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ABSTRACT

Type 1 diabetes is a chronic disease that leads to gradual destruction of insulin
producing beta cells in the pancreas. By the time of diagnosis, most of the beta cells
have already been destroyed. There is a need to improve our understanding of the
molecular events governing the disease, from early signs to diagnosis and beyond.
Identifying molecules that change at the various stages of disease could improve
clinical decisions, assist in monitoring, and help classify individuals into subgroups.

In the work presented in this dissertation, mass spectrometry (MS)-based
proteomics methods were employed to investigate type 1 diabetes-associated
changes in serum protein levels and to explore how persistent enterovirus infection,
which has been linked to the disease, alters protein expression and secretion in
pancreatic ductal cells (PANC-1). Longitudinal proteomics analysis of pre-onset
serum samples from children who developed type 1 diabetes at a young age revealed
decreased levels of apolipoprotein C1 (APOC1) early in the disease, which remained
lower until diagnosis. Targeted MS analysis of serum samples from newly diagnosed
(ND) youth and unaffected family members (UFMs) further identified lower serum
APOCI levels in ND youth and revealed 12 additional proteins with differing serum
levels between the two groups. Eleven proteins were also found to be associated with
fasting C-peptide/glucose ratios, which served as a measure of functional beta cell
mass. A validation study in a second cohort confirmed serum level differences for
10 proteins, including APOCI1, between ND and UFMs and replicated negative
association with the C-peptide/glucose ratios for three proteins. Persistent
enterovirus infection in PANC-1 cells, using two different coxsackievirus Bl
(CVBI1) strains, led to significant changes in protein expression and secretion,
especially affecting mitochondrial functions and the regulated secretory pathway.
Notably, the two CVBI strains also showed different effects on proteins related to
the antiviral immune response. Several of the significantly altered proteins in the
CVBI1 models were also detected in the serum samples.

This research identified a set of proteins linked to the progression of type 1
diabetes and those modulated during persistent CVB1 infection. While a specific
CVBI1 signature was not found in the serum analyses, a group of overlapping
proteins identified in the studies may contribute to the CVB1 infection signature.

KEYWORDS: Type 1 diabetes, Enterovirus, Proteomics, Mass spectrometry
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TIVISTELMA

Tyypin 1 diabetes on sairaus, jossa kehon insuliinia tuottavat haiman beetasolut
tuhoutuvat. Diagnoosivaiheessa sairastuneet ovat jo menettdneet suurimman osan
insuliinia tuottavista beetasoluista. On tirkedd saada lisétietoa sairauteen liittyvista
molekyylitason muutoksista alkaen sairauden alkuvaiheesta aina diagnoosiin ja siiti
eteenpdin. Molekyylit, joissa havaitaan muutoksia sairauden eri vaiheissa, voivat
tuoda merkittivaa lisdtietoa kliiniseen paiatoksentekoon, edesauttaa sairauden kulun
seuraamista seké helpottaa yksildiden jakamista sairauden eri alaryhmiin.

Tassd viitoskirjassa hyodynnettiin massaspektrometriaan perustuvaa proteo-
miikkaa tyypin 1 diabetekseen liittyvien proteiinimuutosten havaitsemiseen seeru-
missa sekd tarkasteltiin kroonisen enterovirusinfektion aiheuttamia muutoksia
haiman duktaalisoluissa. Proteiinien ilmentymiseen liittyvid muutoksia seerumissa
tarkasteltiin ensin tyypin 1 diabetekseen sairastuneiden lasten sekd verrokkilasten
vélilla. Téssd pitkittdistutkimuksessa havaittiin apolipoproteiini C1 (APOCI) -
tasojen laskevan sairauden varhaisessa vaiheessa ja pysyvén tilli tasolla diagnoosin
saakka. Matalammat seerumin APOCI-tasot havaittiin myos vasta diagnosoiduilla
nuorilla verrattaessa heiddn nédytteitddn sairastumattomista perheenjdsenistd
koostuvan verrokkijoukon néytteisiin. Ryhmien viélilld 16ytyi eroja myds 12 muun
proteiinin ilmentymisessé. Lisdksi 11 proteiinin kohdalla havaittiin yhteys proteiinin
seerumitason ja C-peptidi/glukoosisuhteen vélilld. Myohemmaéssd tutkimuksessa,
vahvistettiin erot 10 proteiinien kohdalla vastadiagnosoitujen ja verrokkiryhmén
valilld, mukaan lukien APOCI. Lisdksi kolmen proteiinin kohdalla toistettiin yhteys
proteiinin seerumitason ja C-peptidi/glukoosisuhteen vililld. Kroonisen entero-
virusinfektion solumalleissa havaittiin laajoja muutoksia proteiinien ilmentymisessa.
Eri enteroviruskantojen vililld 10ydettiin myds eroja erityisesti immuunivasteeseen
liittyvissé proteiineissa. Osa proteiineista, joissa havaittiin muutoksia infektoiduissa
solumalleissa, saatiin mitattua my0s seerumindytteista.

Tassé vaitoskirjassa esitettiin joukko proteiineja, jotka ovat yhteydessa tyypin 1
diabeteksen kehittymiseen sekd proteiineja, joissa havaittiin muutoksia kroonisen
enterovirusinfektion aikana. Proteiinit, joista 10ytyi muutoksia sekd infektoiduissa
soluissa ettd seerumissa, saattavat osaltaan viitata kroonisen infektion olemassa-
oloon.

AVAINSANAT: Tyypin 1 diabetes, Enterovirus, Proteomiikka, Massaspektrometria
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1 Introduction

Type 1 diabetes results from a selective and severe immune-mediated destruction of
insulin-producing beta cells in the pancreas, forcing these individuals to be
dependent on exogenous insulin for the rest of their lives. Genetic susceptibility and
environmental factors, such as viral infections, are known to play a role in the
initiation of the disease. By the time of diagnosis, individuals have already lost the
majority of their functional beta cell mass. Understanding the molecular events
throughout the disease progression is critical for stratifying patients into different
subgroups, identifying the optimal timing for intervention and therapy, and
preventing acute complications.

Protein expression and secretion are altered in nearly all diseases. To detect these
disease-associated changes from clinical samples, a large-scale study of proteins, i.e.
proteomics, provides insights into disease development and may lead to discoveries
of biomarkers that can be used for the prediction and monitoring of the disease. Mass
spectrometry-based proteomics has developed into a highly advanced technology
that enables quantitative analysis of hundreds to thousands of proteins
simultaneously with very high specificity. Depending on the biological question, it
is possible to analyse cells, tissues, or body fluids such as blood serum and plasma,
which are readily available.

In the work presented in this dissertation, mass spectrometry-based proteomics
methods were employed to study type 1 diabetes-associated changes in protein
expression levels. The main focus of the analyses was on longitudinal plasma and
serum sample series obtained from prospective cohort studies. Additionally, to gain
a broader perspective on disease etiology, one study explores how persistent
enterovirus infection, that is associated with type 1 diabetes, modulates the protein
expression and secretion of pancreatic ductal cells. Altogether, the aims of this
dissertation are (1) to define protein patterns associated with the progression of type
1 diabetes, (2) to gain knowledge of the persistent enterovirus-induced changes in
protein expression and secretion, and (3) to investigate whether signs of virus-
induced changes are detected in plasma/serum of children who progress to type 1
diabetes.

11



2 Review of the Literature

2.1 Type 1 diabetes

Type 1 diabetes is a chronic disease that results from a gradual destruction of insulin-
secreting beta cells in the pancreas leading to lifelong need for treatment with
exogenous insulin. Insulin is a vital hormone that regulates the levels of body’s blood
sugar that is glucose. In response to dietary intake, blood glucose levels increase,
which promptly triggers beta cells to secrete insulin. At insulin-sensitive tissues (e.g.
liver, muscles, adipose tissue), the presence of insulin stimulates cells to uptake and
store carbohydrates, lipids and amino acids, whereas during fasting, these are used
for maintaining the body’s energy balance. If the beta cells cannot produce enough
insulin, glucose levels rise, which ultimately leads to hyperglycaemia. In addition,
to maintain energy balance, the body starts breaking stored lipids and accumulates
acids called ketones in the blood. If patients are not treated with exogenous insulin,
dehydration caused by hyperglycaemia and excessive acid production can, in severe
cases, lead to death from diabetic ketoacidosis (Boulpaep, 2017a).

211 Pathogenesis

Up until just a century ago, type 1 diabetes was a lethal disease with no treatment.
The discovery of insulin in 1921 was a revolutionary achievement that has since
changed the lives of individuals with type 1 diabetes (Banting et al., 1922). Although,
the treatment and understanding of the disease have improved notably over the
decades, there is still a lot to be learnt and crucially important discoveries to be made
including, answer(s) to the burning question: “What triggers type 1 diabetes?”
Type 1 diabetes results from a selective immune destruction of insulin-producing
beta cells in the pancreatic endocrine glands called the islets of Langerhans. These
islets contain different types of secretory cells, among which beta cells are the most
abundant, secreting insulin, proinsulin, C-peptide and amylin (Figure 1) (Boulpaep,
2017a; Cabrera et al., 2006). Insulin synthesis first includes the transcription of
preproinsulin, which after cleavage of a leader sequence results proinsulin. In the
trans Golgi, proinsulin is packed into secretory granules, where a C-domain that
connects A and B domains, is enzymatically cleaved. The end products are insulin

12
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molecule that consist of the joined A and B chains and the C-peptide. The insulin
granules are stored inside the cell, and upon stimulus, the components inside are
secreted into the extracellular space including a 1:1 molar ration of insulin and C-
peptide. C-peptide remains in the blood longer than insulin and is therefore used as
a marker of endogenous insulin secretion (Boulpaep, 2017a).

Islets of
Langerhans @ a cells secrete glucagon

@ B cells secrete insulin, proinsulin,
~ C-peptide and amylin

@ O cells secrete somatostatin

&) F cells secrete pancreatic
polypeptide

N Blood vessel

Cleavage of
proinsulin o
C

Pancreas

Figure 1. lllustration of the pancreatic islets and insulin processing.

Based on the latest estimates, globally more than 8 million people are living with
type 1 diabetes, and annually, around half a million new cases are diagnosed
(Gregory et al., 2022; Ogle et al., 2022). Although most diagnoses are made in
adulthood, the disease commonly affects children and adolescents and is more
prevalent in males than females (Gregory et al., 2022; Ostman et al., 2008). Although
there are large geographical differences, the worldwide incidence has increased in
the past 35 years and is expected to continue to rise (DIAMOND Project group,
2006; Gregory et al., 2022; Patterson et al., 2019). The highest frequency of the
disease is observed in Finland, where around 60 cases per 100,000 per year are
diagnosed (Harjutsalo et al., 2013). Interestingly, in Finland and other high-
incidence countries, the incidence trend has plateaued or even reduced in the past
decade (Patterson et al., 2019). Moreover, in the coming years, the relatively largest
increase in prevalent cases is expected to occur in lower-income countries (Gregory
et al., 2022).

Being born into a family with a type 1 diabetes-affected family member increases
the risk for the disease, but the level of risk depends on who has been diagnosed

13
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(Bonifacio and Ziegler, 2010). For example, a young age at diagnosis of the father
is associated with a high recurrent risk (Lorenzen et al., 1998). Also, after one
identical twin is diagnosed, the cumulative incidence of type 1 diabetes for the other
twin is 65% by the age of 60 years (Redondo et al., 2008). Certain genetic risk
variants are known to associate with type 1 diabetes. These are mostly located in the
major histocompatibility complex (MHC) in chromosome 6 (6p21.3), known as the
human leukocyte antigen (HLA) region in humans (Pociot et al., 2010). The
molecules encoded in the HLA region can be divided into class I, class II, and class
IIT based on the structure and function of the gene products. The molecules most
strongly associated with type 1 diabetes are the highly polymorphic HLA class I1
cell surface receptors HLA-DR and HLA-DQ. The combinations of these haplotypes
can be associated with varying levels of susceptibility or protection (Noble and
Valdes, 2011). In particular, haplotypes HLA-DR3-DQ2 and HLA-DR4-DQ8 are
associated with a high disease risk. In addition, there are around 60 non-HLA regions
reported to affect the risk of the disease, including the insulin gene region (Gootjes
et al., 2022). By incorporating multiple risk loci into a genetic risk score, it has been
possible to improve identification of at-risk individuals from the general population
(Bonifacio et al., 2018).

Consideration of the genetic predisposition alone cannot explain why the
worldwide incidence and prevalence of type 1 diabetes have increased over the past
decades (Mobasseri et al., 2020; Patterson et al., 2009). Therefore, much attention
has been paid to the changes in the environment and lifestyle (Rewers and
Ludvigsson, 2016). Indeed, it has been shown that despite an origin in a low-
incidence region, growing up in a high-incidence country increases the risk of type
1 diabetes (Oilinki et al., 2012; Soderstrom et al., 2012). Several environmental
factors during pregnancy and early childhood have been studied, including the
hygiene hypothesis (Kallionpéé et al., 2015; Strachan, 2000), gut microbiota (De
Goffau et al., 2013; Vatanen et al., 2018), dietary factors such as infant nutrition
(Patelarou et al., 2012) and vitamin D (Infante et al., 2019; Miettinen et al., 2020),
chemicals (Predieri et al., 2020) and viral infections, including enteroviruses that are
discussed in more detail later in the text.

The combination of genetic predisposition and an environmental trigger initiates
the development of islet autoimmunity, which is defined by the persistent presence
of islet autoantibodies directed against specific beta cell proteins (Eisenbarth, 1986;
Insel et al., 2015). These include biochemical autoantibodies against insulin (IAA),
glutamic acid decarboxylase 65 (GADA), tyrosine phosphatase-like insulinoma
antigen 2 (IA-2A) and zinc transporter 8 (ZnT8). These islet beta cell antigens
localise within the secretory granule, apart from glutamic acid decarboxylase 65,
which is found primarily in the membrane of secretory microvesicles (Arvan et al.,
2012). Also, classical islet-cell autoantibodies (ICA) can be tested, but these lack
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predictive value since the risk of developing type 1 diabetes is similar for ICA-
positive individuals and those with no islet autoantibodies (Siljander et al., 2009).
Detection of two or more biochemical autoantibodies against any of these targets
marks a point at which progression to type 1 diabetes is nearly inevitable (Ziegler et
al., 2013). Nevertheless, individuals with a single autoantibody have a much lower
risk to develop the disease, and the autoantibody might also appear transiently. It has
been shown that, after two years from seroconversion, children who remain positive
for a single islet autoantibody have 30% risk of developing type 1 diabetes over the
next 15 years, and the risk is only 12% if the child reverts to islet autoantibody
negative within two years (Anand et al., 2021).

