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Summary: Strong evidence now supports an association between systemic
abnormalities and schizophrenia pathology. Furthermore, the clinical
outcome in schizophrenia is significantly improved by early identification and
treatment. These factors are driving the search for blood-based biomarkers
for the disorder. Promising biomarker findings are hampered however by a
relative lack of studies in prodromal psychosis, such as the at-risk mental
state (ARMS). Poor replication of findings, particularly across highthroughput mass-spectrometry studies, is also problematic. A technique
which has begun to emerge prominently in recent years, Data-Independent
Analysis (DIA), has the ability to overcome limitations in reproducibility
associated with more traditional Data-Dependent Acquisition (DDA) methods
due to its more comprehensive sampling nature.
Participants were recruited from the UK Avon Longitudinal Study of Parents
and Children (ALSPAC) cohort. Here, DIA coupled to cutting-edge
bioinformatics is used to 1) identify and 2) validate candidate biomarkers for
the transition from ARMS to psychotic disorder (age 11 ARMS subjects who
transitioned to psychotic disorder at age 18; n=19 versus those who did not
transition; n=17). Biomarker candidates were derived from the top pathway
implicated in the literature on drug-free schizophrenia, the acute-phase
response, for identification (53 proteins; target list 1) and from the results of
DDA conducted on the same samples, for validation (19 proteins; target list
2).
Four acute-phase proteins (SERPING1, ITIH3, AGT, and APOA1) were
found to be differentially expressed in ARMS subjects who transitioned to
psychosis, in comparison to those who did not. Three DDA derived
biomarker candidates were similarly validated (F5, APOE and ITIH3).
Here the potential of this particular DIA workflow as a high-throughput tool for
biomarker identification and validation in schizophrenia is demonstrated. The
identification of a small biomarker panel consisting of proteins converging on
the acute-phase response and coagulation pathway provides an insight into
the development of psychotic disorders and an opportunity for future
biomarker studies in prodromal patients to build on the current findings.
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Chapter One: Introduction
1.1 Schizophrenia background
Psychosis is a mental state in which loss of contact with reality is observed,
such as with hallucinations or delusions(1). Psychosis is a primary symptom
of schizophrenia and schizoaffective disorders(1). Some mood disorders
have also been found to have psychotic features in a limited number of
cases; including bipolar disorder I and major depressive disorder with
psychotic features. Bipolar disorder and major depressive disorder are also
co-morbid with psychotic disorders like schizophrenia(2,3). Here, the focus
will be predominantly on schizophrenia. There are three main criteria for the
diagnosis of schizophrenia according to the Diagnostic and Statistical
Manual of Mental Disorders (DSM-V)(4). Criterion A is that patients must
exhibit two or more ―characteristic symptoms‖ which include positive (gain of
function) and negative (loss of function) symptoms(1,4). The inclusion of
cognitive symptoms has been suggested, but not yet included(1). At least
one of the two characteristic symptoms must be positive; which include
hallucinations, delusions and/or disorganized speech (also defined as
psychotic symptoms)(1,4). The other characteristic symptoms include;
grossly disorganised or catatonic behaviour and negative symptoms such as
avolition and diminished emotional expression(1,4). Criterion B is that
patients must also display social/occupational dysfunction, or in other words
the subject‘s quality of life must be affected by their condition(1,4). Finally,
criterion C is that symptoms must persist for at least one month prior to
diagnosis(1,4).
1.2 Classical hypotheses for mechanism of action in the brain
1.2.1 Brain areas affected
There is strong evidence implicating the prefrontal cortex (PFC) and striatum
in schizophrenia(5,6); in particular the mesocortical (functions in cognition,
motivation and emotional response) and mesolimbic pathways (functions in
reward)(7). See Figure 1.1 for a simple breakdown of the circuitry of these
pathways.
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Mesocortical pathway:

Glu

GABA

Glu

GABA

DA (PFC)

Mesolimbic pathway:

Glu

GABA

Glu

DA (Striatum)

Fig 1.1: A simplified diagram of the mesocortical and mesolimbic pathways.
Abbreviations: Glu, glutamate; GABA, gamma-aminobutyric acid; DA,
dopamine; PFC, prefrontal cortex.

1.2.2 Neurotransmitters implicated
Dopamine (DA) hyperactivity is classically believed to be the primary cause
of psychosis(8). This hypothesis was derived from evidence such as the
following; clinically effective anti-psychotics increase DA metabolism, the
commonly prescribed anti-psychotic reserpine blocks DA uptake,
amphetamines increase monoamine levels and cause psychotic-like
symptoms, and clinical efficacy of drugs used to treat psychosis correlates
positively with dopamine D2 receptor affinity(9,10). In 1991 Davis and
colleagues updated the DA hyperactivity hypothesis by suggesting that
hypodopaminergia in the PFC leads to hyperdopaminergia in sub-cortical or
striatal regions(11). This updated hypothesis also suggested that negative
symptoms of schizophrenia were the result of frontal hypodopaminergia and
that positive symptoms the result of striatal hyperdopaminergia. This
correlated strongly with studies of schizophrenia patient serum, positron
emission tomograph (PET) studies and lesion studies (in both human and
animal models)(11). The most significant limitations of this updated
hypothesis were that at the time it did not describe aetiological origins of DA
abnormalities nor pinpoint which element of DA neurotransmission was
abnormal(9). Furthermore, there was only correlative evidence for DA
hypofrontality; which was also later thought to be an over simplistic
explanation for cortical abnormalities in schizophrenia(9).

More recently it has been established, by imaging studies, that pre-synaptic
striatal DA is elevated in schizophrenia(9). This was found to correlate
12

closely with psychotic symptoms of schizophrenia in particular; as blockade
of transmission leads to the resolution of these symptoms in most patients.
Furthermore, in this consolidated DA hypothesis, evidence for aetiological
origins of DA dysregulation is also described (Section 1.4). A limitation
however, which still holds true for the DA hypothesis of schizophrenia, is that
as drugs develop over time, in synchrony with research developments, there
is a significant decrease in side effects but no improvement in the efficacy of
drugs which target DA pathways(9). This indicates that dopamine pathway
dysfunction is not the sole mechanism of schizophrenia.

The glutamate hypothesis of schizophrenia states that N-methyl D-aspartate
receptor (NMDAR) hypofunction underpins the disorder(12,13). The
dysfunctional NMDARs are thought to be predominantly located on GammaAminobutyric Acid (GABA) neurons within the mesolimbic and mesocortical
pathways(12). Therefore hypofunctioning of these receptors causes
disinhibition of glutamate release from glutamatergic neurons, over
stimulation of α-Amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid (AMPA)
and kainate receptors and therefore excitotoxic damage(12). Furthermore,
increased glutamate released in the mesolimbic and mesocortical pathways
subsequently results in over excitation of dopaminergic neurons in the
striatum and over inhibition of dopaminergic neurons in the PFC (Figure 1.1);
therefore suggesting that glutamate signalling dysfunction is upstream from
dopamine dysfunction in schizophrenia(12). Possible causes of NMDAR
hypofunction have been hypothesized; these include environmental factors
such as hypoxia, exposure of the foetus to NMDAR antagonists, ethanol
exposure or conversely that hypofunction is present early in the lives of those
genetically predisposed to schizophrenia as a latent disorder which is later
expressed pathologically as a result of certain maturational changes
occurring(13).

Evidence for the glutamate hypothesis of schizophrenia includes that
phencyclidine (PCP) and ketamine (both non-competitive NMDAR
antagonists) cause a transient psychosis, disrupted affect and cognitive
impairment in healthy volunteers, and exacerbate symptoms in patients(12).
13

Furthermore, the behavioural abnormalities induced by NMDAR antagonists
are reversed by anti-psychotic treatment(12). In addition, it was found by
Newcomer and colleagues in 1999 that memory impairment appears with
below the concentration of ketamine required to induce psychotic symptoms,
and this is consistent with the timeline of schizophrenia, in that early
cognitive impairment precedes psychosis(14). This suggests that NMDAR
hypofunction and schizophrenia share the same age-dependent profile,
which provides correlative evidence for this being a causal factor of the
disorder.

1.3 Clinical presentation; ARMS to a psychotic disorder
Clinical intervention in psychotic disorders generally begins at the firstepisode stage. In fact, up until recently, the state immediately preceding first
episode received relatively little attention, despite prodromal symptoms
having long been recognized. This prodromal state was initially, and
retrospectively labelled as ―the prodrome‖, however it has now been
prospectively termed the at-risk mental state (ARMS). The ARMS confers a
relatively increased, but not inevitable risk of illness(15). It is generally
defined by operationalized criteria, known as the ultra-high risk (UHR) or
clinical high risk (CHR) criteria(15). These criteria include the presence of
one or more attenuated psychotic symptom within the last year leading to
distress or help seeking; measured by the comprehensive assessment of the
at-risk mental state; CAARMS(15). Critics argue that the diagnostic category
is premature given the relatively low predictive power; approximately 25-35%
of those in the ARMS will transition to a psychotic disorder, and the possible
risks of identifying ―false positives‖(16,17). These are the predominant
reasons for the exclusion of the ARMS in the DSM-V. The poor predictive
value of clinical characteristics also highlights the importance of identifying
protein biomarkers as an advanced predictive model, which is the aim of the
current study. Another differentiating factor of the current study is its focus on
ARMS subjects in early adolescence, as opposed late adolescence/early
adulthood. There is a unique benefit to studying this earlier period since
young people who later develop a psychotic disorder generally experience
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poorer clinical outcomes and tend to experience more severe negative
symptoms(15).

Unlike the ARMS, first-episode psychosis is included in the DSM-V(1).
Criteria for its diagnosis include that at least one of the three positive
characteristic symptoms are present in an attenuated form, however this
must not interfere substantially with thinking and social behaviour(1).
Symptoms must also be distressing enough to confer help-seeking
behaviour, be present for at least one month (and experienced once per
week), and must have begun or worsened in the last year. Finally, symptoms
must not fulfil criteria for any other psychiatric disorder. Samples from firstepisode psychosis patients are hugely valuable due to their predominantly
non-medicated status(1). This is particularly true of biomarker research, as it
has been found that molecules thought previously to be potential biomarkers
are in fact a consequence of medication. Another term used to describe a
time point preceding psychosis onset is ―proximal‖ schizophrenia which
refers to the time period within 30 days of the onset of illness(18).

Figure 1.2: Timeline of psychotic disorder progression. Progression from
ARMS at approximately age 11 to FEP, or to no a psychotic disorder,
between the ages of 18 and 24. Finally, progression to a psychotic disorder
from FEP may occur. Abbreviations: ARMS, at-risk mental state; FEP, firstepisode psychosis.
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1.3.1 Other clinical outcomes of ARMS; Co-morbid disorders
Clinical outcomes for those in the ARMS group include not only transition
and non-transition to psychosis but also; the persistence of attenuated
psychotic symptoms, presence of a type of non-psychotic co-morbid mental
disorder, persistence of functional impairments and finally complete clinical
remission(15). In a study by Rutigliano and colleagues in 2016 the 6-year
follow-up outcomes of 74 UHR patients were observed(19). Consistent with
previous findings 21 of these (28.4%) transitioned to a psychotic disorder
while 53 did not. Interestingly, 42 of 74 patients (56.8%) were affected by at
least one non-psychotic co-morbid mental disorder at follow-up. A previous
study found that at presentation about 73% of UHR patients had at least one
co-morbid diagnosis with the most common one being of depressive and/or
anxiety disorders(20). Furthermore, approximately one third of the nontransitioned patients (n=15) continued to experience attenuated psychotic
symptoms, 10 of whom were also affected by non-psychotic co-morbid
mental disorders(19). Most common of these disorders were affective and
anxiety disorders; in particular major depressive disorder and panic
disorder(19). This study emphasizes the prevalence of non-psychotic comorbid disorders following on from the ARMS. In addition they conclude that
the persistence or recurrence of non-psychotic co-morbid mental disorders
was associated with poorer global functional outcomes at follow-up,
emphasizing the importance of their monitoring.

It is interesting that in this study there was little correlation between CHR and
later development of bipolar disorder in that it is co-morbid with
schizophrenia; bipolar disorder was previously estimated in women of 45
years with a co-morbidity index of 20 (which denotes showing substantial
overlap according to the index created by Laursen and colleagues in
2009)(2). Patients were however assessed with Structured Interview for
Prodromal Syndromes (SIPS) and not CAARMS; which is not as sensitive in
detecting other established mental disorders(19). In conclusion as a result of
the importance of non-psychotic co-morbid disorders as an outcome of the
16

ARMS; findings here will be discussed in relation to schizophrenia
predominantly, but will also be briefly related to bipolar disorder and major
depressive disorder.

1.4 Schizophrenia aetiology
1.4.1 Genetic aetiology
Estimates for the heritability of schizophrenia are approximately 80%, as
found by twin studies(21). Heritability is non-Mendelian, suggesting weak
penetrative effects(22). Over 100 loci have been identified by single
nucleotide polymorphisms (SNP‘s) to be associated with enhanced risk of
schizophrenia(23). Findings come from genome-wide association studies
(GWAS), the assessment of DNA copy number variations, and the concept
of endophenotypes and collectively indicate that individually these SNPs
have a small effect(22). Even cumulatively they only account for a small
fraction of the genetic predisposition; the remainder of which may be
accounted for by more loci, rare variants, gene-gene and gene-environment
interactions(23). There has been increasing evidence over recent years that
many, if not all, of the schizophrenia-associated genes converge on specific
biochemical pathways. Some of most widely reported pathways include
NMDA receptor signalling, immune system function, calcium signalling, the
NRG1–ERBB4–PI3K–AKT1 pathway, and MIR-137 and its targets(23). Four
of the 10 gene variants most strongly-associated with schizophrenia are
directly involved in DA pathways(24,25).

1.4.2 Environmental risk factors and gene-environment interactions
Environmental risk factors for schizophrenia can be broadly divided into three
main categories; pregnancy and obstetric complications, social adversity,
and the use of psychoactive substances. The effect of pregnancy and
obstetric complications on schizophrenia risk is minor; pooled odds ratio is
estimated to be about 2.0(26). Such complications include bleeding,
diabetes, rhesus incompatibility, nutritional deficiencies, medication and
preeclampsia. Abnormal foetal growth and development such as; low birth
weight, congenital malformations, and reduced head circumference have
17

been found to be associated with schizophrenia risk. Complications during
delivery have also been implicated, these include; uterine atony, asphyxia,
and emergency Cesarean section(26). There is however more substantial
evidence for maternal influenza and other infections in particular contributing
to an increased incidence of schizophrenia in offspring(27–30). Furthermore,
it has been suggested that maternal stress may have a similar effect(31,32).
Epigenetic mechanisms, particularly DNA methylation, histone modifications,
and non-coding RNAs are the most important linking factor among the
genetic and prenatal environmental variables in the aetiology of
schizophrenia(33).

Postnatal risk factors (e.g., stress, urbanicity, cannabis use) may also affect
the risk of schizophrenia via the potentiation of vulnerable brain pathways.
For example, social defeat, in humans, refers to a ―Negative experience of
being excluded from the majority group”(34). It was first hypothesized in
2005 that chronic exposure to social defeat could lead to sensitization of the
mesolimbic dopamine pathway and thus increase the risk of
schizophrenia(35). This hypothesis stemmed from evidence that
environmental factors such migration, childhood trauma, the use of illicit
dopamine enhancing drugs, low IQ and urban upbringing correlate with an
increased risk of schizophrenia. There is also some associative evidence for
factors such as poor socioeconomical background, ethnic minority status,
hearing impairments, unemployment, single status, autism, illiteracy, short
stature, Klinefelter syndrome and sexual minority status(34,36). Childhood
trauma and migration however demonstrate the strongest correlative
evidence(34,36). This evidence demonstrates the importance of social
factors in the aetiology of psychotic disorders like schizophrenia.

1.5 The search for blood-based biomarkers to predict schizophrenia
1.5.1 Why search for biomarkers?
The value of identifying the molecular correlates of schizophrenia cannot be
underestimated. The clinical outcome in schizophrenia, which affects up to
1% of the population world-wide, is significantly improved by early
identification and treatment(37). Biomarker studies involving non-drug
18

treated, first-episode and indeed prodromal schizophrenia have huge
potential in this regard to allow for more accurate diagnosis, earliest possible
intervention, and to provide an insight into disorder pathology(38).
Symptoms of schizophrenia generally occur in early adolescence; however
criteria for full disorder are not usually met until late adolescence or
adulthood (as outlined in section 1.3). This gap provides researchers with the
opportunity to study this period preceding progression to disorder. Studies
involving first-episode patients have paved the way for future biomarker
studies involving prodromal patients(39–46). Furthermore, a recent study by
Perkins and colleagues in 2015 conducted biomarker profiling experiments
on CHR patients who transitioned to a psychotic disorder within 2 years in
comparison to those that did not transition and healthy controls(47). Chan
and colleagues in 2015 also described testing the predictive performance of
their biomarker panel on help-seeking individuals who developed
schizophrenia up to two years after baseline, and found an area under the
receiver operating characteristic (ROC) curve (AUC) of 0.82 AUC: 0.9–
1.0=excellent; 0.8–0.9=good; 0.7–0.8=fair; 0.6–0.7=poor; 0.5–0.6=fail(42).
These studies demonstrate the potential for investigations involving ARMS
or clinical-high risk patients in order to facilitate early intervention and even
potentially prophylactic treatment; currently impossible due to the low rate of
transition from ARMS diagnosed by psychiatric interview to psychotic
disorder(16,17). The aim of studies such as these are that biomarker
research will allow for the diagnosis of the subset of ARMS patients at
highest risk for transition to disorder.
1.5.2 Why search for protein biomarkers?
Genomic studies, although valuable, have fallen short of fully describing the
pathophysiology of schizophrenia(48). Research into the genetic aetiology of
schizophrenia has not resulted in the identification of any definitive
biomarkers, diagnostic nor prognostic, for the disorder. This is not surprising
as there are no known Mendelian variants identified for this disease; instead
there is evidence for variations of many genes, each conferring subtle effects
that are considered to be involved in the aetiology. It is therefore necessary
not only to determine gene expression and DNA variation in schizophrenia,
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but to also determine the abundance, modifications and localization of
proteins. Proteomics can be defined as the qualitative and quantitative
comparison of proteomes in order to further understand biological processes.
In recent years proteomic methods allow for not only the study of the
proteome itself but also the characterization and identification of posttranslational modifications (PTMs). In addition proteomics now extends to the
study of protein-protein interactions and protein turnover(49).
Proteomic investigations provide us with a very different biological insight in
comparison to genomic studies in that the expression, and function, of
proteins is modulated at many different points; including DNA transcription
and post translational-modifications, which largely cannot be predicted by
data on nucleic acids. Finally, many proteins can arise as the products of a
single gene as a result of alternative splicing and alternative PTM‘s of gene
transcripts(50).
1.5.3 Why search for biomarkers in the blood?
The field of blood-biomarker discovery for brain disease is coming to fruition,
with recent clinical trials for blood-based biomarkers of the
neurodegenerative disorder Alzheimer‘s disease, and significant studies in
Parkinson‘s disease(51–53). This is of significance to the psychiatry and
neurology fields as patient blood is an easily accessible biological sample. In
addition, blood can be taken at any stage during the course of illness, unlike
cerebrospinal fluid (CSF) for instance(51,54). There is now strong evidence
supporting an association between systemic abnormalities and
schizophrenia pathology which is driving the search for peripheral, bloodbased biomarkers for the disorder(18,55). There have been many interesting
findings in this field, implicating processes such as inflammation, stress
response signalling, innate/adaptive immune signalling and energy
metabolism in the pathology of schizophrenia(56–58).
There is very strong evidence in particular for immune disturbances in
schizophrenia. These disturbances have origins in both genetic susceptibility
(59) and environmental factors(60,61). Evidence for immune dysfunction is
derived from biomarker, anti-inflammatory treatment response and maternal
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immune activation studies(62). Co-morbidities also exist between
autoimmune/inflammatory disorders and psychotic disorders(63).
Inflammation is considered a key process is this research(64–66). The twohit infection model of schizophrenia hypothesises that infection and/or
environmental stress, during gestation or early life, activates microglia
causing neuronal development disturbances(61). This is thought to
eventually lead to increased vulnerability for a psychotic disorder later in
life(61). The ―second hit‖ involves endocrine changes, stress or infection
leading to further microglial activation and ultimately functional abnormalities
of neuronal circuitry and psychosis(22,61).
There are numerous studies reporting evidence of altered levels of innate
and adaptive immune system proteins in the plasma, serum and
cerebrospinal fluid of patients with psychosis. Cytokines interleukin-6 (IL-6),
interleukin 1 beta (IL-1β), serum interleukin 2-R (sIL-2r) and tumour necrosis
factor alpha (TNF-α) are amongst the differentially expressed proteins found
in drug-naive first-episode psychosis subjects, shown by meta-analysis of
ELISA studies(57). These signalling molecules play a pro-inflammatory role
in the immune system and share the ability to activate the acute-phase
response(67,68).
1.6 Mass spectrometry and multiplex immunoassays; the methods
driving high-throughput biomarker discovery
The approaches currently driving high-throughput biomarker discovery are
the multiplex immunoassay (MIA) and mass spectrometry (MS). Here, a brief
history of high-throughput protein discovery in schizophrenia and an
explanation of the relevant techniques will be given.

