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Abstract
The aim of this PhD was to examine the clinical and biological -primarily structural brain-

heterogeneity within and between depression and psychosis and provide tools for the
improvement of diagnosis and targeted treatment. In chapter 3, a systematic review of
structural neuroimaging studies in depression and psychosis identified potential
transdiagnostic patterns of gray matter volume (GMV) and white matter volume (WMV)
reductions in areas including the middle frontal gyrus, hippocampus, and left-sided posterior
subgenual prefrontal cortex. In chapter 4, clinical/neurocognitive and neuroanatomical
support vector machine (SVM) learning models demonstrated separability of prototypic
depression from psychosis. Psychosis patients with affective comorbidity aligned more
strongly to depressive rather than psychotic disease processes. In chapter 5, we identified two
transdiagnostic neuroanatomically informed clusters which are clinically and biologically
distinct, challenging current diagnostic boundaries in recent onset mental health disorders. In
chapter 6, five clusters of schizophrenia with distinct immune signatures, associated with
differing GMV and neurocognitive function were identified, with potential to inform the
development of novel, targeted treatments. Overall, machine learning was utilised to
elucidate and reduce heterogeneity within and between psychosis and depression, and
identify biologically relevant and transdiagnostic subtypes that could become potential
candidates for targeted treatment. The results are promising and challenge the current

nosological system.



Chapter 1
Introduction

Mental health disorders affect over 1 billion people worldwide (roughly 16% of the world
population). They are a major cause of disability and morbidity, accounting for five of the top
20 causes of global burden of disease (GBD) (Prince et al., 2007; Rehm & Shield, 2019).
Depression and psychotic disorders constitute the majority of this burden, beginning in late
adolescence/early adulthood and resulting in chronic disability for millions of people
(Charlson et al., 2018; Vos et al., 2015; WHO | Depression and Other Common Mental

Disorders, 2017).

Schizophrenia

Schizophrenia is one of the most common psychotic disorders. It is a severely debilitating
disorder affecting approximately 1% of the world population, with onset usually during
adolescence or early adulthood (Charlson et al., 2018; The ICD-10 Classification of Mental
and Behavioural Disorders : Clinical Descriptions and Diagnostic Guidelines, 1992). Its core
symptoms are delusions, which are fixed beliefs that are not amenable to change in light of
conflicting evidence; hallucinations, which are sensory perceptions in the absence of a
corresponding external or somatic stimulus; disorganized thinking; grossly disorganized or
abnormal motor behaviour; and negative symptoms, which are functions normally present in
healthy individuals but absent or subsided in affected ones and include blunted affect such as
diminished facial and emotional expression, alogia (decrease in verbal output or verbal
expressiveness), asociality (lack of involvement in social relationships of various kinds),
avolition (a subjective reduction in interests, desires, and goals and a behavioural reduction of
self-initiated and purposeful acts), and anhedonia (inability to experience pleasure from

positive stimuli) (The ICD-10 Classification of Mental and Behavioural Disorders : Clinical
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Descriptions and Diagnostic Guidelines, 1992). Despite its relatively low prevalence in the
general population, schizophrenia contributes to 13.4 million years lived with disability
globally and costs around US $94-102 billion in the USA and €94 billion in Europe each year

(Charlson et al., 2018; Chong et al., 2016; Olesen et al., 2012).
History of Psychosis

The concept of psychosis first appeared in 1841 by Canstatt as a shorthand for psychic
neurosis, emphasizing the psychological manifestation of a disease of the brain.
Feuchtersleben has been credited with using the term psychosis for the first time as an
alternative to mania and insanity and emphasizing the interplay between mental and physical
processes in 1845 (Beer, 1995; Burgy, 2008). It was not until 1891 that the concept of
psychosis was narrowed down by Koch from meaning any disorder of the mind (as opposed
to a disorder of the nervous system-neurosis) to mean “psychopathic inferiorities”, a term that
was later renamed “abnormal personalities” by Schneider (Beer, 1995; Burgy, 2008). The last
decade of the 19" century brought about Kraepelin’s intricate work which culminated in 1899
with his sixth edition textbook with which he would influence the next 100 or so years of
psychiatry by dichotomizing psychoses into manic depressive illnesses and dementia praecox
the latter being renamed into schizophrenia by Bleuler in 1908 (Beer, 1995; Burgy, 2008;

Kendler, 2020).
Aetiology of Psychosis

The precise aetiology of psychotic disorders remains elusive despite decades of research
(Radua et al., 2018). The age of onset of psychotic disorders however is well established in
the mid-teens to early twenties (Kessler et al., 2007; McGorry et al., 2011). In terms of brain
structure, the age of onset of illness is relevant- adolescence is a period during which the

brain undergoes critical neural development and there is well established evidence for the



association between abnormal brain maturation and general psychopathology (Giedd et al.,
2008; Gogtay et al., 2011). Indeed the neurodevelopmental hypothesis of schizophrenia
posits the disorder stems from the interaction between brain “lesions” present from an early
age and normal maturational processes during adolescence (Murray & Lewis, 1987;
Weinberger, 1987). Normal gray matter volume (GMV) development follows an inverted
“U” shape and reaches a peak in adolescence, and then a process of synaptic pruning begins.
It is this synaptic pruning that has been suggested to be excessive in patients with
schizophrenia due to early brain insults which disrupt normal brain maturational processes

(Feinberg, 1982; Gogtay et al., 2011).

Several brain regions in schizophrenia have been found to have reduced GMV compared to
healthy controls. Such regions include the thalamus, the caudate, the insula, the lateral
prefrontal cortex, the anterior cingulate, the hippocampus, the superior temporal gyrus, the
inferior frontal gyrus, and the cerebellum (Ellison-Wright et al., 2008; Fornito, Ycel, et al.,
2009; Shenton et al., 2001). With regards to white matter, patients with schizophrenia have
been found to have altered structural integrity in the cingulum bundles, the uncinate fasciculi,
the internal capsules and the corpus callosum (Wheeler & Voineskos, 2014). It is not entirely
clear whether these structural brain abnormalities are the cause or the effect of the disease or

induced by interventions such as medication.

One model of explanation of brain abnormalities in schizophrenia and other psychoses is that
of vulnerability-stress-inflammation. Stress is an additional risk in individuals who are
genetically predisposed to the development of psychosis and who have also been exposed
during an inflammatory response either during the second trimester of pregnancy or during
later stages of central nervous system (CNS) development (Buka et al., 2008; Mednick et al.,

1994; Muiller et al., 2015). Higher production of the immune marker IL-1p as well as higher



activation of microglia have been linked with GMV loss (Meisenzahl et al., 2001; Miiller et
al., 2015; Upthegrove & Barnes, 2014). Furthermore, elevated levels of IL-6, SERPINA3
MRNAs, and IL1p have been found to be associated with greater GMV loss in patients with
schizophrenia (Mdller et al., 2015). Genomic predisposition and/or response to environmental
factors leading to elevated pro-inflammatory cytokines may result in astrocytic dysfunction
and/or microglial activation and subsequent dendritic pruning and synaptic changes thereby

leading to GMV loss (Corsi-Zuelli & Deakin, 2021).

The aetiology of psychosis is not limited to brain structure and inflammation but includes
many other processes (e.g., functional brain alterations, neurotransmitter signalling

abnormalities, etc.) which are beyond the scope of this thesis.

Depression

Depression is a common, serious, recurrent, disorder with over 300 million people affected
worldwide. It has a significant impact with high mortality rates, medical co-morbidity and a
diminished role functioning and quality of life (The ICD-10 Classification of Mental and
Behavioural Disorders : Clinical Descriptions and Diagnostic Guidelines, 1992; WHO |
Depression and Other Common Mental Disorders, 2017). Its core characteristics are low
mood, apathy, and social withdrawal with symptoms spanning the physiological, emotional,
motivational, and cognitive domains present for 14 days and with a significant impact on
functioning (Ménard et al., 2016; The ICD-10 Classification of Mental and Behavioural
Disorders : Clinical Descriptions and Diagnostic Guidelines, 1992; WHO | Depression and
Other Common Mental Disorders, 2017). The prevalence of depression is also growing,
placing considerable strain on mental health services, with the cost of depression having been
estimated to be around €118 billion in Europe and US$71 billion in the USA (Olesen et al.,

2012; Vigo et al., 2016; Vos et al., 2015). The prevalence of depression, just like psychosis



and the majority of mental health disorders, reaches its peak in late adolescence is established
in adolescence and early adulthood, and a high proportion of young people with depression
go on to have recurrent episodes or fail to recover fully (The ICD-10 Classification of Mental
and Behavioural Disorders : Clinical Descriptions and Diagnostic Guidelines, 1992; WHO |

Depression and Other Common Mental Disorders, 2017).
History of Depression

The concept of depression can be traced back to ancient Egypt where descriptions of a
depressive state appear in papyri and ancient Greece where Hippocrates is credited with
making the first hypothesis that depression is a dysfunction of the brain due to an excess of
black bile or melaina chole in Greek which gave depression its first name (Melancholia)
(Davison, 2006). It was not until the early 19" century that melancholia became a
dissatisfactory term and was attempted to be replaced by numerous new terms with varying
success. Griesinger attempted to unify all those terms and other forms of “insanity” under the
term psychosis in his unitary psychosis hypothesis (Davison, 2006). Kraepelin would then
make his seminal distinction between dementia praecox and manic-depressive illness as
detailed above. After almost a century of debate surrounding endogenous, exogenous, and
reactive descriptions of depression, the Diagnostic and Statistical Manual of Mental
Disorders (DSM)-I11 introduced the term and concept of Major Depressive Disorder which
has been widely, although not universally, accepted (American Psychiatric Association,

1980).
Aectiology of Depression

Similarly to psychosis, the precise aetiology of depression remains unclear despite decades of
research (Brand et al., 2015; Dean & Keshavan, 2017). In terms of brain structure, lower

cortical thickness and cell densities in the prefrontal cortex (PFC) has been one of the most



consistent findings in histopathological studies of depression (Ménard et al., 2016;
Rajkowska et al., 1999). Moreover, patients with depression have been found to have
decreased GMV in the hippocampus, the anterior cingulate cortex, and the orbitofrontal
cortex (Brand et al., 2015; Campbell & MacQueen, 2004; Schmaal et al., 2016). Overall
structural dysconnectivity has been suggested in patients with depression (van Velzen et al.,
2020). Fractional anisotropy (FA) reductions in the corpus callosum, the anterior limb of the
internal capsule, the right inferior temporal gyrus, and the right superior frontal gyrus which
are associated with symptom severity and duration of illness have been found in patients with

depression in comparison with healthy controls (Chen et al., 2017).