Because autoantibodies hold predictive value and can be detected even before
the clinical onset of the disease, preclinical staging of type 1 diabetes has been
introduced (Figure 2) (Insel et al., 2015). At stage 1, individuals have developed
multiple type 1 diabetes-associated autoantibodies but remain normoglycemic.
Progression to stage 2 takes place when multiple autoantibodies are present and
dysglycemia is evident. Finally, stage 3 represents the clinical manifestation of type
1 diabetes accompanied by hyperglycemia. The purpose of this preclinical staging is
to provide a framework for risk screening that can later be applied in clinical practice
and subject stratification for therapeutic interventions. It is noteworthy that this
staging is likely to be refined in the future due to the heterogenic nature of the
disease.

Presymptomatic Symptomatic

Individuals with
genetic
susceptibility

Functional beta cells

Time
Two or more
autoantibodies

Possible
environmental
trigger (e.g. virus)

Figure 2. Preclinical staging of type 1 diabetes. Modified from Insel et al. 2015.
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At the time of diagnosis, individuals often have symptoms of hyperglycemia
including fatigue, weight loss, excessive thirst, and frequent urination. The diagnosis
of diabetes is made if the fasting glucose measured in venous plasma exceeds
7.0 mmol/L or if the two-hour plasma glucose during an oral glucose tolerance test
(OGTT) or the random plasma glucose exceeds 11.1 mmol/L (Sacks et al., 2023).
Alternatively, the diagnosis can be made based on an elevated haemoglobin Alc
(HbAlc) concentration (> 48 mmol/mol), which indicates the amount of glucose
attached to haemoglobin over a time period of 2-3 months. To differentiate type 1
diabetes from other diabetes subtypes, autoantibody and C-peptide measurements
have proven useful (Leighton et al., 2017; Sacks et al., 2023). To this day, exogenous
insulin has remained the principal treatment for type 1 diabetes.

21.2 Heterogeneity

A combination of multiple genetic risk variants and environmental factors
contributes to the heterogeneity of the disease process in type 1 diabetes. This
includes differences in the type and timing of the first appearing autoantibody, the
longitudinal autoantibody pattern, the rate of progression, and the responses to
intervention (Endesfelder et al., 2019; Ghalwash et al., 2024). As the first appearing
autoantibody, variations of both a single islet autoantibody and multiple
autoantibodies are detected. Furthermore, when observing longitudinal autoantibody
profiles of individuals, several autoantibody combinations are possible and may
include the presence of transient autoantibodies.

To date, two distinct patterns of autoimmunity have been described. These are
distinguished by the first appearing autoantibody, which is hereafter referred to as
seroconversion (Giannopoulou et al., 2015; Ilonen et al., 2013; Lernmark et al.,
2023). These two patterns, initiated with either IAA or GADA, are associated with
specific HLA DR-DQ haplotypes as well as non-HLA variants (Ilonen et al., 2019).
Individuals with TAA first, seroconvert at a relatively younger age, with a peak of
incidence between one and two years of age, and carry more often the HLA-DR4-
DQ8 haplotype. In contrast, individuals with GADA as the first autoantibody have
the peak incidence later, between two and five years of age, and are more commonly
carriers of the HLA-DR3-DQ2 haplotype (Giannopoulou et al., 2015; Ilonen et al.,
2013; Lernmark et al., 2023). Additionally, childhood-onset type 1 diabetes is
frequently characterised by the presence of IAA. However, in adult-onset type 1
diabetes, multiple disease-associated autoantibodies are detected less frequently,
especially as age increases, but GADA is often present (Leslie et al., 2021).

Histopathological findings of human pancreatic samples from individuals with
type 1 diabetes support the separation of these suggested disease subtypes, which
also seem to express distinct immunological profiles (Redondo and Morgan, 2023).
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The autoimmune attack tends to be more aggressive in young children as illustrated
by a substantial presence of islet-infiltrated lymphocytes in the islets. In contrast, in
adult patients, only mild lymphocytic infiltration has been detected.

Such heterogeneity and the existence of well-defined disease subtypes may
indicate distinct triggering mechanisms. Hence, associations between different
environmental determinants and the type of the first appearing autoantibody have
been explored, including dietary factors, exposures, life events, and infections
(Ilonen et al., 2019; Lernmark et al., 2023). To date, most of the reported risk
associations have been related to IAA as the first appearing autoantibody and
include, for example, coxsackie B virus (CVB) infections (Ilonen et al., 2019;
Sioofy-Khojine et al., 2018).

21.3 Enteroviruses

Enteroviruses belong to the large family of Picornaviridae viruses, that are common
human pathogens causing a wide spectrum of diseases, ranging from mild seasonal
childhood infections to life-threatening conditions such as myocarditis (Tuthill et al.,
2010; Zhang et al., 2021). These non-enveloped, positive-sense single-stranded
RNA viruses have a diameter of approximately 25-30 nm. The four structural
proteins, VP1-4, are used to construct the icosahedral viral capsid, inside which the
viral genome is stored. The non-structural proteins vary slightly depending on the
genus. Enteroviruses express seven non-structural proteins: 2A-C and 3A-D, which
are involved in the processing of the polyprotein, manipulation of the host cell
environment, and viral genome replication (Tuthill et al., 2010).

Enterovirus infections have been associated with type 1 diabetes development
and islet autoimmunity in many studies (Nekoua et al., 2022; Wang et al., 2021). For
example, enteroviral RNA has been found in the pancreatic islets of type 1 diabetes
patients and autoantibody-positive individuals more often than in the healthy
population (Geravandi et al., 2021; Ylipaasto et al., 2004). In addition, viral capsid
protein VP1 has been detected more frequently in the insulin-containing islets of the
patients compared to non-diabetic controls (Richardson et al., 2013). Also, in a
unique Norwegian study, where pancreatic biopsies from six living patients with
newly diagnosed type 1 diabetes were studied, both enteroviral RNA and VP1 were
found in the islets (Krogvold et al., 2022, 2015). Further supporting the involvement
of enterovirus infection, the presence of enteroviruses has also been detected in other
clinical samples, such as in the blood (Oikarinen et al., 2011) and intestine
(Oikarinen et al., 2008) of type 1 diabetes patients, as well as in stool samples of
children collected prior to or at seroconversion (Honkanen et al., 2017; Kim et al.,
2019).
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Among enterovirus species, coxsackie B virus (CVB) serotypes, in particular,
have been associated with type 1 diabetes. (Nekoua et al., 2022). There are six
different CVB serotypes, CVBI1-6, which are considered either risk factors or
protective (Laitinen et al., 2014). In many studies, especially CVB1 infection has
been linked to the pathogenesis of type 1 diabetes (Oikarinen et al., 2014; Sioofy-
Khojine et al., 2018). CVBs are considered as cytolytic viruses, which after
replication release the viral particles through lysis of the host cell. Interestingly,
CVBs can also establish persistent infections, of which there are two types: steady-
state persistence and carrier-state persistence (Frisk, 2001). In steady-state
persistence, nearly all cells are infected, but cytolysis is not induced during viral
replication cycle. In the more frequently described carrier-state persistence, a low
number of cells is infected, but high titres of virus particles are produced. Carrier-
state persistence of CVB has been reported iz vitro in human non-insulin producing
pancreatic beta cells (Nekoua et al., 2020) and ductal cells (Alidjinou et al., 2017).

The gastrointestinal tract and the respiratory tract are the primary replication sites
of enteroviruses (van der Linden et al., 2015). However, from there, the virus can
spread to other organs, such as the pancreas via the blood circulation. The presence
of Coxsackie and adenovirus receptor (CAR) in the pancreatic beta cells might partly
explain why enteroviruses target these cells (Ifie et al., 2018). Based on studies in
pancreatic cell models and CVB-infected primary human pancreatic islets, CVBs are
likely to establish carrier-state persistent infections in the islets (Chehadeh et al.,
2000). It is suggested that these viruses may use alternative, non-lytic ways, such as
vesicles or cellular protrusions for viral egress (Netanyah et al., 2020; Owusu et al.,
2021). CVB-infected ductal epithelium cells have also been frequently reported and
may contribute to virus spread to beta cells (Geravandi et al., 2021; Ylipaasto et al.,
2004).

214 Prospective cohort studies

Considering the heterogeneity of type 1 diabetes, the disease likely exhibits diverse
pathogenesis and therefore, an optimal therapy varies among individuals. To study
the pathogenesis of the disease and to identify and direct the right individuals for
certain clinical interventions, several type 1 diabetes-associated prospective cohort
studies have been initiated, which provide clinical samples and data for research use.
Depending on the study, the time period of interest has been set on the preclinical
period, starting from birth, the post-diagnosis period, or both.

Among the first preclinical population-based studies, the Finnish Type 1
Diabetes Prediction and Prevention (DIPP) study was established in 1994 and is still
ongoing (Kupila et al., 2001). The DIPP study screens new-born babies in the cities
of Turku, Tampere, and Oulu, and recruits individuals carrying the HLA risk alleles
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to participate in the study and attend frequent follow-up visits. Similar country-
specific population-based studies have been initiated, for example, in Sweden
(Larsson et al., 2004) and Germany (Ziegler et al., 1999). Global consortiums have
launched large studies, such as the Environmental Determinants of Diabetes in the
Young (TEDDY) study (Rewers et al., 2008), which investigates the cause of type 1
diabetes and the innovative approaches to understanding and arresting type 1
diabetes (INNODIA) study, which examines samples from newly diagnosed
individuals and aims to undertake clinical intervention studies (Dunger et al., 2022).

These prospective studies have enabled the longitudinal screening of individuals
and the analysis of the clinical data and samples using multiple approaches, including
genomics, transcriptomics, proteomics, lipidomics, and metabolomics (Long and
Linsley, 2024). These technologies have provided deeper insights into the etiology
of the disease and have the potential to reveal patterns that can be used as biomarkers
to predict and monitor individuals. As our understanding of type 1 diabetes
subgroups increases and several clinical trials are ongoing, these technologies are
likely to play a critical role in identifying the right individuals for specific clinical
interventions, determining optimal therapeutic windows, and monitoring treatment
outcomes.

2.2 Mass spectrometry (MS)-based proteomics

Proteins are functional molecules that serve essential roles in the living organisms.
The concept of “proteome” was first introduced three decades ago and represents all
the proteins expressed at a specific time by a certain biological system such as cell
or tissue (Wilkins et al., 1996). Compared to the genome, which is nearly constant
throughout an organism, the proteome is an entity that adjusts under different
conditions, such as cell type, developmental stage, or state of health. The
interdisciplinary field of proteomics, defined as the large-scale study of proteins, is
an exciting area of science that measures the dynamic system of proteins to
determine interactions, investigate protein modifications, define their roles in
biological processes and cellular functions, as well as understand disease
mechanisms (Aebersold and Mann, 2016). Over the past decades and still today,
mass spectrometry (MS) has been one of the most widely used methods in the field
of proteomics.

2.2.1 MS-based analysis of the proteome

There are around 20,000 genes in the human genome that are predicted to be protein
coding (Nurk et al., 2022). However, it is extremely challenging to estimate the entire
number of proteins expressed by the human body, since various factors contribute to
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the complexity of proteins. These include allelic variations, alternative-splicing that
enables production of several proteins from a single gene, addition of post-
translational modifications (PTMs), such as glycosylation or phosphorylation that
can influence protein function or activity, as well as somatic recombination that
refers to gene rearrangement, which for example, enables the diverse antibody
repertoire (Aebersold et al., 2018). These distinct molecular forms arising from a
single gene can be called proteoforms (Smith et al., 2013).

Proteins are the end result of the genetic information that is expressed and put
into action. They are formed by long, unbranched polypeptide chains made from
amino acids, of which there are 20 types (Figure 3). The chemical character of each
amino acid is defined by its side group, whereas the core structure is identical and
connects the adjacent amino acids through a peptide bond. The side chain can be
non-polar and hydrophobic (water-fearing) or polar and hydrophilic (water-loving),
with or without a charge. Each protein is built from a unique sequence of amino
acids, which defines its final conformation into the most energetically favourable
three-dimensional structure that is stabilised by chemical bonds. Because each amino
acid has a specific mass, apart from leucine and isoleucine, which are isobaric, and
each protein has a unique sequence of amino acids, this information can be used to
detect and distinguish proteins by mass spectrometry.
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Figure 3. Protein structure. Ala = Alanine, Met = Methionine, Glu = Glutamic Acid.
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Mass spectrometry (MS)-based proteomics is a rapidly developing technology
for protein detection and quantification (Guo et al., 2025). There are two major
approaches used to measure proteins: “bottom-up” and “top-down” proteomics. In
bottom-up proteomics, proteins are enzymatically or chemically digested into shorter
peptides before MS analysis. Peptides are generally easier to separate, ionise, and
fragment than intact proteins, making this approach more sensitive (Aebersold and
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Mann, 2016; Switzar et al., 2013). As a result, bottom-up proteomics is currently
applied more widely. However, by digesting the proteins, much of the proteoform-
level information is lost, because only a limited number of peptides can be detected,
and it is challenging to assign a certain peptide to the original proteoform (Dupree et
al., 2020). Conversely, in top-down proteomics, intact proteins are directly analysed
by MS. This provides comprehensive and more accurate identification and
quantitation of different proteoforms. Nevertheless, technical improvements, for
example in sensitivity and better informatics tools, are required before it can be fully
harnessed for optimal protein detection. Therefore, top-down proteomics approaches
continue to develop (Roberts et al., 2024). The third, not as well-known approach is
“middle-down” proteomics, which focuses on the analysis of middle-range peptides
that are larger than those detected in bottom-up proteomics but smaller than intact
proteins (Cristobal et al., 2017).

The earliest MS-based proteomics analyses were based on “in-gel digestion”
protocols, where proteins are first separated by gel electrophoresis, then visualised
by staining the polyacrylamide gels, and finally enzymatically digested into peptides
prior to MS analysis (Shevchenko et al., 1996). Nowadays, other protocols have
mostly displaced the use of gel-based methods. Typically, sample preparation starts
with the isolation of proteins, which, in the case of cells or tissue, requires a lysis
step (Figure 4A). Next, a reduction step is needed to break inter- and intramolecular
disulfide bonds. Subsequently, the resulting free thiol groups of cysteine residues are
alkylated using an alkylating agent, such as iodoacetamide, to prevent the
reformation of the disulfide bonds. The proteins are then digested into peptides using
sequence-specific enzymes or chemicals (Switzar et al., 2013). In MS-based
proteomics, the most commonly used digestion reagent is trypsin, which cleaves the
polypeptide chain exclusively at the carboxyl side of arginine (Arg) and lysine (Lys)
residues (Burkhart et al., 2012). This results in an optimal average peptide length of
around 14 amino acids and at least two positive charges: one at the N-terminus and
the other at the C-terminal Arg/Lys. These tryptic peptides are well-suited for MS
analysis and their fragmentation pattern is often more reproducible and interpretable.