1.6.1 Mass-spectrometry
―Bottom-up‖ proteomics refers to an approach in which information about
proteins in a sample are reconstructed from individually identified fragment
peptides. The earliest proteomic experiments investigating schizophrenia
pathology combined two-dimensional polyacrylamide gel electrophoresis (2D PAGE) MS(69–71). Most MS instruments used at this time were matrix21

assisted laser desorption/ionization-time of flight (MALDI- TOF), and
identified proteins by matching the tryptic peptide products of protein
digestion to patterns predicted using protein sequence databases (a ―bottomup‖ approach). In an attempt to reduce uncertainty from gel-to-gel
differences in 2-D PAGE, difference gel electrophoresis (DIGE) was
introduced in 1997(72,73).
The introduction of tandem mass spectrometry (MS/MS); multiple stages of
mass spectrometry with fragmentation of precursor ions to fragment ions,
has led to significant improvements in the rate and reproducibility of protein
identification and quantification(74). There have also been numerous
improvements made to MS instruments over recent years including the
introduction of hybrid, or high-resolution/mass accuracy (HR/AM),
instruments such as the cutting-edge Thermo-Scientific Q-Exactive Orbitrap
and quadrupole-time of flight (QTOF). These typically permit the routine
identification of a few thousand proteins in a complex sample within several
hours(75). They are also superior to previous mass spectrometers in terms
of resolving power, acquisition speed, sensitivity and mass accuracy(75).
Most proteomic biomarker discovery studies in schizophrenia currently use
―bottom-up‖ approaches, with an exception being a study by Ding and
colleagues that employed a ―top-down‖ approach (identification of proteins
prior to digestion into peptides) using Surface-enhanced laser
desorption/ionization, time-of-flight mass spectrometry (SELDI-TOF MS;
(46)). The currently used ―bottom-up‖ approaches employ data-dependent,
targeted and data-independent acquisition methods. These differ in their
respective methods of precursor selection for fragmentation, and the ways by
which fragment ion signals are recorded(76). Here these approaches will be
introduced in the context of blood biomarker discovery in schizophrenia.
Shotgun, or discovery, proteomics is the most widely used ―bottom-up‖
method in this field. This method aims for global protein identification and
systematic profiling of complex proteomes. Shotgun-based methods employ
a data-dependent acquisition (DDA) instrument mode(77,78). In DDA mode,
the most abundant peptide ions (precursor/parent ions) detected in a survey
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(MS1) scan are selected for fragmentation(75,78). These ions are then
fragmented in a collision cell by collision-induced dissociation (CID). The
resulting fragment ions (product/daughter ions) are then acquired in the form
of fragment ion spectra(75). Data analysis in DDA mode relies on peptide
identification by reconstructing a peptide‘s amino acid sequence from the
fragment ions recorded in these spectra, and matching to a protein database.
A significant limitation of DDA is low reproducibility, which occurs as a result
of the stochastic nature of the approach(75,78). It is also biased toward
highly-abundant peptides, which leads to inconsistent detection and
quantification of lower abundance peptides across multiple samples(79). A
single liquid-chromatography tandem mass spectrometry (LC-MS/MS) run in
blood plasma or serum can identify 100‘s of proteins(78,80).
The quantification of proteins in a shotgun comparative experiment can be
based on ―labelled‖ or ―label-free‖ peptides. Labelling, for example with
isobaric tags for relative and absolute quantitation (iTRAQ), has limitations
(81). These include increased time and complexity of sample preparation,
requirement for higher sample concentration, costliness of the reagents, risk
of incomplete labelling, requirement for specific quantification software, and a
limited number of samples (between two and eight) per analysis. Some of
these limitations are addressed in label-free approaches, of particular
significance is the ability of label-free approaches to analyse many more
samples per analysis(82). Quantification in label-free proteomics is based on
the theoretical assumption that the chromatographic peak areas of peptides
correlate with their concentrations(81). Most biomarker investigations
nowadays employ label free approaches because they are not limited by the
number of labels/tags and can facilitate a larger number of samples being
run, where sample size and statistical power are key factors considered in
the design of clinical biomarker investigations(78,82).
Targeted proteomics involves the hypothesis-driven selection and analysis of
proteins of interest, prior to experimentation. Selected reaction monitoring
(SRM), also known as multiple-reaction monitoring (MRM), is the
fundamental acquisition mode in targeted proteomics(83). SRM has not been
used in blood-based schizophrenia studies; however it was the method of
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choice in a study involving brain tissue from a PCP rat model of
schizophrenia(78,84). It is highly reproducible across samples, and even
different laboratories, making it a suitable tool for biomarker validation
(76,78). Before an SRM experiment, a single transition (or multiple
transitions in MRM) and the retention time for the protein of interest must be
predefined(78,83). Specific peptide and peptide fragments are then selected
based on their predetermined m/z (mass to charge) ratio and the intensity of
each transition (m/z value of precursor/product ion pair) is recorded. Due to
restraints on instrument duty cycles and the co-elution of peptides in HPLC
runs current SRM experiments are typically limited to the quantitation of up to
100 peptides per run; an approach which is low throughput in relation to
DDA(85).
Data-independent acquisition (DIA) methods have begun to emerge
prominently in this field(43,44). DIA mode can be used for discovery or
hypothesis-driven proteomic investigations, since high numbers of proteins
can be measured in an unbiased fashion(76,85,86). DIA combines many of
the advantages of DDA while overcoming some of its limitations(76,83).
Specifically, DIA has the ability to overcome limitations in reproducibility
associated with DDA due to its more comprehensive sampling method(79).
On the other hand, DIA may be less sensitive than DDA, due to the
increased instrument time required to progress through the isolation
windows(87). However, this can be compensated for by increased signal-tonoise in MS2 spectra(87) . SRM and DIA are conceptually different
approaches. When deciding which approach to use one might consider that
unlike with SRM techniques, there is no peptide scheduling required in
advance in DIA mode, meaning that data can be continuously re-examined in
order to target or validate emerging biomarker candidates(88). DIAcan also
measure up to 10 times more peptides than SRM and has high-throughput
capabilities similar to DDA(76). In terms of sensitivity however, DIA is inferior
to SRM for small numbers of protein targets in single experiments(76).
Thestatistical handling of data lags behind other approaches but the advent
of tools such as mapDIA has yielded promising results (outside of the
schizophrenia blood biomarker field)(79).
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Figure 1.3 Visualization of a DIA mode involving the use of 20 x 20 m/z-wide
windows, covering a total range of 400 m/z. Tandem MS data is acquired for
all detected precursor ions per isolation window.
Several DIA workflows have been reported in the schizophrenia biomarker
literature(76). They all use unbiased MS/MS data acquisition but differ in
their mode of data collection and analysis, and in the type of massspectrometer used(78). DIA approaches can be broadly divided in to two
categories; full m/z range and selected m/z range(76,78). MSe is a DIA
workflow which involves the fragmentation of all ions within the full m/z range
by the mass-spectrometer(76). One would expect the statistical handling of
MSe data to be particularly difficult simply because more data is generated.
MSe has been used in two blood-based proteomic studies of schizophrenia
(43,44).
Alternative workflows for DIA involve the isolation of consecutive m/z
windows which collectively cover the entire precursor-ion mass range. For
example in selected m/z range DIA the precursor mass range can be
selected, the mass range is then divided into a series of isolation windows
(for example 20 m/z per window), tandem MS data is acquired for all
detected precursor ions per isolation window and, finally, tandem MS
spectral libraries are used to identify peptides of interest from acquired data
(Figure 1.3)(76,78).Sequential window acquisition of all theoretical mass
spectra (SWATH) is an approach developed for the consistent and accurate
targeted acquisition of MS/MS spectra generated by DIA(89). This involves
using fragment ion spectral libraries to mine peptide fragment ions maps
generated by DIA(89). This is made possible by consecutively sampling
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precursor isolation windows (swaths), therefore generating fragment ion
spectra for all peptides over the entire precursor ion mass range and userdefined retention time window(89). Similarly to MSe handling of SWATH data
is a challenge due to its density. A variation of this approach known as
multiplexed MS/MS (MSX) uses a stochastic selection of smaller (for example
five 4 m/z wide) precursor isolation windows, within the 20 m/z wide
consecutive windows(90). This has been shown to reduce the fragment ion
interference and increased precursor selectivity(79,88). MSX can be used
across the entire precursor range or selected precursor ranges.
1.6.2 Bioinformatic tools for proteomic analysis
Due to the enormous volumes of proteomic data generated from massspectrometry manual analysis would be inconsistent and essentially
unfeasible(91,92). Therefore bioinformatic tools are crucial in the
interpretation of quantitative data.
MaxQuant is a widely used software package in the analysis of DDA
proteomics. It uses a set of algorithms (including peak detection and scoring
of peptides), performs mass calibration and database searches for protein
identification, quantifies identified proteins, and provides summary
statistics(93). MaxQuant-Perseus packages enable protein quantification via
the label-free quantification (LFQ) or intensity-based, absolute quantification
(iBAQ) values(93). It performs statistical analysis based on peptide level
intensities(79).
The most widely used approach for DIA data-analysis involves targeted
quantification using tools such as Skyline which employs a spectral library
generated by DDA for matching peptides (as chromatogram peaks) and
extracting their areas (intensities). However, there is also software available,
such as DIAUmpire, capable of non-spectral library based quantitation which
is ―non-targeted‖(79).
The complexity of DIA data (acquired by targeted or non-targeted extraction)
poses significant challenges to data analysis. Fragment-level DIA data may
contain fragments that are shared across multiple co-eluting precursor ions
26

within the same isolation window, referred to as chemical noise, creating a
difficult problem for quantification(79). Furthermore, after data extraction for
each sample, the fragment maps will not necessarily be reproducible across
multiple runs if the chromatographic elution patterns are distorted by factors
such as pressure and temperature changes in the column or fragment ion
interference(79). Therefore a reliable set of fragments has to be selected
carefully before the statistical analysis is performed, which is achievable in
Skyline by visualizing and manually processing data before statistical
analysis(88).
Another difficulty with regards to DIA data analysis is that few currently
available approaches can roll-up complex fragment level data from DIA into
protein level statistical summaries(79). Model-based Analysis of Quantitative
Proteomics from Data Independent Acquisition Mass Spectrometry (MapDIA)
is unique in that it is specifically designed to perform statistical analysis
based on fragment level intensities generated by DIA, unlike programmes
such as MS stats (which was written for SRM/MRM data and may be
susceptible to false discoveries in DIA data)(79).
Ingenuity Pathway Analysis (IPA) is a commercial bioinformatics application
which provides insight into the significance of genes or proteins of interest
(generated for example from proteomic experiments) in relation to larger
biological systems. One feature of the software, of particular interest to the
current study, is its ability to identify canonical pathways significantly
represented in a candidate protein biomarker data set, by comparison with
predefined maps containing pathway information (based on IPA‘s
―Knowledge Base‖ comprised of curated evidence from the literature). There
are a number of additional applications for IPA including identification of the
top upstream regulators, diseases and biofunctions from genomic or
proteomic data. The Ingenuity Knowledge Base currently contains
approximately 5 million individual findings, most of which describe
relationships between molecules or between molecules and diseases or
biological functions(94) . Additional information can be found on the Ingenuity
systems‘ website (http://www.ingenuity.com). Other similar open-source
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applications include Kyoto Encyclopaedia of Genes and Genomes (KEGG)
Pathway (genome.jp/kegg/pathway) and STRING-DB (string-db.org/).
1.6.3 Multiplex immunoassay
The introduction of biomarker discovery databases such as the multi-analyte
profile (MAP) platform by Myriad Rules-based medicine (RBM) has
transformed the use of immunoassays in biomarker research(78). The MAP
platform was developed using microsphere technology in order to provide
researchers with reproducible, quantitative multiplex immunoassay data for
hundreds of proteins, from relatively small quantities of blood plasma or
serum(78). This technology has caused a shift from the use of
immunoassays for purely hypothesis-driven protein quantitation, to the
identification of biomarkers (hypothesis generating; albeit from a finite set of
proteins). MSe was used to identify a serum biomarker panel capable of
distinguishing first-onset drug-naive schizophrenia subjects from healthy
subjects. This panel was then validated by immunoassay to create the first
commercially available blood-based laboratory test for schizophrenia(95).
This exemplifies the fact that the MIA approach to biomarker discovery is
dependent on candidate identification by true discovery approaches like MS
(78).
The issue of antibody availability and thus lack of comprehensive proteome
coverage, which has long been a significant limitation of biomarker studies,
may eventually be overcome(78). The Human Protein Atlas
(http://www.proteinatlas.org/) is an antibody-based platform which contains
expression and localization profiles for 86% of the predicted human genome.
Forty-four different human tissues and annotation data for 83 different cell
types are included. The ultimate goal is to continue to extend this analysis to
the majority of human proteins(96).
1.6.4 Comparison of mass-spectrometry and multiplex immunoassays
MS and MIAs give rise to different protein candidates, because of their
unique properties. Here, those properties will be discussed in relation to the
strengths and weaknesses of each technique for high-throughput biomarker
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discovery. First, it is important to note that the two approaches are not
necessarily mutually exclusive; MS can be used as a semi-quantitative
method and discovery tool in order to generate candidate biomarkers that
are subsequently translated into immunoassay platforms (which tend to be
more accessible in a clinical setting).
The analytical specificity (ability to discern one molecule from another) of MS
is generally superior to any other method because in nearly all cases
diagnostic ions capable of identifying the analyte can be isolated(78). For
example; Vitamin D is measured on automated immunoassay platforms
using a binding assay that does not discriminate between vitamin D2 and
vitamin D3(78). MS based methods can discriminate between the two forms,
cholecalciferol and ergocalciferol, since they have different molecular mass
(78,97,98). Furthermore, antibody-based methods are not easy to scale up
and are also limited by the availability and quality of antibodies.
Despite analytical superiority to automated immunoassays, MS lags behind
antibody-based platforms in terms of reproducibility(78). This limitation may
reflect the natural variation in chromatography, and the presence of missing
data which arise as a consequence of the DDA sampling procedure(78).
However this is also the result of the true discovery nature of the approach
(as opposed to the use of specific antibodies), and indeed of the analytical
specificity which results in the identification of various isoforms of the same
protein(78). DIA approaches however provide fragment level quantification,
which can be considered the repeated measure of abundance of peptides
across samples, enabling greater reproducibility across runs and
experiments(79).
Immunoassays allow greater sensitivity of detection than MS(86). DIA may
be less sensitive than DDA, due to the increased instrument time required to
progress through the isolation windows(87). However, this can be
compensated for by increased signal-to-noise in MS2 spectra(87). The
targeted SRM approach, however, is of comparable sensitivity to
immunoassays.
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Discovery proteomic workflows are biased toward highly-abundant peptides
which led to an issue which previously complicated proteomic work; the need
to deplete high abundant proteins to allow assessment of mid to low
abundant candidate biomarkers. Such depletions however can now be
reliably conducted using high-performance liquid chromatography(99). This
reduces protein concentration variability but there is the risk of co-depletion
of potentially significant biomarkers due to nonspecific binding or loss of
biomarkers bound to higher-abundance carrier proteins(100).
Another factor in comparing these approaches is cost. Multiplex
immunoassays are less costly than mass spectrometry approaches in terms
of instrument and training costs; however, developing antibodies for a
particular protein of interest makes this approach economically dependent on
the predefined MAPs mentioned above(78). Statistical handling of antibodybased data is also significantly more straightforward than proteomic data as
it is far less complex and there is no need to roll fragment/protein-level data
into protein level data.
The most recent human MAPs are fixed with up to 300 antibodies per array
for proteins present in serum or plasma but only a portion of these (33% 50%) are quantifiable in an experimental setting (Table 1.1). For a protein to
be suitable for quantitation different studies set different criteria. For
example, the proteins must have given robust reading, within the range of
quantitation, in 70% of samples (41,42). Conversely, a recent MS method
(MSe) has the ability to identify approximately 1500 proteins and quantify up
to 320 of these(43,44). Criteria are often similar to those of MIA studies in
that peptides found in greater than 70% samples (in 2/3 injections) are
quantified(43,44). However, some studies have less stringent criteria, for
example Li and colleagues, 2012, quantify peptides found in as few as 50%
of samples(77).
In summary, despite MIA conferring significant advantages over MS, for
high-throughput, true discovery experiments MS remains superior for the
time being. In addition, the fact that SRM is of comparable sensitivity and
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reproducibility to MIA opens the possibility of the replacement/validation of
immunoassay findings with targeted MS techniques(78).

Table 1.1: Identification and quantification abilities of mass-spectrometry
approaches and multiplex immunoassays. Mass-spectrometry and multiplex
immunoassay methods with corresponding typical number of protein
identifications in schizophrenia studies (Typical no. protein IDs) and the
typical number of proteins quantified in schizophrenia studies (Typical no.
proteins quantified). Abbreviations: MAP; multi-analyte platform, 2D-PAGEMALDI-TOF; two-dimensional polyacrylamide gel electrophoresis- finally
matrix-assisted laser desorption/ionization time of flight mass spectrometry,
LC; liquid chromatography, MS; mass-spectrometry, MS/MS; tandem massspectrometry). Table from recently published review by Sabherwal and
colleagues in2016(78)
Method

Typical
no. protein IDs

Multiplex Immunoassay
(MIA)
2D PAGE-MALDI-TOF MS
LC-MSe (Q-TOF)
LC-MS/MS (Q-exactive)

135-300

Typical
no. proteins
quantified
85-140

66
1410
1340

1500
220-320
190

1.7 Limitations to previous studies and how they will be addressed
For the discovery phase of biomarker development shotgun proteomics
using DDA and targeted approaches using SRM are a more established
workflow (especially in terms of data analysis) and widely accepted within the
proteomic community. However as discussed above, DIA has huge potential
for both the discovery and validation of potential biomarkers. Here a workflow
for performing non-scheduled targeted proteomic data analysis of MSx DIA
data will be optimized.
In addition, there are currently limitations in independent validation methods
for proteomic experiments. At present, the results of most proteomic
experiments must be validated by low-throughput and often costly methods.
The gold standard for validation experiments is by ELISA. However,
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alternative techniques such as western blot, fluorescent bead, chip
immunoassay arrays, or Surface Plasmon Resonance (SPR) are also
commonly used. Mass-spectrometry based validation techniques are ideal in
that they are high-throughput. DIA, however, has the added ability to validate
data-dependent discovery proteomic findings in a non-biased manner, unlike
with targeted approaches like SRM in which proteins of interest must be
scheduled in advance(101). Therefore, DIA‘s capabilities for validating
biomarker candidates identified by discovery methods will be tested in this
study.
Proteomic studies conducted in first-onset drug-naive schizophrenia subjects
and in prodromal psychosis are valuable because of the low recruitment
rates of these patients; between 10 and 30 per year. Low recruitment rates
can however lead to longer duration studies, and thus longer storage time for
samples, which could potentially influence biomarker stability(42). The
current study uses longitudinal samples from subjects in the ARMS at age 11
and search for biomarkers for their transition to disorder at age 18. The
ARMS/CHR stage of clinical presentation has not been sufficiently
addressed by proteomic biomarker studies to date. The potential for
investigations involving ARMS or clinical-high risk patients is huge as these
could facilitate early intervention and even potentially prophylactic treatment;
currently impossible due to the low rate of transition from ARMS (diagnosed
by interview) to psychosis of about 30%(17).
Perkins and colleagues in 2015 (mentioned previously) established a 15
analyte biomarker panel by measuring differential expression of proteins (by
MIA) in CHR subjects who transitioned to psychosis versus healthy controls.
They examined the predictive performance of this panel for CHR patients
who transitioned to psychosis versus those who did not and found an area
under the curve (AUC) of 0.88. In this study they also assessed CHR
patients who transitioned to psychosis within 2 years in comparison to those
that did not transition(47);here however, only two proteins were found to be
significantly differentially expressed using permutation analysis and none
when controlling for multiple comparisons (MMP-7 and APOD)(47). The lack
of significant results from Perkins and colleagues may potentially be
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overcome in this study by using the cutting-edge bioinformatics software
Skyline and mapDIA.

1.8 Hypothesis and Aims
The hypothesis of this study is that retrospective, targeted analysis of DIA
data will result in both the identification and validation of biomarker
candidates for the transition from ARMS to a psychotic disorder.
There are two specific aims of this study; both of which involve measuring
protein expression levels in the plasma of age 11 subjects who develop a
psychotic disorder at age 18, in comparison to those who do not transition.
Aim 1 is to use DIA coupled to cutting-edge bioinformatics in order to identify
hypothesis-based biomarkers (derived from a literature review of drug-free
schizophrenia) for the transition from ARMS to a psychotic disorder. Aim 2 is
to use the same workflow, involving DIA and innovative bioinformatic
software, to validate previously derived biomarker candidates (by DDA) in
the same samples.
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Chapter Two: Materials and methods
2.1 Study design
Firstly, DIA was run on plasma samples from age 11 ARMS subjects using a
Thermo Scientific Q-Exactive Orbitrap instrument. Aim 1 was to use
bioinformatics to target all proteins in the top pathway identified in the drugfree schizophrenia biomarker literature by IPA (target list 1). Aim 2 was to
validate biomarker candidates identified by DDA previously performed in our
lab (target list 2; unpublished results). The open source software Skyline
was used to perform the retrospective (non-scheduled) targeted extraction
on data acquired by DIA. The data for each protein target was extracted in
the form of chromatograms, visualised and processed in Skyline. Data could
then be exported and statistically analysed by a programme called mapDIA
in order to identify strong candidate biomarkers for the transition from ARMS
to a psychotic disorder.