The pathophysiology of depression may be explained, in part, by inflammation. Patients with
depression have been found to have higher levels of proinflammatory cytokines, chemokines,
cellular adhesion molecules and acute phase proteins which interact with neurotransmitter
metabolism, neural plasticity and behaviour, and neuroendocrine function (A. H. Miller et al.,
2009; Osimo et al., 2019; Raison et al., 2006). A potential explanation of the relationship
between low-grade inflammation and depression is that of social signal transduction theory of
depression. This hypothesis postulates that the immune system’s reaction to experiences of
social threat and adversity -such as modern-day social, symbolic, and imagined threats- is to
up-regulate its inflammatory components. This up-regulation can in turn bring about changes
in brain morphology and behaviour that signal the initiation of depressive symptoms (Slavich
& Irwin, 2014). Another hypothesis is that inflammation in depression is due to chronic stress
or unhealthy diet/lifestyle, and microbiome abnormalities among other factors (Milaneschi et

al., 2020, 2021; Toenders et al., 2021)

Similarly to psychosis, the aetiology of depression is not limited to brain structure and

inflammation but includes many other processes which are beyond the scope of this thesis.



Treatment challenges in psychosis and depression

Both psychosis and depression present clinicians with treatment challenges. Only 14-20% of
people with psychosis will have a full recovery, with the majority having recurrent episodes
and relapses. Three quarters of people who are diagnosed with schizophrenia experience
recurrent relapse and continued disability (S. Brown et al., 2010; Health (UK), 2014; Owen et
al., 2016). Initial treatment response is positive for the majority of patients, but it has been
estimated that around 80% of people with psychosis relapse with five years of a first episode
that has been treated (S. Brown et al., 2010). Similarly, only 25% of people with depression
achieve full remission and response to pharmacological treatment, with the remainder
achieving partial response or response without remission (Kern et al., 2020). More
importantly whilst psychological treatments and medication can be partially effective in
people with depression and people with psychosis, presently it is impossible to accurately
predict who will need longer-term intervention or monitoring, or which treatment course is

best for each individual.

Comorbidity of Psychosis and Depression

The comorbidity between schizophrenia and depression is exceptionally high. In
schizophrenia, there is a reported prevalence of depression in around 40% of people. In acute
episodes of schizophrenia, the prevalence of depression is higher still at around 60% (Conley
et al., 2007; Upthegrove et al., 2017). Depression is the most significant risk factor for
suicidal behaviour in first-episode psychosis (FEP) and also has long-term consequences for
other poor outcomes, including social and occupational recovery, an increased risk of
substance misuse and reduced medication adherence and reduced quality of life (Conley et
al., 2007; Koreen et al., 1993; WHO | Depression and Other Common Mental Disorders,

2017). Conversely, psychotic symptoms occur in 14-19% of people diagnosed with major



depressive disorder and there exists a positive correlation between the proportion of reported
hallucinations and/or delusions and the number of existent depressive symptoms (Johnson et
al., 1991; Ohayon & Schatzberg, 2002). Furthermore, the presence of psychotic features in
depression contribute to a more severe outlook, as reflected in an increased risk of suicide
attempts, hospitalization, relapse, persistence of symptoms over one year, and financial
dependency compared to depression with no psychotic features (Ohayon & Schatzberg,

2002).

Despite the known association between schizophrenia, or more broadly defined psychotic
symptoms, depression, and poor outcomes, the diagnosis and management of comorbidity
presents a problem for clinicians, with a reported rate of misdiagnosis of over 27%
(Rothschild et al., 2008). Currently, it is theorized that three potentially different pathways
explain the comorbidity of depression in psychotic disorders: depression as a reaction to the
diagnosis and experience of psychosis, depression as evidence of common historical
childhood adversity trauma, and depression which is intrinsic to psychosis (Birchwood et al.,
2005). A number of studies also suggest that depression can increase before the onset of first-
episode psychosis or psychotic relapse, suggesting that depressive symptoms rather than ‘co-
morbidities’ may be more causally related to the development of psychosis (Conley et al.,
2007; WHO | Depression and Other Common Mental Disorders, 2017). Depression could
potentially provide an aetiological pathway across mood and psychotic disorders, borrowing
from Fould’s hierarchy of classes of personal illness (Foulds & Bedford, 1975; Upthegrove et
al., 2017). Both latter two models, that of depression as intrinsic or seen within a hierarchical
structure, suggest that in schizophrenia, depression is of secondary order in nosological

status, whilst in primary major depressive disorder, psychotic symptoms are secondary.



Regarding the presence of psychosis in Major Depressive Disorder, the two main models of
explanation are the severity model and the vulnerability model (Tonna et al., 2012). The
severity model posits that the presence of psychotic symptoms in depression are indicators of
severe depression whereas the vulnerability model suggests that a psychotic presentation of
depression is predisposed by personality characteristics (Harrow et al., 2000; Tonna et al.,
2012). A major distinction is made between mood-congruent and mood-incongruent
psychotic symptoms in depression. Mood-congruent psychotic symptoms are symptoms that
are congruent with the theme of depression (guilt, low mood, etc.) while mood-incongruent
psychotic symptoms are symptoms that are not congruent with the depressive theme
(Kendler, 1991; Tonna et al., 2012). Mood-incongruent psychotic symptoms have been
associated with poorer outcome and more severe depression (Harrow et al., 2000; Tonna et

al., 2012).

However, whilst psychosis is characterised by positive symptoms such as delusions and
hallucinations, and depression by low mood, withdrawal and apathy (The ICD-10
Classification of Mental and Behavioural Disorders : Clinical Descriptions and Diagnostic
Guidelines, 1992), certain features are seen in both disorders, for example loss of motivation,
poor social functioning, and anhedonia (Krynicki et al., 2018). Anhedonia may be of
particular interest with regards to its transdiagnostic qualities, with certain subtypes such as
motivational and consummatory anhedonia being ascribed as more specifically to psychosis
and depression respectively (Upthegrove et al., 2017). Furthermore, it has been shown that
both disorders are associated with working memory, executive functioning, and verbal
fluency deficits, with previous studies failing to find a distinct neurocognitive profile between

the two disorders (Moritz et al., 2002).
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Depression and psychosis share certain characteristics identified in previous structural
magnetic resonance imaging (sSMRI) research. Hippocampal GMV reductions are observed in
both disorders (Meisenzahl et al., 2010; Upthegrove et al., 2017). Symptoms of depression
such as withdrawal, blunted affect, and alogia, are associated with GMV reduction in the
cerebellum, while anhedonia and avolition are negatively correlated with left anterior limb of
internal capsule white-matter volume (WMV) and positively correlated with left superior
longitudinal fasciculus WMV (Chuang et al., 2014). Moreover, in functional MRI studies
(FMRI) both disorders have been associated with heightened brain activation in response to
fearful facial expressions specifically in the thalamus as well as with regions such as the
insula, the amygdala, the prefrontal cortex, and the hippocampus, which are central to

emotional processing (Broome et al., 2015; Busatto, 2013; Kumari et al., 2016).

Diagnostic Approaches

Categorical Diagnoses

Currently, mental health disorders in general, and psychosis and depression specifically are
understood and defined in a categorical framework. The International Classification of
Diseases (ICD) and the DSM which are the most widely used classification systems in
psychiatry represent a categorical understanding of mental health disorders which views them
as discrete non-overlapping entities (American Psychiatric Association & American
Psychiatric Association, 2013; The ICD-10 Classification of Mental and Behavioural
Disorders : Clinical Descriptions and Diagnostic Guidelines, 1992). A categorical approach
makes sense in the world of clinical medicine due to the inherent dichotomous nature of the
decisions that have to be made by clinicians such as to treat or not to treat, to discharge or to
hospitalize etc. (Kendler, 2018). These diagnoses are based on a descriptivist approach that

uses signs and symptoms to assign people to categories -and while they have high reliability,
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their usefulness is questionable (Cuthbert, 2014; First et al., 2018; Fusar-Poli, Solmi, et al.,
2019). Moreover, comorbidity is a great challenge that diagnostic systems face. Comorbidity
rates in psychiatry are very high and follow a rule of 50% where half of people who meet
diagnostic criteria for on mental health disorder also meet diagnostic criteria for a separate
disorder at the same time, half of people who meet diagnostic criteria for two disorders at the
same time also meet diagnostic criteria for a third disorder and so on (Newman et al., 1998).
Perhaps due to the lack of accepted biological or genetic markers, diagnostic categories have
remained in place for over 100 years. Specifically in depression and psychosis, diagnoses
have survived since Kraepelin’s dichotomy due to the fact that some individuals do indeed fit
within these nosological entities (Potuzak et al., 2012). Psychosis is classified into two main
categories: non-affective (schizophrenia, schizophreniform disorder, brief psychotic disorder,
delusional disorder, and psychotic disorder not otherwise specified) and affective psychosis
(bipolar disorder, schizoaffective disorder, and depression with psychotic features)
(American Psychiatric Association & American Psychiatric Association, 2013; The ICD-10
Classification of Mental and Behavioural Disorders : Clinical Descriptions and Diagnostic

Guidelines, 1992).

According to DSM-5 criteria an estimated 16,400 combinations of symptoms and sub-
symptoms can lead to the diagnosis of a depressive episode with 1,030 unique symptom
profiles having been identified. Depression is categorized into two main categories: major
depressive disorder (MDD) and MDD with psychotic features (with positive symptoms being
mood congruent and secondary to mood symptoms) (American Psychiatric Association &

American Psychiatric Association, 2013; Ballard et al., 2019; Fried & Nesse, 2015).
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Dimensional Approach

A dimensional approach has been suggested as an alternative to categorical diagnoses. This
approach posits that disorders such as psychosis and depression arise from pluripotential
states in which different groups of correlated symptom dimensions a) might coexist in the
same individual, b) are not exclusive but complementary, c) cut across all types of diagnoses.
This approach also theorizes that symptoms exist along a continuum in the general population
and that mental health disorders might represent the extreme end of the distribution of a
combination of symptoms (Hengartner & Lehmann, 2017; Kotov et al., 2017; McGorry,

2013; Peralta & Cuesta, 2003; Van Os et al., 1999).
Clinical Staging Model

A clinical staging approach hypothesizes that mental health disorders occur in five stages
with the first stage being the “at-risk”” asymptomatic stage and the second stage being the
stage during which individuals have undifferentiated, general symptoms which then worsen
and show “syndromal specificity”. In the third stage individuals experience a first episode of
a full threshold syndrome which could be followed by persistence or recurrence in their
symptoms (fourth stage). The fifth stage is characterized by severe and unremitting illness.
Although remission and amelioration are less likely with each advancing stage, they are still
possible throughout. One of the central tenets of this approach is agnosticism towards
traditional symptom-based categorical diagnostic boundaries and adoption of
neurobiologically-informed approaches. Furthermore, it is suggested that interventions
should be stage-specific. It is also recommended that pathophysiology is distinguished from
etiological factors. Finally it is suggested that new symptom clusters could inform evolving

syndromal coherence to improve categorical representation (McGorry et al., 2014).

13



The p factor

The p factor is another approach that attempts to transcend traditional categorical nosologies.
This approach suggests the structure of psychopathology can be summarized by three
dimensions: an internalizing liability to depression and anxiety; an externalizing liability to
antisocial and substance-used disorders; and a thought disorder liability to symptoms of
psychosis. Furthermore it posits that there is a general underlying dimension that
characterizes an individual’s propensity to develop any and all forms of psychopathology (the
p factor) (Caspi et al., 2014). While a factor modelling approach is useful when measuring
constructs that are not directly observable there are risks in the causal interpretations of

factors as entities (van Bork et al., 2017).