In the next step, peptides are separated in a high-performance liquid
chromatography (HPLC) system to limit the number of peptides entering the MS
simultaneously (Figure 4B). Different HPLC modes can be applied for peptide
separation, which take advantage of the intrinsic characteristics of peptides,
including size, net charge, or hydrophobicity (Mant et al., 2007). The most widely
used HPLC mode in MS-based proteomics is reversed-phase liquid chromatography,
due to its speed, efficacy, and compatibility with MS (Lenco et al., 2022). Typically,
so-called nano-flow columns are used with flow rates in the order of hundreds of
microlitres per minute, which improve the sensitivity of the MS analysis. The
columns are packed with silica-based support that forms a hydrophobic stationary
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phase. The mobile phase often contains a small proportion of an acid, such as formic
acid, and a linearly increasing concentration of a strong solvent, such as acetonitrile.
The peptides are eluted based on their hydrophobicity. In practice, the increasing
concentration of the strong solvent in the mobile phase gradually weakens the
affinity of peptides for the hydrophobic stationary phase. Consequently, the most
hydrophilic peptides pass through the column first, followed by peptides with

hydrophobic side chains in the order of their increasing hydrophobicity.
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Figure 4. Typical bottom-up proteomics workflows. (A) Proteins are first separated and
subsequently digested into peptides. (B) Next, peptide samples are injected into an
nLC column, which separates the peptides before ionisation and entry into the mass
spectrometer. Samples can be analysed using either discovery proteomics

such as data-dependent acquisition

acquisition (DIA), or a targeted proteomics approach. (C) The raw data is then

methods,
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Before peptides can enter the mass spectrometer, they need to be ionised. The
most commonly used ionisation methods are electrospray ionisation (ESI) and
matrix-assisted laser desorption/ionization (MALDI), both of which are considered
soft ionisation techniques that do not cause fragmentation of the molecules (Fenn et
al., 1989; Tanaka et al., 1988). ESI is particularly favorable because it enables the
direct interfacing of nano-flow liquid chromatography (nLC) and thereby the
continuous analysis of peptides in solution (Figure 4B). In an ESI ion source,
peptides are sprayed directly from the capillary column of the nLC, which is held at
high voltage to form charged droplets. By solvent evaporation, the charged droplets
will shrink to smaller and smaller droplets, ultimately leading to the formation of
free gas-phase ions that can enter the MS.

Mass spectrometers are highly sophisticated instruments, which can resolve ions
based on their mass-to-charge ratio (m/z). In bottom-up proteomics, mass (m) is the
molecular weight of the ionised peptide in Daltons, and charge (z) is the number of
elementary charges present on the ionised molecule. Inside the mass spectrometer,
ions are introduced into vacuum, which prevents them colliding with other
molecules. There are various types of mass spectrometers, which are built using
different configurations for ion transfer, filtering, accumulation, and fragmentation.
However, by default, all MS instruments are equipped with an ion source, a mass
analyser, and a detector.

Just as there are different ion sources, there are also several types of mass
analyser. The most commonly used mass analysers are quadrupoles, ion traps, and
time-of-flight (TOF), which all have their advantages and disadvantages (Haag,
2016). Quadrupole mass analysers are versatile and can be operated to filter ions
based on specific m/z, to transfer ions from one part of the mass spectrometer to
another or for ion fragmentation (March, 1997). Therefore, they are often used in
tandem, as in triple quadrupole mass spectrometers, or they can serve a task in other
mass spectrometers with a different main mass analyser. Despite providing excellent
sensitivity, quadrupole analysers have a limited mass range and relatively low
resolution. Ion traps differ notably in their fundamentals and design, but as the name
suggests, they all trap ions inside electromagnetic fields. One branch of ion traps is
Orbitrap, which has two hollow outer electrodes with an inner electrode located
within them (Nolting et al., 2019). Accumulated ion packets are injected into the trap
through a narrow hole, and due to an electric field between the electrodes, ions start
oscillating back and forth of the axis of the inner electrode. The frequency of the
oscillating ion ring defines the ions’ m/z and can be detected with high mass
accuracy. TOF analysers are often combined with MALDI ion source. In the TOF
analyser, m/z is measured based on the time it takes from accelerated packet of ions
to fly through a flight tube and reach the detector (Mamyrin, 2001). In principle, ions
with different m/z will arrive at the detector at different times and can thus be
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separated from one another. Orbitrap and TOF analysers are often used in high-
resolution mass spectrometers, which perform particularly well during untargeted
analysis of complex samples. Compared to quadrupole analysers, these instruments
have a higher resolution, a wider mass range, and better mass accuracy (Mirzaei and
Carrasco, 2016).

In MS-based proteomics, where accurate detection and quantification of peptides
and proteins is required, tandem mass spectrometry (MS/MS) is commonly used. In
MS/MS analysis, the entering precursor ions with a given m/z are first analysed
(MST1 level), followed by fragmentation of the ions in a collision cell and subsequent
analysis of the fragmented ions (MS2 level). During fragmentation, the imparted
energy breaks the peptide backbone apart. Most commonly, this happens at the
amide bond between the amino acids, resulting in b- and y-ions depending on
whether the charge is retained at the amino- or carboxy-terminal part, respectively
(Mann and Steen, 2004). Depending on the type of analysis, mass spectrometers can
be operated in different modes. Discovery or shotgun proteomics aims to identify as
many proteins in the sample as possible without prior knowledge, while targeted
proteomics focuses on the analysis of a predefined set of peptides (Figure 4B)
(Aebersold and Mann, 2016).

For a long time, data-dependent acquisition (DDA) has been the preferred
method for discovery proteomics experiments. In DDA, a full spectrum of peptide
ions is first measured, followed by a selection of the most intense peptide ions,
subsequent fragmentation of these ions, and acquirement of the fragmentation
spectra (Acbersold and Mann, 2016). However, there are often missing values
observed across multiple measurements, which compromises the quantitative
accuracy and the reproducibility of the analysis. Nowadays, an upward trend in the
proteomics field has been the replacement of the DDA methods by data-independent
acquisition (DIA) methods. In DIA, using sequential, marginally overlapping
precursor isolation windows, peptide ions in the entire m/z range (usually 400-1200
m/z) are measured and fragmented (Frohlich et al., 2024). As a result, more complete
proteome coverage is achieved with lower number of missing values. Additionally,
more precise protein quantitation is gained, as MS2-level information is also used
for quantification. However, compared to DDA, the fragmentation spectra are far
more complex, which has been a major hurdle. Recently, drastic developments in
DIA analysis software tools have overcome this obstacle, paving the way for deep
protein coverage and accurate quantitation (Frohlich et al., 2024; Mann et al., 2021).

Targeted proteomics is commonly used for the verification of discovery
proteomics results due to the high sensitivity, quantitative accuracy, and
reproducibility of the method (Borras and Sabido, 2017). These qualities also make
it an ideal approach for the detection of specific low-abundant proteins that are often
difficult to capture with DDA and DIA methods. However, only a limited number of
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target peptides can be analysed in a single run, ranging from tens to hundreds. The
two main targeted approaches are selected reaction monitoring (SRM), also called
multiple reaction monitoring (MRM), and parallel reaction monitoring (PRM). In
both approaches, an inclusion list is first created that defines the target peptides with
known m/z and chromatographic retention time (RT). SRM experiments are
performed in triple quadrupole mass spectrometers. The first quadrupole filters the
listed precursor ions, the second quadrupole acts as a collision cell to fragment these
ions, and the third quadrupole filters the selected fragment ion for detection. In SRM
experiments, the inclusion list also includes m/z of the fragment ions, whereas in
PRM experiments the whole fragment spectra of the precursor is measured in
parallel. Therefore, PRM experiments are performed in high resolution mass
spectrometers, such as in Orbitrap instruments (van Bentum and Selbach, 2021).
The raw data from mass spectrometers containing peptide and fragment ion
spectra is then processed using proteomics software packages that enable peptide
identification and quantification, such as MaxQuant (Cox and Mann, 2008) and
Skyline (MacLean et al., 2010) (Figure 4C). Often these software have built-in
search engine that uses sequence database, commonly in a form of FASTA file, for
peptide identification. Spectral features from peptides representing a specific protein
are then combined to calculate a single intensity value for that protein. The more
commonly used approach for protein quantification is relative quantification, where
the abundances of the same protein are compared between samples (Sinha and Mann,
2020). An alternative approach is absolute quantification, which defines the protein
concentration in a sample and can be used to compare the same protein between
samples or different proteins within a sample. However, absolute quantification is
still very limited in its use due to analytical and technical challenges, which relate,
for example, to reproducibility and the non-quantitative nature of ESI-MS (Nosti et
al., 2022). Relative quantification can either be done using a label-free quantification
(LFQ) or a label-based quantification strategy (Lindemann et al., 2017). In LFQ, the
extracted raw data is normalised and then protein levels are compared between
different conditions. LFQ is a cost-efficient and straightforward strategy that works
well for large sample numbers. However, compared to label-based quantitation, it is
more prone to quantitative variation if not carefully monitored (Sinha and Mann,
2020). Label-based quantification is commonly performed using stable isotopes. As
these labelled peptides are chemically identical, their behaviour is exactly the same,
but their mass is different, thus allowing differentiation of samples. In targeted
analysis, synthetic heavy reference peptides can be spiked into the samples and used
for peptide quantification, as well as for data normalisation (van Bentum and
Selbach, 2021). There are multiple software tools available for the downstream
processing and statistical analyses of proteomics data. (Chen et al., 2020).
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2.2.2 The blood plasma/serum proteomics

Blood is the primary clinical specimen because it is easily collected and contains
diagnostically relevant information (Anderson, 2010). Blood has four main
components: plasma, red blood cells, white blood cells and platelets. Plasma is
watery fluid that is rich in proteins but also consists of electrolytes, carbohydrates,
and lipids. The difference between plasma and serum is the presence of an
anticoagulant. To obtain plasma, an anticoagulant needs to be added, whereas serum
is obtained after clotting and therefore lacks fibrinogen and other related coagulation
factors (Boulpaep, 2017b).

The total protein concentration of plasma is approximately 60-80 pg/ml, and it
represents a complex proteome comprising more than 10,000 proteins (Nanjappa et
al., 2014; Tirumalai et al., 2003). These proteins are derived from different cells and
tissues throughout the body. As most diseases alter the endogenous protein
expression, changes observed in the plasma proteome can be indicative of the
disease. In addition, proteins of pathogenic origin can be found (Anderson and
Anderson, 2002). The most dominating protein in plasma is albumin, which covers
more than 50% of the total protein content. In addition, there are another 21 proteins,
including immunoglobulins, transferrin, haptoglobulin, complement factors, and
apolipoproteins, which together with albumin cover nearly 99% of the total protein
content (Tirumalai et al., 2003). The remaining 1% represents the diverse group of
low abundant proteins. This group is often considered the most interesting part of
the plasma proteome, as it is the most promising source of new biomarkers (Millioni
et al., 2011). The deeper the plasma proteome can be explored, the more likely it is
to detect clinically significant proteins, such as cellular ligands, signal proteins, or
tissue leakage proteins that, as a result of disease, are found in plasma (Geyer et al.,
2017; Millioni et al., 2011). The dynamic range, which exceeds 10 orders of
magnitude between albumin and the rarest proteins, is one of the major challenges
in plasma proteomics (Anderson and Anderson, 2002). It is currently possible to
detect around 1,000 proteins from neat plasma using state-of-the-art mass
spectrometers (Niu et al., 2025). Although analysis of neat plasma is cost-efficient
and straightforward, there is a strong interest in achieving much deeper coverage of
the proteome.

To overcome this challenge and improve the detection of low-abundance
proteins, several strategies have been developed. In MS-based proteomics,
immunodepletion of high-abundance proteins and sample fractionation have
commonly used. Nevertheless, by depleting the samples, cross-reactivity of
antibodies to similar epitopes and proteins bound to the depletion targets may cause
bias in the results (Bellei et al., 2011; Geyer et al., 2016). Sample fractionation,
however, is often laborious and can compromise throughput, which might diminish
its applicability. In recent years, alternative enrichment approaches have entered the
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market. These include Seer’s nanoparticles, which, through their physicochemical
properties, induce the assembly of a corona of enriched proteins on their outer
surface that can be analyzed (Blume et al., 2020). With this technology it is possible
to detect up to 4000 proteins from plasma (Beimers et al., 2025; Huang et al., 2025).
Alternatively, there are magnetic bead-based enrichment methods, such as
PreOmics® ENRICH-iST technology, which also targets low-abundant proteins, and
Mag-Net by ReSyn Biosciences™ (Wu et al.,, 2024), which focuses on the
enrichment of extracellular vesicles. With these technologies it is possible to detect
over 2000 proteins or even up to 5,000 proteins from plasma (Beimers et al., 2025;
Heil et al., 2023; Wu et al., 2024). Interesting results have also been obtained with
an affordable method that uses perchloric acid for selective protein precipitation to
increase low abundant proteins (Viode et al., 2023).

Additionally, there are non-MS-based proteomics technologies available. These
include antibody- and aptamer-based affinity proteomics technologies, such as
Olink® Explore, Olink® Reveal and SomaScan by SomaLogic, respectively. These
technologies enable targeted detection of several thousand proteins in plasma and
serum (Cronje et al., 2023; Sun et al., 2023). The technology of choice often depends
on multiple factors such as cost, availability, throughput and accuracy.

Another challenge arises from pre-analytical variability. Like all proteomes, the
plasma proteome is dynamic and represents the proteins present at the specific
moment when the sample is taken, potentially causing variability in the data. This
variability might be due to recent exercise or food intake. In addition, sample
handling before and during blood processing, sample storage, and the number of
freeze-thaw cycles are all sources of variation and thus may cause alterations in
plasma proteome composition (Ignjatovic et al., 2019). These factors may affect
protein identification, quantitation, reproducibility, PTMs, and the overall data
quality. Furthermore, understanding the difference between plasma and serum is
important, as the type of sample can affect the levels of many proteins. (Geyer et al.,
2019). Therefore, detailed documentation, standardised pre-analytical procedures,
and sufficient quality controls are key elements in producing high-quality data
containing relevant information.

2.2.3 Type 1 diabetes-associated plasma/serum proteomics
studies

The published type 1 diabetes-associated plasma and serum proteomics studies
(Table 1) have primarily focused on identifying disease-associated changes by
comparing samples from already diagnosed individuals (De Oliveira et al., 2018;
Metz et al., 2008; Zhang et al., 2013; Zhi et al., 2011) or from genetically susceptible
children before the onset of the disease (Liu et al., 2018; Moulder et al., 2015;
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Nakayasu et al., 2023; von Toerne et al., 2017) to matched controls. These studies
have provided important information on type 1 diabetes-associated protein
alterations in the plasma and serum, although the reported results between studies
are somewhat inconsistent.

The earlier type 1 diabetes-related proteomics publications have focused on
recently diagnosed individuals (Metz et al., 2008; Zhang et al., 2013) or individuals
who have been living with type 1 diabetes for a longer time (Zhi et al., 2011). In
these studies, pooled cross-sectional serum and/or plasma samples that were either
fractionated (Metz et al., 2008) or immunodepleted (Zhang et al., 2013; Zhi et al.,
2011) prior to discovery MS analysis were used. For the validation of the discovery
results in the studies by Zhi et al. (2011) and Zhang et al. (2013), individual samples
were analysed, as was also done in the later published study by De Oliveira et al.
(2018). While comparing the study results, no overlap between the significantly
altered proteins in these post-diagnosis studies was found. By extending the
comparison to significant proteins identified in the discovery studies, six overlapping
proteins with similar trends reported in at least two separate studies were found.
These included zinc-alpha-2-glycoprotein (AZGP1), corticosteroid-binding globulin
(SERPINAG6) and lumican (LUM), which were increased in diagnosed individuals
as well as clusterin (CLU), complement C3 and complement C4 that were decreased.