Figure 2.1.1: Workflow for this study. DIA was performed on plasma samples
from age 11 ARMS subjects which were obtained from the ‘Children of the
90’s’ or ALSPAC cohort. A literature review on drug-free schizophrenia was
conducted, identifying protein biomarker candidates which were then
analysed by IPA to identify the top pathway implicated in past studies. DDA
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was performed, also on the age 11 ARMS samples. Finally, proteins from the
top pathway identified in the literature and all candidate biomarkers identified
by DDA were targeted in the DIA data using Skyline. Abbreviations; DIA,
data-independent acquisition; DDA, data-dependent acquisition; IPA,
ingenuity pathway analysis.
2.2 Subjects
This study used samples from the Avon Longitudinal Study of Parents and
Children (ALSPAC; or ‗Children of the 90‘s‘), which is a long-term health
research project. 14,500 women in 1991 and 1992 enrolled during pregnancy
and the health and development of their children has been documented in
great detail since (http://www.bristol.ac.uk/alspac/). This cohort is assisting
research into a wide range of health problems, all over the world. Psychotic
episodes (PEs) have been measured at various time-points in ALSPAC
subjects. A semi-structured interview (PLICKS-I) was taken at ages 12 and
18 to assess these symptoms, and again at 24(102). In the current study
plasma samples were taken from subjects in the ARMS at age 11 who
developed a psychotic disorder at age 18 (n=19). The comparison group
were diagnosed by a health professional as being in the ARMS at age 11,
but did not transition to a psychotic disorder at age 18 (n=17). All plasma
samples were taken at age 11. The aim of this study is to search for early
biomarkers for the transition from ARMS to a psychotic disorder. Cases and
controls were matched for age and BMI. There were significant gender
differences across studies.
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Table 2.1.1: Demographic details for cases and controls at age 11. Controls
were matched to cases in terms of age and BMI, but groups differed
significantly in terms of gender distribution. Abbreviations: F, female; M,
male; W, white; NW, non-white; NA, not applicable; NM, non-manual labour;
M, manual labour; PD, a psychotic disorder.
Age 11 ARMS

Age 11 ARMS

(transitioned to PD at age

(no PD at age

18)

18)

Original Study

19

19

Proteomics Study

19

17

Gender

16F, 3M

10F, 7M

BMI

18.65 (3.73)

17.56 (2.32)

Ethnicity

14W, 1NW, 4 NA

19W

Social Economic

9NM, 6M, 4 NA

14NM, 5M

Mean (StdDev)

Status

2.3 DIA analysis of plasma from ARMS subjects:
Lab work was carried out by research fellow Dr. Jane English and research
assistant Ms. Magdalena Hryniewiecka (Sections 2.3.1, 2.3.2 and 2.5). The
focus of this project is on the non-scheduled targeted extraction of proteins of
interest (not specified for data acquisition on the mass-spectrometer) from
the resulting data using cutting-edge bioinformatics software and statistical
analysis of this manually processed data by a similarly innovative software
package.
2.3.1 High-abundance protein depletion of plasma samples and sample
preparation for mass-spectrometry
To improve the dynamic range for proteomic analysis, 40µl of plasma from
each of the 36 samples was immunodepleted using the Agilent Multiple
Affinity Removal Column Human 14 as part of the Multiple Affinity Removal
System (MARS). This system was coupled to a High Performance Liquid
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Chromatography (HPLC) system(43) which removes the 14 most abundant
proteins (Alpha-1-antitrypsin, A1-acid glycoprotein, Serum Albumin, Alpha2macroglobulin, Apolipoprotein A-I, Apolipoptrotein A-II, Complement C3,
Fibrinogen alpha/beta/gamma, Haptoglobin, IgG A, IgG G, IgG M,
Transthyretin, and Serotransferrin). Protein depletion was undertaken
according to the manufacturer instructions and buffer exchange was
performed with 50mM ammonium bicarbonate using spin columns with a
10kDa-molecular weight cut-off (Merck Millipore). Prior to sample preparation
for mass spectrometry the protein concentration was determined by Bradford
Assay(103), according to the manufacturer (BioRad) instructions.
Protein digestion and peptide purification was performed as described by
English and colleagues in 2015(104). For quality control (QC), an equal
aliquot from each protein digest in the experiment was pooled into one
sample for use as an internal QC. This QC standard was injected at the
beginning of the MS study to condition the column, and after every ten
injections throughout the experiment to monitor the MS performance.
2.3.2 Data independent acquisition
In addition to the procedures outlined above protein digests were spiked with
the PierceTM Peptide Retention Time Calibration Mixture (4fmol/μl),
according to the manufacturer instructions, in order to facilitate retention time
prediction (iRT) calculation in SkylineTM for DIA data. Data-independent
acquisition was then performed on all plasma samples (Table 2.1; 19
Cases/17 Controls). Samples were run on the Thermo Scientific Q Exactive
mass spectrometer in DIA mode. The DIA isolation scheme and multiplexing
(MSX) strategy was based on that from Egertson et and colleagues (2013) in
which five 4-m/z isolation windows are analysed per scan(90). Each DIA
cycle contained one full MS–SIM scan and 20 DIA scans (100 4 m/z isolation
windows in total) covering a mass range of 490–910Th. The cycle time was
2s, which resulted in at least ten scans across the precursor peak. The
settings for analysis were as follows; the SIM full scan resolution was 35,000;
AGC 1e6; Max IT 55ms; profile mode; DIA scans were set at a resolution of
17,000; AGC target 1e5; Max IT 20ms; loop count 10; MS X count 5; 4.0 m/z
isolation windows; centroid mode(90). For the library, QC samples were
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injected in DDA mode at the beginning of the run, and after every ten
injections throughout the run. The relative fragment-ion intensities, peptideprecursor isotope peaks and retention time of the extracted ion
chromatograms from the DIA files were used to confirm the identity of the
target molecular species(88).
2.4 Generation of Target List 1 by systematic literature review and IPA
The objective of this review was to summarize blood (plasma/serum)
biomarker findings in drug-free schizophrenia from the literature identified by
MS and MIA. The ―Preferred Reporting Items for Systematic Reviews and
Meta-Analyses‖ (PRISMA) guidelines for reporting in systematic reviews
were used(105). These findings have been recently published(78).
Relevant articles were identified by searching for titles in search engines
(PubMed and Web of Science) using the following search terms:
(Schizophrenia[Title/Abstract] OR psychosis[Title/Abstract] Or
psychotic[Title/Abstract] OR ARMS[Title/Abstract]) AND
(Blood[Title/Abstract] OR plasma[Title/Abstract] OR serum[Title/Abstract])
AND (mass spectrometry[Title/Abstract] OR multiplex
immunoassay[Title/Abstract] OR proteomic[Title/Abstract]) NOT
(rat[Title/Abstract] OR mouse[Title/Abstract]) NOT review[Title/Abstract]
The searches returned 153 records after duplicates were removed. Abstracts
from the search records were screened using the following criteria for
inclusion/exclusion: Only experimental published papers in English were
included; reviews, meta-analyses and non-English language papers were
excluded. Papers were included if they measured serum or plasma protein
levels in males and/or females in late adolescence or adulthood with
schizophrenia (e.g. paranoid subtype or first-episode psychosis) or clinical
psychosis risk (e.g. clinical high-risk) AND
a) Analysis was conducted using a high-throughput approach (mass
spectrometry or multiplex immunoassay).
b) Compared subjects to a healthy control group or those at clinical high risk
who did not covert to disorder.
c) Was published before January 2016.
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d) Subjects were drug-free or effects of treatment were excluded by an
untreated control group
AND
e) Did NOT solely focus on the effects of antipsychotic medications on protein
levels.
f) Did NOT solely focus on unrelated variables e.g. comparing patients with
long term side effect of antipsychotics and those without or those who have
attempted suicide versus those who haven‘t.
g) Did NOT solely focus on proteins measured in brain tissue.

14 records reached inclusion criteria after screening of abstracts and full
texts. Here all studies in the serum or plasma of schizophrenia patients (at
various stages) who were drug-naïve (n=10), non-medicated for a period of
at least 8 weeks (n=1), or for whom the effect of treatment could be excluded
(by including an untreated control; n=3) have been summarized along with
demographic details for the patients and controls in each investigation (Table
2.1.2).
Of the 14 studies which identified schizophrenia biomarkers, five dealt solely
with subjects from the paranoid subtype (DSM-IV 295.30) and the remaining
nine with a DSM-IV schizophrenia diagnosis. One study by Perkins and
colleagues in 2015 dealt with subjects in the clinical high-risk group identified
by Structured Interview for Prodromal Syndromes (SIPS) and Scale Of
Prodromal Symptoms (SOPS) questionnaires/interviews. All studies included
were case-control design, except for the study by Perkins and colleagues in
2015 which confers the advantage of a longitudinal design.
Of the 14 studies in total included in this review; 12 excluded, or co-varied for
post-hoc, patients and/or controls with a history of mental disease, substance
abuse or the presence of medical conditions. Some were more stringent in
this regard and excluded patients and controls based on multiple additional
criteria (for example presence of co-morbid disorders;(42,44,47,55). A study
by Schwarz and colleagues (2011) used US military patients, who were
regularly drug-screened, and therefore could assume to have excluded
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patients abusing substances(18). Yang and colleagues in 2006 did not
exclude patients based on possible confounding effects(70).
Thirteen of the 14 studies included in this review used demographically
matched controls to cases, in order to limit the potential for confounding
factors to interfere with results. The study by Yang and colleagues (2006)
used healthy controls; however there was no mention of these being
matched for age, gender or any other possible confounding factors(70). The
remaining 13 studies found no significant difference between age and gender
between cases and controls, at the minimum. Again, some studies were
more stringent than others with regards to matching the demographics of
controls and patients; smoking status, body-mass index (BMI), cannabis
consumption, tobacco consumption were matched in studies by Jaros and
colleagues (2012), Cheng and colleagues (2010), and Chan and colleagues
(2015)(39,42,44). Domenici and colleagues used non-matched controls;
however statistics remained significant after co-varying for BMI, gender, age
and drug treatment effects. Perkins and colleagues matched for age, gender,
ancestry and socioeconomic status, and also co-varied for depression and
anxiety post-hoc.
The protein expression data from these independent investigations were
then collated and a table was created summarizing the biomarker candidates
identified in two or more of the 14 independent studies.
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Table 2.1.2: List of studies included in this review, chosen by criteria relating to method, biological samples, medication status, and
disorder; there are 14 studies in total; 8 MIA and 6 MS. Demographic details of each study including sample size, age range,
gender distribution, study design and comparison are outlined. *Nested case-control study within a longitudinal study.
Abbreviations: MS, mass-spectrometry; MIA, multiplex immunoassay; N, sample size; SD, standard deviation; CHR-P, clinical highrisk subjects who progressed to psychosis within 2 years; SIPS, Structured Interview for Prodromal Syndromes; SOPS, Scale of
Prodromal Symptoms; m, male; f, female; DMHC, demographically matched controls; BMI, body-mass index; CC, cannabis
consumption; PANSS, Positive and Negative Syndrome Scale; DSM, Diagnostic and Statistical Manual of Mental Disorders; ICD,
International Classification of Diseases ;SCZ, schizophrenia ;PSCZ, paranoid schizophrenia. Table fromSabherwal and colleagues
in 2016 (78).
Author,
year

Sample
type

Main
Technique

Disorder

Treatment
status

Domenici
et al, 2010

Plasma

Human
MAP 1.5

SCZ

Study
included an
untreated
control

Cheng et
al, 2010

Serum

Human
metabolic
MAP

SCZ

First-onset
drug-naïve
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Age range
*case v
control
mean ± SD
37.8±10.7 v
48.9±14.2

N *case
v
control

Study
Design

299 v
254

CaseControl

30.9±10.1 v
30.2±7.8

42 v 31

Casecontrol

Gender
*m/f;
case v
control
115/11
4v
81/173

42/0 v
31/0

Comparison

Non-matched
healthy control but
co-varied for BMI,
gender and age +
drug treatment
effects
DMHC for age,
gender, BMI,
smoking, CC, + date

Author,
year

Sample
type

Main
Technique

Disorder

Treatment
status

Schwarz et
al, 2011

Serum

Discovery
MAP

SCZ

Guest et
al, 2011

Serum

Metabloic
MAP

PSCZ (DSMIV 295.30)

Schwarz et
al, 2012

Serum

Human
MAP

PSCZ (DSMIV 295.30)

Ramsey et
al, 2013

Serum

Human
MAP

SCZ

Chan et al,
2015

Serum

Human
MAP

PSCZ (DSMIV 295.30)

30 days
before onset
drug-naïve
Antipsychotic
naive and/or
6 weeks
antipsychotic
free
First-onset
antipsychotic
-naïve
First-episode
antipsychotic
-naïve
First-onset
drug-naïve

Perkins et
al, 2015

Plasma

Yang et al,
2006
Levin et al,
2010

Plasma

Human
Discovery
MAP
MS MALDITOF
LC-MSe

CHR-P
(SIPS and
SOPS)
SCZ

Serum

PSCZ(DSMIV 295.30)

Included an
untreated
control
Untreated
control
First-onset
drug naive
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Age range
*case v
control
mean ± SD
24±5 v
24±5

N *case
v
control

Study
Design

75 v 75

Casecontrol

31±10 v
30±9

236 v
230

Casecontrol

161/75
v
152/78

DMHC for age,
gender and BMI

31±10 v
30±8

71 v 59

Casecontrol

42/29 v
31/28

20-50

133 v
133

Casecontrol

79/54 v
79/54

16-49

127 v
204

Casecontrol

79/48 v
124/80

19.2±3.7 v
20±4.5

32 v 35

40.2±9.8 v
35.4±13.3
29±11 v
28±7

22 v 20

Nested
casecontrol
Casecontrol
Casecontrol

22/10
v
23/12
Male
only
15/7 v
18/15

DMHC for smoking,
BMI, PANSS, CC,
age, gender
DMHC for age, BMI,
waist circumference,
and tobacco and CC
DMHC for age,
gender, BMI,
smoking, CC
DMHC for age, sex,
ancestry and SE
status
Non-matched
healthy control
DHMC for age and
gender

22 v 33

Gender
*m/f;
case v
control
67/8 v
67/8

of sample collection
Comparison

DHMC (US military)

Author,
year

Sample
type

Main
Technique

Disorder

Treatment
status

Age range
*case v
control
mean ± SD
31.4±9.4 v
32.1±9.3

N *case
v
control

Study
Design

20 v 20

Casecontrol

Gender
*m/f;
case v
control
10/10 v
10/10

Jaros et al,
2012

Serum

LC-MSe

PSCZ (ICD10, F20.0)

First-onset
drug naïve

Li et al,
2012

Serum

LC-MS/MS

SCZ

Drug-naïve

51.9±6.4 v
52.6±6.2

10 v 10

Casecontrol

5/5 v
5/5

Zhou et al,
2014

Serum

Ding et al,
2015

Serum

MALDITOF/TOFMS
SELDI-TOF
MS

SCZ

First-episode
drug-naïve

33.3±13.2 v
36.3±12.8

166 v
201

Casecontrol

SCZ

Firs-onset
drug-naïve

33.1±8.4 v
34±9.2

44 v 40

Casecontrol

67/199
v
90/111
20/24 v
18/22
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Comparison

DMHC for gender,
age, smoking status,
BMI, CC
DMHC for age,
gender and BMI
DMHC for age and
gender
DMHC for age and
gender

2.4.1 Ingenuity Pathway Analysis
Ingenuity Pathway Analysis (IPA) is a commercial bioinformatics application
that is used to analyse how the protein biomarker candidates interact at the
molecular level. The software was used here to identify canonical pathways
significantly represented in the candidate biomarker data set collated from
the review of the drug-free schizophrenia literature. It does so by comparison
with predefined maps containing pathway information based on IPA‘s
Knowledge Base. Biomarker candidates identified by the drug-free
schizophrenia literature review were uploaded to IPA (by UniProt accession
and fold change; -1 or +1). All biomarker candidates, regardless of number of
replications in the literature, were entered once in IPA (i.e. results were not
weighted in terms of replicated proteins). This study focussed on the
canonical pathway output which determines pathways represented within a
data set by calculating the proportion of proteins from a particular pathway in
that data set to the total number of proteins in that pathway. Significance
values were then calculated in IPA by Fisher's exact test, right-tailed. The
significance value indicates the probability of association of proteins from a
dataset with the canonical pathway by random chance alone. A z-score was
also calculated in order to denote whether a canonical pathway activity was
up (positive z-score) or down (negative z-score) regulated in total. This
information was obtained from http://www.ingenuity.com/science.
2.5 Generation of Target List 2; DDA analysis of plasma from age 11
ARMS subjects
In order to identify plasma biomarker candidates in age 11 ARMS subjects
for the transition to a psychotic disorder, DDA was previously carried out in
our lab and the raw data was analysed using the statistical software package
MaxQuant (unpublished). Linear regression analysis in statistical package
RStudio v 0.99.441 compared the diagnostic groups including gender and
BMI at age 11 as covariates. This yielded 19 protein biomarker candidates
which were significant at the p-value cut-off of 0.05 (Table 2.1.3). Only one
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protein, MED30, was significant at FDR level (5%). Fold-changes (fc) were
also calculated, with eight proteins being up-regulated (APOE, VASN, CPQ,
IGHG2, MINPP1, LGALS3BP, F5 and ANPEP) and 11 down regulated
(MED30, ZNF445, ITIH3, ITIH2, EFEMP1, WFDC3, TTR, KNG1, TIMP1,
P4HB and ORM2) in those who transitioned to a psychotic disorder versus
those that did not. Full list of proteins quantified by DDA can be found in
Supplementary Table 2.

Table 2.1.3: Unpublished DDA results. The following data which was
acquired in our lab shows the identification of 19 significantly differentially
expressed proteins at the p-value cut-off of >0.05. Only one protein (MED30)
was significant at FDR cut-off of <0.05. Gene names and UniProt accession
numbers are given here. Eight proteins were up-regulated in cases and 11
down regulated in cases. Abbreviations: FC, fold-change; FDR, false
discovery rate; Ctrl, control.
Gene
names
MED30
ZNF445
ITIH3
APOE
VASN
CPQ
ITIH2
EFEMP1
WFDC3
IGHG2
MINPP1
LGALS3BP
TTR
F5
KNG1
ANPEP
TIMP1
P4HB
ORM2

Protein
accession
Q96HR3
P59923
Q06033
P02649
Q6EMK4
Q9Y646
P19823
Q12805
Q8IUB2
P01859
Q9UNW1
Q08380
P02766
P12259
P01042
P15144
P01033
P07237
P19652

P-value
0.000138
0.002769
0.007006
0.009716
0.009836
0.011422
0.012167
0.013715
0.014561
0.017147
0.018431
0.021037
0.027085
0.028918
0.029344
0.029836
0.035472
0.036849
0.046938

Fc
FDR
(Ctrl/Case)
2.788638 0.042657
1.633974 0.347878
1.301835 0.450077
-1.24478 0.475541
-1.17592
0.47639
-1.25287 0.486162
1.181153 0.489978
1.487346 0.496727
1.562451 0.499871
-1.78561 0.512552
-1.42799 0.517704
-1.59604
0.5353
1.287876 0.565672
-1.1581 0.572837
2.082881 0.574395
-1.22202 0.576154
1.348015 0.602813
1.214791
0.60838
1.414348 0.641174
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2.6 Targeted DIA data analysis of biomarker candidates in Skyline
Skyline is a free, open source software which enables users to extract MS2
chromatograms for chosen targets retrospectively from DIA raw data,
visualise the chromatograms and process the data manually. All DIA data
acquired here was processed in Skyline (downloaded from
https://skyline.gs.washington.edu). This tool provided the interface for visual
confirmation of protein biomarkers in the samples profiled, without any file
conversion. Targeted extraction is based on the use of a spectral library (the
generation of which is outlined above in section 2.3). For our peptide targets
(from target list 1 and target list 2), mass chromatograms were extracted for
+2 and +3 precursor charge states and their associated fragment ions
according to the detailed protocol outlined by Egertson et al in 2015(88). For
our dataset, the m/z tolerance was <10ppm and the average retention time
window was 2 minutes. All parent and fragment level data was visually
confirmed across the 36 samples run (Table 2.1; 19 Cases/17 Controls), and
peak editing was undertaken where necessary (outlined in more detail
below). In addition to the paper by Egertson and colleagues in 2015,
webinars and tutorials also provided instruction for using Skyline (which can
also be found at https://skyline.gs.washington.edu).
The steps taken to perform non-scheduled targeted extraction and manual
processing on proteins of interest in Skyline are outlined in detail here:
2.6.1 Step one; Spectral library and background proteome
Step one involved building a spectral library and the addition of a background
proteome. The library was constructed by searching the QC injections, which
were interspersed after every ten injections throughout the run, in MaxQuant.
As detailed in the online tutorials and publications by the McCross, the
msms.txt file resulting from the MaxQuant search was used to build the
library in Skyline. This also involved creating a folder containing input
parameters in ―.txt‖ format and modifications and MaxQuant parameters in
―.xml‖ format. The settings tab was navigated to, peptide settings chosen,
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build and then browse chosen and finally the file containing DDA raw data
clicked and uploaded;
Settings → Peptide settings → Build → Browse → ALSPAC DDA
These steps were repeated choosing the file containing raw data for DDA
standards which were interspersed in between DIA runs;
Settings → Peptide settings → Build → Browse → DDA interspersed_1
This library was then moved to a position above the DDA raw data library by
following the above instructions and clicking edit list to navigate the positions
of the libraries.
Settings → Peptide settings → Build → Browse →Edit list → move DDA
interspersed_1 above ALSPAC DDA
The background proteome was added by clicking settings, peptide settings,
selecting the digestion tab, clicking the drop-down menu under background
proteome and clicking add. The file containing the background proteome was
then navigated to and opened by clicking ―OK‖;
Settings → Peptide settings → select ‗digestion‘ tab → click drop-down menu
under ‗Background proteome‘ and click ‗Add‘ → open Human_RT1.protdb
file → click OK
Similarly, settings related to peptide and fragment filtering were specified in
Skyline in advance of target entry and chromatogram extraction. This
included the input of instrument settings for MS1, MS2 and retention time
filtering (i.e. instrument, acquisition method, isolation scheme and retention
time variation in comparison to library), filtration criteria specified for
precursor and product ions respectively and peptide modifications (structural
and isotope; heavy chain only). See Figure 2.1.2 for screenshots of settings.
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(a)

(b)

(c)

Figure 2.1.2: Transition and peptide settings specified in Skyline before visualization and processing of DIA data. (a) Instrument
settings specified for MS1, MS2 and retention time filtering (b) Filtration criteria specified for precursor and product ions
respectively. (c) Peptide modifications (structural and isotope). More information on these settings can be found in the 2015 study
from Egertson and colleagues (88).
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2.6.2 Step two; Targets and raw file importation
Step two consisted of creating an amalgamated target list (consisting of
target list 1; DDA candidate and target list 2; literature review). Accession
numbers were searched on UniProt and manually added to target list. Step
two also involved importing the raw DIA files;
File → Import → Results → click Add single-injection replicates in files →
click OK → navigate to raw files and click Open.
Peptides were then automatically extracted from raw files and matched to the
spectral library.
2.6.3 Step three; Visualization and processing
Step three involved the visualization and processing of the imported DIA data
according to the criteria for peak selection. First, the extracted peptide
chromatogram was confirmed as a match for the peptide of interest by
comparison of retention time (RT; time it takes the solute to travel through a
column) and relative ion abundance with the spectral library. Secondly, the
presence of an identification line (denotes retention time and is seen as a
vertical blue line) within 1 min of the integrated range provided further
confirmation of a library match (Figure 2.1.3). In addition, mass accuracy, or
ppm, of below 10 and an i dot product (idotp) of between 0.75 and 0.99 was
confirmed. Adjustments were then carried out to peak boundaries (Figure
2.1.4 and Figure 2.1.5), and in some cases fragments were deleted, to
minimize the interference of chemical noise (co-eluting fragments) across
samples. Peptides in which no chromatogram peak passed criteria for peak
selection after these adjustments were deleted. Collectively the visualization
and adjustment of data allowed us to reliably identify and quantify peptides
across the DIA runs(88).
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2.6.4 Step four; Data exportation
Finally data was exported from Skyline and formatted for statistical analysis
in mapDIA;
View → Document grid → In ‗Views‘ choose ‗mapDIA‘(Protein accession,
Peptide sequence, Fragment ion, Mean RT, Sample name)
View → Document grid → right click ‗Fragment ion‘→ Filter → choose ‗Does
not contain from drop-down menu and type ‗precursor‘
Clicked ‗Export‘ as .tsv file
The exported Skyline data file required some modification in Excel before it
could be processed by mapDIA. The Skyline data was first imported into
Excel. Then, because Skyline does not extract an accession number for the
Pierce Protein, ‗P00000‘ was added to each of the relevant (empty) cells in
Column A. These should all belong to fragments from the Pierce peptides.
The contents of column D (‗Average Measured Retention Time‘) were then
cut and pasted to the end of the worksheet, i.e. to the right of the last data
column. The empty column D was then deleted. The moved column was
then renamed ‗RT‘. All instances of ‘#N/A‘ were removed using a global ‗Find
and Replace‘ with an empty string. Finally the file was saved as a tab
separated text file. This is the input data file for mapDIA.
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MS1 (precursor/parent ions)