Network Theory of Mental Disorders

A network theory of mental disorders takes issue with the terms of mental disease and mental
disorder. The use of the term disease implies that there is an underlying clear aetiology and
common pathological pathway from which symptoms arise. The use of the term mental
disorder on the other hand implies a syndromic constellation of symptoms. The fact that other
than a few constellations of symptoms in mental disorders have been proven, common causes
create a problem that is unique to psychiatry. In other areas of medicine removing the disease
entity (for example a tumour) removes the common cause of phenomenologically distinct
symptoms because of the underlying causal homogeneity. Due to the fact that central disease
mechanisms have not been identified in mental disorders this strategy is not effective or even
feasible in psychiatry. The network theory of mental disorders suggests that central mental
disorder mechanisms have not been identified because they do not exist. Rather, psychiatric
symptoms could potentially cause each other instead of emanating from a common cause.

This interaction between symptoms can be understood as a network in which symptoms are
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nodes and the interaction between them are connections between nodes. More pertinently,
this theory posits that symptoms do not inherently “belong” in any disorder, rather they exist
transdiagnostically and it is specific interactions that give rise to what we understand as

different psychiatric diagnoses (Borsboom, 2017; de Boer et al., 2021).

Transdiagnostic Approach

A transdiagnostic approach theorizes that symptoms exist along a continuum but also
radically disregards diagnoses and aspires to replace them with new entities based on a data-
driven bottom-up approach. Transdiagnostic approaches suggest that disorders share common
aetiological and maintenance processes and that disorder-specific treatments overlook
comorbidity (Fusar-Poli, Solmi, et al., 2019). The Research Domain Criteria project (RDoc)
is an example of the transdiagnostic approach. Its aims are to a) bring together clinical and
basic science in order to identify fundamental behavioural components that might transcend
categorical diagnoses and are based on neuroscience, b) determine the variation from normal
to abnormal within these fundamental components, ¢) develop reliable and valid measures of
these components which will then be used in research and clinical settings, and d) to integrate
the behavioural, genetic, neurobiological, environmental, and experiential domains that

comprise mental disorders (Cuthbert, 2014; Fusar-Poli, Solmi, et al., 2019).

Machine learning

The ultimate goal in psychiatry and clinical psychology is to have an accurate view of mental
health disorders with a homogeneous underlying pathophysiology and predictable responses
to effective treatment. Research in psychiatry has encountered difficulties in the translation
from neuroscience into clinical practice with findings often failing to inform new treatments
(Bzdok & Meyer-Lindenberg, 2018). This has been postulated to be the result of traditional

statistics seeking to reject the null hypothesis by considering the entirety of a data sample
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rather than focussing on individual cases (Bzdok & Meyer-Lindenberg, 2018; Dwyer et al.,

2018).

Machine Learning Terms and processes

Machine learning is a branch of artificial intelligence that can be broadly categorized into
supervised machine learning (SML), unsupervised machine learning (UML), semi-supervised
learning, clustering, neural-networks, representation learning, and reinforcement learning. In
machine learning the dataset is often split into two parts. The training data and the test data.
Training data are the data on which the mathematical models used by the machine learning
algorithms are applied to (“trained on”) in order to make prediction or decisions without
being explicitly programmed to do so. Test data on the other hand are the new, independent
data on which the generated model is applied to in order to evaluate the performance of the
trained model (Bishop, 2006; Bzdok & Meyer-Lindenberg, 2018). Model validation takes
place by means of cross-validation. Cross-validation is used in order to estimate how accurate
a predictive or decision model is. Models are trained on the training data whose labels and
outcomes are already known and then applied on new test data whose labels and outcomes
are unknown. The accuracy of a model is evaluated by how successful predictions or

decisions it makes on the test data (Bishop, 2006).

There are many different types of cross-validation (e.g. leave-p-out cross-validation, leave-
one-out cross-validation, k-fold cross-validation etc.), however the focus in this thesis will be
repeated nested cross-validation- which is the gold standard in the field (Filzmoser et al.,
2009). While cross-validation is good practice in machine learning, it has two main
weaknesses. Splitting the whole dataset into training and test data might make either set
unrepresentative of the whole, hence the produced model might end up being skewed.

Secondly, when evaluating different models with different sets of features during cross-
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validation the models are tested on the test data. After evaluating the first model, the test data
have already been accessed and therefore are no longer new and independent. Any
subsequent models will be evaluated on data that have already been seen and the winning
model will be one that performs the best on that data and no longer on new and independent
data like one would encounter in a real-world scenario. This is a type of “data leakage”

(Bishop, 2006).

Repeated nested cross-validation deals with this issue by splitting the whole data into two
main cross-validation cycles, the outer cross-validation cycle and the inner cross-validation
cycle. Models are trained in the inner-cross validation cycle and the applied to the data in the
outer cross-validation cycle. Each cycle is divided into k folds (usually 10) each containing
independent data. Furthermore, in each cycle one-fold is held out for testing. The data gets
trained in each of the inner-cross validation folds in the inner cycle and then applied to the
inner cross-validation held out fold. The data in the inner cross-validation gets shuffled
around so that the folds contain different data and the process gets repeated until all folds
have been trained and produced a model and then permuted k times (usually 10). The models
that are produced in the inner cross-validation cycle are then applied to all the folds apart
from the one held out in the outer cross-validation cycle and permuted k times (usually 10).
The models that have the best performances are then applied to the held out fold and

permuted k times (usually 10) (Bishop, 2006; Filzmoser et al., 2009).

Types of machine learning

Supervised machine learning is a type of machine learning whose objective is to learn a
function that can map an input to an output based on prior knowledge of the types of inputs
and outputs. Data have the form of features that describe a problem as well as a target

variable (e.g. group membership) (Bishop, 2006; Bzdok & Meyer-Lindenberg, 2018; Russell
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& Norvig, 1995). Supervised machine learning has many advantages such as a mechanistic
insight into its processes, good knowledge of the input data, and theoretical input into class
determination. Some of its disadvantages include a tendency to overfit the data, increased

computational time, and the need to have prior knowledge of the classes you want to predict.

In unsupervised machine learning, algorithms are used in order to discover hidden patterns or
data grouping without prior knowledge or labelling from humans. These algorithms use a
certain criterion to partition sets of datapoints into a number of groups according to their
similarity (Bishop, 2006; Bzdok & Meyer-Lindenberg, 2018). Its advantages are that there is
no need for prior knowledge of the classes in the dataset and therefore provides opportunities
to uncover hidden patterns. Its disadvantages are that there is usually lack of mechanistic
insight into the algorithm’s processes and there is no “ground truth” against which its results
can be measured and also the fact that purely unsupervised machine learning models might

reflect underlying nuisance variance (Dinga et al., 2019).

Semi-supervised machine learning is a hybrid method combining methods from both
supervised and unsupervised methods. In semi-supervised approaches algorithms are used in
order to discover data groupings in unlabelled data for which the ground truth is not known
but the algorithm is also provided with labels for some of the cases (Chapelle et al., 2010).
Semi-supervised machine learning models have the advantage of exquisitely dissecting the
heterogeneity in datasets by portioning the unlabelled data based on the patterns or
transformations between the sub-populations (i.e., clusters) from the unlabelled data and the
labelled data (reference group). Furthermore, these models typically regress out covariates of
no interest. Semi-supervised machine learning has a similar disadvantage to unsupervised

machine learning in that mechanistic insight is not always easy.
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Machine Learning’s Potential

Machine learning holds significant potential in solving the difficulties faced by traditional
statistics in mental health research (Bzdok & Meyer-Lindenberg, 2018). While inferential
classical statistics rely on making certain assumptions about the data (such as the normality
of the data’s distribution, homogeneity of covariance, independence of residuals etc.),
machine learning methods rely on few assumptions, allow the data to “speak for themselves”,
and allow for the mining of structured knowledge from extensive data that can then be
applied to individual cases, allowing for personalised approaches in mental health diagnosis

and treatment (Bzdok & Meyer-Lindenberg, 2018; Chen & Zhu, 2001).

Conclusions

Mental illness has an intricate history that has led to the current nosological system which
presents diagnostic, prognostic, and treatment challenges to clinicians. Aetiological pathways
are not clear and heterogeneity prevents targeted approaches and perpetuates the lack of
biomedical translation from neuroscience to clinical care. Harnessing well characterised
multi-site datasets and utilising robust and novel machine learning frameworks can lead to

improved pathways for precision medicine in psychiatry which is the aim of this PhD thesis.
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Chapter 2

Aims and hypotheses

The overarching aim of the studies contained in this thesis is to elucidate the clinical and
biological -primarily structural brain- heterogeneity within and between depression and

psychosis and provide tools for the improvement of diagnosis and targeted treatment.

In chapter 3, | present a systematic review of structural neuroimaging studies in depression
and psychosis, aimed to establish the current evidence of neuroanatomical similarities and
differences between psychosis and depression. This paper is in submission to Neuroimage:

Clinical.

In chapter 4, the diagnostic heterogeneity within and across psychosis and depression is
investigated with common, comorbid transdiagnostic phenotypic, neuroanatomical, and
neurocognitive features to establish the disease processes of comorbid illness. We
hypothesized that developed models would correctly classify diagnostic groups without
comorbid symptoms, in keeping with evidence of the utility in categorical diagnostic
structure, and that grey matter volume (GMV) would add classification accuracy. We further
hypothesized that a reduction of classification accuracy would be seen in groups with

comorbid symptoms. This paper is published in Schizophrenia Bulletin.

In chapter 5, | present a neurobiologically-based diagnostic structures were formed using
neuroanatomical data across depression and psychosis and their prognostic utility was

investigated.

This paper has been published in Biological Psychiatry.

In chapter 6, | investigate the heterogeneity of immune dysfunction and GMV in
schizophrenia to elucidate its aetiological pathways to inflammation and identify potentially
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clinically relevant targets for novel treatments. This paper is under review by the American

Journal of Psychiatry.

Finally, in chapter 7, the implications of the results of the studies contained in this thesis are

discussed and their potential in informing the direction of precision psychiatry is evaluated.
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Chapter 3

Transdiagnostic Structural Neuroimaging features in Depression and Psychosis: A

Systematic Review

Paris Alexandros Lalousis, MSc, Stephen Wood, PhD, Renater Reniers, PhD, Lianne
Schmaal, PhD, Hannah Azam, MSc, Antonella Mazziota, MSc, Hasson Saeed, Msc,

Charlotte Wragg, MSc, Rachel Upthegrove, MBBS FRCPsych, PhD
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Abstract

Background: Previous research suggests that there may be similarities in structural brain
changes seen in patients with depression and psychosis compared to healthy controls.
However, there is yet no systematic review collating studies comparing structural brain
changes in depression and psychosis. Establishing shared and specific neuroanatomical
features could aid the investigation of underlying biological processes.

Aims: To identify structural neuroimaging similarities and differences between patients with
depression and psychosis.

Method: We searched PubMed, Psychinfo, Embase, NICE Evidence, Medline and the
Cochrane Library were searched from inception to 30/06/2021 using relevant subject
headings (controlled vocabularies) and search syntax. Papers were assessed for quality using
the Newcastle-Ottawa Scale.