The latter studies of type 1 diabetes progression, have mostly analysed
longitudinal pre-onset serum or plasma sample series obtained from prospective
cohort studies. Considering the heterogeneity in type 1 diabetes development, some
studies have analysed rather heterogeneous populations (Liu et al., 2018; Moulder et
al., 2015), whereas others have focused on more homogeneous groups of individuals
(Nakayasu et al., 2023; von Toerne et al., 2017). In these studies, individual samples,
which were immunodepleted before MS analysis were measured, except in the study
by Nakayasu et al. (2023), where pooled samples in the discovery phase were used.
Similarly to post-onset studies, the significant results between the studies were
relatively inconsistent. By compering the significantly altered proteins in these
studies, 22 proteins were found to be reported as significant in at least two out of the
four studies. Among these, only nine proteins show consistent trends in at least two
studies. These included biotinidase (BTD) and complement component C8 alpha
chain (C8A) that were were increased in those individuals who developed islet
autoantibodies and/or progressed to type 1 diabetes. The decreased proteins included
three apolipoproteins (APO), namely APOC4, APOA4, and APOC2, as well as
mannose-binding protein C (MBL2), peptidase inhibitor 16 (PI16), vinculin (VCL),
and complement C3. As the proteomics technologies continue to develop and the
study designs improve, more accurate disease-associated protein signatures are
likely to be acquired.
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Table 1. Type 1 diabetes-associated MS-based proteomics studies. Case = individual diagnosed
with type 1 diabetes, Ctrl = control, AAb+ = autoantibody-positive individual, SC =
seroconversion
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5 proteins
Metz T et Post PI:rs]?a 10 case-ctrl secc:;?ics)z-al <30 vears with
al. 2008 pairs g Y significant
Serum pooled (2) .
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30 case-ctrl Discove i’ 6 validated
Zhi W et al. pairs, ry: 0-80+ proteins with
Post Serum A pooled, e
2011 Validation: Validation: years significant
1139 case Immunoassé differences
and 848 ctrl | unoassay,
individuals
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50 case and sectional, Y- | 6 validated
Serum . ) 10-29 . A
Zhang Q et Post (and 100 ctrl, Discovery: ears proteins with
al. 2013 Targeted: 10 pooled, Y " significant
plasma) . Targeted: .
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. L 5-23 years
pairs individual
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De Oliveira 30 case-ctrl : 18-59 with
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individual :
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Pre Plasma 9 samples/ L
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3 Aims

The aim of this doctoral dissertation was to provide molecular insights into the
development of type 1 diabetes, starting from its early signs to diagnosis and beyond.
An additional goal was to understand how persistent enterovirus infection, which is
associated with type 1 diabetes in many studies, modulates the protein expression
and secretion of pancreatic cells. The key technology used in all these studies was
mass spectrometry-based proteomics.

The specific aims of this dissertation were:

1. To identify early type 1 diabetes-associated molecular changes by
studying longitudinal plasma and serum samples of young children who
progressed to type 1 diabetes before the age of 5 years (Study I).

2. To evaluate and validate a panel of proteins previously associated with
type 1 diabetes using longitudinal serum samples from newly diagnosed
youth collected during the first year after diagnosis (Studies II and III).

3. To understand how persistent enterovirus infection modulates protein
expression and secretion in pancreatic ductal cells (Study IV).

4, To investigate whether the virus-induced proteomic changes are
detectable in the plasma/serum samples of children who progress to type
1 diabetes.
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4 Materials and Methods

Figures 1-5 and 7 presented in this doctoral dissertation were created with
Biorender.com. In Figure 3, the protein structure (beta-defensin 1) was obtained
from AlphaFold Protein Structure Database (Jumper et al., 2021; Varadi et al., 2024,
2022).

4.1 Ethical considerations

In this dissertation, human serum and plasma samples were analysed, which were
obtained either from the Finnish Type 1 Diabetes Prediction and Prevention (DIPP)
study (Study I) or from the pan-European Innovative approaches to understanding
and arresting type 1 diabetes (INNODIA) study (Studies II and I1I). In both studies,
the guidelines of the Declaration of Helsinki for research on human participants were
followed. The ethical committees of the participating hospitals approved the study
protocols. Either the parents or the participants gave their written informed consent
for the participation.

4.2 Samples

4.2.1 Human plasma and serum

In Study I, longitudinal non-fasting plasma and serum samples from 92 DIPP
children (< 5 years of age) with HLA-conferred genetic susceptibility for type 1
diabetes were analysed. These samples were collected between 1996 and 2015 in the
cities of Tampere (plasma) and Turku (serum). The plasma samples from 30 DIPP
children were used for the discovery proteomics analysis and included up to four
follow-up samples per child, collected between 3 and 36 months of age. The cohort
included 10 multiple autoantibody positive children who had progressed to type 1
diabetes before the age of four years (progressors) and their matched single
autoantibody-positive (1AAb+) and autoantibody-negative (AAb-) children. The
matching was based on HLA risk group, sex, region and date of birth. For the
subsequent targeted proteomics analysis, 62 DIPP children were selected. From each
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child a median of nine follow-up samples was received, collected between 2 and 60
months of age. This cohort included samples from 31 progressors, who had
developed type 1 diabetes before the age of five years and their matched AAb-
children.

In Studies II and III, longitudinal serum samples were measured from “the first
100” (Study II) and “the next 150 (Study III) newly diagnosed (ND) INNODIA
participants and their first-degree relatives. The INNODIA study centres around
Europe used tightly controlled sample handling protocol while collecting samples
between 2018 and 2022 (Dunger et al., 2022). The samples from ND were collected
within 6 weeks of diagnosis and then 3, 6, and 12 months after. Cross-sectional
samples from autoantibody-negative unaffected family members (UFMs) served as
reference. In both studies, the data used in the comparisons was restricted to
participants < 18 years old resulting 86 ND (288 samples in total) and 194 UFMs in
Study II and 146 ND (560 samples in total) and 272 UFMs in Study III. In addition,
three samples were specifically selected and used as quality controls. From all ND
youth, fasting C-peptide and fasting serum glucose measurements were taken. The
fasting C-peptide/glucose ratios were used to estimate the amount of functional beta
cells and as an indication of the rate of disease progression.

4.2.2 Human pancreatic ductal cells (PANC-1)

In Study IV, the effects of persistent enterovirus infection in human pancreatic
ductal cells (PANC-1, from Professor Didier Hober’s laboratory in France) was
studied. The persistent infection model was established in Professor Heikki Hydoty’s
laboratory at Tampere University (Honkimaa et al., 2020). In brief, PANC-1 cells
were infected with two different CVBI1 strains: prototype strain ATCC (American
type culture collection, strain Conn-5) and wild type strain 10796, originally isolated
in 1983 in Argentina (Hdmaildinen et al., 2014). A low virus titre was used for the
establishment of the primary infection, which instantly caused a strong cytopathic
effect and extensive cell death (Study I'V/Figure 1A). The surviving cells started to
recover and were maintained for one year post infection. Alongside non-infected
control cells were grown. The presence of virus was monitored at regular basis using
quantitative reverse transcription polymerase chain reaction (RT-qPCR) as described
previously (Honkanen et al., 2013). At day 362 after initial infection, the presence
of viral capsid protein VP1 was confirmed by immunohistochemistry using
formalin-fixed paraffin-embedded (FFPE) cell samples stained with VP1 detecting
monoclonal antibody (M7064, clone 5-D8/1, Agilent Dako), as previously described
(Krogvold et al., 2015).

For the proteomics analysis, three biological replicates of infected and non-
infected cell samples and cell culture supernatants were collected 300-322 days after
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the initial infection. Four days before sample collection, the cells were transferred to
serum-free DMEM medium supplemented with antibiotics, and two days before
collection the cell viability was estimated by ToxiLight™. Scraped cells were
pelleted by centrifugation and the dry cell pellets were stored at -80 °C. The cell
culture supernatants were cleared by centrifugation and stored at -80 °C.

4.3 Sample preparation

4.3.1 Plasma proteomic profiling

In total 101 plasma samples from 30 DIPP children were prepared for the discovery
proteomics analysis in Study I. The samples were prepared and analysed batch-wise
in a blinded fashion. First, 8 pl of plasma was taken, from which the 12 most
abundant plasma proteins were depleted using Pierce™ top 12 spin columns
(Thermo Scientific). The lower abundance proteins were then precipitated with ice-
cold acetone and stored at -20 °C overnight. The precipitate was then dissolved in
150 pl of 8 M urea, followed by reduction with dithiothreitol (DTT) and alkylation
with iodoacetamide. Before overnight trypsin digestion, the urea concentration was
adjusted to 1.4 M. The samples were then acidified and desalted doubly with Sep-
Pak C18 cartridges (50 mg, Waters), dried and stored at -20 °C. Before MS analysis
the samples were reconstituted into 2% formic acid, 2% acetonitrile. The protein
concentration in each sample was estimated using a NanoDrop-1000 UV
spectrophotometer (Thermo Scientific), after which retention time standard peptides
(iRT, Biognosys), used as quality control, were spiked into each sample.

4.3.2 Targeted serum proteomics

In total 524 serum samples in Study I, 482 serum samples in Study II and 832 serum
samples in Study III were prepared for targeted proteomics analyses. The samples
were prepared and analysed batch-wise in a blinded fashion. First, 4 pl of undepleted
serum was directly diluted with 8 M urea. Otherwise, sample preparation protocol
followed the same steps as described above in the discovery proteomics paragraph
with minor changes. The samples were prepared in 96 well plates. To ensure higher
throughput, reduce human error, and maintain consistency in sample preparation, a
semi-automated sample preparation protocol using Biomek™ robot was developed
for Study III. Desalting was performed using 96 well Sep-Pak C18 plates (100 mg,
Waters). After drying and storing at -20 °C, the samples were reconstituted either
with 2% formic acid, 2% acetonitrile (Studies I and II) or with 0.1% formic acid,
2% acetonitrile (Study III). Synthetic peptide analogues labelled with heavy
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isotopes (PEPotec, Thermo Fischer Scientific) were spiked into the samples (~10
fmol/pl) together with retention time standard peptides (MSRT1, Sigma-Aldrich).

4.3.3 Cell lysates

The cell pellets were lysed in 200 ul of 4% SDS, 0.1 M DTT in Tris HCIL. To
inactivate the virus, the sample tubes were incubated at 95 °C for 5 min.
Subsequently, the samples were sonicated to reduce viscosity of the cells. The
samples were then centrifuged, after which the protein containing supernatant was
collected. Filter-aided sample preparation (FASP) protocol with slight modifications
was followed for detergent removal and protein digestion (Wisniewski et al., 2009).
In brief, around 60 pg aliquots of the lysates were first mixed with 400 pl of § M
urea in Microcon-30 kDA filter units (YM-30, Millipore) and centrifuged. Two
rinsing steps with 400 ul of 8 M urea were then performed. Subsequently, 300 ul of
0.05 M iodoacetamide was added to each filter and incubated. After this, the filters
were centrifuged. The samples were then washed two times with 400 pl of 8 M urea.
Prior to overnight trypsin digestion, the buffer was changed by washing the samples
twice with 400 pl of 10 % acetonitrile in 25mM Tris/HCI. In the following day, the
peptide containing filtrates were collected by centrifuging the samples and rinsing
the filters twice with 250 pul of the digestion buffer. Before desalting, the samples
were dried and reconstituted with 1 ml of 0.1% trifluoroacetic acid. Desalting was
performed using 96 well Sep-Pak C18 plates, after which the samples were dried.
Prior to MS analysis, the samples were reconstituted with 2% formic acid, 2%
acetonitrile and the protein concentration was determined with NanoDrop-1000 UV
spectrophotometer (Thermo Scientific).

434 Cell culture media

Cell culture media was first concentrated by centrifuging 7 ml of media in 10 kDa
Amicon Ultra-15 Centrifugal filter units (Merck Millipore). The virus was then
inactivated by heating the concentrated samples at 95 °C for 5 min. A second
concentration step was performed by centrifuging the sample in 3 kDa Amicon
Ultra-0.5 Centrifugal filter units (Merck Millipore), after which buffer exchange was
performed by adding 250 pl of 8 M urea in the filter and centrifuging. The protein
containing concentrate inside the filter was then transferred into a new tube. After
that, reduction and alkylation steps were performed. Before overnight trypsin
digestion, the urea concentration was reduced to 1.5 M. In the next day, the samples
were acidified and then desalted using 96 well Sep-Pak C18 plates and dried. Prior
to MS analysis, the samples were reconstituted and protein concentration was
measured, as described earlier.

34



Materials and Methods

4.4 LC-MS analyses

4.4.1 Data-dependent acquisition (DDA)

The peptide samples were analysed in triplicate using a high resolution Q Exactive
Hybrid Quadrupole-Orbitrap (Study I) or Q Exactive HF Hybrid Quadrupole-
Orbitrap (Study IV) mass spectrometer (Thermo Fisher Scientific), both coupled
with EASY-nLC 1000 liquid chromatographs (Thermo Fisher Scientific) and a nano-
electrospray ion sources (Thermo Fisher Scientific). In Study I, the peptide samples
were first loaded into a 2 cm pre-column (inner diameter 100 pm, packed with 5 pm
C18 silica particles from Michrom Bioresources) in buffer A (0.1% formic acid, 2%
acetonitrile), followed by separation using an in-house made 15 cm analytical
column (inner diameter 75 pm, 5 um C18 silica beads by Michrom Bioresources).
In Study IV, in-house made 40 cm analytical column (inner diameter 75 um, 1.9 um
ReproSil-Pur C18 beads from Dr. Maisch) was used and maintained at 60 °C
throughout the runs using an in-house made column oven. The peptides were
separated using a linear 90 min (Study I) or 110 min (Study IV) binary gradient
(buffer A and buffer B: 0.1% formic acid, 95% acetonitrile). The most intense
peptide precursor ions (10 in Study I, 12 in Study IV) were selected for
fragmentation using a high-energy C-trap dissociation. To avoid repeated selection
of identical precursor ions, the dynamic exclusion was set to 20 s.