MS2 (product/daughter ions)

Figure 2.1.3: Example of a peptide MS1 and MS2 level chromatogram
extracted in Skyline. Intensity positioned on the y-axis and retention time on
the x-axis. Precursor ions are shown in blue, purple (M + 1) and red (M +2) in
the top panel. Fragment ions are denoted by y5-y11 in the bottom panel. The
vertical blue line is the peptide identification line and the mass accuracy is
shown above chromatograms peaks (+3 and +3.2ppm respectively)(88).
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Figure 2.1.4: Visualisation of chromatograms extracted from DIA data in
Skyline before data processing. Processing involved filtering of background
noise and performing peak boundary alterations. Chromatograms extracted
for one peptide of one protein (IC1 or gene name SERPING1). The middle
pane contains a chromatogram extracted based on the library’s estimation of
the retention time range for the peptide of interest at the MS2 level for a
sample. The black arrow indicated the peak chosen by skyline as the peptide
of interest and the dotted black lines are the peak boundaries set by Skyline.
The other peaks are chemical noise.
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Figure 2.1.5: Visualisation of chromatograms extracted from DIA data in
Skyline after data processing. Data processing involved the filtering of
background noise and performing peak boundary alterations.
Chromatograms extracted for one peptide of one protein (gene name;
SERPING1). The middle pane contains a chromatogram extracted based on
the library’s estimation of the retention time range for the peptide of interest
at the MS2 level for a sample. The black arrow indicated the new peak
manually chosen as the peptide of interest, by adjustment of the peak
boundary (dotted black line) in order to remove the eluting fragment (y7) that
is interfering with the peptide. The other peaks are chemical noise.
In order to evaluate the effectiveness of data processing in Skyline, we
exported data from Skyline prior to processing and obtained an output from
mapDIA on this data (results not shown). The number of proteins identified
as significantly differentially expressed was decreased and level of
significance (score and FDR) for significant proteins were also decreased.
Direction of change correlated with processed results. These results
suggested that data processing in Skyline increases confidence in findings
and therefore this is the workflow used in the current study.
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2.7 mapDIA for filtration and statistical analysis
In this study mapDIA was used to facilitate data filtration and statistical analysis; in
order to identify proteins which were significantly differentially expressed between
cases and controls (Table 3.1.3 and Table 3.1.5). Few statistical workflows
currently available have the ability to deal with the complex and extensive nature
of DIA fragment-level data(79). The complexity arises from the fact that fragmentlevel data is the repeated measurement of abundance of corresponding peptides
and proteins, and therefore must be aggregated appropriately into protein-level
statistical summaries. mapDIA is a software package which can accomplish this.
mapDIA source code is available for free through SourceForgewebsite
http://sourceforge.net/projects/mapdia/. Input data to mapDIA can be acquired
from targeted data extraction tools which use spectral assay libraries such as
Skyline, or from non-targeted data extraction tools like DIA-Umpire which do not
require a spectral library(79). Here data was acquired from Skyline (see above).
2.7.1 Input parameters
An ‗input.txt‘ document detailing the parameters for analysis was included in a file
along with the application itself and the DIA data exported from Skyline. The input
file included commands for file selection, quantification level (3; fragment level),
experimental design (independent; differential expression analysis between
groups of individual samples), normalization method (local retention time; rt 10),
filtration method, and comparison matrix as well as sample information (sample
size; 19 case vs. 17 control). See Figure 2.1.6 for further details on the input file
used, which summarizes the parameters of the mapDIA analysis.
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Figure 2.1.6: Input data for mapDIA. The input file includes commands for file
selection, quantification level (3; fragment level), experimental design
(independent; differential expression analysis between groups of individual
samples), normalization method (local retention time; rt 10), filtration method, and
comparison matrix as well as sample information (sample size; 19 case vs. 17
control).
2.7.2 Step one; Normalization
Analysis in mapDIA was undertaken according to developer instructions
(SourceFourge)(79). After specifying input parameters mapDIA performs steps
one, two and three automatically. Step one of mapDIA‘s statistical analysis
workflow involves the normalization of input data (Figure 2.1.7). The aim of this
step is to remove systematic variations in the chromatography across different
samples. There are two normalization options; the first divides fragment
intensities/peak areas by the total intensity sum (TIS) i.e. the sum of all detected
fragment intensities across a sample. This normalization approach however does
not take into account local variations caused by retention time shift(79). Therefore
the second normalization method termed local retention time normalization, RT
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(δ), was chosen. The recommended value for (δ) according to Teo and colleagues
(2015) is between 10 and 30 minutes(79). 10 minutes was chosen in this case,
justified by visual confirmation of total ion chromatograms of all samples on the
same panel. Data was then multiplied by a constant factor, log2 transformed and
finally log2 intensities centred for each fragment by the median across samples.
2.7.3 Step two; Filtration
Step two involves a three-tiered procedure of filtration and selection of fragments
for quantitiation (Figure 2.1.7). This procedure includes outlier removal, crossfragment correlation filtering and filtration by minimum number of
peptides/fragments. Outliers were removed if the fragment log2 intensity
significantly (default value) deviated from the median-centred log2 intensity of all
other fragments from the same protein. Cross-fragment correlation searches for
the most reliable fragments based on the median cross-correlation of data. The
third filter selects fragments for quantitation based on a minimum number of
fragments and peptides per protein. Since mapDIA‘s statistical model requires
repeated measurements for each peptide, at least two fragments are required for
analysis. Following visual inspection of our spectra, cut-offs of at least three
fragments per peptide, and at least one peptide per protein were chosen to
facilitate the identification of robust quantification of protein biomarkers across all
samples tested (Figure 2.1.6). A one peptide per protein cut-off was used given
the use of fragment level quantitation and a repeated measurement model by
mapDIA(79). This mapDIA workflow could compensate for the less stringent
peptide cut-off than would normally be used in studies of a similar nature(79).
2.7.4 Step three; Bayesian statistics on fragment-level data
Step three of mapDIA‘s automatic analysis consists of the differential expression
analysis of fragment level intensities/peak areas (resulting from the previous steps;
Figure 2.1.7). The software uses Bayesian style statistics (Bayesian latent variable
model with Markov random field prior) and considers fragments repeated measure
of the same peptide/protein(79). Probability models representing differential
expression and non-differential expression are estimated for each protein, and the
significance score computed as the former. This analysis resulted in the
calculation of the posterior probability of differential expression for each protein as
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a score, where >0.5 denotes significance. Bayesian FDR was also calculated by
mapDIA, to facilitate the selection of differentially expressed proteins with a target
FDR of 5%(79).

Figure 2.1.7: An overview of steps taken by mapDIA to perform statistical analysis.
(a) The workflow of data-processing and statistical analysis using mapDIA
consisting of pre-processing steps (steps 1and 2) followed by statistical analysis
on processed fragment level data. The steps taken in the current analysis are
highlighted by a yellow box; spectral library-based targeted extraction (in Skyline),
local retention time normalization, fragment filtering an selection in three steps (a,
b and c) and statistical analysis in three steps (b) Quantification of proteins was
achieved by the measurement of fragment level (MS2) intensities in DIA data
which were then rolled-up into peptide level intensities and finally summarized into
protein level intensities. (c) A conceptual diagram of the hierarchical model in
mapDIA. Probability models representing differential expression and nondifferential expression are estimated for each protein, and the significance score
computed as the former. Bayesian FDR is also calculated to facilitate the selection
of differentially expressed proteins with target FDR (5%). (d)The current study was
of independent sample design and so differential expression analysis was
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performed between groups of individual samples. Figure has been modified from
study by Teo, G. and colleagues in 2015(79).
2.8 Workup experiments
2.8.1 Comparison of MS1 and MS2-level data; a workup experiment for Aims 1
and 2
In order to determine which level proteins should be quantified at; log 2
transformed fold change (log2FC) values were calculated for 53 proteins which
were quantifiable at each level (MS1 and MS2) in mapDIA. These data sets were
found to positively correlate with a correlation coefficient of 0.755 (Figure 2.1.8).
The fold change values (log2FC) for 53 proteins (from both Target List 1 and
Target List 2) derived from both data levels were plotted against each other in
Excel (Figure 2.1.8). It was found that peptide and fragment levels data yielded
comparable fold-changes when analysed by mapDIA (53 proteins quantified at
both levels positively correlated with a value of 0.755). Quantification of proteins
based on MS2 level data was chosen for this study based on the fact that fold
changes were generally more robust (see Figure 2.1.8). Another reason for
choosing the fragment level intensities for quantitation purposes was seeing as
mapDIA using Bayesian style statistics using a repeated measure model, statistics
would be expected to be more robust. A two-tailed t-test was performed in excel in
order to determine whether fold-changes derived from MS1 and MS2 level data
differed significantly. The resulting p-value was 0.25 i.e. there was no significant
difference between groups.

58

Fold-change correlation between MS1 and MS2
level data
0.6
0.5
0.4
0.3
0.2
log2FC
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0
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Proteins (1-53)

Figure 2.1.8: Visualization of the correlation between log2 transformed fold change
values for MS1 and MS2 level DIA data. Abbreviations: Log2FC, log2 transformed
fold change. Numbers one to 52 on the X axis each represent a protein (Table
3.3.3). The log2FC is shown on the Y axis.
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Table 2.1.4: The list of proteins corresponding to log 2 transformed fold changes
above, numbered according to values on x-axis.
1. Immunoglobin kappa variable
2D40_IGKV2D-40
3. Transthyretin_TTR
5. Ceruloplasmin_CP
7. Coagulation Factor II_F2
9. Plasminogen_PLG

2. Alpha-2-HS glycoprotein_AHSG
4. Transthyretin_TTR
6. Albumin_ALB
8. Hemopexin_HPX
10. Kallikrein_KLKB1
12. C4-binding protein alpha
chain_C4BPA
14. Histidine rich glycoprotein_HRG

11. Complement Factor B_CFB
13. Alpha-1-AntitrypsinSERPINA1
15. Alpha-1Antichymotrypsin_SERPINA3

16. Von Willibrand Factor_VWF
18. Plasma protease C1
inhibitor_SERPING1
20. Serpin protease inhibitoy clade
D_SERPIND1
22. Cholinesterase_BCHE
24. Gelsolin_GSN
26. Complement component 2_C2

17. Angiotensinogen_AGT
19. Alpha-2-macroglobulin_A2M
21. Complement component 3_C3
23. Complement component 5_C5
25. Kininogen_KNG1
27. Ig gamma-2 chain C
region_IGHG2
29. Ig gamma-3 chain C
region_IGHG3
31. Ig mu chain C region_IGHM
33. Apolipoprotein A1_APOA1

28. Complement Factor H_CFH
30. Complement component 4A_C4A
32. Mannose binding lectin_MBL2
34. Coagulation factor V_F5
36. Lipopolysaccharide binding
protein_LBP
38. Inter-alpha-trypsin inhibitor heavy
chain 2_ITIH2
40. C4-binding protein alpha chain_
C4BPB
42. Tenascin-X_TNXB
44. Pigment epithelium derived
factor_SERPINF1
46. Inter-alpha-trypsin inhibitor heavy
chain 3_ITIH3
48. Inter-alpha-trypsin inhibitor heavy
chain 4_ITIH4
50. Vasorin_VASN
52. Multiple inositol polyphosphate
phosphatase 1_MINPP1

35. Apolipoprotein E_APOE
37. Fibrinogen alpha chain_FGA
39. Fibrinogen beta chain_FGB
41. Fibrinogen gamma chain_FGG
43. Serum amyloid P_APCS
45. Complement component 9_C9
47. Apolipoprotein H_APOH
49. Fibronectin_FN1
51. Alpha-1-acid glycoprotein
1_ORM1
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2.8.2 Comparison of DDA and DIA derived data; a workup experiment for Aim 2
In order to predict whether DDA and DIA data (derived from MaxQuant and
mapDIA respectively) is comparable the log2FC calculated for 51 proteins (from
both Target List 1 and Target List 2) quantified by both methods in the same
samples were plotted against each other in Excel. Fold-changes positively
correlated (Figure 2.1.9); the correlation coefficient was calculated and found to be
0.51. DDA data was analysed in MaxQuant at the MS1 level, whereas DIA data
was analysed in mapDIA at the MS2 level.Disparity between results derived from
the two methods may be accounted for by this, for example it is evident from
Figure 2.1.9 that fold changes are generally more robust for DIA data, and thus the
methods can be considered comparable.

Fold-change correlation between DIA and DDA
data
1

0.5

0
0 2 4 6 8 1012141618202224262830323436384042444648505254

log2FC

log2FC (DIA MS2)
log2FC (DDA)

-0.5

-1

-1.5

Proteins (1-51)

Figure 2.1.9: Visualization of the correlation between log2 transformed fold
changes from DDA data and DIA data. Abbreviations: Log2FC, log2 transformed
fold change. Numbers one to 51 on the X axis each represent a protein (Table
3.3.5). The log2FC is shown on the Y axis.
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Table 2.1.5: The list of proteins corresponding to log 2 transformed fold
changes above, numbered according to values on x-axis.
1. Alpha-2-macroglobulin_A2M
3. Angiotensinogen_AGT
5. Alpha-2-HS
glycoprotein_AHSG

2. Haptoglobin_HP
4. Hemopexin_HPX
6. Histidine rich
glucoprotein_HRG
8. Ig gamma-2 chain C
region_IGHG2
10. Ig gamma-3 chain C region
IGHG3
12. Immunoglobin Kappa variable
2D40_IGKV2D-40
14. Inter-alpha-trypsin inhibitor
heavy chain 2_ITIH2
16. Inter-alpha-trypsin inhibitor
heavy chain 3_ITIH3
18. Inter-alpha-trypsin inhibitor
heavy chain 4_ITIH4
20. Plasma kallikrein_KLKB1
22. Kininogen_KNG1
24. Liposaccharide binding
protein_LBP

7. Albumin_ALB
9. Serum amyloid P_APCS
11. Apolipoprotein A1_APOA1
13. Apolipoprotein E_APOE
15. Apolipoprotein H_APOH
17. Cholinesterase_BCHE
19. Complement component 2_C2
21. Complement component 3_C3
23. Complement component
4A_C4A
25. C4B-binding protein alpha
chain_C4BPA
27. C4B-binding protein beta
chain_C4BPB

26. Mannose binding lectin_MBL2
28. Multiple inositol polyphosphate
phosphatase 1_MINPP1
30. Alpha-1-acid glycoprotein
1_ORM1
32. Plasminogen_PLG
34. Alpha-1-AntitrypsinSERPINA1
36. Alpha-1Antichymotrypsin_SERPINA3
38. Serpin peptidase inhibitor
clade D_SERPIND1
40. Pigment epithelium derived
factor_SERPINF1
42. Plasma protease C1
inhibitor_SERPING1
44. Tenascin-X_TNXB
46. Transthyretin_TTR

29. Complement component 5_C5
31. Complement component 9_C9
33. Complement factor B_CFB
35. Complement factor H_CFH
37. Ceruloplasmin_CP
39. Coagulation factor II_F2
41. Coagulation factor II_F5
43. Fibrinogen alpha chain_FGA
45. Fibrinogen beta chain_FGB
47. Fibrinogen gamma
chain_FGG
49. Fibronectin_FN1
51. Gelsolin_GSN

48. Vasorin_VASN
50. Von Willibrand Factor_VWF
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2.9 Covariate analysis in Statistical Package for the Social Sciences
(SPSS)
Independent t-tests were used to identify significant proteins between study
groups and univariate general linear models (GLM), with Bonferroni
correction, were used to co-vary for gender and BMI. These analyses were
performed using SPSS (version 20) by one-way ANCOVA (analysis of
covariance). Proteins were then corrected for multiple comparisons using the
Benjamini Hochberg procedure in R yielding the FDR values (version 3.2.2).
P-values of ≤ 0.05 were considered statistically significant.
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Chapter Three: Results
3.1 Generation of Target List 1
Aim 1 of this thesis was to identify candidate biomarkers for the transition
from ARMS to a psychotic disorder, by targeting the top pathway identified in
the literature on drug-free schizophrenia using DIA. Generating this list of
targets involved 1) carrying out a systematic review of the literature, 2)
compiling a table of proteins found to be significantly differentially expressed
in two or more of these studies and 3) performing IPA on this list of proteins.
3.1.1 Step one; Systematic review yielded 14 relevant studies
Systematic review of blood biomarker discovery studies in schizophrenia was
carried out using search engines PubMed and Web of Science, according to
the PRISMA guidelines for systematic reviews. Between January 2006 and
January 2016 there were a total of 14 studies investigating plasma or serum
biomarkers of drug-free schizophrenia subjects by MS and/or MIA (Table
2.1.2).
3.1.2 Step two; There were 50 replicated biomarker findings in the literature
All proteins found to be differentially expressed in two or more of the 14 drugfree schizophrenia studies, in the same direction, were compiled. 50
molecules (47 proteins and three steroid hormones; cortisol, progesterone
and testosterone) were identified (Table 3.1.1). Direction of change is
indicated for each protein, per study, and therefore the number of arrows per
protein represents the number of replicated findings for the particular
biomarker candidate. Proteins are arranged descending in order of number
of replications. APOA1 was identified as a potential biomarker (downregulated in disorder) in six independent studies, making it the strongest
candidate. HP and cortisol were found to be up-regulated in five studies each
and a further nine proteins were replicated across four studies. In terms of
the two techniques used to identify the proteins; unique properties of each
approach were evident. In particular, there was overlap of only four proteins
between the two independent techniques. In addition, there were only four
replicated MS findings in comparison to 45 MIA findings despite the number
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of studies using each method being comparable (8 MIA and 6 MS; discussed
in more detail later).
Eight out of a total of 11 biomarker candidates with disparity in direction of
change between studies were identified in the paper by Domenici and
colleagues; for six of these the findings from Domenici and colleagues
contradicted those from the other papers (in terms of direction of change).
This may be explained by the fact that the schizophrenia group in this study
had a significantly higher percentage of active smokers with respect to
controls(55). However, the plasma levels of the most significant findings;
BDNF, RANTES, TIMP-1, EGF and MDC, were still significantly altered in
non-smokers. This suggests that these robust findings are un-altered by
smoking status, whereas less robust findings may be. This is in keeping with
the results of the literature review in that three of the four most significant
findings in Domenici and colleagues‘ study, which were also included in table
2, were altered in the same direction in cases as findings from other studies
(RANTES, TIMP-1 and MDC; EGF had the opposite direction of change).
A further two biomarkers (APOA1 and SGOT) were found to be altered in
opposite directions by Schwarz and colleagues in 2011 to the other studies
included in the literature review. A possible explanation for this may be their
not excluding samples with possible confounding factors other than
substance abuse leading to discrepancies in results(18). This study however
used samples taken before schizophrenia onset from military members;
which reduces the risk of other medical conditions being present (including
co-morbid disorders).
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Table 3.1.1: A total of 50 molecules were differentially expressed in two or
more studies in the plasma or serum of drug-free schizophrenia subjects, in
the same direction, by mass-spectrometry and/or multiplex immunoassay
methods. / indicates the direction of change for each molecule, per study
(arrows are in order of references given). The compounds are arranged in
order of number of replications, from highest to lowest. 47 of the 50
candidates are proteins and three are steroid hormones (cortisol,
progesterone and testosterone). Protein names are listed with corresponding
gene name and Universal Protein Resource (UniProt) accession number.
Steroid hormone names are listed with Kyoto Encyclopaedia of Genes and
Genomes (KEGG) compound identifier. Abbreviations; DOC, direction of
change; LC-MS, liquid chromatography-mass spectrometry; MALDI-TOF MS,
Matrix-assisted laser desorption/ionization-time of flight; MIA, multiplex
immunoassay. Table from Sabherwal and colleagues in 2016 (78).