Results: Five hundred and twenty papers were retrieved, seven met inclusion criteria. In
narrative collation of results, grey matter volume (GMV) reductions were found in the medial
frontal gyrus (MFG), hippocampus and left-sided posterior subgenual prefrontal cortex in
both psychosis and depression. GMV reductions affected more brain regions in psychosis,
including in the insula and thalamus. White matter volume (WMYV) decline was found in both
depression and psychosis. Reduced fractional anisotropy (FA) was more commonly seen in
depression.

Conclusions: Our results suggest potential transdiagnostic patterns of GMV and WMV
reductions in areas including the MFG, hippocampus, and left-sided posterior subgenual
prefrontal cortex. These could be investigated as a future biomarker of transdiagnostic
signature across mental illnesses. However, due to the limited number and poor quality of
studies future research in large samples and harmonised imaging data is first needed.
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Introduction

Depression and psychotic disorders constitute the major challenges of mental ill health to the
world’s population (Charlson et al., 2018; Vos et al., 2015; WHO | Depression and Other
Common Mental Disorders, 2017). Major Depressive Disorder (MDD) has a lifetime
prevalence rate of approximately 20% and is one of the most common and disabling
psychiatric diseases globally (WHO | Depression and Other Common Mental Disorders,
2017). Psychotic disorders, including schizophrenia affect up to 3% of the world population
(Charlson et al., 2018; The ICD-10 Classification of Mental and Behavioural Disorders :
Clinical Descriptions and Diagnostic Guidelines, 1992) and are severely debilitating.
Despite depression and psychosis being two different diagnostic structures, they may share
some aetiologies and maintenance processes. Depression in schizophrenia has long been
a taxonomic challenge, with various approaches to address it including that core, deficit
schizophrenia is “non-affective” and early more heterogeneous stages of psychosis have
higher affective load (Upthegrove et al., 2017). Craddock and Owen (2010) argue genetic
studies reinforce evidence that suggests a clear dichotomy between mood and psychotic
disorders is absent.

Symptoms such as social withdrawal, blunted affect, anhedonia, avolition, and alogia are
observed both in psychosis and depression (Krynicki et al., 2018). Social withdrawal, blunted
affect, and alogia are associated with GMV reduction in the cerebellum, while anhedonia and
avolition are negatively correlated with left anterior limb of internal capsule white-matter
volume (WMV) and positively correlated with left superior longitudinal fasciculus WMV
(Chuang et al., 2014; Meisenzahl et al., 2010). Structural magnetic resonance imaging
(sMRI) has shown that patients with psychiatric disorders may have distinct brain changes

compared to healthy controls. Depression and psychosis may share certain neuroanatomical

24



characteristics; e.g. hippocampal grey matter volume (GMV) reductions are observed in both
disorders (Chuang et al., 2014; Meisenzahl et al., 2010). Overlap in neuroanatomical
characteristics between the two disorders may be suggestive of common aetiological
mechanisms, with depression potentially playing an intrinsic role in the pathogenesis of
schizophrenia (Birchwood et al., 2005; Sénmez et al., 2013). However, to our knowledge
there has been no previous systematic review of structural neuroimaging studies comparing

depression to psychosis, and here we aim to address this gap.

Methods

The protocol was pre-registered on PROSPERO ID CRD42020190200 and is reported in line
with Preferred Reporting lines for Systematic review and Meta-Analyses (PRISMA)

guideline (Moher, 2009).

Eligibility Criteria

Eligibility criteria were established following PICOS format - patients/population,
intervention, comparisons and outcomes (Liberati et al., 2009): a) only human participants; b)
ages of 14-70; c) include participants with a diagnosis of major depressive disorder or recent
onset depression AND patients with a diagnosis of first episode psychosis, or recent onset
psychosis, or schizophrenia spectrum disorders, or schizophrenia, or schizophreniform
disorders; d) studies reporting primary cross-sectional or longitudinal or follow up data; e)
studies reporting GMV, or cortical thickness, or gyrification, or surface area, or white matter

anisotropy or diffusion tensor imaging.
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Studies including only bipolar disorder were excluded however, if these also included
psychosis and depression, they were included as it may be possible to extract data from the
relevant groups of interest. Animal studies, non-English language studies and

pharmacological interventions were excluded.

Two authors (H.A. and C.W) screened titles and abstracts and then assessed eligible studies
for potential inclusion with a thorough full text search. Two separate authors (A.M. and H.S.)
checked the final list and any conflicts between authors were discussed and consensus

achieved.

Information Sources and Search Strategy

PubMed, Psychinfo, Embase, NICE Evidence, Medline and the Cochrane Library were
searched from inception to 30/06/2021 using relevant subject headings (controlled
vocabularies) and search syntax. See supplementary material and PROSPERO registration for

full search terms.

A systematic search combining terms describing psychosis with AND to terms describing
depression and with OR to terms describing different structural neuroimaging modalities was
conducted on the following databases: PubMed, Psychinfo, Embase, NICE Evidence,
Medline and the Cochrane Library from inception to 30/06/2020. The search terms were
adjusted for different databases in subject headings and proximity operators. Please see

supplement 1.1 for full details on the search strategy.

Reference lists from included studies were also hand searched for studies which met

eligibility criteria that may not have been found from the databases.
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Results

The systematic search identified 516 unique abstracts. Full text assessments was performed
on 44 studies, with 37 of these excluded. Seven studies reporting on seven unique samples
with a total of 1,452 participants fulfilled eligibility criteria were included in the review. The
mean age of depression patients in the sample was 36.0 (12.1). The mean age of psychosis
patients was 31.9 (8.8). Five studies investigated gray matter and four studies explored white

matter.

Overview of results

Grey Matter: Five studies (Coryell et al., 2005; Y. Jiang et al., 2019; Keller et al., 2008;
Meisenzahl et al., 2010; Ota et al., 2013) identified: GMV reduction in the bilateral middle
frontal gyrus was reported in both depression and psychosis; hippocampal GMV reductions
both in depression and psychosis; bilateral amygdala GMV reduction in psychotic depression
compared to non-psychotic depression, and reduced GMV in the insula and the thalamus in

psychosis compared to depression.

White Matter: Three studies (Cui et al., 2020; Kochunov et al., 2013; Ota et al., 2013)
reported reduced WMV volume fractional anisotropy (FA) in the corpus callosum and

bilateral anterior and posterior insula in depression compared to psychosis.

Risk of bias

The quality check was completed using the Newcastle-Ottawa Scale (NOS),
(Wells et al., 2000). Four out of the seven studies were rated 4 stars which is considered low

quality. See supplementary table S1 for full details.
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Gray matter volume

Jiang et al. (2019), conducted voxel-based-morphometric analysis of the total brain volume
between patients with schizophrenia and major depressive disorder (MDD). Results found
four clusters with significant group effects. In detail, lower GMV in the bilateral MFG, the
medial prefrontal cortex (MPFC), and the rectus gyrus was found in patients with
schizophrenia compared to patients with MDD. The authors investigated the correlation and
causal effects between GMV alterations and clinical variables for each patient group.
Specifically, in the schizophrenia group reduction in GMV was negatively correlated with
PANSS negative scores. Using Granger Causality Analysis (GCA) they found that the causal
link between the right cerebellum and the medial prefrontal cortex had a positive correlation
with PANSS negative scores. Finally, authors found a significant negative correlation
between GMYV in the MPFC and the causal link between the right cerebellum and the MPFC.
However, this was not the same for the depression group where no significant correlations or
causal effects between GMV alterations and clinical features were observed.

Coryell et al. (2005) looked at GMV in the anterior and posterior Subgenual Prefrontal
Cortex (SGPFC) in patients with psychotic depression compared to patients with
schizophrenia and healthy controls. Results found that the SGPFC GMV did not significantly
differ between patients with psychotic depression and schizophrenia. However, patients with
psychotic depression reported the smallest volumes in the left-sided posterior SGPFC. The
differences found in the left-sided posterior SGPFC volumes were compared with other
structure measures within this region including cortical depth and surface area. Surface area
did not differ significantly between groups; however, the depth of the surface area was

significantly less in the psychotic depression group compared to the schizophrenia group. On

29



follow up, increases in the posterior SGPFC volume were found in the psychotic depression

group only.

Keller et al. (2008) performed a region of interest (ROI) analysis to investigate volumetric
differences in amygdala and hippocampus in patients with psychotic depression and
nonpsychotic depression. Patients with psychotic depression had marginally smaller bilateral
amygdala volumes than patients with non-psychotic depression. The study found no
significant differences in bilateral hippocampal volume between groups. However,
researchers report that their sample of participants did not differ on measures of recurrent

chronic depression, which might be the reason for no differences in hippocampal volume.

Meisenzahl et al. (2010) looked at differences in hippocampal volume between patients with
depression and schizophrenia and found a significant effect of diagnosis on reduced bilateral
hippocampal GMV and hippocampal WMV. Furthermore, when studying differences
between patients with first episode of depression and recurrently ill patients with depression
the authors reported found no significant differences concerning hippocampal volume
measurements.

Ota et al. (2013) found that patients with schizophrenia showed reduced GMV in the bilateral
anterior and right posterior insula and the bilateral anterolateral, anteromedial, central lateral,
central medial, and posterior regions of the thalamus.

White Matter volume

Cui et al. (2020) examined white matter integrity and found that the depression group
exhibited more extensive FA reductions compared to the schizophrenia group. Compared to
the schizophrenia group the depression group also had significantly reduced FA

measurements in the bilateral anterior section of the anterior corona radiata (CR). Results
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also showed significantly reduced FA in the anterior and posterior portions of the anterior
CR in depression patients compared to patients with schizophrenia. In contrast, the
similarities between depression and schizophrenia can be seen in the overlapping regions
with decreased FA which were primarily in the posterior section of the anterior CR.
Depression patients who were on medication had significantly lower FA values in the left
anterior CR in comparison to depression patients who were not on medication. Finally, the
effect of symptom severity and duration of illness on these results did not survive correction
for multiple comparisons in voxel-wise and ROI analysis.

Kochunov et al. (2013) showed that a quadratic diagnosis by age interaction was significant
in five white matter tracts with the impact of the diagnosis of schizophrenia by age factor
indicating that the rate of age-related rate decline was twice higher than in the healthy control
group. Also results in the schizophrenia cohort showed that higher age-related decline in FA
was present in all twelve tracts analysed. Specifically, the age-of-intercept for average FA
was 32.4 years but regionally it was from 27.7 years for the genu of the CC to 49.9 years for
the thalamic radiation. The age-of-intercept was negatively correlated with normative age of
FA peak suggesting earlier onset of accelerated ageing in FA in schizophrenia in tracts that
are normally matured slowly. On the other hand, in the depression group, patients
demonstrated higher age-related decline in FA for seven tracts compared to HC of which
none were statistically significant (genu of CC, body of CC, internal capsule, external
capsule, Cingulum, SLF and inferior frontal occipital). Therefore, this suggests no evidence

of tract-specific accelerated ageing in the normal lifespan of depression patients.