4.4.2 Selected reaction monitoring (SRM)

Preselected peptides presenting 12 proteins in Study I, 98 proteins in Study II and
21 proteins in Study III were measured using the SRM approach. A TSQ Vantage
Triple Quadrupole mass spectrometer (Thermo Fisher Scientific) interfaced with
EASY-nLC 1000 (Thermo Fisher Scientific) (Studies I and II) or Evosep One
(Evosep) (Study III) liquid chromatograph and a nano-electrospray ion source
(Thermo Fisher Scientific) was used to obtain the SRM measurements. To develop
a retention time-scheduled data acquisition methods, Skyline software was used.
In Studies I and I1, the peptide samples were separated using the same two-column
setup as described in the DDA-approach of Study I. In Study III, the peptide
samples were loaded onto Evotip Pure disposable trap columns and separated using
an 8 cm analytical column (EV1094 Endurance column, inner diameter 100 um,
3 um C18 silica beads by Dr. Maisch). For peptide separation linear 60 min (Study
I), 45 min (Studies I and II) or 24 min (Study III) binary gradient was used.
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4.5 Preprocessing of the raw data

451 MaxQuant

The raw data obtained from the high resolution Orbitrap mass spectrometers
(Studies I and IV) was preprocessed with MaxQuant software version 1.5.5.1 (Cox
and Mann, 2008) integrated with Andromeda search engine (Cox et al., 2011). The
peptide lists were searched against combined SwissProt human and TrEMBL
enterovirus protein sequence database with added iRT peptide sequences and a
common contaminants database. Label-free quantification (LFQ) was selected with
the LFQ minimum ratio count of 2. Enzyme specificity was set to trypsin and a
maximum of two missed cleavages was allowed. N-terminal acetylation and
methionine oxidation were selected as variable modifications and cysteine
carbamidomethylation as a fixed modification. A false discovery rate (FDR) was set
to 1% at peptide and protein level and was determined by searching a reverse
database. A minimum length of seven amino acids was required. To transfer peptide
identifications between two raw files, “match between runs” feature was enabled.
Otherwise MaxQuant default settings were used.

452  Skyline

Skyline software (MacLean et al., 2010) was used to manually inspect the raw data
from the triple quadrupole mass spectrometers (Studies I, IT and III) by comparing
the light (endogenous) and the heavy (synthetic) peptide elution profiles. In Study I,
Skyline was also used for data normalisation by dividing the total peak area of each
peptide with the sum of peak areas of two peptides representing endogenous alpha-
1B-glycoprotein (A1BG). In our previous studies, A1BG has been one of the most
stable serum proteins detected in longitudinal samples from children and was
therefore selected as a global standard (Lietzén et al., 2018; Moulder et al., 2015).

4.6 Data analysis

4.6.1 Perseus software platform

The “ProteinGroups.txt” output file from MaxQuant was analysed with Perseus
software platform, which was developed for the analysis of quantitative proteomics
data (Tyanova et al., 2016). The LFQ normalised protein intensities were selected
and the data was first filtered by removing proteins identified only with one variable
modification site or belonging to reverse data base. Then potential contaminants
were manually removed and only proteins identified with minimum of two razor

36



Materials and Methods

and/or unique peptides were kept in the data matrix. The data from three technical
replicates was combined by calculating the median intensity value with the
requirement of minimum of two valid values per protein. Finally, only proteins that
were quantified in at least half (Study I) or one third (Study IV) of the samples were
kept. In Study IV, unpaired Student’s t-test was used to find significant differences
in protein expression levels between the samples. Proteins with an FDR < 5% and a
fold change > 1.5 were considered significantly differentially expressed.

4.6.2 An additive Gaussian process regression model

In Study I, the bioinformatics analyses were carried out in collaboration with
Associate Professor Harri Lihdesméki and Dr. Lu Cheng at Aalto University. An
additive Gaussian process regression model, LonGP, developed for statistical
analysis of longitudinal data, was used for statistical analysis of the discovery and
targeted proteomics data (Cheng et al., 2019). Continuous covariates included age
(days from birth to sampling date), “sero” (days from seroconversion date to
sampling date) and “t1d” (days from type 1 diabetes diagnosis date to sampling date),
which were all converted to the unit of months. Discrete covariates included sex,
group (progressor, 1 AAb+, AAb-), pair id and individual id. Interaction flags were
set to false for sero and tld. For targeted proteomics data, additional discrete
covariate “batch” was used as the data was analysed in three batches. The default
LonGP parameters were used. To be considered statistically significant effect, the
effect had to be included in the final cross-validated model and explained variation
had to be more than 1%.

46.3 Linear mixed effects model

The bioinformatics analyses in Studies II and III were conducted in collaboration
with Professor Laura Elo, Dr. Tommi Vilikangas and Associate Professor Tomi
Suomi at University of Turku. To normalise the log,-transformed data and adjust for
batch effects, peptide-wise linear mixed effects models (LMM) were used. There
was no need for imputation of the missing values since the proportion of missing
data was low (~0.3%). The technical reproducibility of the frequently measured QC
samples was good, with a mean coefficient of variation around 3% across all the
quantified proteins and the mean Pearson correlation of 0.98 between the QC
samples. The statistical analyses were conducted using programming language R
version 4.0.0 (R Core Team, 2018), with the R package Ime4 version 1.1-27.1 and
ImerTest version 3.1-3 to compose the LMMs (Bates et al., 2015). In the analysis of
peptide intensity differences and their associations with beta cell function, an FDR
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threshold of 0.05 was applied after multiple hypothesis correction using the
Benjamini—Hochberg procedure.

Prior to LMM analysis, the fasting C-peptide/glucose ratios were transformed to
natural logarithm to facilitate regression analysis. Fixed effects included sex, height
and body mass index (BMI) score (“age based BMI” expressed as standard deviation
score [BMI-SDS]). Individual and study centre were defined as random effects, with
individual nested under study centre. Height and BMI-SDS were applied to control
for individual differences in body size while simultaneously controlling for possible
age-related effects.

LMMs were also applied to search for associations between peptide slopes and
the fasting C-peptide glucose ratios at 24 months, while considering the effects of
sex, height, BMI score and study centre. Only ND youth with at least three study
visits including the first 6 week visit and the fasting C-peptide/glucose measurement
at 24 months were included in the analysis (n=33). In addition, associations between
the peptide slopes and the changes between the fasting C-peptide/glucose ratios at
24 months and at 6 weeks (24 months/6 weeks) were studied.

For the comparison of ND youth and UFMs, peptide-wise LMMs were used.
These models included age and sex as fixed effects and individual and study centre
as random effects, with individual nested under the study centre. In this comparison,
BMI score was not used.

In Study III, the peptide data was also combined protein-wise by calculating
meta p-values using the sum of z (Stouffer’s) method (metap 1.10) and adjusted for
multiple correction by Benjamini-Hochberg procedure.

4.6.4 Functional analyses and SignalP

In Study IV, DAVID functional annotations (Huang et al., 2009) and Ingenuity
Pathway Analysis (IPA, Qiagen) were used for functional enrichment analyses. To
be considered significant, FDR < 0.05 was required for Gene Ontology classes with
DAVID and p-value < 0.01 in [PA pathways.

The SignalP 4.1 server was used to predict the presence of signal peptides among
the detected proteins (Petersen et al., 2011). Both SignalP-TM and SignalP-noTM
were applied to distinguish between signal peptides and transmembrane regions.
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4.7 Further experiments with PANC-1 cells

4.7 .1 Quantitative real time-PCR

In Study IV, some of the proteomics findings were verified at transcriptional level
using real time-PCR. These experiments were carried out at the University of Turku
and Karolinska institute, and are described in detail in the manuscript.

4.7.2 Western Blot

For western blots, the cell lysate samples prepared for the proteomics analysis in
Study IV were used. The samples were first boiled with 6 x loading dye (330 mM
Tris-HCI, pH 6.8, 330 mM SDS, 6% B-ME; 170 ul Bromophenol blue; 30%
glycerol). The samples were then loaded to Mini-PROTEAN TGX Precast Protein
Gels (BioRad Laboratories) and subsequently transferred to PVDF membranes
(Trans-Blot Turbo Transfer Packs, BioRad Laboratories). The used primary
antibodies were elF4G (#2617, Cell Signaling Technology) and beta-actin (A5441,
Sigma-Aldrich).

4.7.3 In situ hybridisation

QuantiGene ViewRNA in situ hybridisation-technique was used for the detection of
a viral pattern recognition receptor IFIHI/MDAS (#VA1-13031) in the FFPE
samples collected in Study IV at day 102 and 228 post infection. This experiment
was conducted at Tampere University following a standard protocol as previously
described (Laiho et al., 2015).

4.7.4 Mitochondrial visualisation

The visualisation of mitochondrial network morphology in Study I'V was conducted
at Tampere University and is described in detail in the publication. A minimum of
three biological replicates of live cells persistently infected with CVB1 (ATCC and
10796) and non-infected controls were used for the experiment.

After imaging, the cells were categorised based on their mitochondrial network
morphology into four groups: elongated filaments, filaments, intermediate, and
fragmented network. Elongated filaments represented cells with long filaments as
mitochondrial network. The filaments group had shorter filamentous mitochondrial
networks and very few to no fragmented mitochondria. The intermediate group was
defined as cells with a clear mixture of elongated and fragmented mitochondria.
Cells categorised as fragmented had a large majority of a fragmented mitochondrial
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network. Out-of-focus and uncategorised cells were also detected and included in
the analysis. The proportion of uncategorised cells was 15% in non-infected cells,
3% in CVB1 ATCC cells and 4% in CVBI1 10796 cells. For calculation of the
percentages in each category, the measurements from each biological replicates were
averaged and a standard deviation was calculated separately for each condition.
Statistically significant results were defined using z-test.

4.8 Data availability

The raw data from the discovery proteomics analyses have been deposited to the
ProteomeXchange Consortium via the PRIDE partner repository (Perez-Riverol et
al., 2022) with the data set identifiers PXD033744 (Study I), PDX012153 and
PDX012154 (Study IV). The raw SRM data and Skyline documents of Study I are
available  through  Panorama  Public = (Sharma et al.,  2018)
(https://panoramaweb.org/APOC1 _rapidT1D.url) with the dataset identifier
PXD033946.
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5 Results

5.1

Longitudinal plasma and/or serum proteomes were studied in the pre-onset samples
collected from children who progressed to type 1 diabetes before the age of five years
(progressors) (Study I) and in samples obtained from youth newly diagnosed (ND)
with type 1 diabetes, collected during the first year after diagnosis (Studies II and
III) (Figure 5). In all studies, the longitudinal protein/peptide patterns were
compared with similar patterns either from matched single autoantibody-positive
(1AAb+) and/or autoantibody-negative (AAb-) children (Study I) or from
autoantibody-negative unaffected family members (UFMs) (Studies II and III).

In the discovery proteomics analysis of Study I, 269 protein groups (hereafter
referred as proteins) were identified and quantified with an average of 254 (£17) proteins
per sample. Among the selected 98 target proteins (including disease-associated and
control proteins) analysed in Study II, 79 proteins were detected in Study 1.

Plasma/serum proteomics
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Figure 5. Summary of the Studies I, Il and lll. Progressors = children who progressed to type 1
diabetes, 1AAb+ = single autoantibody-positive, AAb- = autoantibody-negative.
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5.1.1 The effect of age on plasma/serum proteome

Longitudinal data modelling by LonGP identified 115 statistically significant
proteins with age-associated trends in the discovery proteomics data from Study I,
and five additional proteins in the more extensive targeted proteomics data. These
age-associated proteins clustered into two separate groups, with either an increasing
or decreasing age-associated trend (Figure 6). The group showing an increasing age
trend was enriched with proteins associated with humoral immune response
according to Gene Ontology classification, whereas proteins related to
developmental process were enriched in the group with a decreasing age trend.
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Figure 6. Hierarchical clustering of the 115 statistically significant proteins with age-associated
changes in Study I. On the left side, example proteins complement component C8 beta
chain (C8B) and collagen alpha-1(l) chain (COL1A1) representing increasing and
decreasing age-associated trends, respectively.

5.1.2 Disease-associated changes before the onset

In Study I, the longitudinal plasma protein profiles of ten progressors who had
developed multiple autoantibodies and progressed to type 1 diabetes before the age
of four years were compared with the profiles of matched 1AAb+ and AAb- children
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using LonGP (Figure 5). To investigate proteins for which the plasma levels
changed around the time of seroconversion, the protein profiles of each progressor
and 1AAb+ child were aligned based on the seroconversion date, and the profiles of
the AAb- chidren were aligned based on the age of the matched progressor. In total,
14 proteins with statistically significant seroconversion-associated changes were
identified (Study I/Table 1), seven of which were verified using the targeted
proteomics approach (Table 2).

Another interest of the study was to identify proteins that altered prior to the
onset of the disease. For this purpose, the protein profiles of each progressor were
aligned based on the diagnosis date, and the profiles of each 1AAb+ and AAb- child
were aligned based on the age of the matched progressor. Statistically significant
changes were found in three proteins (Study I/Table 1). Among these, cysteine-rich
secretory protein 3 (CRISP3) and apolipoprotein C1 (APOC1) were selected for the
targeted proteomics analysis (Table 2).

Lastly, the plasma protein profiles of the three study groups were compared to
identify proteins that would distinguish the groups from one another. Based on
LongGP, two proteins, namely immunoglobulin heavy constant mu (IGHM) and
alpha-2-macroglobulin (A2M) were noted, among which IGHM was verified using
targeted proteomics (Table 2). Additionally, CD5 antigen like (CD5L), which binds
to IGHM (Hiramoto et al., 2018), was selected for the targeted proteomics analysis
due to its strikingly similar longitudinal protein profile with IGHM (Table 2).

Based on the data and LonGP results, a total of 11 proteins were selected for
verification using a targeted serum proteomics approach and a separate cohort of
DIPP children. This cohort included 31 children who had developed type 1 diabetes
before the age of five years and their matched AAb- children (Figure 5). Altogether,
24 peptides representing the 11 targets and an internal standard were included in the
analysis. For LonGP analysis, the normalized peptide level data was used. Based on
the results, the levels of two peptides representing APOCI1 decreased after
seroconversion and remained lower in the progressors (Study I/Figure 3).
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Table 2. Proteins selected for SRM analysis in Study I. CD5L, marked with an asterisk, was not
among the significantly altered proteins but selected based on its strikingly similar
protein profile with IGHM.