Protein name|gene
name_accession number (or
KEGG identifier)

Method

DOC

Reference

1. Apolipoprotein
A1|APOA1_P02647

MIA
MIA
MALDITOF-MS
LC-MSe
LC-MSe







(18)
(40,42,55)
(70)
(44)
(43)

2. Cortisol_C00735

MIA



(18,39–41,72)

3. Haptoglobin|HP_P00
738

LCMS/MS
MALDITOF-MS
MIA





(77)
(70)
(40–42)
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Protein name|gene
name_accession number (or
KEGG identifier)

Method

DOC

Reference

4. Alpha-2
macroglobulin|A2M_P
01023

MIA
MIA




(40–42,47)
(55)

5. Carcinoembryonic
antigen|CEACAM5_P
06731

MIA



(40–42,55)

6. Chromogranin
A|CHGA_P10645

MIA



(18,41,42,72)

7. Eotaxin|CCL11_P516
71

MIA



(40–42,55)

8. Interleukin-8|IL8_P10145

MIA



(41,42,47,55)

9. Pancreatic
polypeptide|PPY_P01
298

MIA



(40–42,72)

10. Progesterone
_C00410

MIA



(18,39,41,72)
(39)

11. Thyroxine binding
globulin|SERPINA7_
P05543

MIA




(18,41,47,55)

12. Alpha-1
antitrypsin|SERPINA1
_P01009

MIA
MALDITOF-MS




(40,41,55)
(70)

13. Coagulation Factor
VII|F7_P08709

MIA




(47,55)
(40–42)

14. Epidermal growth
factor|EGF_P01133

MIA



(40,41,55)

15. Follicle stimulating
hormone|FSHR_
P23945

MIA



(40–42)
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Protein name|gene
name_accession number (or
KEGG identifier)

Method

DOC

Reference

16. Growth
hormone|GH1_P0124
1

MIA




(39,47)
(55)

17. Insulin-like growth
factor-binding protein
2|IGFBP2_P18065

MIA



(40–42)

18. Interleukin-15|IL15_P40933

MIA



(41,47,55)

19. Leptin|LEP_P41159

MIA




(55)
(39,41,42)

20. Macrophage
migration inhibitory
factor |MIF_ P01033

MIA



(40–42)

21. RANTES|CCL5_P135
01

MIA



(40,41,55)

22. Resistin|RETN_Q9H
D89

MIA



(41,170)

23. Serum amyloid
P|APCS_P02743

MIA



(18,41,55)

24. Testosterone_C00535

MIA



(39,41,42)

25. von Willebrand
factor|VWF_P04275

MIA



(42,47,55)

26. Angiotensin
converting
enzyme|ACE_
P12821

MIA



(41,42)

27. Apolipoprotein A2
|APOA2_P02652

LC-MS
LC-MSe




(43)
(44)

28. Apolipoprotein
H/Beta-2glycoprotein|APOH_P
02749

MIA



(42,55)
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Method

DOC

Reference

29. CD40
ligand|CD40LG_P299
65

MIA



(40,41)

30. Complement
C3|C3_P01024

MIA



(41,55)

31. Complement factor
B|CFB_ P00751

MALDITOF-MS
LC-MSe




(70)
(44)



(18,40)

Protein name|gene
name_accession number (or
KEGG identifier)

MIA
32. Connective Tissue
Growth
Factor|CTGF_P29279

33. Fibrinogen|FGA_P02
671

MALDITOF/TOF
-MS
MIA




(171)
(55)

34. Glutathione-Stransferase|GST_P09
211

MIA



(40,55)

35. Granulocyte
macrophage colony
stimulating
factor|GMCS_P04141

MIA



(40,55)

36. Immunoglobulin
A|IgA_ P01876

MIA



(42,55)

37. Insulin|INS_P01308

MIA



(55,72)

38. Interleukin-10|IL10_P22301

MIA



(40–42,55)

39. Luteinizing
hormone|LH_P01229

MIA





(40,41)
(39)

40. Macrophage-derived
chemokine |MDC_
O00626

MIA



(41,55)
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Protein name|gene
Protein name|gene
name_accession
number (or
name_accession
KEGG
identifier) number (or
KEGG
identifier)
41. Prolactin|PRL_P0123

Method
Method

DOC
DOC

Reference

MIA




(47,72)






(55)
(40,41)

MIA
MIA




(41,42)

MIA
MIA






(40,42)

MIA
MIA




(40,41)

MIA
MIA




(40,42,55)

MIA
MIA




(41,42)

MIA
MIA

(47,55)

MIA
MIA








MIA
MIA




(41,55)

1. 6Prolactin|PRL_P0123 MIA
6
MIA
42. Prostatic acid
MIA
2. phosphatase|PAP_P1
Prostatic acid
phosphatase|PAP_P1
5309
5309
43. Receptor for
3. advanced
Receptor for
advanced end
glycosylation
glycosylation end
producs|RAGE_
producs|RAGE_
Q15109
Q15109
44. Serum glutamic
4. oxaloacetic
Serum glutamic
oxaloacetic
transaminase|SGOT_
transaminase|SGOT_
P00505
P00505
45. Sortilin|SORT1_Q995
5. 23
Sortilin|SORT1_Q995
23
46. Stem cell
6. factor|KITLG_P21583
Stem cell
factor|KITLG_P21583
47. Tenascin7. C|TC_P24821
TenascinC|TC_P24821
48. Thrombopoeitin|THP
8. O_P40225
Thrombopoeitin|THP
O_P40225
49. Tissue inhibitor of
9. metalloproteinases
Tissue inhibitor of
metalloproteinases
1|TIMP-1_P01033
1|TIMP-1_P01033
50. Tumour necrosis
10.factor
Tumour
necrosis
receptor-like
factor receptor-like
2|TNFR2_Q92956
2|TNFR2_Q92956

Intensity
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(18)

(40)
(41,55)

3.1.3 Step three; Pathway analysis found the acute-phase response to be
the top pathway implicated in the literature
IPA was used here to identify canonical pathways significantly represented in
the candidate biomarker data set, by comparison with predefined maps
containing pathway information; the IPA Knowledge Base. IPA was
conducted on the 47 proteins listed in Table 3.1.1 and the results are
summarised below in Figure 3.1.1 (cortisol, progesterone and testosterone
were excluded from analysis as the focus of review is on the proteome).
Analysis resulted in the identification of the acute-phase response as the
most significantly represented canonical pathway in the 14 drug-free
schizophrenia studies (outlined in Table 2.1.2). In Table 3.1.2 (below), the
top 10 canonical pathways are listed, in order of significance, with
corresponding p-value, ratio, number of proteins implicated over the total
number of proteins in the pathway, and the gene names of proteins in the
dataset which map to each pathway. 11 proteins (HP, C3, APOA1, APOH,
APCS, APOA2, CFB, VWF, SERPINA1, FGA and A2M) from the acutephase pathway were identified by this review as biomarker candidates for
drug-free schizophrenia out of a total of 171 in the canonical pathway defined
by IPA (Table 3.1.2). Acute-phase response activity was found to be overall
enhanced in cases, indicated by a positive z-score (based on the proteins
function in the pathway defined by the IPA Knowledge Base; denoted by
orange bar). This was because seven positive APPs were found here to be
up-regulated, indicating an overall increase in the inflammatory response.
Furthermore, negative APPs APOA1 and APOA2 concentrations were found
to be decreased (Table 3.1.1). The remainder of the top 10 most significant
pathways defined by IPA function in the immune system (communication
between innate and adaptive immune cells, hepatic stellate cell activation),
lipid and glucose metabolism (LXR/RXR and FXR/RXR), blood formation and
clotting (hematopoesis of multi/pluripotent cells and coagulation
respectively), and the stress response (glucocorticoid receptor signalling).
Atherosclerosis has links with lipid metabolism and inflammation. IPA
calculated that coagulation had a negative z-score indicating an overall
down-regulation of coagulation in drug-free schizophrenia subjects compared
71

to controls (based on the proteins function in the pathway defined by the IPA
knowledge base; denoted by a blue bar). Five coagulation proteins;
VWF(up), SERPINA1(up), F7(down), FGA(up), A2M(up) out of a total of 35
in the IPA canonical pathway were present in our analysis; Table 3.1.2. Note
that a light orange bar denotes a small enhancement in activity and grey
denotes that no activity pattern was available.
The majority of replicated candidate biomarkers were identified by MIA
studies (full list of protein candidates available in Supplementary Table 1). In
saying this, it is important to note that many of the pathways implicated by
IPA (Figure 3.1.1) are also representative of MS studies. This is evident in
that immune system signalling, the acute-phase response, LXR/RXR, lipid
metabolism and coagulation pathways have been implicated by pathway
analysis (IPA and KOBAS) in three of the reviewed mass spectrometry
papers(43,44,77). Moreover, of the few biomarker candidates identified by
mass spectrometry which were replicated (APOA1, FGA, HPT, SERPINA1,
APOA2) are involved in FXR/RXR signalling (APOA1, APOA2, SERPINA1,
FGA), coagulation (FGA and SERPINA1) and the acute-phase response
(APOA1, APOA2, HPT).
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Figure 3.1.1: Visualisation of the results of Ingenuity Pathway Analysis (IPA)
on 47 proteins from Table 2. The top 10 significant canonical pathways are
shown; ordered in terms of p-value, calculated in IPA by right-tailed Fischer’s
exact t-test. The acute-phase response has a positive z-score (orange)
indicating that pathway activity is increased in cases (drug free schizophrenia
subjects) versus healthy controls. IPA calculated that coagulation has a
negative z-score (blue) and that LXR/RXR activation has a weaker positive
z-score (light orange). There was no activity pattern available (grey) for the
remaining seven pathways included here. Ratio refers to the ratio of proteins
in the data set to the total number of proteins in the pathway. Abbreviations;
LXR, Liver X receptor; RXR, Retinoid X receptor; FXR, Farnesoid X receptor.
Figure from Sabherwal and colleagues in2016 (78).
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Table 3.1.2: Results of IPA for differentially expressed proteins in subject plasma or serum versus controls. Protein candidates from
published literature on drug-free schizophrenia were collated according to specific inclusion/exclusion criteria. Candidates that were
replicated twice or more were uploaded to IP; there was no weighting for number of replications. Three steroid hormones were
excluded from IPA analysis (cortisol, progesterone and testosterone). The top 10 canonical pathways are listed with corresponding
p-value, ratio, number of proteins implicated over total number of proteins in the pathway, and the gene names for the associated
proteins. Ratio refers to the ratio of proteins in the data set to the total number of proteins in the pathway. Table from Sabherwal
and colleagues in 2016 (78)

Canonical
Pathway
Acute Phase
Response
Signalling
Hepatic Fibrosis /
Hepatic Stellate
Cell Activation
Communication
between Innate
and Adaptive
Immune Cells
Hematopoiesis
from Multipotent
Stem Cells
Atherosclerosis
Signaling
Coagulation

-log(p-value)

Ratio

Molecules

0.064

Number
molecules/total
11/171

13.286

9.768

0.048

9/187

CXCL8, CD40LG, LEP, CTGF, IL10, TIMP1, EGF,
CCL5, A2M

9.129

0.078

7/90

CXCL8, CD40LG, IL10,IL15,IGHA1,CCL5,CSF2

8.077

0.333

4/12

KITLG,THPO,IL15,CSF2

8.052

0.055

7/128

7.992

0.143

5/35

CXCL8,CD40LG,APOA1,APOA2,SERPINA1,CCL11,T
NFRSF14
VWF,SERPINA1,F7,FGA,A2M
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HP, C3, APOA1, APOH, APCS, APOA2, CFB, VWF,
SERPINA1, FGA, A2M

System
Canonical
Pathway
FXR/RXR
Activation
Hematopoiesis
from Pluripotent
Stem Cells
LXR/RXR
Activation
Glucocorticoid
Receptor
Signaling

-log(p-value)

Ratio

Molecules

0.051

Number
molecules/total
7/137

7.847

7.325

0.106

5/47

KITLG,CXCL8,IL10,IGHA1,CSF2

6.558

0.047

6/128

C3,APOA1,APOH,APOA2,SERPINA1,FGA

5.606

0.024

7/293

CXCL8 ,PRL,IL10,CCL5,CSF2,CCL11,A2M
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C3,APOA1,APOH,APOA2,INS,SERPINA1,FGA

3.2 Target List 1 and Target List 2
Target lists 1 (for the hypothesis-driven identification of plasma biomarkers)
and 2 (for the validation of biomarkers identified by discovery proteomics) are
shown below in tables 3.1.3 and 3.1.4, respectively. Following the steps
outlined above, for the generation of target list 1, IPA's knowledge base was
used to identify all plasma proteins involved in the acute-phase response
(target list 1; Table 3.1.3). See methods Section 2.5 for the steps taken to
generate target list 2 (shown here in Table 3.1.4). These protein lists were
later quantified in samples from age 11 ARMS subjects using DIA coupled to
proteomic analysis platform Skyline.
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Figure 3.1.2 Target list 1 consists of the 60 acute phase plasma proteins outlined by the black dotted line. This image is of the
acute-phase response and was taken from IPA’s Knowledge Base. The two rows of proteins (outlined by black dotted line) are
plasma acute-phase proteins (positive and negative; increased plasma concentration during response and decreased plasma
concentration during response, respectively).
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Table 3.1.3 Target list 2 consists of 19 proteins previously identified in our
lab by DDA as biomarker candidates for the transition from ARMS to a
psychotic disorder (unpublished results). Protein gene names are shown
numbered in order of significance (for full details of results see Table 2.1.3).

Gene names
1. MED30
2. ZNF445
3. ITIH3
4. APOE
5. VASN
6. CPQ
7. ITIH2
8. EFEMP1
9. WFDC3
10. IGHG2
11. MINPP1
12. LGALS3BP
13. TTR
14. F5
15. KNG1
16. ANPEP
17. TIMP1
18. P4HB
19. ORM2
3.3 Targeted proteomic analysis of acute-phase response and
discovery biomarker candidates in age 11 ARMS subjects using DIA
3.3.1 Results of Aim 1
In order to confirm IPA findings which suggested increased acute-phase
response activity in drug-free schizophrenia the proteins belonging to this
pathway were retrospectively targeted in the current samples using Skyline.
60 acute-phase proteins (APPs) were selected for retrospective targeting in
the DIA data (Table 3.1.2) for proteins and peptides quantified using
DIA/Skyline. Quantitative information was obtainable for 48 out of 60 APPs
when analysing the DIA data on Skyline (in other words chromatograms
were extracted for 48 proteins whilst there was no data available for eight;
due to experimental factors such as technique sensitivity). Data was
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visualised and necessary adjustments made in Skyline by insuring that the
peptides of interest were being quantified and reducing the interference of
chemical noise in their quantitation (more detail below). When statistically
analysing data in mapDIA two proteins did not pass filtration criteria and
therefore were not quantified. In summary out of a total of 60 APPs, only 46
were quantified by DIA. Four APPs were found (SERPING1, ITIH3, AGT,
and APOA1; Figure 3.1.4) to be significantly differentially expressed between
diagnostic groups (5% FDR in mapDIA). The posterior probability of
differential expression for each protein is denoted by a score. A score value
of greater than 0.5 denotes statistical significance in mapDIA. All significant
proteins by score were also significant at the false discovery rate (FDR) cut
off of < 0.05. Score values for the four significant proteins were 1, 1, 0.99
and 0.86 respectively. SERPING1, AGT and APOA1 were found to be upregulated in cases (log2 fc of 0.26, 0.23 and 0.33, respectively. Conversely,
ITIH3 was found to be down regulated in cases (log2FC of -0.4).
Covariate analysis could not be performed in mapDIA and was therefore
performed using SPSS. Table 3.1.5 shows results of covariate analysis; only
SERPING1 and APOA1 remained statistically significant following covariate
analysis at p-value <0.05 (however not after correcting for multiple
comparisons). A two-tailed t-test was performed in Excel in order to
determine whether mapDIA generated fold-changes and SPSS generated
fold-changes (after covariate analysis) for 46 APPs significantly differed. This
resulted in a p-value of 0.319; therefore it can be concluded that foldchanges derived from each of these statistical software packages did not
differ significantly, despite different statistically significant proteins arising
from each approach.
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Table 3.1.4: mapDIA analysis output for acute-phase proteins targeted in DIA
data using Skyline. DIA data was also visualised in the form of
chromatograms and alterations made to data to reduce chemical noise in
Skyline. Four proteins were found to be significantly differentially expressed
at FDR of <0.05 and score of >0.5 (gene names; SERPING1, ITIH3, AGT,
APOA1). Abbreviations: nPep., number of peptides per protein; nFrag.,
number of fragments per protein; CTRL, control; log2FC, log 2 transformed
fold change; FDR, false discovery rate; log_oddsDE, log transformed
posterior odds of differential expression.
Gene name Accession

nPep. nFrag. log2FC

Score

FDR

SERPING1

P05155

7

30 0.260392

1

5.70E-12

ITIH3

Q06033

4

19

1

0

AGT

P01019

5

28 0.228718 0.987322

8.13E-11

APOA1

P02647

10

42 0.327057 0.863525

0.00742

IGHG3

P01860

1

7 0.226146 0.090102 0.130151

LBP

P18428

2

8 0.425263 0.058851 0.241543

FGB

P02675

2

9 0.366189 0.002959 0.506875

HP

P00738

1

4 0.337702 0.002425 0.547722

HPX

P02790

2

8 0.178894 0.002024 0.582326

TTR

P02766

1

6 0.144537 0.001671 0.612016

ITIH2

P19823

2

8

-0.04073

0.00111

0.63777

IGKV2D-40

A0A075B6R1

1

5

-0.15388 0.001001

0.66034

VWF

P04275

1

3

-0.09203 0.000726 0.697984

CFH

P08603

1

3 0.026851 0.000639 0.713841

PLG

P00747

1

4 0.017294 0.000581 0.728117

MBL2

P11226

2

8 0.360545 0.000506 0.741036

SERPIND1

P05546

4

14

FGA

P02671

4

16 0.103909

8.94E-05 0.773377

C4BPB

P20851

2

6 0.160265

3.95E-05 0.782438

BCHE

P06276

3

9 0.167781

6.60E-06 0.798551

TNXB

P22105

2

7

-0.05535

4.85E-06 0.805746

SERPINA1

P01009

2

7

-0.00318

4.60E-06 0.812444

IGHM

P01871

3

13

-0.00838

2.86E-06 0.818696
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-0.39413

-0.04473 0.000101 0.763528

Gene name Accession

nPep. nFrag. log2FC

Score

FDR

GSN

P06396

5

26 0.018099

2.83E-06 0.824544

APCS

P02743

5

20 0.264897

2.42E-06 0.830027

SERPINF1

P36955

7

33 0.204012

1.43E-06 0.835178

FN1

P02751

13

53 0.465618

1.19E-06 0.840025

HRG

P04196

9

43

-0.19861

6.18E-07 0.844596

APOH

P02749

3

21

-0.01064

1.09E-07 0.848913

SERPINA3

P01011

6

23 0.110999

2.72E-08 0.856865

F2

P00734

4

19

-0.0322

8.42E-09 0.860535

FGG

P02679

5

16 0.237928

2.12E-09 0.864022

AHSG

P02765

4

27 0.063264

5.71E-10 0.867338

KLKB1

P03952

6

23 0.124452

1.24E-10 0.870497

C4BPA

P04003

6

22 0.151317

3.06E-11 0.873508

C9

P02748

8

34

-0.10459

8.81E-13 0.876383

ITIH4

Q14624

7

28

-0.08881

7.15E-13

C2

P06681

6

23

-0.08533

5.98E-13 0.881758

C5

P01031

8

33

-0.01749

1.92E-13 0.884274

C3

P01024

9

35 0.084793

1.36E-14 0.886685

CP

P00450

14

64

-0.07482

3.22E-18 0.888997

ALB

P02768

19

90

-0.05284

4.16E-19 0.891217

CFB

P00751

9

37

-0.01914

3.17E-20

A2M

P01023

34

148 0.008615

1.98E-47 0.895401

C4A

P0C0L4

31

151

4.36E-49 0.897375
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-0.05869

0.87913

0.89335

Table 3.1.5: Covariate analysis, for gender and BMI, was performed using
SPSS. This was achieved using protein-level intensities derived from
mapDIA. FDR values here were calculated in R (correcting for multiple
comparisons) using the Benjamini-Hochberg procedure.
Gene name
SERPING1
APOA1
ITIH3
AGT
ALB
FGG
HRG
A2M
IGKV2D-40
FGB
C4BPB
ORM1
FN1
SERPIND1
C3
LBP
VWF
IGHG3
HP
SERPINF1
C4A
CFH
TTR
HPX
GSN
C2
ITIH2
C9
TNXB
SERPINA3
F2
C4BPA
C5
CP
KLKB1
APCS
AHSG
BCHE
TTR
FGA
IGHM
PLG
SERPINA1
ITIH4
CFB

Accession

Log2FC

P-value

P-value*

P05155
P02647
Q06033
P01019
P02768
P02679
P04196
P01023
A0A075B6R1
P02675
P20851
P02763
P02751
P05546
P01024
P18428
P04275
P01860
P00738
P36955
P0C0L4
P08603
A0A087WV45
P02790
P06396
P06681
P19823
P02748
P22105
P01011
P00734
P04003
P01031
P00450
P03952
P02743
P02765
P06276
P02766
P02671
P01871
P00747
P01009
Q14624
P00751

0.22
0.282
-0.274
0.19
-0.132
0.287
-0.244
0.026
-0.307
0.266
0.164
0.245
0.352
0.149
0.226
0.26
-0.264
0.184
0.296
0.112
-0.111
0.054
-0.251
0.127
-0.102
-0.056
-0.057
-0.057
-0.063
-0.043
-0.044
0.073
-0.055
-0.045
0.042
0.223
0.026
0.026
0.154
0.03
0.029
0.005
-0.011
0.006
-0.005

0.002
0.047
0.078
0.104
0.272
0.138
0.157
0.873
0.18
0.204
0.214
0.224
0.226
0.069
0.229
0.275
0.303
0.3
0.632
0.395
0.422
0.796
0.417
0.452
0.465
0.496
0.514
0.56
0.572
0.584
0.595
0.601
0.873
0.675
0.757
0.136
0.839
0.841
0.336
0.859
0.891
0.945
0.95
0.954
0.955

0.002
0.047
0.074
0.105
0.135
0.147
0.15
0.164
0.168
0.208
0.22
0.229
0.231
0.233
0.235
0.269
0.283
0.298
0.361
0.38
0.386
0.406
0.41
0.437
0.451
0.488
0.509
0.565
0.573
0.584
0.604
0.607
0.643
0.673
0.754
0.813
0.835
0.841
0.845
0.86
0.892
0.944
0.95
0.954
0.955
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FDR
adjusted
0.108
0.551
0.551
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.659
0.692
0.695
0.7
0.791
0.791
0.791
0.791
0.791
0.812
0.812
0.85
0.859
0.886
0.886
0.886
0.886
0.886
0.909
0.909
0.988
0.988
0.988
0.988
0.988
0.988
0.992
0.992
0.992
0.992
0.992

Gene name
APOH
MBL2

Accession

Log2FC

P-value

P-value*

P02749
P11226

0.002
0.002

0.987
0.994

0.987
0.994
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FDR
adjusted
0.994
0.994

0.45
0.4
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Figure 3.1.3 Box plots for four acute-phase biomarker candidates for the transition from
ARMS to a psychotic disorder. These proteins were found by mapDIA to be significantly
differentially expressed in the plasma of age 11 ARMS subjects who transitioned to a
psychotic disorder at age 18, versus those who did not. Only two proteins; SERPING1
and APOA1 passed significance cut-off (p<0.05) following covariate analysis for gender
and BMI. Box plots are labelled in top left corner with UniProt accession number and
gene name. The log transformed intensities in protein expression, calculated using
mapDIA, are shown on the y-axis and case (left; ARMS) versus control (right; CTRL) is
shown on the x-axis. Gene name, protein name: AGT, angiotensinogen; APOA1,
apolipoprotein a1; SERPING1, plasma protease c1 inhibitor; ITIH3, inter-alpha-trypsin
inhibitor heavy chain H3. Abbreviations: ARMS, at-risk mental state and CTRL, control.
Three out of four significant proteins were found to be up-regulated in ARMS compared
to controls (SERPING1 AGT, APOA1), whilst ITIH3 was down-regulated in ARMS.
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3.3.2 Results of Aim 2
In order to test the capability of DIA as a high-throughput validation
technique, biomarker candidates for the transition from ARMS at age 11 to a
psychotic disorder at age 18 previously identified by DDA were
retrospectively targeted in DIA data using Skyline. The 19 proteins found to
be significantly differentially expressed by DDA were selected for
retrospective targeting in the DIA data. Quantitative information was
obtainable for 18 out of the total of 19 DDA significant proteins when
analysing the DIA data on Skyline. However, nine proteins did not pass
filtration criteria in mapDIA and so were excluded from analysis; leaving nine
proteins to be analysed. Out of a total of these nine proteins quantified, all of
which were identified as biomarker candidates for the transition from ARMS
to a psychotic disorder by DDA, three were found to be significantly
differentially expressed by mapDIA (F5, APOE and ITIH3 at FDR of < 0.05)
and two (F5 and ITIH3 at a score of > 0.5) in the same samples (Figure
3.1.6). F5 and APOE were found to be up-regulated in cases versus controls,
whereas ITIH3 was found to be down regulated. The direction of change for
each validated protein was consistent with the results of DDA analysis. ITIH3
is also a negative APP (see above).
Covariate analysis (correction for BMI and gender) could not be performed in
mapDIA and therefore it was performed using SPSS. Table 3.1.7 shows
results of covariate analysis. Only one protein (F5) was statistically
significant following covariate analysis using SPSS. Again, a two-tailed t-test
was performed on Excel in order to determine whether mapDIA generated
fold-changes and SPSS generated fold-changes (after covariate analysis) for
the nine proteins analysed by each approach significantly differed. This
resulted in a p-value of 0.563; therefore it can be concluded that foldchanges derived from each of these statistical software packages did not
differ significantly, despite different statistically significant proteins arising
from each approach.
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Table 3.1.6: mapDIA analysis output for biomarker candidates identified by
DDA targeted in DIA data using Skyline. Three proteins were found to be
significantly differentially expressed (shown here) at a score of FDR of <0.05
(gene names; ITIH3, F5 and APOE) and a score of >0.5 (ITIH3 and F5).
Abbreviations: nPep., number of peptides per protein; nFrag., number of
fragments per protein; CTRL, control; log2FC, log 2 transformed fold change;
FDR, false discovery rate; log_oddsDE, log transformed posterior odds of
differential expression.
Gene
name
ITIH3
F5
APOE
VASN
MINPP1
TTR
ITIH2
KNG1
IGHG2

Accession

nPep.