Finally, Ota et al. (2013) found that patients with depression exhibited reduced FA in the CC,
bilateral anterior and posterior insula, anterolateral and posterior regions of the thalamus, and

left rostral and right subcallosal regions of the thalamus.
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Discussion

This is the first systematic review to summarise the results from structural brain imaging
studies directly comparing patients with psychosis and depression. Our findings suggest that
patients show GMV and WMV reductions in a number of similar areas, with some studies
suggesting that GMV loss in the insula and thalamus may have some specificity to psychosis.
Studies report WMV loss in depression and psychosis, with some potential for specificity in

CR and CC FA reductions to depression.

Five studies reported on GMV in depression and psychosis. Overall, they suggest that
patients with psychosis and depression show reductions in GMV in the left-sided posterior
subgenual prefrontal cortex, the MFG, and the hippocampus. In schizophrenia, the greatest
reductions are found in the MFG. In one study, an increase in the posterior subgenual
prefrontal cortex volume was found only in the depression group upon follow-up. Some of
these studies reported no significant differences in GMV between the two groups: including
no significant differences in the female brain, subgenual prefrontal cortex as well as one
study reporting no hippocampal GMV volume differences between both groups. Four studies
reported on WMV and a transdiagnostic pattern of decreased WMV in both depression and
psychosis was identified. This included FA reductions and WMV decline. Two studies found
significantly reduced FA specifically in depression. This suggests that both psychosis and
depression patients display significantly reduced patterns of WMV, with some studies

indicating this is more common in depression patients.

Existing literature has demonstrated that depression and psychosis share common etiologies
and symptoms which indicates that both disorders may be presenting transdiagnostic
mechanisms (Correll & Schooler, 2020; Upthegrove et al., 2017). The literature for

amygdala and hippocampal volume in depression and psychosis is conflicting, similar to our
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results. Part of Keller et al. (2008) results align with a systematic review which also found no
significant differences between the two disorders when examining the hippocampus
(O’Connor & Agius, 2015). Keller et al. (2008) found volume reductions in the right and left
amygdala whereas O'Connor and Agius (2015) found no distinctions. They suggest that
reductions in amygdala volume in patients with psychosis contribute to adverse implications
such as severe anxiety and fear (Keller et al., 2008). Reduced hippocampal volume has also
been closely linked to psychosis in the literature (Haukvik et al., 2018), causing implications
such as intensified symptom severity and impaired learning and memory functioning (Arnold
et al., 2015). This supports Meisenzahl et al 's (2010) findings where patients with psychosis

displayed a greater reduction in hippocampal volume compared to patients with depression.

Research comparing depression and psychosis directly is limited, especially in regards to
brain structure, suggesting further evidence is needed to disentangle transdiagnostic
signatures and specificity of each of the two disorders. Although comorbidities of depression
and psychosis are common (Correll and Schooler, 2020; Kambeitz et al, 2015), the existing
literature is sparse when investigating brain structure and its impact on diagnosis, symptom
severity, and prognosis. Our results highlight that patients with depression and psychosis
exhibit reductions in GMV and WMV with GMV loss being more prominent in psychosis.
Coryell et al., 2006, however, found that patients with psychotic depression exhibited more
GMV loss than patients with schizophrenia — a result going against the GMV loss hierarchy

suggested by our results.

Our findings are in line with previous results showing WMV and FA disparities in both

schizophrenia (Kelly et al., 2018) and depression (J. Jiang et al., 2017; Wise et al., 2016).
Furthermore, literature has also suggested that GMV reductions have been found in both
psychosis and depression, such as (Arnone et al., 2012) systematic review on depression,
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which found both WMV and GMV reductions in patients with depression as well as a
significant amount of WMV lesions which have been associated with depression and
cognitive decline. Moreover, (Steen et al., 2006) meta-analysis documented that patients with
first episode psychosis experienced GMV loss, with continuous decline found over time.
Subsequent systematic reviews confirmed this, with reduced GMV being found in both
patients with schizoaffective disorder and patients with schizophrenia (Madre et al., 2016). A
novelty in our findings is that GMV reductions were suggested to be more prevalent in
psychosis, with WMV reductions being more prevalent in depression. This finding should
however be approached with caution, as some studies did not follow this pattern such as
Coryell (2005) who found GMV reductions in both depression and schizophrenia compared
to healthy controls and volume loss in the left-sided posterior subgenual prefrontal cortex

being significantly lower in the depression group.

The relevance of WMV reductions in the aetiology of depression still remains in question.
WMV in patients with depression has been show to increase after serotonin and
norepinephrine reuptake inhibitor (SNRI) or selective serotonin reuptake inhibitor (SSRI)
medication compared to recovered patients and healthy controls (Zeng et al., 2012). This
implies that SSRIs and SNRIs could possibly reverse WMV reductions, suggesting that

WMV may play a role in the aetiology of depression (Zeng et al., 2012).

On the contrary, medication for schizophrenia has shown to cause further impairment in
brain structure (Zhang et al., 2018; Zhang et al., 2016a). Studies have demonstrated how
antipsychotic drug treatment can further reduce GMV as it can cause neuronal and cell
complications (Zhang et al., 2016). However, it can be argued that GMV reductions may be a
result of the disorder’s severity and need for higher doses of medication (Zhang et al., 2016).
Yet, studies show that antipsychotic medication for schizophrenia increases GMV in the
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thalamus, which modulates perception, thoughts, and feelings (Yue et al., 2016), resulting in
improvements in positive symptoms.

To date, this is the first systematic review which has provided an overview of structural
neuroimaging brain comparisons between depression and psychosis. Key strengths of this
systematic review include that it reduced reviewer bias as its approach of validly assessing
individual studies is objective and reproducible (Bero, 2006; Collins & Fauser, 2005), it used
a standardised search method in multiple databases, it was pre-registered, authors were
consistently cross-referencing, and efficient quality checks were performed. However,
limitations included the lack of coordinate information which prevented the conduction of a
meta-analysis, the lack of individual studies directly comparing depression and psychosis,
lack of controls for medication exposure, small sample sizes, and heterogeneity of
symptoms. Four out of the 7 studies (Coryell et al., 2005; Kochunov et al., 2013; Ota et al,
2013; Cui et al., 2020) scored 4 on the NOS guidelines, indicating low quality.
Consequently, future research should commit to a high standard of practice to ensure
adequate studies are conducted, in order to provide a collection of satisfactory results and

more definitive evidence.

Conclusions

We identified a pattern of GMV reductions and WMV reductions in areas such as the MFG,
hippocampus, and left-sided posterior subgenual prefrontal cortex in both depression and
psychosis. GMV loss was seen specifically in the insula and thalamus in psychosis.
However, the lack of literature directly comparing brain structure in depression and
psychosis is further heightened by the poor quality of the studies and future high-quality

studies, including those utilising large data sets is needed.
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Abstract

Diagnostic heterogeneity within and across psychotic and affective disorders challenges
accurate treatment selection, particularly in early stages. Delineation of shared and distinct
iliness features at the phenotypic and brain levels may inform the development of more
precise differential diagnostic tools. We aimed to identify prototypes of depression and
psychosis to investigate their heterogeneity, with common, comorbid transdiagnostic
symptoms. Analysing clinical/neurocognitive and grey matter volume (GMV) data from the
PRONIA database, we generated prototypic models of recent-onset depression (ROD) vs.
recent-onset psychosis (ROP) by training support-vector machines to separate patients with
ROD from patients with ROP, who were selected for absent comorbid features (pure groups).
Then, models were applied to patients with comorbidity, i.e., ROP with depressive symptoms
(ROP+D) and ROD participants with sub-threshold psychosis-like features (ROD+P), to
measure their positions within the affective-psychotic continuum. All models were
independently validated in a replication sample. Comorbid patients were positioned between
pure groups, with ROP+D patients being more frequently classified as ROD compared to
pure ROP patients (clinical/neurocognitive model: y°=14.874; p<0.001; GMV model:
¥*=4.933; p=0.026). ROD+P patient classification did not differ from ROD
(clinical/neurocognitive model: ¥*=1.956; p=0.162; GMV model: y?=0.005; p=0.943).
Clinical/neurocognitive and neuroanatomical models demonstrated separability of prototypic
depression from psychosis. The shift of comorbid patients towards the depression prototype,
observed at the clinical and biological levels, suggests that psychosis with affective
comorbidity aligns more strongly to depressive rather than psychotic disease processes.
Future studies should assess how these quantitative measures of comorbidity predict

outcomes and individual responses to stratified therapeutic interventions.
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Introduction:

Treatments for mental illness are currently based on categorical structures built on patterns of
syndromes and their course, rather than aetiology (Bzdok & Meyer-Lindenberg, 2018). The
biological and clinical overlaps between these syndromes, and significant heterogeneity in
outcomes, has become more apparent in recent years (Kambeitz et al., 2015, 2017;
Upthegrove et al., 2020). Advancement in both pharmacological and psychotherapeutic
interventions has stalled, potentially as a result of continued focus on invalid disease
categories (Hofmann et al., 2012; Wong et al., 2010). The need for better treatments is
particularly acute in psychosis and depression, which constitute major mental health
challenges to the world’s population (Charlson et al., 2018; Chong et al., 2016; Conley et al.,
2007; Dieleman et al., 2016; Olesen et al., 2012; Sobocki et al., 2006; WHO | Depression and
Other Common Mental Disorders, 2017). The legacy of a Jaspers based hierarchical approach
to symptom structures suggests that positive psychotic symptoms are of primary importance
within psychotic spectrum disorders (Biirgy, 2008). Yet the categorical and hierarchical
division of psychotic disorders into affective and non-affective has been contested for
decades (Quattrone et al., 2019), with clear demonstration of the presence of affective
symptoms in psychosis and psychotic symptoms in affective disorders (Conley et al., 2007,
Ohayon & Schatzberg, 2002; WHO | Depression and Other Common Mental Disorders,

2017).

Heterogeneity is particularly noticeable in early and developing stages of illness, with high
prevalence of affective symptoms across disorders (Rickwood et al., 2015). The comorbidity
of depression in early psychosis has been largely regarded as secondary to the primary
disorder (psychosis), reinforcing a categorical, hierarchical approach (Birchwood et al., 2005;
Foulds & Bedford, 1975). There are increasing calls to use empirical evidence to develop

alternative aetiologically informed structures (Clark et al., 2017). The use of

40



multidimensional item response modelling to predict psychosis biotypes has been shown to
transcend traditional diagnostic boundaries; with suggestion of an underlying transdiagnostic
dimension across psychotic diagnoses (Dwyer et al., 2020; Maj, 2016; Tamminga et al.,
2013). However, there are valid reasons why a categorical approach to mental illness has
persisted; a significant number of individuals’ presentation will ‘fit” within distinct categories
of mental illness and the course and outcome of their treatment can be predicted from such
diagnostic structures (Potuzak et al., 2012). When disorders are fully formed, course as well
as symptom structure enable clearer distinction between categories. Imaging studies also
show shared areas of interest, including the hippocampus and cerebellum (Meisenzahl et al.,
2010), the prefrontal cortex and insula (Busatto, 2013) and both depression and psychosis
have been associated with heightened brain activation in regions central to emotional
processing (Broome et al., 2015; Busatto, 2013; Kumari et al., 2016) with similarities
particularly prominent in the early stages of illness (Broome et al., 2015; Busatto, 2013;

Koutsouleris et al., 2015; Kumari et al., 2016).