. . | Discovery: . | Targeted:
. . Dls_covery. Explained . Tgrgeted. Explained
Discovery: Disease- e Targeted: Disease- o
. - - variation of ) . variation of
Protein Explained | associated Explained | associated
D Gene e the o the
variation of effect disease- variation of effect disease-
"age” (%) (LonGP associated "age” (%) (LonGP associated
term) effect (%) term) effect (%)
2 peptides:
P01591 |I1GJ - "sero" 16.1 11.8 and - -
18.2
3 peptides:
P06727 | APOA4 - "sero" 15.2 52.4,47.0 - -
and 49.0
" " 2 peptides:
P02774 | GC - sero 4.4 0.2 and 4.3 - -
P08519 | LPA 8.7 "sero” 43 | 2peptdes: . .
: ’ 21and 2.0
2 peptides:
P18065 | IGFBP2 47.7 "sero" 1.7 33.9 and - -
56.7
" " 2 peptides:
P02787 | TF - sero 1.4 4.7 and 3.2 - -
" " 2 peptides:
P00748 | F12 - sero 1.2 06and 09 - -
P54108 | CRISP3 . "t 3.9 1 peplide: - ,
) )10 2 peptides: " " 2 peptides:
P02654 | APOC1 t1d 2.1 39and 2.5 sero 46and 4.9
"group” and 2 peptides:
P01871 | IGHM 242 we .| 9.8and4.2 | 10.1 and - -
age*group 1.0
2 peptides:
043866 | CD5L* 26.5 - - 11.1 and - -
14.4
5.1.3 Disease-associated changes during the first year from

diagnosis

In Study II, longitudinal peptide profiles representing the 98 target proteins,
including 85 type 1 diabetes-associated proteins and 13 reference proteins, were
compared between ND youth (a total of 288 samples) and UFMs (Figure 5).
Statistically significant differences (FDR < 0.05) were observed in the levels of 18
peptides, representing 13 proteins (Table 3). These proteins were further validated
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in a similar, however, separate, subsequently recruited larger group of ND youth
(560 samples in total) and UFMs using the SRM approach (Study III) (Figure 5).
For some proteins, additional peptides were measured (Table 3). In this follow-up
study, the changes in ten out of the 13 target proteins found in Study II were
replicated. From the remaining three proteins, which all belonged to the insulin-like
growth factor (IGF) family, the validations were limited by the poor signal intensities
and quality of the data obtained.

Table 3. Proteins with significant differences between ND and UFMs. Protein meta p-values were
calculated by combining the peptide p-values using the sum of z (Stouffer’'s) method (R
package, metap 1.10). Protein FDRs were calculated using the Benjamini-Hochberg
method.

. . . Protein .
Protein . Peptide | Peptide | Effect Protein
Study ID Gene Peptide FDR | p-value | size? meta p- FDR
value
Stlljldy P68871 | HBB SAVTALWGK 4.7E-02 0.005| 0.40 - -
StlL:ld Y | pess71 | HBB SAVTALWGK 0.002 | 7.7E-04 | 0.35
2.60E-06 | 4.4E-06
Study VNVDEVGG
m P68871 | HBB EALGR 0.001 | 5.2E-04| 0.36
Study TATSEYQTF _
I P00734 | F2 FNPR 8.5E-09 | 1.1E-10| 0.26 - -
Sy | poo734 | F2 TATSEYQTE | 4 76 04 | 6.4E26 | 042 3.2E-17| 1.9E-16
1l FNPR
Stlljldy P04196 | HRG DGYLFQLLR 1.7E-02 0.001| 0.16
Sth‘ldy P04196 | HRG | DGYLFQLLR 0.021| 0.012| 0.10
0.004 0.005
Study ADLFYDVEAL
m P04196 | HRG DLESPK 0.083 0.064| 0.08
St‘ﬁdy Q04756 | HGFAC | LEACESLTR | 1.3E-02 | 9.6E-04 | 0.14 - -
Stl":ldy Q04756 | HGFAC | LEACESLTR 6.8E-10 | 7.6E-11| 0.30
Stud 2.3E-10 | 9.0E-10
ILIJI Y | Q04756 | HGFAC | VANYVDWINDR 0.014 0.008| 0.14
Study AVISPGFD _
I P06681 | C2 VEAK 1.2E-05 | 4.9E-07 | 0.13
Sudv | pogest | c2  [HAFILQDTK | 3.9E-02| 0.004| 0.08
Sth’ldy P06681 | C2 C\F/EKPGFD 4.1E-05 | 9.6E-06 | 0.14
Stud 8.3E-10 | 2.5E-09
U9 poses1 | c2 HAFILQDTK 41E-05| 1.1E-05| 0.14
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Protein

Protein . Peptide | Peptide | Effect Protein
Study D Gene Peptide FDR |p-value | size® meta p- FDR
value

Study FLVGPDGIP —— | 371E-

"V | p223sa | GPx3 | TLY 5.5E-03 ol 01 : :
Stl‘fldy P22352 | GPX3 EA'Q/GPDG'P' 0.006| 0.003| 0.09

Stl‘fldy P22352 | GPX3 STE&GENSE'L 8.6E-04 | 2.9E-04| 0.09| 2.5E-09 | 6.1E-09
Study NSCPPTSELL

WY 1Pa23s2 | GPX3 | SoST 14E-04| 40E-05| 0.14

St‘ljldy P43652 | AFM | DADPDTFFAK | 5.5E-04 | 3.4E-05 | -0.13

Study | pyag50 | aFm | AESPEVCENE 15 4k 05| 3.2E:06 | -0.16 : :

I ESPK

St‘ljldy P43652 | AFM | GQCIINSNK 2.6E-04 | 1.3E-05| -0.20

Stl‘fldy P43652 | AFM | DADPDTFFAK | 3.1E-06 | 5.8E-07 | -0.14

Study AESPEVCF

MY 1 pages2 [AFM | NESGo 0049| 0037| -008| 19E-07| 3.7E-07
Stﬁldy P43652 | AFM | GQCIINSNK 0025| 0016| -0.19

S“fldy Q15582 | TGFBI \'-/TF'-K'-AP'-NS 4.0E-04 | 2.3E-05 | -0.22 : :
Stl‘fldy Q15582 | TGFBI \'-/TF';('-APLNS 0.025| 0.016| -0.08 0016| 0018
St‘IJldy P02654 | APOC1 | EFGNTLEDK | 8.5E-09 | 2.7E-09 | ~0.42

St‘ljldy P02654 | APOCT | EWNFSETFQK | 1.2E-07 | 1.4E-10 | -0.46

Stﬁldy P02654 | APOC1 | EFGNTLEDK 0.004| 0.002| -0.16

Stug 6.4E-06| 9.6E-06
ILI'IV P02654 | APOC1 | EWFSETFQK 0.001 | 4.7E-04| -0.26

Study AADDTWEPF _ _

'Y | poz7es | TTR | RADD 8.5E-09 | 1.2E-10 | -0.44

Study TSESGELHGLT . .

'Y | poz7es | TTR [ TSESCCLASLT 4 2E-07 | 1.2E-08| -0.46

Study | pop7ee | TR |AADDTWEPE |4 9 40| 1.4E-11| -0.28

. ASGK 31E-18 | 3.7E-17
Study TSESGELHGLT e e
WY lpozzes | TTR | TSESOERSLT | 0.6E-08 | 14E-08| -0.30

St‘ljldy P08833 | IGFBP1 | AQETSGEEISK | 8.0E-06 | 2.7E-07 | 0.38 - -
St‘ljldy P17936 | IGFBP3 | ETEYGPCR  |3.0E-02| 0.003| -0.11 ; ;
St‘ljldy P05019 | IGF1 QESTG'VDEC 3.8E-02| 0.003| -0.35 : :
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514 Associations between serum proteome and fasting
C-peptide/glucose ratios

To evaluate whether the alterations in the peptide levels were associated with beta
cell function, the longitudinal peptide profiles of ND youth were compared with the
concurrent fasting C-peptide/glucose ratios in Study II. Statistically significant
associations (FDR < 0.05) were found for 12 peptides, representing 11 proteins
(Table 4). Of these, three proteins were negatively associated and eight proteins
were positively associated with the fasting C-peptide/glucose ratios. The shape of
the fasting C-peptide/glucose profile over time was hyperbolic, first increasing and
then decreasing (Study II/Figure 2).

These 11 significant proteins were selected for validation in Study III, using a
similar approach and a subsequently recruited group of ND youth, as described
in the previous paragraph. Here, negative association with the fasting
C-peptide/glucose ratios was confirmed for three proteins: apolipoprotein B
(APOB), apolipoprotein M (APOM), and glutathione peroxidase 3 (GPX3)
(Table 4). Notably, the hyperbolic fasting C-peptide/glucose curve was not as
prominent as observed in Study II (Study III/Figure S2, Figure S5).

Furthermore, for some of the ND individuals in Study II (n=33), fasting
C-peptide glucose measurements were also available at 24 month time point. The
longitudinal peptide slopes from these ND youth were compared with the fasting
C-peptide/glucose ratios at 24 months. Based on the modelling, peptide profiles of
GPX3 during the first year from diagnosis indicated the rate of decline in fasting
C-peptide/glucose (FDR < 0.05) (Study II/Figure 3). The fasting C-peptide/glucose
ratios were better preserved in individuals with decreasing GPX3, whereas in those
individuals with increasing GPX3, the loss of C-peptide/glucose was more
pronounced. However, this result was not replicated in Study III.
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Table 4. Proteins with significant associations with the fasting C-peptide/glucose levels. Protein
meta p-values were calculated by combining the peptide p-values using the sum of z
(Stouffer's) method (R package, metap 1.10). Protein FDRs were calculated using the
Benjamini-Hochberg method.

. . . Protein .
Protein . Peptide | Peptide | Effect Protein
Study D Gene Peptide FDR p-value | size? meta FDR
p-value
SUdy | poo3s2 | GPX3 FLVGPDG | 003| <0.001| -1.04| - ;

Il IPIMR
Study FLVGPDG

Il P22352 | GPX3 IPIMR 0.096 0.025| -0.20
Study QEPGENS

m P22352 | GPX3 EILPTLK 0.096 0.024 | -0.27 | 0.002 0.007
Study NSCPPTS

I P22352 | GPX3 ELLGTSDR 0.450 0.139| 0.16
SUY | 095445 | APOM | AFLLTPR 0.048| 0003| -052| - -
Stllfldy 095445 | APOM AFLLTPR 0.005| 3.2E-04| -0.45

1.3E-05 | 7.0E-05
Stl‘fldy 095445 | APOM S'RTSC"D 0.038| 0.006| -0.25
Study EVGTVLS _

I P04114 | APOB QVYSK 0.045 0.002 | -0.22 - -
Study EVGTVLS

m P04114 | APOB QVYSK 0.096 0.025| -0.13
Study NIQEYLSI

I P04114 | APOB LTDPDGK 0.005| 3.9E-04| -0.23|1.2E-06 | 0.025
Study ITENDIQIA

I P04114 | APOB LDDAK 0.019 0.002 | -0.26
MY | pos155 | SERPINGT | 2OHFS 0.024| 0001|-0.64| - -
Study SLPVSDS _

I P07360 | C8G VLSGFEQR 0.035 0.002 | -0.53 - -
SUaY | poat96 | HRG DOVLFAL 1 0048| 0003| -0.42| - -
Study VLATLCGC _

I 000187 | MASP2 QESTDTER 0.035 0.001 | -0.36 - -
St‘ljldy P18065 | IGFBP2 | LIQGAPTIR | 0.024| 0.001| -028| - -
Study LEGEACGV _

I P18065 | IGFBP2 YTPR 0.024 0.001 | -0.27 - -
Study VTEPISAES

I 014791 | APOLA1 GEQVER 0.048 0.003 | 0.51 _ _
Study GFYFNKPT

I P05019 | IGF1 GYGSSSR 0.01| <0.001| 0.31 - -
SWUdY | poogs2 |COL1AT  |ICVCDNGK | 0035| 0002| 022] - -
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52 Persistent Coxsackievirus B1 infection

In Study IV, persistent CVBI infections using the ATCC and 10796 strains were
successfully established at Tampere University by Dr. Anni Honkimaa and
maintained for one year alongside the non-infected control cells. Exactly one year
after the initial infection, the cells were stained against viral capsid protein VP1
(Study I'V/Figure 1B). Both CVBI strains showed characteristics of carrier-state
persistence, with only a low proportion of positively stained cells. A few weeks
before the viral VP1 protein staining, the cells and cell culture media for proteomics
analyses were collected.

5.2.1 Distinct changes in protein expression

In total, 5,130 proteins were identified and quantified from the PANC-1 cell lysate
samples after global proteome profiling using LC-MS/MS. Based on data analysis,
both CVBI strains heavily modified the expression of the host proteins but also
separated them from each other (Study I'V/Figure 2A-B). In total, 688 proteins were
significantly upregulated in CVB1-infected cells compared to controls, among which
85 proteins were upregulated in both CVBI1 infection models. By contrast,
significant downregulation was observed in 2,001 proteins, with 520 proteins
downregulated in both CVBI1 infection models.

Viral peptides were detected in the cells and cell culture supernatants of both
CVBI1 models indicating the presence of actively replicating virus. The
coxsackievirus and adenovirus receptor (CAR), which mediates viral entry into the
host cell, was only detected in the non-infected cells (Study I'V/Figure 3D). This is
in line with previous studies on carrier-state persistent CVB infections, where
downregulation of CAR has been observed (Alidjinou et al., 2017; Pinkert et al.,
2011). Moreover, based on Ingenuity Pathway Analysis (IPA) analysis, the virus
entry via endocytic pathways was downregulated in CVBIl-infected cell models
(Study IV/Figure 3E). This restriction likely limits the spread of the virus to the
surrounding cells.

In both CVBI cell models, canonical translation initiation seemed to be impaired
and internal ribosome entry site (IRES)-mediated translation was favoured. The
supporting findings included the upregulation of Poly(rC)-binding protein 2
(PCBP2) in both CVBI1 models, which is a critical protein for IRES-mediated
translation and viral replication (Sean et al., 2009). Additionally, based on IPA
analysis, proteins involved in cholesterol biosynthesis and mevalonate pathway were
highly upregulated in the CVB1-infected cells (Study I'V/Figure 3B), where efficient
CVB replication through accumulation of cholesterol in the viral replication
organelles is required (Albulescu et al., 2015). Furthermore, a number of proteins
responsible for protein nucleocytoplasmic trafficking were downregulated in both

49



M. Karoliina Hirvonen

CVBI1 models (Study IV/Figure 3C). Finally, western blot analysis confirmed the
impairment of host translation initiation factor eIF4G, which is an essential protein
for canonical translation initiation (Borman et al., 1997). In both CVBI models,
cleavage of elF4G was observed (Study IV/Figure 3A).

A dominant feature in both CVB1 cell models was a strong downregulation of
mitochondrial proteins, more specifically, proteins involved in mitochondrial energy
metabolism and oxidative phosphorylation (Study IV/Figure 3E). Additionally,
significant downregulation was noted for proteins included in related pathways such
as fatty acid beta-oxidation, citric acid cycle, and leucine and valine degradation
(Study IV/Figure 3E). To further investigate the mitochondrial changes,
MitoTracker staining was used to visualise the mitochondrial network that readily
responds to existing conditions. A fragmented mitochondrial network was observed
in CVBI1 10796-infected cells, whereas a filamentous network was present in the
CVB1 ATCC-infected and non-infected cells (Study IV/Figure 4). Further
supporting the latter findings, mitofusin 1 (MFN1), mitofusin 2 (MFN2) and
dynamin-like 120-kDa mitochondrial protein (OPA1), which all play a key role in
mitochondrial fusion processes, were downregulated in CVB1 10796 samples.

5.2.2 Alterations in protein secretion

Similarly to the cell lysates, extensive alterations in protein secretion was observed
in the cell culture supernatants from which 3,181 protein groups were identified and
quantified (Study IV/Figure 2C-D). Here, 919 proteins were significantly inreased
in the supernatants of the CVB1-infected cells compared to the control cells, among
which 166 were increased in both CVBI1 models. Conversely, 630 proteins were
significantly decreased in the supernatant samples of CVB1-infected cells, of which
197 were decreased in both CVB1 models.