Q06033
P12259
P02649
Q6EMK4
Q9UNW1
P02766
P19823
P01042
P01859

nFrag.
4
9
8
1
1
1
2
7
3

log2FC
19
31
39
3
3
6
8
33
14

-0.39413
0.379416
0.217947
0.362965
0.382486
0.144537
-0.04073
0.104648
0.139671

score
1
0.983
0.385247
0.048027
0.003702
0.001671
0.00111
1.82E-05
8.30E-08

FDR
0
0.004226
0.033231
0.328994
0.457933
0.612016
0.63777
0.790804
0.852996

Table 3.1.7: Covariate analysis for gender and BMI was performed using
SPSS. This was achieved by using protein-level intensities derived from
mapDIA. FDR values here were calculated in R (correcting for multiple
comparisons) using the Benjamini-Hochberg procedure.
Gene
name
F5
VASN
ITIH3
APOE
MINPP1
ITIH2
IGHG2
KNG1
TTR

Accession

Log2FC

P12259
Q6EMK4
Q06033
P02649
Q9UNW1
P19823
P01859
P01042
P02766

0.26
0.188
-0.274
0.195
0.365
-0.057
0.067
-0.033
0.154
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Pvalue
0.059
0.066
0.078
0.092
0.238
0.514
0.664
0.811
0.336

Pvalue*
0.051
0.060
0.074
0.093
0.244
0.509
0.671
0.81
0.845

FDR
adjusted
0.551
0.551
0.551
0.659
0.659
0.859
0.909
0.988
0.988

0.08
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Figure 3.1.4: Box plots for three validated biomarker candidates, from DDA, for the
transition from ARMS to a psychotic disorder. These proteins were found by mapDIA to
be significantly differentially expressed in age 11 blood between subjects who
transitioned to a psychotic disorder at age 18 versus those who did not. Only one
protein (F5) remained statistically significant (p<0.05) following covariate analysis for
gender and BMI. Box plots are labelled in top left corner with UniProt accession number
and gene name. The log transformed intensities in protein expression, calculated using
mapDIA, are shown on the y-axis and case (left; ARMS) versus control (right; CTRL) is
shown on the x-axis. Gene name, protein name: AGT, angiotensinogen; APOA1,
apolipoprotein a1; SERPING1, plasma protease c1 inhibitor; ITIH3, inter-alpha-trypsin
inhibitor heavy chain H3. Abbreviations: ARMS, at-risk mental state and CTRL, control.
Two out of three significant proteins were found to be up-regulated in ARMS compared
to controls (APOE and F5), whilst ITIH3 was down-regulated in ARMS.
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3.3.3 DIA and DDA derived fold-changes did not significantly differ for nine
quantifiable proteins
A two-tailed t-test was performed in Excel for the log2 fold-changes of the
nine proteins quantified by both DIA and DDA in aim 2 specifically (Table
3.1.5); in order to determine whether they significantly differed. The resulting
p-value was 0.715; indicating no significant differences between mapDIA and
MaxQuant derived fold-change values.
Table 3.1.8 DIA and DDA derived fold-changes for nine proteins quantified
by each approach. There was no significant difference between fold-changes
derived from each approach; DIA/mapDIA and DDA/MaxQuant.
Abbreviations; DIA, data-independent acquisition; DDA, data-dependent
acquisition; log2fc, log 2 transformed fold-change.
Gene
name
ITIH3
F5
APOE
VASN
MINPP1
TTR
ITIH2
KNG1
IGHG2

DIA
log2fc
-0.39413
0.379416
0.217947
0.362965
0.382486
-0.36386
-0.04073
0.104648
0.139671

DDA
log2fc
-0.38055
0.211757
0.315892
0.233786
0.513988
-0.36499
-0.2402
-1.05858
0.836414
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Chapter Four: Discussion
4.1 Summary of major findings
From a clinical perspective this study has identified six proteins (SERPING1,
ITIH3, AGT, APOA1, APOE and F5), involved in the acute-phase response
and coagulation pathways predominantly, as biomarker candidates for the
transition from ARMS to a psychotic disorder. From a technical proteomic
perspective this study has shown that a workflow involving DIA coupled to
cutting-edge bioinformatics software has great potential for the hypothesisdriven identification and the validation of biomarker candidates.
4.2 The acute-phase response and coagulation cascade are among the
top pathways represented in the literature
Aim 1 of this project was to identify hypothesis-based biomarkers for the
transition from ARMS to a psychotic disorder. The biomarkers were selected
following systematic review of the literature, collating of biomarkers found in
two or more studies and conducting pathway analysis on these. The results
of pathway analysis (IPA) on biomarker candidates (Table 3.1.1) are shown
in Figure 3.1.1 and Table 3.1.2. This resulted in the identification of the
acute-phase response as the most significantly represented pathway in the
literature. The coagulation pathway was also implicated by IPA in the top 10
pathways. Inflammation, which triggers the acute-phase response, also
initiates clotting/coagulation(106). Furthermore, the intrinsic coagulation
cascade has been found to mediate cross-talk between coagulation, innate
immunity and inflammation(107). Here the acute-phase and coagulation
pathways will be introduced and their implication in schizophrenia and comorbid disorders to date discussed.
4.2.1 The acute-phase response in schizophrenia
Acute-phase response signalling was the top pathway identified in the drugfree schizophrenia literature (Table 2.1.2 and Table 3.1.1) by IPA; 11 APPs
(HP, C3, APOA1, APOH, APCS, APOA2, CFB, VWF, SERPINA1, FGA,
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A2M) present in Table 2.1.2 out of 171 in total (from IPAs knowledge base)
(78). This suggests acute-phase dysregulation may play an important role in
schizophrenia pathology(78). The immune system is split into two different
categories; innate and adaptive. The innate is considered the ‗first-line‘ of
defence as it promotes defence against invading pathogens, but without
conferring any specificity toward recent challenges to the immune
system(67). The innate system contains the acute-phase response and
complement cascade.. There are two different types of APPs; positive and
negative. Positive APPs increase in concentration in response to
inflammation and function in protecting against invading microbes or as
negative regulators of inflammation(67). Seven positive APPs were found
here to be up-regulated in the review of past literature, indicating an overall
increase in the inflammatory response. Conversely, the concentration of
negative APPs decreases in response to inflammation. Negative APPs
APOA1 and APOA2 concentrations were found to be decreased (Table
3.1.1), therefore providing further evidence for an increase in inflammation in
psychotic disorders (and a consistency of the findings with known functions
and reciprocal interactions). IPA calculated that the acute-phase response
had a positive z-score or in other words the activity of the pathway is
enhanced (based on the protein function in relation to the coagulation
pathway; defined by the IPA knowledge base). Furthermore, given a strong
history of findings (by techniques other than MS and MIA) for increased
inflammation in schizophrenia (section 1.5.3) one would expect the increase
in acute-phase response activity observed.
Interestingly, higher concentrations of positive APPs tissue plasminogen
activator (tPA) and serum amyloid p (APCS) at birth were previously found to
be protective in terms of risk of developing non-affective psychosis later in
life(108). This suggests those with lower levels of APPs at the time of birth
are more susceptible to psychosis later in life which is speculated by Gardner
and colleagues, based on correlative evidence, to be the result of increased
risk of infection(108,109). The acute-phase response also plays a role in
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central nervous system development suggesting lower levels at birth could
also lead to neurodevelopmental deficiencies(108). Furthermore, APOA1
and TTR (negative APPs) concentrations were found to be dysregulated in
the CSF of first-episode schizophrenia, by Western blotting and massspectrometry based methods(50,110,111). This suggests that acute-phase
response dysregulation occurs not only in the periphery, but also in the
CNS(78).
4.2.2 Specificity of acute-phase response deregulation to schizophrenia
In order to examine the specificity of the current findings to schizophrenia,
biomarker candidates found in two or more studies involving co-morbid
psychiatric disorders i.e. major depressive disorder and bipolar disorder,
were studied. This literature search followed the same criteria for
inclusion/exclusion as the schizophrenia studies, and resulted in four major
depressive disorder(45,55,112,113) and two bipolar disorder(18,114) studies
being assessed.
Stelzhammer and colleagues in 2014 identified two increased positive APPs
(Ferritin and HPR), one increased negative APP (CP) and one decreased
negative APP (TF) in first-onset major depressive disorder patients,
suggesting an overall increase in pathway activity (female only)(112). In
contrast, a study by Xu and colleagues in 2012 found A2M and CP (positive
APPs) to be down-regulated in major depressive disorder cases out of a total
of nine differentially expressed proteins; a finding that suggests a decrease
in pathway activity in these patients(115). These studies however did not test
the specificity of their biomarker panel to major depressive disorder patients.
A study by Domenici and colleagues found three APPs to be significantly
differentially expressed in major depressive disorder (down-regulation of
negative APP APOA1 and positive APP A2M and up-regulation of positive
APP CRP)(55). These proteins were however also differentially expressed in
schizophrenia subjects (tested within the same study)(55). In 2016, Lee and
colleagues developed a six protein biomarker panel for major depressive
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disorder (created from findings from the literature and their own proteomic
findings) comprised of APOB, APOD, CP, GC, HRNR and PFN1 that
demonstrated a 67% sensitivity and 69% specificity; none of these
candidates are directly involved in the acute-phase response ((113) and
IPA).
Haenisch and colleagues identified three APPs in their pre-diagnostic bipolar
disorder biomarker panel (APOA1, APOA2 and APCS). Negative APPs
APOA1 and APOA2 were found to be decreased in cases (ARMS subjects
who transitioned to a psychotic disorder) whereas positive APP APCS was
found to be increased in cases; indicating an overall increase in pathway
activity. However this panel showed no specificity toward pre-bipolar disorder
over pre-schizophrenia(114). Schwarz and colleagues‘ study of pre-bipolar
patients found 14 molecules to be differentially expressed between patients
and controls(18). The negative APP TF was decreased in cases; however
this was the only indication of increased acute-phase response activity in
pre-bipolar disorder in the study(18). They found biomarker signatures for
pre-schizophrenia and pre-bipolar disorder to be dissimilar(18).
In conclusion, there are some biomarker findings in the proteomic and MIA
literature of APP dysregulation in both major depressive disorder and bipolar
disorder; however this evidence is derived from studies in which no
specificity was shown for the respective disorders in relation to
schizophrenia. Therefore, it is possible that acute-phase response
dysregulation in major depressive disorder and bipolar disorder reflects their
co-morbidities with schizophrenia (in which enhancement in acute-phase
response activity has been consistently implicated)(43,44,70,116).
4.2.3 The coagulation cascade in schizophrenia
Pathway analysis conducted on candidates identified from the literature
review identified the coagulation pathway as significantly represented. Five
coagulation proteins; VWF (up), SERPINA1 (up), F7 (down), FGA/fibrinogen
alpha chain (up), A2M (up) out of a total of 35 in the IPA canonical pathway
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were present in our analysis (see Table 3.1.2)(78). Three of the
aforementioned coagulation proteins function in enhancing coagulation
activity in that they are thrombogenic (VWF, F7, FGA); and two function in
inhibiting coagulation activity in that they are inhibitors of thrombin
(SERPINA1 and A2M) (see Figure 4.1)(117). Based on their direction of
change, the balance is slightly in favour of anti-coagulation in cases versus
controls; however this may be somewhat reductionist. IPA calculated that
coagulation had a negative z-score meaning there was an overall downregulation of coagulation in cases (based on the protein functions in relation
to the coagulation pathway; defined by the IPA knowledge base). However
a study by Perkins and colleagues in 2015, which used clinical high-risk
patients as opposed to first-episode or later stage schizophrenia, found two
thrombogenic proteins (F7 and VWF) and one anti-coagulant (A2M) to be
significantly up-regulated in clinical high-risk subjects in comparison to
healthy controls; which may indicate an up-regulation of coagulation in
prodromal psychotic disorders(47). Furthermore, given a strong history of
findings (by techniques other than MS and MIA) for increased inflammation
in schizophrenia (section 1.5.3) one would expect the increase in coagulation
activity. In summary, the nature of the coagulation pathway‘s involvement in
the literature of drug-free schizophrenia is unknown, despite its implication.
The coagulation pathway is split into the intrinsic and extrinsic pathways.
Both pathways converge at ‗the common pathway‘ which results in the
formation of fibrin(117) (Figure 4.1). The observation that psychotic patients
on chronic warfarin therapy for deep-vein thrombosis showed long-term
remission of psychotic symptoms led Hoirisch-Clapauch and colleagues to
hypothesize that dysregulation of the coagulation pathway, specifically low
tPA activity, could be involved in the pathology of the disorder(118). tPA is
involved in the breaking down of blood clots, and therefore low levels of this
protein indicate an enhancement of coagulation activity(117). The
observations above are supported by a high prevalence of conditions
affecting tPA activity in drug-naive schizophrenia, such as antiphospholipid
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antibodies, elevated cytokine levels, hyperinsulinemia and
hyperhomocysteinemia(118,119). Free-protein S and functional protein C are
natural anticoagulants that form complexes that inhibit tissue plasminogen
activator (tPA) inhibitors i.e. promote tPA activity(117). It was later found that
free-protein S deficiency was highly prevalent (22%) among schizophrenia
patients, but absent in controls(119). There was no difference in protein C
levels between patients and controls, suggesting that protein S may have a
role in schizophrenia pathology independent of protein C(119). Furthermore,
Johnson and colleagues in 1992 identified two 40kDa spots in 2-D gels of
CSF from schizophrenic patients which were absent in the controls(120).
These spots were later identified as fibrinogen beta chain (FGB), also a
coagulation factor.

Figure 4.1: The central components of the coagulation pathway (Wikimedia
Commons). The coagulation pathway is split into the intrinsic and extrinsic
pathways; both of which result in the formation of fibrin (the common
pathway). Components of the cascade are indicated by solid black arrows.
Regulators; red lines indicate inhibition and green lines indicate activation.
Cofactors (e.g. F5) and secondary regulators (e.g. A2M, SERPINA1,VWF
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and tPA) are not shown. Abbreviations; TFPI, tissue factor pathway inhibitor;
VII-XIII, coagulation factors VII-XIII.
4.2.4 Specificity of coagulation deregulation to schizophrenia
Blood coagulation was implicated by Xu and colleagues in their 2012
proteomic study of first-onset major depressive patients by pathway analysis
software GeneGo(115). No information is given regarding which proteins
GeneGo defined as coagulation proteins nor any estimation by the software
of direction of change(115). A2M was down-regulated in this study which
indicates, as it is a potent inhibitor of thrombin and fibrinolysis, enhanced
coagulation activity(115). Coagulation was also implicated by Lopez-Vilchez
and colleagues in 2014 in major depressive disorder. A prothrombic
phenotype was observed in that elevated levels of coagulation/thrombin
promoters were identified in blood aliquots by flow cytometry(121). The
number of studies and the consistency of coagulation pathway findings in
bipolar and major depressive disorder are such that it is too early to draw
firm conclusions.
4.2.5 Comparison of MS and MIA results
Biomarkers compiled from the literature review were identified by both MS
and MIA studies. It was important to include both types of studies as these
are the two methods currently driving biomarker discovery. Comparisons
between MS and MIA approaches were made in Section 1.6.4 of the
introduction. Here, however, we will briefly discuss the strengths and
weaknesses made evident after the collation of biomarker candidates from
each approach.
Immunoassays allow greater sensitivity of detection than mass spectrometry
(86). In Supplementary Table 1 it is evident that there is enhanced ability for
MIA to detect lowly abundant compounds such as cytokines which are not
detectable by DDA or DIA(78). Since MIA is very sensitive in comparison to
MS due to its selectivity, depletion of highly abundant compounds is not