The distinction between depression and schizophrenia is possible by structural brain data, but
also, more challenging in early stages of illness when symptoms and course are more
heterogeneous (Koutsouleris et al., 2015). Transdiagnostic processes of mental health
disorders are descriptively transdiagnostic (i.e. being present in multiple disorders, without
regard to how or why) or mechanistically transdiagnostic (i.e. reflecting neurobiological,
physiological, or functional mechanisms) (Harvey et al., 2004, 2011). Both depression and
psychosis are associated with transdiagnostic features of working memory, executive
functioning, and verbal fluency deficits (Carra et al., 2019; Moritz et al., 2002). The
importance of certain mechanistically transdiagnostic symptoms is potentially hidden in

categorical structures, and they remain under-investigated (Krueger & Eaton, 2015).
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Complex psychopathology and heterogeneity in developing mental health disorders presents
the opportunity of fuller exploration of the significance of potential transdiagnostic
symptoms, to provide further insight into aetiopathogenetic pathways of symptoms and
through this to advance diagnostic structures (Dwyer et al., 2018; Kléppel et al., 2012).
However, novel approaches and powerful statistical tools such as machine learning
techniques could help provide this deeper understanding by detecting complex patterns of
data across diagnostic structures, and the delineation of shared and distinct features of these
ilinesses at the phenotypic and brain levels. This may inform the development of more
precise differential diagnostic tools and improve the development of new treatments (Dwyer

etal., 2018).

This study aimed to identify prototypes of pure depression and pure psychosis in order to
investigate the heterogeneity of depression and psychosis with common, comorbid
transdiagnostic symptoms. We hypothesized that developed models would correctly classify
diagnostic groups without comorbid symptoms, in keeping with evidence of the utility in
categorical diagnostic structure, and that grey matter volume (GMV) would add classification
accuracy. We further hypothesised that a reduction of classification accuracy would be seen
in groups with comorbid symptoms. Exploration and the delineation of shared and distinct
features at both the phenotypic and biological levels may potentially inform future

development of more precise treatments.

Materials and Methods

Study design

Data were taken from the discovery and replication samples of the PRONIA study, an EU-
FP7 funded seven centre study aiming to optimize candidate biomarkers for the prediction

and staging of mental health disorders. Details of the PRONIA study sites, recruitment
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protocol and quality control procedures are described in a previous publication(Koutsouleris

et al., 2018b) and in the supplementary methods (1.1, 1.2, 1.3, tables S2, S3).

Inclusion and Exclusion Criteria

The general inclusion criteria for the study were: (1) age between 15 and 40 years, (2)
sufficient language skills for participation, (3) capacity to provide informed consent/assent.
General exclusion criteria were: (1) an 1Q below 70, (2) current or past head trauma with loss
of consciousness (> 5 minutes), (3) current or past known neurological or somatic disorders
potentially affecting structure or functioning of the brain, (4) current or past alcohol
dependence, (5) polysubstance dependence within the past six months, and (6) any medical
indication against MRI. ROP and ROD inclusion criteria can be found in the supplement

(1.2).

Group identification

Pure ROP: any ROP patient who had a Beck Depression Inventory-11 (BDI-I1) score of 13 or
lower, which is indicative of absent or minimal depressive symptoms (A. Beck et al., 1996;
A. T. Beck et al., 1996). Pure ROD: any ROD patient who had a Positive and Negative
Symptom Scale (PANSS) (Kay et al., 1987) positive subscale score of no more than 7 and no
Structured Interview of Psychosis-risk Syndromes positive (SIPS-P) severity score of 3 or

more on any item.

ROP with depressive symptoms (ROP+D): any ROP participant with a BDI-I1 score of 14 or
more. ROD with psychotic symptoms (ROD+P): any ROD participant with a SIPS positive
item score of 2 or more and a Schizophrenia Proneness Instrument-Adult version (SPI-A)

Cognitive Disturbances (COGDIS) item score of 3 or more.
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Twenty-four ROP and 31 ROD patients from the discovery sample and 21 ROP and 53 ROD
patients were not included in the analysis due to not meeting group identification criteria or

not having neuroimaging data.

MRI imaging data acquisition, quality control, and preprocessing

Participants underwent a multi-modal MRI protocol. A minimal harmonization protocol,
which the MR sequences across the different scanners had to comply with is described in the
supplementary methods (1.3). In the current study, T1-weighted structural MRI (SMRI)
images of the participants were analyzed. The SMRI images of six healthy travelling
volunteers who were scanned at all sites with same parameters were also analysed as part of a
calibration study. The images were processed using the open source CAT12 toolbox (version

r1155; http://dbm.neuro.uni.jena.de/cat12/) (see supplementary methods 1.4). Employing

generalization theory (Mushquash & O’Connor, 2006; Robert L. Brennan, 2011), a between-
site voxel reliability map (G coefficient map) was computed from the analysis of the GMV
maps that were derived from the calibration study. During our neuroimaging based machine

learning analyses the G coefficient maps were used for reliability-based voxel masking.

MRI harmonization and data acquisition

When setting up the PRONIA study, we decided to generate a MRI database that would
represent the MR scanner sequence heterogeneity encountered in clinical real-world. The aim
of this strategy was to strengthen the generalizability and clinical applicability of the
predictive models developed by our machine learning analyses. Thus, we agreed on a
minimal harmonization protocol that required the PRONIA sites to only (1) acquire isotropic
or nearly isotropic voxel sizes of preferably 1 mm resolution, (2) set the Field Of View
(FOV) parameters accordingly to guarantee the full 3D coverage of the brain including all

parts of the cerebellum, and (3) define the relaxation time (TR) and echo time (TE) as well as
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other imaging parameters in a way that would maximize the contrast between cortical ribbon
and the white matter and enhance the signal-to-noise ratio in the images. At every site all the
images were visually inspected, automatically defaced and anonymized using an in-house

Freesurfer-based script before the data was centralized.

MRI processing pipeline

The manual of the CAT12 toolbox (http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf)

details the processing steps applied to the structural images. These steps consist of:

(1) A 1% denoising step based on Spatially Adaptive Non-Local Means (SANLM)

filtering(Manjon et al., 2008).

(2) An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus
achieves a homogeneous segmentation across cortical and subcortical

structures(Rajapakse et al., 1997).

(3) A 2" denoising step using Markov Random Field approach which incorporates spatial
prior information of adjacent voxels into the segmentation estimation generated by

AMAP(Rajapakse et al., 1997).

(4) A Local Adaptive Segmentation (LAS) step, which adjusts the images for white
matter (WM) inhomogeneities and varying gray matter (GM) intensities caused by
differing iron content in e.g. cortical and subcortical structures. The LAS step is

carried out before the final AMAP segmentation.

(5) A Partial Volume Segmentation algorithm that is capable of modeling tissues with
intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is

applied to the AMAP-generated tissue segments.
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(6) A high-dimensional DARTEL registration of the image to a MNI-template generated
from the MRI data of 555 healthy controls in the IXI database

(http://www.braindevelopment.org).

(7) The GM maps were then multiplied with the Jacobian determinants that were obtained

during registration in order to produce GM volume maps.

(8) The Quality Assurance framework of CAT12 was used to check the quality of the

GMV maps.

Classification Models

Using the pure ROP and ROD groups, a Support Vector Machine (SVM) classification model
was built using individual item scores from broad clinical and neurocognitive tests that assess
features commonly occurring in psychosis and depression including anhedonia, social
functioning and cognition deficits (see supplementary methods 1.8). In total, 151 features
were included in the model. The trained pure classification model was then applied to the
comorbid ROP+D and ROD+P groups to determine the classification accuracy to their

primary diagnosis.

A second model using GMV whole-brain voxel-wise data as features was developed in the
pure ROD and ROP groups and then applied to the ROP+D and ROD+ P groups. The
developed clinical/cognitive and GMV models were combined by using decision values from
the pure clinical and pure GMV models (in order to build a model that learns from the meta-
data) in a stacking-based data fusion framework (Polikar, 2006; Wolpert, 1992). Finally, all

the models were applied to an independent replication sample.
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Support Vector Machine Learning Analysis:

The machine learning analysis of pre-processed data (see supplementary methods 1.5) was

performed using NeuroMiner (version 1.0; https://github.com/neurominer-git). A repeated

nested pooled cross-validation (CV) was used with 10 outer CV2 permutations, 10 outer CV2

folds, 10 inner CV1 permutations, and 10 inner CV1 folds.

Imbalanced learning was corrected for, by increasing the C value in the minority class by
multi-plying it by the inverse ratio of the training class sizes. A linear kernel was used with
eleven C values (0.0156, 0.0312, 0.0625, 0.1250, 0.2500, 0.5000, 1, 2, 4, 8, and 16) in order
to optimize the choice of C value and create an ensemble of predictive models to be applied

to the CV. data to produce a single average robust prediction.

Balanced accuracy (BAC) regularized by SVM model complexity was used as a criterion for

the hyperparameter optimization (see supplementary methods 1.6).

Finally, a stacking-based data fusion framework (Karrer et al., 2019; R. Polikar, 2006;
Sabbagh et al., 2020; Wolpert, 1992) was used to examine whether the combination of the
clinical/neurocognitive and the neuroimaging-based models would provide a superior

classification accuracy (see supplementary methods 1.7).

Independent Validation

All our models were validated in our independent replication sample (N=262) (see
supplementary methods table S6) which was collected at a different timescale. The same

group identification criteria were applied.
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Supplementary analyses

A number of supplementary exploratory analyses, including correlation analyses between
decision scores from our models, association and comparison analyses between correctly and
mis-classified patients, GMV comparison between groups, decision score group comparisons,
and regression analyses with 9 month functional outcomes were conducted and can be found

in the supplement (Section 2).

Results:

Demographic Information

Data from 154 participants with ROP and 146 patients with ROD were included in the
analysis as our Discovery sample. Thirty-eight ROP patients were included in the pure ROP
group and 90 ROD patients in the pure ROD group. The mean age of the pure ROP group
was 26.5 [SD 6.8]) and the mean age of the pure ROD group was 26.5 [SD 6.6]). There were
25 male and 13 female patients in the pure ROP group and 45 male and 45 female patients in

the pure ROD group.

Ninety-two ROP subjects were included in the ROP+D group and 25 ROD subjects in the
ROD+P group. The mean age of the ROP+D group was 26.5 [SD 6.8] and the mean age of
the ROD+P group was 23.8 [SD 3.9]. There were 57 males and 35 females in the ROP+D
group and 12 males and 13 females in the ROD+P group. A summary of demographic

information is provided in table 1.

The independent validation sample consisted of 161 patients with ROP and 131 patients with
ROD. Fifty ROP patients were included in the pure ROP group and 53 ROD patients in the
pure ROD group. The ROP+D and ROD+P groups consisted of 90 and 25 patients

respectively. A full description is provided in the supplement (Table S6).

