17-1933

Waldhauser, F., & Dietzel, M. (1985). Daily and annual rhythms in human
melatonin secretion: role in puberty control. Annals of the New York
Academy of  Sciences, 453, 205-14. doi:10.1111/j.1749-
6632.1985.tb11811.x

Wallace, T. M., Levy, J. C., & Matthews, D. R. (2004). Use and abuse of HOMA
modeling. Diabetes Care, 27(6), 1487—95. doi:10.2337/diacare.27.6.1487

Ware, J. E., & Sherbourne, C. D. (1992). The MOS 36-item short-form health
survey (SF-36). I. Conceptual framework and item selection. Medical
Care, 30(6), 473-83.

WHO (1999). Definition, diagnosis and classification of diabetes mellitus and

76



its complications : report of a WHO consultation. Part 1, Diagnosis and
classification of diabetes mellitus. Retrieved from
http://www.who.int/iris/handle/10665/66040

WHO (2009). Global Health Risks: Mortality and burden of disease
attributable to selected major risks. Bulletin of the World Health
Organization. doi:10.2471/BLT.09.070565

WHO (2012). Depression, a global public health concern. WHO Department
of Mental Health and Substance Abuse. d0i:10.1007/978-3-642-11688-
9_20

Wilcox, G. (2005). Insulin and insulin resistance. The Clinical Biochemist.
Reviews, 26(2), 19—309.

Wittchen, H.-U., & Jacobi, F. (2005). Size and burden of mental disorders in
Europe: a critical review and appraisal of 27 studies. European
Neuropsychopharmacology, 15(4), 357—376.
doi:10.1016/j.euroneuro.2005.04.012

Wray, N. R., Ripke, S., Mattheisen, M., Trzaskowski, M., Byrne, E. M.,
Abdellaoui, A., ... Major Depressive Disorder Working Group of the
Psychiatric Genomics Consortium. (2018). Genome-wide association
analyses identify 44 risk variants and refine the genetic architecture of
major depression. Nature Genetics, 50(5), 668-681. doi:
10.1038/541588-018-0090-3

Yaggi, H. K., Araujo, A. B., & McKinlay, J. B. (2006). Sleep duration as a risk
factor for the development of type 2 diabetes. Diabetes Care, 29(3), 657—
61. doi:10.2337/diacare.29.03.06.dco5-0879

Yu, M., Zhang, X., Lu, F., & Fang, L. (2015). Depression and Risk for Diabetes:
A Meta-Analysis. Canadian Journal of Diabetes, 39(4), 266—272.
doi:10.1016/j.jcjd.2014.11.006

77






	ABSTRACT
	TIIVISTELMÄ
	ACKNOWLEDGEMENTS
	CONTENTS
	LIST OF ORIGINAL PUBLICATIONS
	ABBREVIATIONS
	1 INTRODUCTION
	2 REVIEW OF THE LITERATURE
	3 AIMS OF THE STUDY
	4 MATERIALS AND METHODS
	5 RESULTS
	6 DISCUSSION
	7 GENERAL DISCUSSION
	8 CONCLUSIONS
	REFERENCES