95

necessary. Out of the six MS studies three depleted highly abundant
compounds and three did not. Jaros and colleagues depleted 14 highly
abundant compounds using the same immunoaffinity method and apparatus
(HPLC and MARS 14 column) as outlined here (Section 2.3.1). Studies by
Levin and colleagues and Li and colleagues depleted 20 highly abundant
compounds (albumin, immunoglobulin IgG, IgA, IgM, IgD, transferrin,
fibrinogen, α2-macroglobulin, α1-antitrypsin, haptoglobulin, α1-acid
glycoprotein, ceruloplasmin, apolipoprotein A1, apolipoprotein A2,
apolipoprotein B, complement C1q, complement C3, complement C4,
plasminogen and transthyretin) using an immunoaffinity kit from Sigma.
However due the fact that only a portion of depleted proteins are removed
from the sample (approximately 80% using MARS; Agilent manufacturers‘
guidelines) both studies by Jaros and colleagues and Levin and colleagues
still reported on these in their results. This leaves only one study, Levin and
colleagues, out of all six using MS as their primary method, which excluded
depleted proteins from their results. The exclusion of studies based on
depletion would lessen the power of the literature review and compromise
the scope of the study as a whole.
The analytical specificity of MS is generally superior to any other method
because in nearly all cases diagnostic ions capable of identifying the analyte
can be isolated (isoforms in Supplementary Table 1). MS however lags
behind MIAs in terms of reproducibility. This is clearly evident in Table 2 in
that there are only four replicated mass spectrometry findings in comparison
to 45 multiplex immunoassay findings (full list of protein candidates available
in Supplementary Table 1), even though the number of studies using each
method is comparable(78). Besides limitations in DDA reproducibility, the
studies which were assessed in this review used a range of mass
spectrometry sampling methods and analysis techniques, which may also
account for the lack of reproducibility across studies(79).
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In addition, there were only four biomarkers identified by both approaches
independently which is expected due to the different detection abilities of
each approach. The differences in the detection abilities and reproducibility
of the approaches is not a limitation of this study in that the goal of the
literature review was to identify a pathway which may be dysregulated as
opposed to individual proteins (individual proteins were not targeted using
DIA but rather all proteins involved in the acute-phase response). Therefore
the different detection abilities of each approach are unrelated to the aim of
this study.
Furthermore, antibody-based methods are not easy to scale up and are also
limited to the availability and quality of antibodies. For example, the multiplex
immunoassays in this review failed to fully analyse the complement
pathway‘s involvement in schizophrenia pathology as a result of the inclusion
of only three complement protein (C3, CFB and CFHR1) antibodies in the
most recent MAPs. The complement system is defined as a cascade of
enzyme activations that bridge the innate and acquired immune systems.
Biological effects of the complement system include opsonization, lysis of
foreign cells, clearance of immune complexes and apoptotic cells, activation
of inflammation and augmenting the antibody response. The complement
canonical pathway has been previously implicated by pathway analysis in
schizophrenia pathology, including in studies by Jaros and colleagues in
2012 and Li and colleagues in 2012 (44,77).
4.3 Aim 1; four acute-phase biomarker candidates were identified for
the transition from ARMS to a psychotic disorder
To reiterate, aim 1 of this project was to use DIA and cutting-edge
bioinformatics to identify acute-phase biomarkers for the transition from
ARMS to psychosis. APPs (defined by IPA) were retrospectively targeted in
our DIA data from the plasma of age 11 ARMS subjects, resulting in the
identification of four differentially expressed proteins (SERPING1, ITIH3,
AGT and APOA1). Here these proteins will be discussed in relation to a) their
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role in the acute-phase response, b) their other biological/molecular
functions, c) whether they were identified in our systematic review of the
literature and more generally have they been implicated in schizophrenia,
major depressive disorder or bipolar disorder.
Out of a total of 60 acute-phase biomarker candidates 46 were quantified in
DIA data, and of these four were shown to be differentially expressed.
4.3.1 SERPING1
Plasma protease C1 inhibitor (SERPING1) is a positive acute phase protein
found to be up-regulated in the plasma of age 11 ARMS subjects who
transitioned to a psychotic disorder, in comparison to those who did not
(Figure 3.1.1 and Table 3.1.2). This protein also remained significant after
covariate analysis (correcting for gender and BMI) using SPSS. Upregulation is consistent with the finding by IPA for the literature review
proteins of an increase in acute-phase response activity in drug-free
schizophrenia (Figure 3.1.1 and Table 3.1.3). In addition to its role in the
acute-phase response, SERPING1 has also been shown to be a regulator of
complement activation (classical pathway) and of coagulation; inhibits FXIIa,
is involved in platelet degranulation and plays a role in early fibrinolysis
(122,123). Evidence for these functions can be seen in that mutations in the
SERPING1 gene are a marker of hereditary angiodema, which is caused by
abnormal complement activation, and there are also links to mutations in
genes encoding coagulation factors (FVII) in hereditary angiodema(124,125).
SERPING1 itself was not identified in the systematic literature review as a
candidate blood biomarker (Table 3.1.1). Furthermore the protein/gene has
not been linked to schizophrenia (or co-morbid disorders) in the wider
literature (in other non-brain sample types and by additional methods).
SERPING1 has however been found to be a blood biomarker of Alzheimer‘s
disease, and was considered a specific marker having not been identified as
significantly differentially expressed in any other brain disorder(126). This
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raises the possibility of SERPING1 being a biomarker exclusively to young
ARMS subjects who transition to a psychotic disorder later in life.
4.3.2 ITIH3
Inter-alpha-trypsin inhibitor heavy chain 3 (ITIH3) is a negative APP found
here to be down-regulated in cases of those who transitioned to a psychotic
disorder (Figure 3.1.1 and Table 3.1.2). The down regulation however did not
remain significant following correction for BMI and gender in DIA data. ITIH3
concentrations decrease in the plasma during the acute-phase response, in
response to inflammation. Therefore, this result is consistent with the
indication of increased acute-phase activity in schizophrenia from the
literature review (Figure 3.1.1 and Table 3.1.3). ITIH3 has also been shown
to play a role in platelet degranulation(127,128). It was not identified as a
candidate blood biomarker (identified twice or more by independent studies)
by our systematic review of the literature (Table 3.1.1). It was however
identified as significantly differentially expressed in one of the massspectrometry (MSE) studies included in the systematic review by Jaros and
colleagues in 2012; however it was up-regulated in cases versus controls
(Supplementary Table1). This may reflect a compensatory response in firstonset patients (31.4±9.4) following on from significantly decreased levels in
childhood (age 11); since the current study was based on subjects in the
ARMS who did not have schizophrenia or a psychotic disorder generally at
the time of plasma sampling. GWAS studies have also found an association
for schizophrenia to the ITIH3/4 gene locus(129,130). ITIH3 was named
among a number of other genes as one of the most widely shared genetic
variants common to schizophrenia, major depressive disorder, bipolar
disorder, attention deficit hyperactivity disorder and autism spectrum disorder
based on published GWAS studies(131). These findings indicate that ITIH3
gene polymorphisms may be involved in a number of psychiatric disorders,
and protein changes in the blood may act as biomarkers for other disorder
than just schizophrenia and/or prodromal schizophrenia.
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4.3.3 AGT
Angiotensinogen (AGT) is an acute phase protein (and growth factor) that
was found here to be up-regulated here in age 11 ARMS subjects (Figure
3.1.1 and Table 3.1.2). The up-regulation did not however remain significant
following correction for BMI and gender in DIA data. AGT is involved in a
wide range of biological processes including; the negative regulation of
angiogenesis, positive regulation of cytokine production, positive regulation
of cholesterol esterification, renin-angiotensin regulation of aldosterone
production and inhibition of thrombin (a central protein in the coagulation
pathway). It was not implicated as a biomarker candidate by the literature
review (Table 3.1.1). Furthermore, it has not been implicated by any other
methods in schizophrenia. There is however evidence for depressive-like
symptoms in mice with disruption to the AGT gene(132). There is also
evidence for gene polymorphisms in the renin-angiotensin system in patients
suffering from depression(133) and in the angiotensinogen gene itself in
those at risk for bipolar affective disorder(134).
4.3.4 APOA1
Apolipoprotein A-1 (APOA1) is a negative APP found here to be up-regulated
in ARMS subjects (Figure 3.1.1 and Table 3.1.2; inconsistent with
enhancement of the acute-phase response suggested by IPA). This protein
remained significant after covariate analysis (correcting for gender and BMI)
using SPSS. APOA1 also plays an essential role in reverse cholesterol
transport and is involved in degranulation of platelets (like ITIH3) however
the nature of this involvement is not fully understood(135). The up-regulation
of APOA1 here is in contrast to findings from the literature review in which
APOA1 was found repeatedly to be down-regulated in drug-free
schizophrenia compared to healthy controls (Table 3.1.1(40,42–44,55,136)).
This, like in the case of ITIH3, may reflect a compensatory mechanism in
schizophrenia following down-regulation at prodromal stages. Furthermore,
since there is a link between lipid metabolism and schizophrenia and
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perhaps the up-regulation of this protein is reflective of this, as opposed to its
contribution to the acute-phase response and inflammation(137). In fact, two
pathways involved in lipid metabolism were identified by IPA in the
systematic review of the literature; LXR/RXR (6/128; C3, APOA1, APOH,
APOA2, SERPINA1, FGA) and FXR/RXR (7/137; C3, APOA1, APOH,
APOA2, INS, SERPINA1, FGA). A minor enhancement was estimated by
IPA for LXR/RXR but no activity pattern was estimated for FXR/RXR (Figure
3.1.1). APOA1 concentrations were found to be dysregulated (up and down
regulated, respectively) in the CSF of first-episode schizophrenia subjects,
by Western blotting(138) and SELDI-TOF MS(111).

4.4 The work undertaken as part of Aim 1 has strengths and also
weaknesses
4.4.1 Strengths
Strengths of this study include the use of samples obtained as part of a
longitudinal study design from age 11 subjects in the ARMS prior to the
development of a psychotic disorder(139). Therefore in contrast to the aims
of previous literature in this area to identify biomarkers for first-episode
psychosis or schizophrenia more generally, the aim here was to identify
biomarkers for the transition from the ARMS to a psychotic disorder.
Another strength of the current study is its use of DIA and cutting-edge
bioinformatic tools. This experiment demonstrates the potential of DIA,
coupled with Skyline and mapDIA, for the hypothesis-driven identification of
biomarker candidates. The gold standard for hypothesis-driven proteomics
has up until this point been SRM/MRM(78). SRM/MRM however has not
been widely utilized in the field of blood based biomarkers for schizophrenia
as it the field is still in its infancy and as a result mainly discovery approaches
are being utilized (Table 2.1). In terms of sensitivity DIA is inferior to SRM for
small numbers of protein targets in single experiments(76). Despite this, as
outlined in section 1, DIA confers some significant advantages over SRM
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including its suitability for high-throughput experiments and the fact that no
peptide scheduling is required in advance of experiments (allowing data to
be continuously re-examined in order to target emerging biomarker
candidates or pathways)(88).
As mentioned above, cutting-edge bioinformatics software were used in
these experiments in order to analyse DIA data. The closest massspectrometry method from the literature review to the MSx approach used
here is MSe, in that they both use DIA. Therefore this is the most suitable
approach to draw comparisons with in terms of data analysis. MSe was used
in the studies by Jaros and colleagues in 2012 and Levin and colleagues in
2010(43,44). The MSe acquisition approach, explained in Section 1.6.1,
differs from the MSx method used here in that all ions within the full mass
range are fragmented by the mass spectrometer, as opposed to a selected
mass range (consisting of isolation windows).
The bioinformatic and statistical handling of DIA data in the aforementioned
studies greatly differed from the current study. For identification the human
Swissprot database and Identify E (non-spectral library based) were used in
the comparison studies (Jaros and colleagues and Levin and colleagues,
respectively(43,44)) whereas a spectral library made from discovery data
was used in this case. Both comparison studies also used automatic peak
processing software (Rosetta Elucidator System(44) and IdentifyE (43)),
unlike Skyline used here in which processing is both visual and manual.
Criteria for filtration of data also differed; peptides detected in at least two out
of three replicate injections and at least 70% of the samples in any one group
were chosen for each of the previous studies and the current study alike. A
minimum of one peptide per protein was set here (given the use of fragment
level quantitation and a repeated measurement model by mapDIA); two
peptides per protein in Levin and colleagues‘ study and Jaros and colleagues
were more stringent with three peptides per protein. For statistical analysis
the current study is unique in that proteins were quantified at the fragment
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level and a Bayesian statistical model was used which treats fragments as
repeated measurements of the same protein. The comparison studies
instead quantified proteins by averaging the correlating peptide intensities
and statistical analysis was done by Student‘s unpaired t-tests(43,44) (and
Mann–Whitney–Wilcoxon test; unpaired(44), which could potentially increase
the ratio of noise to signal to close to that of DDA(87). Jaros and colleagues
corrected for multiple comparisons as an indication only (i.e. not a cut-off
criterion) whereas Levin and colleagues did not correct at all. Multiple
comparisons were controlled for here as an indication of the likelihood of a
false positive but not as a cut-off criteria which could result in the premature
exclusion of possibly important findings(140).
4.4.2 Weaknesses
It is important to note the disparity between the plasma and serum proteome
in that there are studies involving both sample types included in the literature
review. Plasma is produced from blood by addition of an anticoagulant such
as heparin, EDTA or sodium citrate, followed by removal of cells and cell
debris by centrifugation. Production of serum differs in that no anticoagulant
is added and the resulting material composed of clotting factors, cells, and
cell debris is removed. In the review of the literature, the majority of studies
assessed were in serum (Table 1; 10/14) and the remainder were plasma
(4/14). As plasma samples were used in our experiments some small
disparities in results may be expected. Indeed, a study published by Alsaif
and colleagues in 2012 found that despite similarities in coverage on a
multiplexed platform, marked differences in variation between plasma and
serum of healthy individuals were observed(141). The aim of the systematic
review was to identify protein pathways consistently implicated in bloodbased biomarker studies in schizophrenia, irrespective of sample type but
again some inconsistent findings could be attributed to sample type
differences(78). It has been suggested that combining profiling results from
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plasma and serum may increase the probability of discovering and validating
novel biomarkers of psychiatric and other disorders(141).
Furthermore, given the implication of the coagulation pathway by the current
study the significance of blood sample type used is demonstrated (the
majority of coagulation proteins are removed in the preparation of serum as
discussed above). Since the majority of studies included in the literature
review (11/14) used serum as the primary sample type it is not clear whether
coagulation pathway dysregulation was present in these samples. This
means that coagulation pathway dysregulation may be more prevalent than
is evident from the literature review.
Biomarkers can be broadly divided into disease-related or drug-related. The
biomarkers considered in the current study are of course disease-related; of
which there exists four distinctive subtypes relating to the biomarker‘s
function. Namely, these functions are diagnosis, prognosis, prediction and
patient stratification. Due to the characteristics of the ALSPAC samples and
the study‘s longitudinal nature the resulting biomarkers can be considered
predictive in that they aim to identify those at greatest risk of a psychotic
disorder out of those in the ARMS. In contrast, the biomarkers identified in
the literature review are diagnostic in that first-episode psychosis has already
been experienced in most cases (Table 2.1.2). The exception is the Chan
and colleagues‘ study in which subjects were CHR as opposed to diagnosed
with a psychotic disorder; however the controls used in this study were
healthy and therefore the biomarkers identified were diagnostic (of CHR). In
conclusion, the current study compares diagnostic (literature review) and
predictive (ALSPAC) biomarkers. Previously identified diagnostic biomarkers
implicated acute-phase dysregulation and this disparity in biomarker type
may account for the relatively few significantly differentially expressed APPs
in the current study (in comparison to the literature).
Another potential limitation of this study was the small sample size (n=19 vs
17), which may have affected the significance of findings. When covariate
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analysis was conducted using SPSS for gender and BMI (using protein level
intensities generated by mapDIA) it resulted in the loss of three proteins
found to be significantly differentially expressed by mapDIA‘s statistical
analysis. Given the correlation between datasets discussion of these proteins
was included. Here it was found that fold-changes for all 46 APPs correlated
(p-value 0.32) between SPSS and mapDIA findings and therefore the three
proteins lost were included in our results and discussion. Unfortunately,
adjustment for covariates had to be undertaken at the level of the protein (not
fragment) so results differed slightly. Disparity in results may have been the
result of a loss of statistical power; as the Bayesian model statistics used in
mapDIA considers fragments repeated measurements of a protein whereas
protein level data, and therefore SPSS analysis, cannot take this extra
information into account.
Pathway analysis software is currently widely used to look for statistically
significant pathways in high-throughput molecular measurements. In aim 1 of
this study, four proteins (APOA1, ITIH3, SERPING1 and AGT) were
identified as biomarker candidates for the transition from ARMS to a
psychotic disorder. All belonged to the acute-phase response pathway
however upon further inspection of the literature, a common link was
identified for all proteins with the coagulation pathway; a link not identified by
IPA. This suggests, somewhat unsurprisingly, that despite IPA being useful
for large data sets, the Ingenuity Knowledge Base is underdeveloped in
terms of literature coverage(78). In fact a significant limitation to all pathway
analysis software is their rudimentary knowledge bases. This is particularly
true when dealing with proteomics data in that new protein functions, and
interactions, are being discovered at an extremely fast rate(78). However, as
the number, and indeed type, of functional annotations increase, in parallel
with technological advances, the utility of pathway analysis and confidence in
results will likely improve(142,143).
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4.5 Three biomarkers were validated for the transition from ARMS to a
psychotic disorder
Aim 2 of this project was to validate candidate biomarkers derived from
discovery proteomics (DDA) for the transition from ARMS to a psychotic
disorder using DIA. This was achieved using the same targeted proteomic
workflow involving DIA coupled to Skyline and mapDIA; as in Aim 1.
Quantitative information was obtainable for 18/19 DDA significant proteins
when analysing the DIA data on the bioinformatic software Skyline. However,
when statistically analysing data in mapDIA nine proteins did not pass
filtration criteria and therefore were not quantified. In summary, out of a total
of 18 proteins identified as biomarker candidates by DDA, 9 were quantified
and three were subsequently validated by DIA (F5, APOE and ITIH3).
4.5.1 F5
The primary function of coagulation factor V (F5) is to stimulate the activation
of thrombin; it is an important regulator of the coagulation cascade. Since
many coagulation proteins are also APPs (Figure 3.1.2; for examples,
SERPINA1, A2M, F2, F8, VWF, FGA, FGB and FGG) and the two pathways
partake in considerable cross-talk(107), F5 can be assumed to have links
with the acute-phase response also. It was found by analysis of DDA and
DIA data to be up-regulated in cases compared to controls (Figure 3.1.1 and
Table 3.1.2). This protein also remained significant after covariate analysis
(correcting for gender and BMI) using SPSS. This would suggest an overall
increase in coagulation cascade activation. F5 was not identified in the
systematic literature review as a biomarker candidate (Table 3.1.1), however,
FVII, which initiates the extrinsic coagulation pathway, was found to be
deregulated (up-regulated twice and down regulated three times) in drug-free
schizophrenia compared to healthy controls(40–42,47,55) (Table 3.1.1). It is
important to note that the study by Perkins and colleagues in 2012 which
dealt with clinical high-risk samples similar to our ARMS samples, was
among the two studies to find F7 to be up-regulated(47). F5 (downstream of
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FVII) has not been previously linked to the disorder. This may suggest
different direction of change for F7 in prodromal disorders (up; ARMS and
clinical high-risk patients) compared to a psychotic disorder at full
manifestation (down; schizophrenia). F5 expression has however been found
to be upregulated in the blood of non-treated major depressive disorder(121)
which is co-morbid with schizophrenia and a major outcome of ARMS(19).
4.5.2 APOE
Apolipoprotein E (APOE) functions in the binding, internalization, and
catabolism of lipoproteins. It has also been shown to inhibit the coagulation
cascade(128). It is considered a negative acute phase protein, however this
information is not included in IPA‘s knowledge base(144)(i.e. not shown in
Figure 3.1.2). It was found to be up-regulated in cases versus controls by
both DDA and DIA data analysis (Figure 3.1.1 and Table 3.1.2), however did
not remain significant following correction for BMI and gender in the DIA
data. Up-regulation of this protein would suggest an overall decrease in
coagulation cascade activation, which is in keeping with the estimation made
by IPA from the systematic literature review but contrasting to F5 findings
(Figure 3.1.1). It was not implicated as a biomarker candidate in the
previous MS and MIA literature (Table 3.1.1). APOE has been found
previously to be up-regulated in the CSF of first episode schizophrenia
patients, by western blot(50,138) (conversely levels of APOE were found to
be decreased in the plasma of non-treated schizophrenia spectrum patient,
also by western blot(145). Furthermore, genetic studies have linked APOE
polymorphism and schizophrenia susceptibility, particularly in Asian
populations(146,147). APOE genotypes have been shown to influence the
phenotype of several neurodegenerative disorders including Alzheimer's and
Parkinson‘s disease; therefore showing little specificity toward psychotic
disorders(148–150).
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4.5.3 ITIH3
ITIH3 was found to be significantly differentially expressed (down regulated)
in DDA analysis and was also found by DIA to be down regulated (however
did not remain significant following correction for BMI and gender in DIA
data). The function of ITIH3 and its links to psychotic disorder pathology are
discussed above under Aim 1.
4.6 The work undertaken as part of Aim 2 has strengths and also
weaknesses
4.6.1 Strengths
DIA confirmed changes in 3 of the 19 proteins (9 after mapDIA filtration)
identified as differentially expressed using DDA. In addition, expression
levels between DDA and DIA (measured by fold-change) for the 9 proteins
quantified by each approach did not significantly differ (p-value 0.715; Table
3.1.5). This was despite the differences in acquisition methods and statistical
handling of data (for example quantitation at MS1 level for DDA data and at
the MS2 level for DIA). On the basis of these findings the potential for a
workflow involving DDA for discovery and DIA for validation in blood-based
biomarker studies is demonstrated. Previously validation of proteomic
findings consisted mainly of low-throughput, cumbersome and often costly
methods such as ELISA and Western blot. DIA on the other hand is a highthroughput technique which, as shown here, is capable of validating results
from discovery experiments. Again, it is also superior in terms of highthroughput abilities to classic targeted proteomic techniques like SRM/MRM
(in that it can measure up to 10 times more peptides per run and also
because prior knowledge of targets and peptide transitions is not required
(i.e. analysis can be performed retrospectively).
4.6.2 Weaknesses
Similarly to Aim 1, the inability to perform covariate analysis in mapDIA was
a significant limitation of the work undertaken as part of Aim 2. Fold-change
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values calculated for nine proteins quantified by DIA using SPSS and
mapDIA respectively did not significantly differ (p-value 0.65). A limitation of
the work undertaken as part of Aim 2 of this study in particular was that only
1/6 of proteins found to be significant in DDA were validated by DIA is
unexpected. This is poor, considering the samples are identical and were run
at the same time on the mass-spectrometer, which should reduce variability
in results derived from each sampling method(88). This result raises
questions over the quality of results derived from DDA sampling methods, or
perhaps over the bioinformatic methods used in analysing the data. For
example, as mentioned in Section 1.6.1 DDA is, in terms of sampling,
stochastic by nature and problems in reproducibility arise from this, whether
between experiments both using DDA methods and between experiments
using a different method for validation. Despite the fact that DIA can largely
compensate for shortcomings in sensitivity compared to DDA, by increased
signal to noise, there may still be some discrepancies in results of a DDADIA workflow due to slight variations in sensitivity. DIA data was also
visualised and processed in Skyline unlike DDA data which was analysed by
MaxQuant which automatically corrects for systematic inaccuracies of
measured peptide masses and corresponding retention times of extracted
peptides from the raw data. The interference of chemical noise may have
significantly skewed DDA results; unlike DIA results which were processed to
reduce this type of interference. Furthermore, proteins were quantified using
peptide-level protein intensities in MaxQuant, as opposed to fragment-level
in mapDIA; which also reduces chemical noise as in comparison to
quantitation and the peptide-level. Disparity between results here stresses
the need for high throughput verification studies with labs and across
independent investigations.
4.7 The results of this study converge on the coagulation and acutephase response pathways
A role for each of the six differentially expressed proteins (without covariate
analysis) in both coagulation and the acute-phase response was elucidated
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(see above). This suggests that these processes and/or their individual
components may serve as biomarkers for psychotic disorders. The
relationship of each protein to the acute-phase response can be inferred
from Figure 3.1.2 (as simply increased in decreased in response to
inflammation, respectively). The relationship of each protein to coagulation,
and to each other within this pathway is summarized below in Figure4.2. The
relationship between proteins in the coagulation cascade is complex in
comparison to the acute-phase response and indeed the results for individual
proteins identified here do not collectively show any clear enhancement or
inhibition of the coagulation pathway. For examples, the up-regulation of F5
is not in keeping with findings that AGT (an inhibitor of thrombin) and APOE
(inhibitor of the coagulation cascade) are also up-regulated in cases versus
controls; however it may reflect an attempt at restoring balance in the
coagulation cascade, given the directly opposing actions of the proteins.
Alternatively, the opposite may be true; that F5 up-regulation causes a
compensatory response by the up-regulation of AGT (note that AGT did not
remain statistically significance after covariate analysis).
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Figure 4.2: Interactions between significantly differentially expressed proteins
and the complement/coagulation cascades. Direction of change in cases
indicated by green arrows for up-regulated and red for down-regulated. Lines
with arrow heads depict activation and lines with straight heads depict
inhibition.
4.8 Possible link to brain pathology
The strong implication of the acute-phase response and coagulation
pathways here adds to existing evidence for an important role for
inflammation in psychosis pathology(65,151). The activation of the
inflammatory response system is suggestive of microglia (the macrophages
of the brain) activation(65). Indeed, there is evidence of microglial activation
in schizophrenia; as detected in positron emission tomography scans and in
histopathology, and it is assumed that this activation disturbs the
development and function of neuronal circuits in the brain(152–154).
Furthermore, there is evidence for immune molecule imbalances locally in
the prefrontal cortex(155). Some pro-inflammatory molecules, such as TNFα, have been shown to directly have negative effects on synaptic
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transmission, long term potentiation (a form of synaptic plasticity involved in
cognition) and also to lead to increased glutamatergic synaptic transmission
and subsequently excitotoxicity(156–158). Interestingly, there is evidence for
disruption of the bidirectional communication between the hypothalamic
pituitary adrenal (HPA) axis and immune system in schizophrenia, which
provides another possible mechanism for their contribution to the
neuropathology of schizophrenia(58). Metabolic disturbances were evident
here with APOA1 being among the six differentially expressed proteins, as
well as being one of the most replicated biomarker candidates in the
literature, and the LXR/RXR and FXR/RXR pathways being implicated
among the top canonical pathways in the literature. There is evidence that
the ingestion of omega-3 fatty acids or correction of an omega-6/omega-3
imbalance can contribute to balancing the cholesterol system and alleviating
psychiatric symptoms in schizophrenia. Furthermore, it has been shown that
there are decreased phospholipid polyunsaturated fatty acids (PUFAs) in
brain and peripheral (red blood cell) membranes of schizophrenia subjects,
which is consistent with myelin abnormalities and neurotransmitter system
impairment observed in the disorder(159–161). Significantly, there is
evidence for a causative link between immune system dysregulation and lipid
imbalance in schizophrenia(162), providing another possible mechanism of
action for the effects of peripheral and central immune disturbances and
brain pathology in the disorder.
In summary, immune system disturbances may affect schizophrenia
neuropathology directly via the effect of immune molecules on synaptic
plasticity, or indirectly via cross-talk with the HPA axis and/or its downstream
effects on lipid metabolism(78). The relationship between the brain and blood
based proteomes is of significance to understanding the pathophysiology of
brain disease. This is referred to in more detail in a review by English and
colleagues (2011)(163).
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4.9 Future directions
4.9.1 Opportunities for developing the current study
The ability to continuously ‗mine‘ for, or retrospectively target, emerging
biomarker candidates (as opposed to having to schedule them in advance) is
hugely valuable to this project and moreover to all future studies in this field.
In the near future, using the very same DIA data acquired here, the panel of
past biomarkers derived by our systematic review of the literature (Table
3.1.1), other pathways implicated by IPA and biomarker panels identified by
similar studies (such as that by Perkins and colleagues‘) could be
retrospectively targeted using Skyline in order to test whether any of the
proteins are differentially expressed in our subjects. Another future possibility
for the current study is to test the psychotic disorder predictive performance
of past biomarkers (Table 3.1.1) and the six protein biomarker panel
developed here using our DIA data from the ALSPAC cohort. This could be
achieved by following the protocol of Chan and colleagues and Perkins and
colleagues; plotting a receiver operating characteristic (ROC) curve and
calculating the AUC in order to calculate its sensitivity, or probability of
detection. These curves could also be used in order to calculate specificity of
biomarker panels(42,47).This would however involve running similar
experiments to those outlined here on ARMS samples with an outcome of
major depressive disorder and bipolar disorder, for example.
mapDIA has a ‗modular information‘ feature that was not utilized here(79).
This may be useful in future studies to increase statistical power by entering
protein pathway information (which mapDIA will take into account
statistically). This would be of particular value to the acute-phase response
protein analysis or future analysis of other pathways defined in IPA.
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4.9.2 The future of biomarker research into psychotic disorder
First and foremost as the current study was statistically underpowered (n=19
cases vs 17 controls) future studies using similar subjects but with larger
sample sets may be able to confirm the biomarker identified here (and
identify more).
As mentioned previously, two different statistical software packages (mapDIA
and SPSS) were used in the current study in order to perform appropriate
(optimal) statistical analysis on reliable proteins (mapDIA) and to perform
covariate analysis (SPSS). This is not ideal, and in the future the
development of mapDIA to support covariate analysis using their statistical
model may become possible as its use in biomarker studies grows.
It may be that in the future MS approaches are integrated along with other
biomarker discovery techniques, including MIA, in order to provide more
accurate and personalised prediction/diagnosis of psychotic disorders(164).
This is particularly promising in that the issue of antibody availability, and
thus lack of comprehensive proteome coverage, may eventually be
overcome. Furthermore, several groups are working on incorporating clinical,
socio-environmental, molecular, neuroimaging and neurophysiological
findings for Alzheimer‘s disease, depressive disorder and schizophrenia to
identify a particular multifactorial signature specific to each(165–168). It is
also important to note that the establishment of biomarkers may not only be
of value in the prediction of schizophrenia, but also in the assessment of
treatment response, long-term outcome and clinical phenotypes(169).
Despite the fact that high-throughput blood biomarker research in
schizophrenia is still in its infancy, studies are beginning to yield consistent
findings, in terms of individual proteins and pathways. These valuable
findings provide an opportunity for the early identification and treatment of
these debilitating disorders, and thus lead to better patient outcomes. Mass
spectrometry technology and bioinformatic platforms are advancing rapidly,
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and this will no doubt lead to a more accurate, sensitive, reproducible and
comprehensive biological signature for psychotic disorders.
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Supplementary Table 1: List of all 149 biomarker candidates by accession number
identified in the 14 studies included in this review. Method used and number of
studies which identified the biomarker are also included. Abbreviations; MS, massspectrometry; MIA, multiplex immunoassay; OD, opposite direction of change; SD,
same direction of change.
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127