48



Machine Learning Analyses

Internal VValidation of the Pure Group Differential Classifiers

Clinical and Neurocognitive Data

A repeated nested pooled cross validation model with classifiers of clinical and cognitive
variables predicted pure diagnostic groups with a balanced accuracy (BAC) of 79.3%; 95%
CI[77.2, 82.3] and an area under the curve (AUC) of 0.86 (Table 2 and Figure 1a).
Assignment to the ROP category by the clinical classifier was driven by reduced scores in the
RSA and elevated scores in the WSS, RSA, and SPIA. ROD group classification was
informed by increased scores in the SPIA, WSS, together with reduced scores in the DSST.
The contribution of the features was calculated by feature weights and by cross-validation

ratio (Figure 2).

GMV Data

The repeated nested pooled cross-validation model using SMRI to predict diagnostic group in
pure ROP and ROD produced a BAC of 62.5%; 95% CI [58.8, 64.0] and an AUC of 0.70
(Table 2 and Figure 1b). ROP patients showed pronounced reductions in the thalamus and the
cerebellum, whereas depressed patients showed orbitofrontal, limbic and paralimbic volume

reductions (Figure 3).

Stacking

Combining the outputs of the clinical predictors and SMRI using stacked generalization
predicted diagnostic group with a BAC of 79.5%; 95% CI [77., 81.9] and an area under the

curve (AUC) of 0.87 (Table 2 and Figure 1c).
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Separability of Comorbid Groups

Clinical/Neurocognitive Data: The trained pure classification system comprising the
collection of 11 clinical/neurocognitive models generated by the repeated nested cross-
validation scheme on pure groups was then applied to the comorbid groups (ROP+D and
ROD+P) to produce decision scores measuring ROP vs. ROD likeness. This model had a
BAC of 62.5% and an AUC of 0.66. Misclassifications showed a directionality toward the
ROD group, with 63% of ROP+D patients being classified as ROD; Z=1.276, p=.0385) (see
Table 2 and Figure 1a). ROP+D patients were more frequently classified as ROD compared
to pure ROP patients (y?=14.874; p<0.001). In contrast, the assignment precision of ROD+P

and ROD patients did not differ (y’=1.956; p=0.162).
GMYV Data

The trained pure classification system (comprising of 11 GMV models generated by the
repeated nested cross-validation scheme on pure groups) was then applied to the comorbid
groups (ROP+D and ROD+P) to produce decision scores measuring ROP vs. ROD likeness.
This produced a BAC of 47.8% and AUC of 0.43. Misclassifications showed a directionality
toward the ROD group, with 80.4% of ROP+D patients being classified as ROD; Z=.713,
p=.344) (see Table 2 and Figure 1b). Similarly to the clinical/neurocognitive model ROP+D
patients were more frequently classified as ROD compared to pure ROP patients (y?=4.933;
p=0.026). In contrast, the assignment precision of ROD+P and ROD patients did not differ

(x*=0.005; p=0.943).
Stacking

When applied to the comorbid groups, the combined model predicted diagnostic group with a

BAC of 58.5% and an area under the curve (AUC) of 0.66 (see Table 1 and Figure 1c).
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Independent Validation

Application of our models to the independent validation sample replicated findings very well
(pure clinical and neurocognitive model BAC 76.2; pure imaging model BAC 49.9; pure
stacking model BAC 78.2). Full results from the independent validation analysis can be

found in Table 1.

Supplementary Analyses

See supplement section 2 for additional exploratory analyses results.

Discussion:

Using repeated nested cross-validation techniques we built classification models based on
transdiagnostic clinical and neurocognitive features and GMV data, together with a combined
model integrating all data modalities, to classify prototype diagnostic groups of ROD and
ROP participants without comorbidity. Eighty-seven per cent of patients with pure ROP and
ROD were accurately ascribed to their diagnostic group. Applying this model to groups with
comorbidity, 88% of patients with ROD and psychotic features were ascribed to their primary
diagnostic group (depression) whereas only 37% of patients with ROP and depressive
features were ascribed to their primary diagnostic group (psychosis). The shift of comorbid
psychosis patients towards the depression prototype was observed both at the clinical and
biological levels. This suggests that when comorbid with affective symptoms, psychoses
align more strongly to the disease processes of depressive than psychotic disorders. Using
GMV measures only for classification, comorbid groups ROP patients with depressive
symptoms largely resembled pure ROD. Results were generalisable to our independent

validation sample.
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Our findings suggest that clinical and neurocognitive transdiagnostic symptoms may have
differential weight within psychosis and depression presentation with and without
comorbidity. In pure groups, these symptoms could be seen as under the hierarchical
umbrella of psychosis or depression, and may accurately reflect underlying pathology in
these groups. However, in the face of comorbidity, transdiagnostic symptoms lean more to
the depression domain. Given the prevalence and importance of depressive comorbidity in
early psychosis this may support a model where depression could be more intrinsically
important than is currently considered in early phases of illness (Upthegrove et al., 2017,
2020). When participants with ROP exhibited even mild depressive symptoms, their GMV
classification was more likely to lie within the depression group than psychosis suggesting a
potential depressive biological phenotype that exists in the psychosis spectrum. The
implications of these findings suggest that understanding heterogeneity of brain structures
may need to include specific focus on symptoms that may often be masked by more acute
(e.g. positive) symptoms and simple solutions that some symptoms may be transdiagnostic,
potentially belie the complexity of individual aetiology and psychopathology. Furthermore,
these findings indicate a need to rethink current diagnostic classification to better reflect the

biological reality and eventually develop better treatment options.

A classical diagnostic hierarchy in the structure of personal illness, reflected in current
nosological classification systems, posits that mental disorders of the primary diagnosis have
more weight and primacy over symptoms from lower classes, which are seen as secondary or
comorbid (Birchwood et al., 2005; Foulds & Bedford, 1975). We found that comorbid
symptoms affect diagnostic structures in different ways. Sub-clinical psychotic-like
symptoms appeared to not alter the signature of ROD patients whilst depressive symptoms

had a profound effect on ROP patients’ classification accuracy.
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Our findings add evidence to the debate around the validity of the system on which the DSM
is built upon (Stein et al., 2010), suggesting that a descriptivist position in the diagnosis of
mental disorder is not sufficient and that a novel multivariate approach of mental disorder is
more appropriate. Comorbidity in psychiatric disorders presents a clinical as well as
nosological challenge. There may be significant interplay between sets or clusters of
symptoms over the development of disorder from prodrome via onset to potential chronicity.
The frequency of depression within ROP may be a primary driver, rather than being a
secondary symptom. If identified correctly, novel symptoms may be new targets that if

treated effectively, ameliorate the other, e.g. positive symptoms.

Recent onset disorders may constitute groups of phenotypically highly individual symptoms
with underlying aetiopathology, and it may be that personalized treatments could be tailored
accordingly. Our SVM classification model found that different types of anhedonia (social
and physical) were important in the classification of both psychosis and depression.
Anhedonia has been suggested as a possible biomarker for depression (Der-Avakian &
Markou, 2012) and has been found to be associated with decreased activation in ventral basal
ganglia areas, the dorsal anterior cingulate, middle frontal gyrus, and medial frontal gyrus
both in schizophrenia and depression (Zhang et al., 2016). Our GMV model revealed that

orbitofrontal areas were higher weighted in the classification to the ROD group.

The relationship between psychotic and affective symptoms has been central to the dilemma
of psychiatric classification. Substantial clinical and genomic evidence shows that
schizophrenia and affective disorders may be distributed across a dimensional spectrum
(Smeland et al., 2019). However, the dimensional spectra model does not allow for either the
clinical reality of a complex and changing symptom profile, nor the investigation of clinical
features commonly seen across all disorders; some of which may be of primary importance.

Concerning the neurobiology of schizophrenia and depression, the majority of previous
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studies are based in subjects with depression or psychosis, but only rarely in both
(Koutsouleris et al., 2008, 2015) and not previously in highly mixed recent onset comorbid
disorders. Our results suggest that while GMV showed some distinction in prototype (pure)
groups, when presented with complex comorbid groups, which may be the majority in
clinical practice, there was a significant lack of any point of rarity between disorders. This
builds on previous work suggesting distinction is more challenging, but also that
neuroimaging based data do not support categorical classification in recent onset disorders
(Koutsouleris et al., 2015). In recent onset disorders, early cognitive processes related to
depression can both drive other more severe symptoms and/or be seen in isolation: for
example, anhedonia could be an early indication of negative symptom clusters or a core
feature of co-morbid depression (Barkus & Badcock, 2019).

Strengths and Limitations

The strengths of the present analysis include sufficiently large data, robust collection of
clinical and imaging data from both depression and psychosis groups, independent validation
analysis together with a novel approach to a challenging and essential clinically relevant
research question, which speaks to the validity of diagnoses as the cornerstone of psychiatric
practice. Our results however should be interpreted with certain caution due to limitations
with the study. Regarding our definition of the ROD+P group we used a SIPS-P item score of
2 or more which is not a marker of formal psychotic symptoms, and thus would only measure
low levels of psychotic-like symptoms. However to supplement this we used a SPI-A
COGDIS item score of 3 or more. We did not include core symptomatology measures such as
the PANSS and the BDI in our features due to the fact that primary groups are defined with
these measures, and therefore including them would risk a circular analysis. Finally, there
were more subjects identified in the pure ROD and comorbid ROP groups; ideally groups of

equal size would have been used. Nevertheless, we addressed this imbalance in our analysis,
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by increasing the C value in the minority class by multiplying it by the inverse ratio of the

training class sizes.