To investigate alterations in the trafficking of extracellular vesicles, the presence
of tetraspanin proteins, which are highly enriched within extracellular vesicles, was
explored. Three members of the family were found in the data, namely CD63, CD81
and CD9 (Study IV/Figure 5A). Decreased levels of CD63 was observed in the
supernatants of the CVB1 ATCC-infected cells, whereas CD9 was decreased in the
supernatants from the CVB1 10796 model. No significant alterations were detected
in CD81 protein levels. Overall, persistent CVB1 infection seem to reduce the
extracellular vesicle trafficking to some extent, although there were strain-specific
differences.

Additionally, attention was paid to proteins carrying a signal peptide, as these
proteins are likely to be secreted through the classical ER-Golgi pathway, which, in
previous studies, has been reported to be blocked by coxsackievirus (Cornell et al.,
2006; de Jong et al., 2006). Indeed, among the 371 differentially expressed proteins
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with signal peptides based on SignalP (Petersen et al., 2011), around 60% of the
proteins detected in the supernatants of each CVBI1 infection model were decreased.

Interestingly, several proteins with critical roles in the regulated secretory
pathway, which is responsible for the on-demand secretion of proteins, such as
hormones like insulin, were decreased or absent in the cell culture supernatants of
both CVBIl-infected cells (Study IV/Figure 5B-C). These included five members of
the granin family, namely chromogranin-B (also called secretogranin-1) (CHGB),
secretogranin-2 (SCG2), secretogranin-3 (SCG3), neurosecretory protein VGF
(VGF), and ProSAAS (PCSKIN), as well as two important enzymes:
peptidylglycine a-amidating monooxygenase (PAM) and carboxypeptidase E
(CPE). Further exploration using RT-qPCR, confirmed decreased levels of CHGB
and SCG3 already at transcriptional level (Study IV/Figure 5D-E). However, CPE
was significantly increased at the mRNA level in the supernatant of CVB1 10796-
infected cells and was not detected in the supernatant of the CVB1 ATCC model
(Study I'V/Figure 5F).

523 Proteins associated with beta cells

Among the most strongly upregulated proteins in CVB1 ATCC-infected cells was
aldehyde dehydrogenase 1a3 (ALDH1A3) and matricellular protein SPARC (Study
IV/Figure 6A-B). ALDH1A3 is a marker of dedifferentiated beta cells (Cinti et al.,
2016), whereas SPARC is secreted by the pancreatic endocrine and exocrine cells
and is associated with a negative impact on beta cell growth and survival (Ryall et
al., 2014). Neither of these proteins was detected in the cell lysates of CVB1 10796
infection model, but the level of SPARC was strongly decreased in the cell culture
supernatants. Furthermore, the sushi domain-containing protein 2 (SUSD2), which
is involved in the maturation of the endocrine pancreas during the human foetal
pancreatic differentiation (Ramond et al., 2017), was one of the most upregulated
proteins in cell lysates of CVB1 10796 model, but significantly downregulated in the
CVBI1 ATCC-infected cells (Study IV/Figure 6C). Finally, downregulation of
heparan sulfate proteoglycan core protein (HSPG2) (Study IV/Figure 6D), also
known as perlecan, and laminin subunit alpha-5 (LAMAS) was observed in the cells
infected with the CVB1 10796 strain. These proteins are the principal components
of the peri-islet basement membrane, which serves as a protective barrier
surrounding the islets (Korpos et al., 2013).

524 Effect on antiviral immune response

Alterations in interferons (IFNs) were explored to better understand host cell
responses towards the two CVBI strains: ATCC and 10796. The only detected IFN
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in the proteomics analysis was IFN-lambda 1 (IFNL1), which was exclusively
present in the supernatant of the cells persistently infected with the CVB1 ATCC
strain (Study I'V/Figure 7A). This result was further confimed by RT-qPCR, where
the strongest IFNL1 mRNA expression was observed in cells infected with the
CVBI1 ATCC strain (Study I'V/Figure 7B). Based on IPA analysis, there were 26
downstream targets of IFNL1 detected in the data. Among these, 14 targets we
significantly upregulated in the cell lysates samples of the CVB1 ATCC model, but
not in the CVB1 10796 model (Study IV/Figure 7C-D). However, in CVB1 10796-
infected cells, 20 downstream targets were significantly downregulated or not
detected. Investigation of interferon-induced helicase C domain-containing protein 1
(IFIH1) expression by in situ hybridization, was in line with these findings, as high
expression was only observed in the CVB1 ATCC infected cells (Study I'V/Figure
7E). Several other proteins involved in antiviral immune response were also detected
in the cell lysates and cell culture supernatants, many of which were increased in
CVBI1 ATCC-infected cells and decreased in cells infected with the CVB1 10796
strain.

5.3 Overlapping results among all studies

To explore the results of Studies I, I1, III, and IV, the proteins with statistically
significant differences were compared, as shown in Figure 7. In the comparison, the
results between Study IV cell lysates and cell culture supernatants were not
compared, as this was done in the publication. Additionally, in Study IV, the
significant proteins in cell lysates and supernatants also included those that were not
detected in any of the three replicates of one condition (ATCC, 10796, and non-
infected cells).
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Study IV
Cell lysates
2989 proteins

Study Il &
Study Il
21 proteins

Study |
20 proteins

IGFBP2 IGFBP3
APOC1 / SERPINGH1
COL1A1

Study IV
Supernatants
1656 proteins

Figure 7. Significantly altered proteins overlapping between Studies |, II, Ill and IV.

Based on the comparison, there was a total of 11 proteins with overlapping
results. These included fructose-bisphosphate aldolase A (ALDOA) and prolow-
density lipoprotein receptor-related protein 1 (LRP1), which were downregulated in
the CVB1 10796-infected cell lysates and decreased after seroconversion in children
who progressed to type 1 diabetes or remained autoantibody-positive in Study I.
Additionally, the levels of LRP1 were also decreased in the secretome of both CVB1
infection models. Cell surface glycoprotein MUC18 (MCAM) and APOC1 showed
opposite results, as APOC1 was increased in the secretome of the CVB1 ATCC and
decreased in progressors after seroconversion in Study I and in ND youth in Studies
II and III, whereas MCAM was increased in the secretome of the CVB1 10796 and
decreased after seroconversion in progressors and 1AAb+ children. Serotransferrin
(TF) was not detected in the secretome of the CVB1 10796 model and was increased
after seroconversion in progressors and 1AAb+ children, while alpha 2-
macroglobulin (A2M) was only detected in the secretome of the CVB1 ATCC and
had higher levels in progressors and 1AAb+ children compared to AAb- children in
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Study I. Decreased levels of the insulin-like growth factor-binding proteins 2 and 3
(IGFBP2 and IGFBP3) were detected in the secretome of both CVBI1 infection
models. Additionally, lower levels of IGFBP2 were found in progressors and 1 AAb+
children after seroconversion in Study I, whereas a negative association between
IGFBP2 and C-peptide/glucose ratios was observed in Study II. Furthermore, lower
levels of IGFBP3 were observed in ND youth compared to UFMs in Study II.
Decreased levels of transforming growth factor-beta-induced protein ig-h3 (TGFBI)
were observed in the cell lysates of the CVB1 ATCC model, as well as in the
secretome samples of both CVB1 infection models, although it was not detected in
the CVB1 10796 cell lysates. In Studies II and III, lower TGFBI levels were
observed in ND youth compared to UFMs. Plasma protease C1 inhibitor
(SERPING1) was detected only in one technical replicate of the secretome sample
from the CVB1 10796 model and was absent in the secretome samples of the CVBI1
ATCC model. In Study II, a negative association between SERPING1 and C-
peptide/glucose ratios was observed. Lastly, lower levels of collagen alpha-1(I)
chain (COL1A1) were detected in the secretome of the CVB1 ATCC model, whereas
in Study I, a positive association between COL1A1 and C-peptide/glucose ratios
was observed in ND youth.
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§) Discussion

Type 1 diabetes is a complex disease that involves genetic risk variants and
environmental factors. The disease develops silently and is often diagnosed at the
time when the majority of functional beta cells have already been lost. A deeper
understanding of molecular changes at each stage of the disease progression is
important in order to predict and monitor islet autoimmunity, characterise disease
subgroups, find the right therapeutic windows, and prevent acute complications.

In the work presented in this dissertation, longitudinal pre-onset plasma and
serum proteomes were studied in a group of children who developed type 1 diabetes
at a young age, along with age and sex matched 1AAb+ and AAb- children. From
these discovery proteomics analyses, 11 protein targets, were selected for
verification using the targeted SRM approach. From Study I it was concluded that
serum APOCI1 levels are decreased after seroconversion in children who progressed
to type 1 diabetes.

In Study I, a panel of proteins previously associated with type 1 diabetes was
evaluated. These targets were studied in longitudinal serum samples from ND youth
collected during the first year after diagnosis and compared with cross-sectional
samples from UFMs. To investigate protein associations with beta cell function, the
longitudinal peptide patterns were compared with the fasting C-peptide/glucose
measurements. The levels of 13 proteins differed between ND and UFMs, and in 11
proteins, significant associations with changes in fasting C-peptide and glucose were
found. These 21 significant proteins, including two proteins that showed significant
results in both comparisons, were selected for validation using a similar targeted
proteomics approach and a separate cohort of subsequently recruited ND youth and
UFMs (Study III). In Study III, the levels of 10 proteins differing between ND and
UFMs were validated, and the negative association with the fasting
C-peptide/glucose ratios was confirmed for APOB, APOM and GPX3.

In Study IV, the proteome and secretome of PANC-1 cells persistently infected
with the CVBI1 strain ATCC and 10796 were investigated alongside the non-infected
cells. Prominent changes were observed in the protein expression and secretion of
each CVBI persistent infection model, both of which showed features of carrier-
state persistence. In these CVBI1-infected cells, signs of actively replicating virus
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were detected, along with silencing of the viral receptor CAR. Additionally, in both
CVB1 models, proteins involved in key mitochondrial functions were
downregulated, and morphological changes were observed. Investigation of the
secretomes revealed decreased levels of proteins carrying a signal peptide and
proteins involved in the regulated secretory pathway in both CVB1 infection models.
Finally, differences between the two strains were observed in the antiviral responses,
as CVB1 ATCC triggered the antiviral signalling in the infected cells, whereas
CVBI 10796 shut it down.

6.1 Strengths and limitations

As discussed in the review of the literature, the study of type 1 diabetes has been
challenged by the heterogeneity of the disease. In previous plasma/serum proteomics
studies, this heterogeneity, particularly regarding to age and the rate of progression,
has frequently not been adequately acknowledged. Study I benefitted from the
specifically selected cohort, which included children under five years old who,
within months after seroconversion, progressed to type 1 diabetes, along with their
well-matched 1AAb+ and AAb- children. Although the discovery study included the
interesting group of 1AAb+ children, this group turned out to be rather
heterogeneous, as some children developed transient autoantibodies and some were
later diagnosed with multiple autoantibodies. Another strength of Study I was the
verification cohort, from which comprehensive longitudinal data was collected, with
a median of nine samples per child. As mentioned earlier, plasma and serum
proteomes have distinct characteristics (Geyer et al., 2019). Therefore, in Study I,
the discovery proteomics analysis was strictly conducted in plasma samples, whereas
serum samples were exclusively used in the verification study. Additionally, the
proteins selected for SRM were not among the proteins that are known to be
significantly altered between plasma and serum. Finally, using LonGP analysis, the
dominant effect of age on plasma/serum of young children could be taken into
account while extracting the disease-associated trends from the data. Still, most
disease-associated changes were unsuccessfully replicated. This might be due to
relatively small sample sizes, dissimilarities in sample series and longitudinal
autoantibody profiles, or differences in sample handling before and during blood
processing, sample storage, and the number of freeze-thaw cycles.

In Studies I and III, the pre-analytical sample processing was tightly controlled
by the master protocol, which likely impacted the success rate of the validation.
These studies also benefited from longitudinal sampling and set sampling times
immediately after diagnosis, as well as associated measurements reflecting beta cell
function. Although SRM analysis provides sensitive peptide measurements, the
study was restricted to the exclusive detection of the predefined target proteins.
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Additionally, since the participants were recruited on the basis of diagnosis, in
Study III, the proportion of males was higher than females. Furthermore, as
described in the results, the hyperbolic curve for the fasting C-peptide/glucose ratios
was less pronounced in Study III, which might partly explain the low success rate
of validating these results. By observing the individual-specific C-peptide/glucose
curves, the proportion of individuals with rapid decline in beta cell function was
more pronounced (Study III/Figure S5). Lastly, additional limiting factors in these
studies were the relatively wide age range, varying autoantibody patterns, and a
relatively small number of individuals.

In Study IV, persistent coxsackievirus infections using two CVBI strains were
successfully established in the human pancreatic ductal cell line PANC-1. As the
presence of CVB is also detected in human ductal cells, through which the virus
might spread to beta cells (Geravandi et al., 2021; Nekoua et al., 2022; Ylipaasto et
al., 2004), this infection model is highly relevant in the context of type 1 diabetes.
At the time Study IV was published, persistent infection models had not been
published in an insulin-producing human pancreatic cell line, which would have
been a more relevant model. Some insulin-producing cell lines excist, such as
commercially available clonal beta cell line 1.1B4, which is a hybrid cell line
generated by the fusion of primary human beta cells with a pancreatic ductal
carcinoma cell. In this cell line, persistent CVB infection has since been successfully
established (Honkimaa et al., 2020). However, later research has demonstrated that
these cells are not entirely of human origin, but a heterogeneous mixture of rodent
and human cells (Chaffey et al., 2021). Other insulin-producing cell lines are EndoC-
B1 and the more recently generated EndoC-B2 (Scharfmann et al., 2014). However,
only acute CVB infections have been studied with these cell lines (Netanyah et al.,
2020). Interestingly, a recent study established stem-cell derived cells that produce
insulin and closely mimic pancreatic islets (Balboa et al., 2022).

6.2 Central findings

Proteins with significant changes or associations with fasting C-peptide glucose in
Studies I, II, and III mainly belonged to apolipoproteins, the IGF family and
coagulants, or were involved in oxidative stress or the retention of beta cell function
and integrity. In these studies, the most interesting findings were the 12 significant
proteins, which were first detected in Study II and later validated in Study III.
Among these, APOC1 was initially highlighted in Study I, where it showed
decreased serum levels after seroconversion in children who progressed to type 1
diabetes compared to AAb- children. Furthermore, in Studies II and III, a similar
trend was observed, as APOCI levels were lower in ND compared to UFMs. It is
quite exceptional how well the significant differences in protein levels between ND
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and UFMs were replicated in Studies II and III, particularly considering that
proteomics analyses of human biofluids often face challenges in validating identified
biomarkers (Nakayasu et al., 2021). Most likely, the critical factors in these studies
that led to succession in validation were the existence of a master protocol for sample
collection, as well as the QC samples included in the experimental design.