P01876

Method +
no.
identified
MIA (2+ )

Accession

33

P14780

Method
+ no.
identified
MIA (1 )

Accession

75

P01871

Method
no.
identified
MS (1 )

Accession

117

P12821

Method +
no.
identified
MIA (2+ )

34

P13500

MIA (1 )

76

P02765

MS (1 )

118

P02749

MIA (2+ )

35

P10147

MIA (1 )

77

P04259

MS (1 )

119

P29965

MIA (2+ )

36

P13591

MIA (1 )

78

O75636

MS (1 )

120

P01024

MIA (2+ )

37

P10451

MIA (1 )

79

Q02818

MS (1 )

121

P29279

MIA (2+ )

38

P05121

MIA (1 )

80

P35527

MS (1 )

122

P51671

MIA (2+ )

39

P07225

MIA (1 )

81

P53370

MS (1 )

123

P08709

MIA (2+ )

40

P07996

MIA (1 )

82

Q96Q42

MS (1 )

124

P09211

MIA (2+ )

41

P61073

MIA (1 )

83

P17936

MS (1 )

125

P04141

MIA (2+ )

42

P04155

MIA (1 )

84

Q9Y2H9

MS (1 )

126

P10912

MIA (2+ )

Accession

Method +
no.
identified

Supplementary Table 2: Full list of proteins quantified by DDA in age 11
ARMS subjects who transitioned to psychotic disorder in comparison to those
who did not. Proteins listed in order of significance with corresponding foldchange (FC), p-value, and FDR (false-discovery rate) value; after correcting
for multiple comparisons.
Gene names

p-value

fc

FDR

MED30

0.000138

2.788638

0.042657

ZNF445

0.002769

1.633974

0.347878

ITIH3

0.007006

1.301835

0.450077

APOE

0.009716

-1.24478

0.475541

VASN

0.009836

-1.17592

0.47639

CPQ

0.011422

-1.25287

0.486162

ITIH2

0.012167

1.181153

0.489978

EFEMP1

0.013715

1.487346

0.496727

WFDC3

0.014561

1.562451

0.499871

IGHG2

0.017147

-1.78561

0.512552

MINPP1

0.018431

-1.42799

0.517704

LGALS3BP

0.021037

-1.59604

0.5353

TTR

0.027085

1.287876

0.565672

F5

0.028918

-1.1581

0.572837

KNG1

0.029344

2.082881

0.574395

ANPEP

0.029836

-1.22202

0.576154

TIMP1

0.035472

1.348015

0.602813

P4HB

0.036849

1.214791

0.60838

ORM2

0.046938

1.414348

0.641174

CLEC3B

0.051058

-1.17203

0.651524

SERPINF2

0.058837

-1.19273

0.667761

RBP4

0.059665

1.25478

0.669282

TMEM198

0.065383

1.630249

0.67888

GP1BA

0.065475

1.152833

0.679022

APOC1

0.066674

-1.24305

0.680852

AMBP

0.069173

1.134597

0.684492

CLU

0.073013

1.093297

0.689665

SLC3A2

0.075542

1.336396

0.692822

SPARCL1

0.080944

1.281373

0.698989

HSP90B1

0.083717

-1.33111

0.701883

MAN1A1

0.085594

-1.26855

0.703747

HPX

0.095724

1.123285

0.712685

IGFBP2

0.096429

1.440887

0.713245

CFHR2

0.100224

1.440494

0.716135

ECM1

0.100564

-1.18439

0.716385

PRDX2

0.102096

1.580839

0.71749

IGLC3;IGLC2;IGLC6

0.104173

1.297678

0.718942

CHMP4A;TM9SF1

0.105313

-1.24153

0.719717

ROBO4

0.107656

1.226043

0.721263

CD109

0.108551

1.219269

0.721838

HSPA5

0.108987

1.169631

0.722114

CST3

0.116046

1.251525

0.726334

F13B

0.116119

1.124913

0.726375

ALB

0.117468

1.206945

0.727128

COMP

0.120039

1.101992

0.72852

LCP1

0.126401

-1.17256

0.731742

LAMP1

0.129568

-1.28301

0.733237

GC

0.13004

1.099931

0.733454

C1QC

0.13022

-1.12747

0.733536

HYOU1

0.131013

1.163776

0.733897

ITIH4

0.135739

1.123902

0.735966

ADIPOQ

0.13656

1.927236

0.736312

INHBC

0.141403

-1.1792

0.738277

SERPINA3

0.142315

1.115712

0.738633

IL1RAP

0.144175

1.213983

0.739347

DBH

0.145689

-1.45251

0.739915

0.1469

1.107703

0.740362

APOA2

0.15099

-1.33892

0.741821

NCAM1

0.155155

1.294837

0.743234

CD44

0.157567

1.12725

0.74402

UBB;RPS27A;UBC;UBA52;UBBP4

0.158525

1.356641

0.744326

CFP

0.158833

-1.2152

0.744424

SERPIND1

0.159883

1.08375

0.744755

0.16764

1.157698

0.747076

PLTP

0.169405

1.28228

0.747576

LYZ

0.169479

1.188588

0.747596

0.170025

1.103642

0.747749

0.170321

1.395151

0.747832

C2

CA1
SERPINF1

0.17166

-1.10456

0.748201

PROS1

0.173224

-1.09445

0.748625

TTN

0.175296

1.25646

0.749177

PI16

0.1758

-1.21799

0.749309

0.177119

-1.16934

0.749652

0.18481

1.190337

0.753606

VNN1

0.186208

-1.34191

0.754294

CECR1

0.188579

1.216228

0.75544

CHL1

0.190084

1.202035

0.756154

NAGLU

0.191405

-1.30102

0.756773

PODXL

0.191847

1.156726

0.756979

IGJ

0.191977

1.179376

0.757103

COL18A1

0.196067

-1.13047

0.760959

0.200125

-1.54697

0.764665

HRG

0.200867

1.169824

0.765331

APOB

0.20289

-1.12452

0.767126

ITIH1

0.205691

1.095209

0.769566

0.207273

1.178952

0.770922

ICAM2

0.210413

1.148429

0.773566

KRT10

0.221531

1.544395

0.782458

TNXB

0.227745

1.074574

0.787131

VCAM1

0.228579

-1.17173

0.787742

CTBS

0.234764

-1.15061

0.792172

F12
MST1;MST1L

AGT

0.235797

-1.09413

0.792894

F10

0.23643

1.105188

0.793334

KNG1

0.243272

1.08292

0.797972

LYVE1

0.243619

-1.12727

0.798201

CP

0.250444

1.079967

0.802615

SERPINC1

0.258017

1.066509

0.807293

C8G

0.258939

1.080331

0.807847

CD5L

0.262334

-1.11146

0.809861

NRP1

0.265353

-1.1514

0.811617

C9

0.267863

1.122488

0.813052

IGHG3

0.278171

-1.19485

0.818724

C1R

0.280287

1.142066

0.819846

C8B

0.281088

1.086209

0.820267

VTN

0.286843

-1.07926

0.823235

PLG

0.286924

1.097829

0.823276

PON1

0.290518

1.110319

0.82508

SERPINA7

0.302815

-1.05967

0.830983

KRT1

0.304369

1.276936

0.831701

FN1

0.309856

-1.25115

0.834187

TLN1

0.312089

1.316961

0.835178

AHSG

0.322177

1.085971

0.83951

CFD

0.323981

1.112991

0.840261

F2

0.32654

1.0603

0.841314

CFI

0.331596

1.097829

0.843355

C4BPA

0.333512

1.104679

0.844114

CAT

0.338004

-1.32012

0.845867

0.339564

1.123218

0.846466

A1BG

0.340578

-1.14356

0.846853

MASP1

0.340587

-1.24549

0.846857

CSF1R

0.340829

-1.11583

0.846949

0.342608

1.21495

0.847623

F7

0.357304

-1.07911

0.852968

APOC4

0.358284

1.233335

0.853312

CFH

0.365983

1.06396

0.855953

0.366944

1.159909

0.856276

PCOLCE

0.367625

1.101349

0.856504

PEPD

0.369215

-1.11625

0.857034

C4BPB

0.36993

-1.10719

0.85727

ACTG1;ACTB;ACTA1;ACTG2;POTEE;POTEF

0.371834

-1.11637

0.857898

C4B

0.373278

1.099384

0.858369

CDH1

0.373344

1.123776

0.858391

A1BG

0.376181

1.055224

0.859308

SAA4

0.377486

-1.14201

0.859727

SPARC

0.379011

1.345406

0.860212

MBL2

0.379618

-1.19961

0.860404

CAMP

0.384369

1.370999

0.861892

ITIH4

0.387368

1.140688

0.862814

CPN2

0.391904

1.045667

0.864186

FCGR3B

0.391974

-1.16565

0.864207

IGFBP4

0.39332

-1.1191

0.864609

IGHG4

0.394028

-1.21613

0.86482

APOH

0.401488

1.080785

0.866997

HBA1

0.403814

1.571773

0.867662

APOA1

0.419857

-1.08742

0.872072

APOL1

0.422364

-1.14615

0.872734

VCL

0.429354

-1.17254

0.874546

CNDP1

0.431397

-1.20266

0.875066

KIT

0.433808

-1.08917

0.875674

C8A

0.440455

1.063377

0.87732

CP

0.44075

1.083286

0.877392

0.448398

1.150019

0.879231

0.45753

-1.11747

0.881355

0.460635

1.161759

0.882061

0.464266

1.093739

0.882875

SERPINA6

0.470336

-1.0561

0.884212

ZNF645

0.471791

-1.22199

0.884528

IGFBP5

0.48835

1.085882

0.888005

SERPINF2

0.49747

1.040196

0.889832

PF4;PF4V1

0.500762

1.243189

0.890477

GPLD1

0.501122

1.066653

0.890547

ORM1

0.505203

1.106739

0.891335

PTGDS

0.506022

-1.10666

0.891492

0.509595

-1.2131

0.89217

SUPT6H

0.510465

1.092563

0.892334

CFHR5

0.511297

-1.11859

0.892491

MASP1

0.511444

-1.06197

0.892518

FBLN1

0.512725

1.091885

0.892758

ZNF550

0.512881

-1.12961

0.892787

SERPINA10

0.513192

-1.06266

0.892845

0.51478

-1.08409

0.89314

HBB

0.521726

1.215554

0.894413

LBP

0.522216

-1.07275

0.894501

PKM

0.524019

-1.0783

0.894826

CRISP3

0.524929

1.122331

0.894989

PGLYRP2

0.525584

1.0441

0.895107

0.527694

1.115335

0.895482

0.53558

1.084568

0.896862

PPBP

0.536911

1.203084

0.897092

IGFBP7

0.542259

-1.06826

0.898003

C1RL

0.543218

1.069998

0.898165

C7

0.544615

1.051287

0.8984

MAN2A1

0.546178

1.065291

0.898661

PRG2
SERPINA5
PFN1

COLEC10

TF

ENPP2

0.546598

-1.08855

0.898731

ALDH6A1

0.548132

1.126873

0.898986

0.54937

1.085709

0.89919

KLKB1

0.551988

-1.04765

0.89962

FGG

0.557205

-1.07574

0.900467

FGB

0.563376

-1.06916

0.90145

IGF1;IGF-I

0.564451

-1.0916

0.901619

ADAMTS13

0.566169

1.060676

0.901888

THBS1

0.570657

1.308551

0.902584

OAS1

0.571953

1.12434

0.902784

B3GNT1

0.576924

1.042301

0.90354

GSN

0.578633

-1.02665

0.903798

C4A

0.579666

1.08807

0.903953

AFM

0.579708

-1.0512

0.903959

F9

0.587391

-1.0406

0.905096

0.596008

1.092449

0.90634

MOGAT2

0.601041

-1.18973

0.907051

OPTN

0.610389

1.261478

0.908344

HGFAC

0.614093

-1.0619

0.908847

GPX3

0.617819

1.04142

0.909347

FETUB

0.620951

1.041773

0.909763

RARRES2

0.628188

-1.0414

0.910709

0.63207

-1.0475

0.911209

SEMA4B

0.648304

1.053833

0.913239

LAMP2

0.652983

1.037417

0.913808

CD163

0.654552

-1.07851

0.913996

0.656434

1.062176

0.914222

OMD

0.657162

1.12384

0.914309

IGHG1

0.658817

1.04462

0.914506

UMOD

0.659183

-1.05137

0.914549

GSN

0.661284

-1.06151

0.914797

BTD

0.665324

1.038359

0.915271

CDH13

0.667048

-1.04726

0.915471

0.67525

-1.06248

0.916412

ICAM1

0.675757

-1.04187

0.91647

VTI1B

0.683027

-1.06771

0.917285

FCGBP

0.684077

1.053181

0.917402

0.68519

-1.04513

0.917525

COLEC11

0.687327

-1.04358

0.91776

DPEP2

0.688139

1.047354

0.917849

0.68963

1.049542

0.918012

0.692271

1.039436

0.9183

0.69228

1.083292

0.918301

HABP2

0.702732

-1.04258

0.919418

GC

0.707252

1.046442

0.919891

PTPRJ

0.711429

1.038133

0.920324

DEFA3;DEFA1

CPB2

MSN;RDX;EZR

C1S

SERPINA1
ALCAM
BST1

CDH5

0.712158

-1.0246

0.920399

GIGYF2

0.717106

-1.06956

0.920905

0.72289

-1.03725

0.921488

0.729918

-1.02764

0.922186

0.730717

1.049451

0.922264

PRG4

0.733749

1.04325

0.92256

INPP5D

0.741618

1.130005

0.923319

CRTAC1

0.741986

1.042031

0.923354

ABI3BP

0.742321

1.036065

0.923386

LTF

0.747083

1.063832

0.923837

C3orf57

0.754729

1.038281

0.924551

ATRN

0.756808

-1.02243

0.924742

DPP4

0.7591

1.031712

0.924952

0.764152

-1.04148

0.925412

CA2

0.765294

1.083154

0.925515

COL6A3

0.766047

-1.03605

0.925582

IGF2

0.767151

1.023493

0.925682

SHBG

0.772542

1.042435

0.926162

IGFALS

0.773813

-1.02613

0.926274

C6

0.775033

-1.02151

0.926382

LILRA3

0.784101

-1.05994

0.927171

0.78567

-1.05987

0.927306

NEO1

0.790806

1.023958

0.927744

LUM

0.792299

-1.01824

0.92787

0.79989

-1.01768

0.928506

C1R

0.804013

-1.01337

0.928846

LCAT

0.804277

-1.02081

0.928868

PCYOX1

0.804628

1.032341

0.928897

RYR2

0.819757

-1.06255

0.930117

THBS4

0.819961

1.029256

0.930134

OLFM1

0.823074

-1.01748

0.93038

TGFBI

0.823271

1.018904

0.930395

CACNA2D1

0.825628

1.035462

0.93058

S100A8

0.826349

-1.0423

0.930636

PVR

0.827811

-1.0181

0.93075

POSTN

0.831994

-1.03518

0.931074

0.83246

-1.06395

0.93111

LRG1

0.832717

1.021248

0.93113

C3

0.836356

-1.01913

0.931409

PROC
SERPING1

SERPINA3

C1QA

HP

0.841105

-1.04036

0.93177

AZGP1

0.841594

-1.01645

0.931807

COL1A1

0.854762

-1.0207

0.932787

0.8581

-1.01792

0.933031

0.860973

-1.02521

0.933239

ICOSLG

0.861587

-1.01678

0.933284

KRT9

0.862453

1.095795

0.933346

CPN1

0.864172

1.019632

0.93347

APOC2

0.865681

-1.02659

0.933578

FCN3

0.867754

-1.02426

0.933727

NFKB1

0.876622

-1.0382

0.934353

YWHAZ

0.881679

1.029673

0.934705

APOC3

0.881842

-1.02211

0.934716

IGFBP3

0.882305

-1.01328

0.934748

APOM

0.882375

-1.01776

0.934753

MCAM

0.887412

1.014455

0.935099

C1S

0.894144

1.008066

0.935557

F13A1

0.895485

-1.00993

0.935647

0.8959

-1.01414

0.935675

MASP2

0.89726

1.012219

0.935766

QSOX1

0.8975

-1.0095

0.935782

HSPG2

0.906496

1.018538

0.936379

0.90771

-1.02934

0.936459

PZP

0.910644

1.053511

0.93665

CFB

0.911457

-1.00849

0.936703

SOD3

0.912517

1.027169

0.936772

IGKC

0.913394

1.011638

0.936829

CD93

0.916823

1.012376

0.93705

C5

0.917073

1.007121

0.937066

BCHE

0.921059

-1.00781

0.937322

CD14

0.921441

-1.00813

0.937346

AOC3

0.921823

-1.0125

0.93737

APOA4

0.925333

1.010068

0.937593

SERPINA4

0.926662

-1.00737

0.937677

EXTL2

0.930296

1.009571

0.937905

KRT2

0.934286

1.023111

0.938154

C1QB

0.942314

1.005533

0.938649

0.94755

1.012909

0.938967

SEPP1

0.951214

1.005342

0.939188

COL6A1

0.958276

-1.00628

0.939609

SELL

0.958567

1.004812

0.939626

LPA

0.959653

1.034937

0.93969

VWF

0.961195

-1.00817

0.939781

ADAMTSL4

0.961389

-1.01121

0.939793

A2M

0.962186

1.005513

0.93984

0.96445

1.00665

0.939972

PLXDC2

0.965381

1.004817

0.940027

F11

0.965937

1.004113

0.940059

S100A9

0.968065

1.008076

0.940183

PROCR

0.968583

1.007646

0.940213

IGHA1;IGHA2

0.972812

1.007386

0.940458

APCS

0.976614

-1.00309

0.940676

PROZ

0.976739

-1.00437

0.940683

GGH

B2M

LDHB

CFHR1

0.980527

-1.0061

0.940898

CILP2

0.981176

-1.0024

0.940935

PTPRG

0.981801

1.002317

0.940971

TNC

0.983766

1.001871

0.941082

FGA

0.989773

1.001677

0.941418

IGLL5;IGLC1

0.996527

1.000791

0.941792

OAF

0.999076

1.000226

0.941932
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