In Study IV, extensive changes in protein expression and secretion were
observed in PANC-1 cells persistently infected with two different CVB1 strains:
ATCC and 10796. Complementary to this study, a transcriptomics study was later
published, in which the same cell samples, collected at the same time as the
proteomics samples, were used (Buchacher et al., 2021). The results from the
transcriptomics study widely supported the proteomics findings, but also highlighted
changes in the pancreatic microenvironment and lysosomal function, as well as
provided a deeper view of the secretory pathway and the strain-specific differences
in the activation/suppression of the antiviral immune response. In the context of
defining accessible biomarkers of type 1 diabetes, it would be interesting to
determine whether these virus-associated changes can be detected in the serum
samples.

In the last chapter of the Results section the plasma and serum proteomics
findings of Studies I, I, and II1 were compared to the significantly altered proteins
detected in the cell lysates and secretome samples of the CVBI1-infected PANC-1
cells in Study IV. In total, 11 proteins were found in this comparison, as illustrated
in Figure 7. Among those was also APOC1, which was increased in the secretome
of ATCC infected cells. Although this increase is contrary to the trend observed in
the serum proteome, it is unlikely that this reflects the serum levels, as APOC1 is
primarily synthesised in the liver, despite being expressed in many other tissues
(Rouland et al., 2022).

An interesting set of proteins highlighted in these studies includes TGFBI,
IGFBP2 and IGFBP3. These secreted proteins were all decreased in the secretome
of' both CVBI1-infected cells, and similar decrease or absence of the proteins was also
observed in the transcriptomics data (Buchacher et al., 2021). TGFBI levels were
decreased in ND youth compared to UFMs in Study II and this observation was later
confirmed in Study III. Based on the Human Protein Atlas (proteinatlas.org, Uhlén
et al., 2015) Single Cell resource, TGFBI is enhanced in pancreatic endocrine cells
and more specifically in the ductal cells. TGFBI is an important protein for islet
integrity, survival, and function, and certain single nucleotide polymorphisms
(SNPs) in this gene are associated with type 1 diabetes (Han et al., 2014). Moreover,
in a cross-sectional serum proteomics study, lower TGFBI levels were observed in
individuals with type 1 diabetes (Zhi et al., 2011). Similarly, in a pre-onset study that
compared longitudinal serum profiles of children who progressed to the disease and
matched autoantibody-negative children, lower TGFBI levels were reported in
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progressors (Moulder et al., 2015). Both of these studies are in accordance with the
trends observed in Studies IT and III.

IGFBP2 and IGFBP3 bind to and modulate the actions of insulin-like growth
factors (IGFs), which have a similar structure to insulin and are important proteins
for cell growth and survival, also within the pancreatic islets. Interestingly, in another
enterovirus study, suppressed IGFBP2 expression was observed in a CVBI1-infected
human lung cancer cell line. Treatment with the drug vemurafenib, which inhibits
acute and chronic enterovirus infection, retained the expression of IGFBP2 (Ianevski
et al., 2020; Laajala et al., 2023). IGFBP2 is also an interesting protein in the context
of diabetes since according to the Human Protein Atlas Tissue resource, its
expression is enhanced in the pancreas. In Study I, IGFBP2 levels decreased after
seroconversion in children who progressed to type 1 diabetes or remain 1AAb+
compared to AAb- children. Similarly, in previous serum and plasma proteomics
studies, lower IGFBP2 levels have been observed in longitudinal pre-onset
proteomes of children who progressed to type 1 diabetes (Liu et al., 2018; Moulder
et al., 2015). However, in individuals living with type 1 diabetes, higher IGFBP2
levels were reported (Zhi et al., 2011). In Study II, a negative association with
fasting C-peptide/glucose ratios was observed in two peptides representing IGFBP2,
which is in line with a previously published study where IGFBP2 inversely
correlated with insulin levels (Rajpathak et al., 2012).

IGFBP3 is the most abundant IGFBP in circulation, and based on the Human
Protein Atlas, enhanced IGFBP3 expression is observed in the adipose tissue. Lower
serum IGFBP3 levels were observed in ND youth compared to UFMs in Study I1.
Similarly, other studies have also observed lower IGFBP3 levels in individuals with
type 1 diabetes (Bereket et al., 1995; Hedman et al., 2004). IGFBP3 can bind to
LRP1, which is an endocytic and signalling receptor, thus regulating intracellular
signalling (Baxter, 2013). In Study I, lower plasma LRP1 levels were observed after
seroconversion in progressors and 1AAb+ children. However, there were multiple
missing values present in the data. In Study IV, decreased levels of LRP1 were
observed in the secretome of both CVBl-infected cells and in the cell lysates of
10796-infected cells. Although LRP1 is detected in plasma, it is primarily located in
the plasma membrane of cells, with additional presence in the nucleoli and the
cytosol, according to the Human Protein Atlas Subcellular resource. Furthermore, an
activated form of the proteinase inhibitor A2M can also bind to LRP1 and similarly
influence the regulation of cellular events (Dato and Chiabrando, 2018). In Study I,
despite being a depletion target, higher plasma levels of A2M were observed in
progressor and 1AAb+ children compared to controls, whereas in Study 1V, A2M
was only detected in the cell lysates of the ATCC infection model.
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6.3 A panel of interesting type 1 diabetes-
associated proteins

At the same time Studies I and II were published, an interesting TEDDY proteomics
study was released. This study investigated longitudinal plasma samples from
children diagnosed with type 1 diabetes or who remained autoantibody-positive by
the age of six years, as well as their respective control groups (Nakayasu et al., 2023).
Since the results were not compared at the time, this section compares the findings
from the TEDDY proteomics study with the significant results from the studies
presented in this dissertation, while also revisiting earlier plasma and serum
proteomics studies.

The age range of participants in TEDDY proteomics study (Nakayasu et al.,
2023) was rather similar to that in Study I. Interestingly, similar plasma patterns
between these two studies were observed for APOC1, APOA4, ALDOA, and alpha-
2-HS-glycoprotein (AHSG), the plasma levels of which decreased after
seroconversion in children who progressed to type 1 diabetes or remained
autoantibody-positive compared to controls. Likewise, a similar increase in plasma
levels of vitamin D-binding protein (GC) was observed after seroconversionin in
both studies.

In Study I11, the levels of 10 out of the 13 proteins, which differed between ND
and UFMs, were validated and association between peptide levels and C-
peptide/glucose ratios was confirmed for three (APOB, APOM and GPX3) out of
the 11 proteins. All of these proteins were also detected in the TEDDY proteomics
study (Nakayasu et al., 2023). In addition to APOC1, the TEDDY study confirmed
increased plasma levels of prothrombin (F2) after seroconversion in children who
progressed to type 1 diabetes compared to controls. In Studies II and III, increased
F2 levels were observed in ND youth compared to UFMs. Opposite results were also
observed between the studies. For example complement C2 (C2) was increased in
ND youth compared to UFMs, whereas in the TEDDY study (Nakayasu et al., 2023),
C2 levels were decreased after seroconversion in children who progressed to type 1
diabetes. Likewise, afamin (AFM) was decreased in ND youth compared to UFMs
but increased in children who progressed to type 1 diabetes or remained
autoantibody-positive in the TEDDY study.

Based on the results obtained from Studies I, I1, III, and IV, and their overlap
with the TEDDY proteomics study (Nakayasu et al., 2023) and earlier type 1 diabetes
plasma and serum proteomics studies, Table 5 lists proteins that should be carefully
monitored when performing type 1 diabetes-associated proteomics experiments,
especially on plasma and serum. These include the 12 validated proteins in
Studies I and III, proteins with similar trends in Study I and the TEDDY
proteomics study (Nakayasu et al., 2023), as well as the most interesting proteins
overlapping between Studies I, 11, III, and IV (Figure 7).
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Table 5. Proteins with similar trends in the studies presented in this dissertation, including
supporting findings in other type 1 diabetes-associated proteomics studies.

Protein ID | Gene | Study | | Study Il | Study Ill | Study IV Supporting findings
P22352 GPX3 X X
095445 APOM X X
P04114 APOB X X
P68871 HBB X X
P04196 HRG X X
Q04756 HGFAC X X
P06681 C2 X X
P43652 AFM X X
Zhi et al. 2011,
Cleaizs | el X X X | Moulder et al. 2015
P02766 TTR X X Zhang et al. 2013
De Oliveira et al. 2018,
FULTE i X X Nakayasu et a. 2023
P02654 APOC1 X X X Nakayasu et a. 2023
Moulder et al. 2015,
P06727 APOA4 X von Toerne et al. 2017,
Nakayasu et a. 2023
P04075 ALDOA X Nakayasu et a. 2023
P02765 AHSG X Nakayasu et a. 2023
P02774 GC X Nakayasu et a. 2023
Q07954 LRP1 X X
Moulder et al. 2015,
P18065 IGFBP2 X X X Liu et al. 2018
P17936 IGFBP3 X X
P01023 A2M X X De OQliveira et al. 2018
6.4 Future perspectives

In recent years, as our understanding of the type 1 diabetes pathogenesis has
increased, medicine developers have initiated therapeutic approaches to delay, cure
and prevent type 1 diabetes. An important achievement was made in 2022, when the
U.S. Food and Drug Administration (FDA) approved teplizumap, a humanized
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monoclonal antibody that binds CD3 on T cells, as the first drug to delay the onset
of type 1 diabetes (Herold et al., 2023). These different therapeutic approaches are
often directed to individuals at certain stages of type 1 diabetes. Alternatively, they
aim to prevent the triggering of islet autoimmunity, such as CVB vaccines (Dunne
et al., 2019; Hyoty et al., 2024). In all these situations, it is important to know whom
to treat and when.

To better support the decision-making, proteomics approaches can be utilised.
However, it is critical to carefully select the study cohorts and the protocols used.
The heterogeneity of type 1 diabetes development is a major challenge and likely a
significant reason why it has been difficult to validate type 1 diabetes biomarkers. In
cohort selection, attention should be paid to defining groups that are expected to be
more homogeneous, such as individuals with IAA or GADA as the first appearing
autoantibody. It is also important to understand the differences in the disease process
between children and adults, as this is currently less well studied (Leslie et al., 2021).
As presented in Study I and other studies (Bjelosevic et al., 2017; Lietzén et al.,
2018; Liu et al., 2017; Mikus et al., 2021), the effect of age is a dominant factor
affecting the serum proteome, especially in young children. Therefore, longitudinal
sampling is important, with a sufficient number of sampling points.

Currently, most samples used in proteomics analysis are acquired from different
screening programmes. Establishing a uniform sample collection protocol, which
would be used at all sites of the study, is the first step. The staff working at the sites
should be trained for the job. Based on the protocol, thorough documentation should
be provided, which includes a detailed description of how the samples are handled,
processed, and stored. Ideally, this documentation would also include information
on fasting status, the level of physical activity before the sample collection, and the
time and date of the collection.

In proteomics workflows, QCs should be included to monitor critical steps in
sample preparation and technical variations in sample analysis. Recent
advancements in instrumentation, analytical methods, and sample preparation enable
the analysis of larger cohorts, which, due to increased statistical power, likely
provide more accurate results (Bader et al., 2023). To prepare samples for such large
experiments, automated or semi-automated sample preparation needs to be
implemented in order to minimise human error and ensure good reproducibility.
Most untargeted proteomics analyses today are conducted using DIA methods,
which ensure better data completeness, deeper proteome coverage, and enhanced
sensitivity (Frohlich et al., 2024). The state-of-the-art mass spectrometers are fast,
precise, and sensitive. For example, with the Orbitrap Astral mass spectrometer
(Thermo Scientific), it is possible to detect over 1,000 proteins in neat plasma (Niu
et al., 2025). Moreover, by using a bead-based vesicle enrichment protocol and the
same instrument, it is possible to detect up to 5,000 plasma proteins with a 60-min

62



Discussion

gradient (Heil et al., 2023). From a technological perspective, one should also keep
in mind the alternative proteomics technologies such as Olink® Explore and
SomaScan, as they may provide specific advantages, particularly for high-
throughput sample analysis.

To better study the enterovirus signature in plasma/serum, samples from
individuals with acute enterovirus infection could first be studied. This would likely
indicate which proteins are altered by the virus infection. Presumably, persistent
enterovirus infection in the pancreas would result in a slightly different or less
profound signature. Additionally, as shown in Study IV, different strains are likely
to produce slightly different signatures. Therefore, it would be important to study
samples from a large number of individuals. Samples received from prospective
cohort studies could be screened for acute and past enterovirus infections using, for
example, PCR or neutralising antibodies, which can identify different enterovirus
serotypes. Using a proteomics approach, signs of the enterovirus signal could then
be traced from these samples.
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Conclusions

The aim of the work presented in this doctoral dissertation was to provide a deeper
understanding of the molecular changes underlying the pathogenesis of type 1
diabetes, as well as to investigate how persistent enterovirus infection, which has
been associated with type 1 diabetes development, alters the protein expression and
secretion in pancreatic ductal cells. The principal technology used in all studies was
mass spectrometry-based proteomics. Based on the results presented in this
dissertation, the following conclusions can be drawn:
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In children who progressed to type 1 diabetes, serum levels of APOCI1
decreased after seroconversion and remain lower until diagnosis compared
to autoantibody-negative children. Similarly, in newly diagnosed youth
during the first year following diagnosis, the serum levels of APOCI1 are
lower than those in unaffected family members.

A panel of 21 proteins, showing significant associations with type 1 diabetes,
was defined. These included 13 proteins, whose serum levels differed during
the first year from diagnosis between newly diagnosed youth and unaffected
family members, and 11 proteins with either positive or negative
associations with the fasting C-peptide/glucose ratios. Further validation of
these 21 proteins in a new cohort confirmed the serum level differences in
10 proteins between newly diagnosed youth and unaffected family members,
as well as replicated a negative association with the fasting C-
peptide/glucose ratios for APOB, APOM, and GPX3.

Two coxsackievirus B1 strains, ATCC and 10796, were able to establish a
carrier-state persistent infection in the human ductal cell line PANC-1,
which caused extensive changes in the host’s protein expression and
secretion. In the context of type 1 diabetes, one of the most interesting
findings was the downregulation of proteins with critical roles in the
regulated secretory pathway, which is responsible for the on-demand
secretion of hormones and other molecules, including insulin. Another
interesting feature of the data was the differences between the two CVBI1
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strains. The most striking difference was observed in the antiviral immune
response, as in ATCC-infected cells this response was clearly activated,
whereas in 10796- infected cells, it appeared to be suppressed.

A total of 11 significantly altered proteins in the CVB1-infected cells and
cell culture supernatants also showed significant alterations in plasma and/or
serum samples of individuals progressing to or diagnosed with type 1
diabetes. Although these overlapping proteins were found, no viral signature
was confirmed. The potential contribution of these proteins to a CVBI
signature in plasma or serum remains to be explored in a more appropriate
cohort.
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