Conclusions

Findings from this large, multi-modal, replicated machine learning classification study in
recent onset disorders suggest that whilst there may be a small subset of prototypically pure
individuals with clear categorical disorder, the majority of patients share a number of
transdiagnostic features, primarily from the depression domain. Brain structure of psychosis
patients with co-morbid depressive symptoms largely resembles that of depression. The
increasing interest in heterogeneity of early disorders and transdiagnostic symptoms as novel
treatment targets needs to be fully informed of potential depression related co-morbidity. Our
analysis in recent onset groups also highlight that both categorical and transdiagnostic
approaches may ultimately fail at an individual patient level, as neither recognise the
possibility of pluripotent pathways that are both stage and context dependent. The
implications, particularly for early intervention and prevention in mental health disorders is
that ultimately a personalised medicine approach, encompassing the full potential of
comorbidity, may be necessary to improve outcomes. Future studies should investigate the
utility of targeting such transdiagnostic depression features to elucidate their prognostic

value, and develop new treatments.
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True True False False Balanced Model
Positive, Negative, Positive, Negative, Accuracy, P
No. No. No. No. % AUC Value

Clinical/Neurocognitive
Pure Model
ROP-ROD 29 74 16 9 793 0.86 <0.001

Applied

Clinical/Neurocognitive

Model

ROP+D-ROD+P 36 19 6 36 576 0.71 NA

Applied Clinical and

Neurocognitive Model

Validation Pure ROP-

ROD 34 39 14 16 70.8 078 NA

Applied Clinical and
Neurocognitive Mode
Validation ROP+D-

ROD+P 27 20 63 55 056 NA

wn

GMYV Pure Model
ROP-ROD 15 77 13 23 62.5 0.7 <0.001

Applied GMV Model

ROP+D-ROD+P 19 20 73 503 047 NA

wn

Applied GMV Model
Validation Pure ROP-
ROD 17 38 15 33 528 059 NA

Applied GMV Model
Validation ROP+D-
ROD+P 31 17 8 59 512 0.6 NA

Combined Model
ROP-ROD 30 72 18 8 79.5 0.87 NA

Applied
Combined Model
ROP+D-ROD+P 49 19 6 43 646 071 NA

Applied Combined
Model Validation Pure
ROP-ROD 36 38 15 14 718 0.78 NA

Applied Combined
Model Validation
ROP+D-ROD+P 31 18 7 59 532 0.56 NA

Table 2. Classification Performance of the Clinical/Neurocognitive, GMV, and Combined Models and Validation Performance.
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A. Feature Weights. Derived from 1000 random permutations of the outcome labels.
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Figure 2. Feature Weights and Cross-Validations Ratios of the most Significant Features.
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Decreased Volume

Increased Volume

2 Cross-Validation Ratio 8

Figure 3. Significant Regions in the Imaging Classification Model. ROP GMV Reductions in
the Thalamus and the Cerebellum, ROD GMV Reductions in Orbitofrontal, Limbic, and
Paralimbic Regions

60



Chapter 5

Neurobiologically Based Stratification of Recent Onset Depression and Psychosis:

Identification of Two Distinct Transdiagnostic Phenotypes

Paris Alexandros Lalousis, MSc!?; Lianne Schmaal, PhD*#; Stephen J. Wood, PhD3#;
Renate L.E.P Reniers, PhD>?°; Nicholas M. Barnes, PhD®; Katharine Chisholm, PhD®; Sian
Lowri Griffiths, PhD?; Alexandra Stainton, PhD*#; Junhao Wen, PhD’; Gyujoon Hwang,
PhD’; Christos Davatzikos, PhD; Christina Andreou, MD?; Carolina Bonivento, PhD%1;
Udo Dannlowski, MD'!; Adele Ferro, PhD®1%; Theresa Liechtenstein, MD*?; Anita Riecher-
Rossler, MD?®; Georg Romer, MD?; Marlene Rosen, PhD*?; Alessandro Bertolino, MD*3;
Stefan Borgwardt, MD®*: Paolo Brambilla, MD®*%; Joseph Kambeitz, MD*°; Rebekka
Lencer, MD, PhD®*?; Christos Pantelis, MB BS, MD, MRCPsych, FRANZCP*®; Stephan
Ruhrmann, MD?; Raimo K. R. Salokangas, MD, MSc, PhD, PsD*’; Frauke Schultze-Lutter,
PhD'81%20; André Schmidt, PhD?; Eva Meisenzahl, MD*8; Nikolaos Koutsouleris, MD*®;
Dominic Dwyer, PhD***; Rachel Upthegrove, MBBS FRCPsych, PhD22'*, for the PRONIA
Consortium#

* Joint Senior Authors

#See PRONIA consortium author list

Author Affiliations:

1 -Institute for Mental Health, University of Birmingham, Birmingham, United Kingdom
2 -Centre for Human Brain Health, University of Birmingham, Birmingham, United
Kingdom

3 -Orygen, Parkville, Australia

61



4 -Centre for Youth Mental Health, The University of Melbourne, Parkville, Australia

5 -Institute of Clinical Sciences, University of Birmingham, United Kingdom

6 -Department of Psychology, Aston University, United Kingdom

7 -Perelman School of Medicine University of Pennsylvania, United States of America

8 -Department of Psychiatry (UPK), University of Basel, Basel, Switzerland

9 -Department of Pathophysiology and Transplantation, University of Milan, Milan, Italy
10 - Department of Neurosciences and Mental Health, Fondazione IRCCS Ca' Granda
Ospedale Maggiore Policlinico, University of Milan, Milan, Italy

11 —Institute for Translational Psychiatry, University of Minster, Minster, Germany

12 -Department of Psychiatry and Psychotherapy, Faculty of Medicine and University
Hospital, University of Cologne, Cologne, Germany

13 -Department of Basic Medical Sciences, Neuroscience and Sense Organs, University of
Bari Aldo Moro, Bari, Italy

14 -Department of Psychiatry and Psychotherapy, University of Libeck, Libeck, Germany
15 -Department of Psychiatry and Psychotherapy, Ludwig Maxmilians University, Munich,
Germany

16 -Melbourne Neuropsychiatry Centre, University of Melbourne, Melbourne, Australia
17 -Department of Psychiatry, University of Turku, Turku, Finland

18 -Department of Psychiatry and Psychotherapy, University of Dusseldorf, Diisseldorf,
Germany

19 -Department of Psychology and Mental Health, Faculty of Psychology, Airlangga
University, Surabaya, Indonesia

20 - University Hospital of Child and Adolescent Psychiatry and Psychotherapy, University

of Bern, Bern, Switzerland

62



21 -Birmingham Early Interventions Service, Birmingham Women’s and Children’s NHS

Foundation Trust

63



Abstract

Background: Identifying neurobiologically based transdiagnostic categories of depression
and psychosis may elucidate heterogeneity, and provide better candidates for predictive
modelling. We aimed to identify clusters across patients with recent onset depression (ROD)
and recent onset psychosis (ROP) based on structural neuroimaging data. We hypothesized
that these transdiagnostic clusters would identify patients with poor outcome and allow more

accurate prediction of symptomatic remission than traditional diagnostic structures.

Methods: HYDRA (HeterogeneitY through DiscRiminant Analysis) was trained on whole
brain volumetric measures from 577 participants from the discovery sample of the multi-site
PRONIA study to identify neurobiologically driven clusters which were then externally
validated in the PRONIA replication sample (n=404) and three datasets of chronic samples

(COBRE, n=146; MCIC, n=202; MUC, n=470).

Results: The optimal clustering solution was two transdiagnostic clusters (Cluster 1, n=153,
67 ROP, 86 ROD and Cluster 2, n=149, 88 ROP, 61 ROD; ARI=.618). The two clusters
contained both ROP and ROD. One cluster had widespread GMV deficits, more positive,
negative, and functional deficits (impaired cluster) and one cluster revealed a more preserved
neuroanatomical signature and more ‘core’ depressive symptomatology (preserved cluster).
The clustering solution was internally and externally validated and assessed for clinical utility
in predicting 9-month symptomatic remission -outperforming traditional diagnostic

structures.

Conclusions: We identified two transdiagnostic neuroanatomically informed clusters which
are clinically and biologically distinct, challenging current diagnostic boundaries in recent
onset mental health disorders. These results may aid understanding of aetiology of poor

outcome patients transdiagnostically and improve development of stratified treatments.
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Introduction

The current classification of mental disorders is based on a phenomenological approach that
uses signs and symptoms to assign a diagnosis. Whilst some diagnoses have high reliability,
their usefulness and aetiopathogenetic basis is questionable (Cuthbert, 2014; First et al.,
2018; Fusar-Poli, Solmi, et al., 2019). For example, there is considerable commonality of
symptoms and neurobiological domains across mental disorders and co-morbidity frequently
occurs; with a prevalence of depression in over 40% of people with schizophrenia (Conley et
al., 2007; Upthegrove et al., 2017) and psychotic symptoms occuring in around 20% of

people with depression (Johnson et al., 1991; Ohayon & Schatzberg, 2002).

In terms of brain structure, grey matter volume (GMV) reduction is found in both depression
and psychosis, across similar areas such as the anterior insula and the dorsal anterior
cingulate cortex (Goodkind et al., 2015). This GMV loss has been shown to predate
medication exposure, poor functional outcome, neurocognitive deficits, and in the case of
clinical high risk for psychosis, transition to frank illness (Meisenzahl et al., 2010; Pantelis et
al., 2009; Reniers et al., 2017; Upthegrove et al., 2017). Symptoms common to depression
and schizophrenia, such as social withdrawal, blunted affect, and alogia, are associated with
GMV reduction in the cerebellum, while anhedonia and avolition are negatively correlated
with left anterior limb of internal capsule white-matter volume (WMYV) and positively

correlated with left superior longitudinal fasciculus WMV (Chuang et al., 2014).

GMV loss in psychosis and depression may be related to immune dysfunction. Elevated pro-
inflammatory cytokines, potentially resulting from genomic predisposition or response to
environmental factors, may lead to activation of astrocytic dysfunction and/or microglia
activation, resulting in dendritic pruning and synaptic changes (Corsi-Zuelli & Deakin, 2021;

Laskaris et al., 2021; Sekar et al., 2016). Indeed, immune dysfunction is implicated in the
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aetiology of both schizophrenia and depression with cytokines such as I1L-6 and CRP detected
at elevated levels (Khandaker et al., 2014, 2015; Noto et al., 2015; Osimo et al., 2020;
Upthegrove et al., 2014), and causality suggested in mendelian randomisation studies of both

disorders (Khandaker et al., 2015; Perry et al., 2021).

Currently, diagnoses are not based on underlying brain structure or distinct biological
aetiology. Patients whose symptoms are potentially caused by different biological processes
may be given the same diagnosis and patients whose symptoms are potentially caused by
same biological processes may be provided with a different diagnosis, a practice which may
have detrimental effects on outcome prediction development (Linden, 2012; Stephan, Bach,
et al., 2016; Stephan, Binder, et al., 2016). Recent research has highlighted this mismatch
between diagnostic labels and the clinical and neuroanatomical picture in depression and
psychosis (Lalousis et al., 2021) and heterogeneity may be particularly pronounced in early
stages of developing mental health disorders (Baca-Garcia et al., 2007; Keshavan & Brady,
2011; Koutsouleris et al., 2015; Pope et al., 2013; Salvatore et al., 2013). The lack of
biological validity of diagnostic groups is thought to be one of the major reasons for poor

biomedical translation in psychiatry (Bruckl et al., 2020; Kapur et al., 2012; Kendler, 2013).

Only 20% of people with psychosis and 25% of people with depression achieve full
remission and response to pharmacological treatment, with the remainder achieving partial
response or response without remission (S. Brown et al., 2010; Health (UK), 2014; Kern et
al., 2020; Owen et al., 2016). Biologically-driven illness models, able to relate to those at
highest risk of poor outcome and chronicity may allow new and targeted treatments to be
delivered early (Linden, 2012). However, recognizing patients on a path to chronic disability,
at an early stage, is still difficult in both psychosis and depression (Dinga et al., 2018;
Klosterkdtter et al., 2011). Previous transdiagnostic research has stressed the need for the use

of machine learning (Fusar-Poli, Stringer, et al., 2019) and has identified specific patterns of
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neurocircuit disruption across major psychiatric disorders in emotional reactivity and
regulation (McTeague et al., 2020). Reininghaus and colleagues, building on previous calls
for a dimensional approach to psychosis (Maj, 2016), have shown the use of
multidimensional item response modelling to predict psychosis biotypes transcending
traditional diagnostic boundaries; with suggestion of an underlying transdiagnostic dimension
across psychotic diagnoses (Quattrone et al., 2019; Reininghaus et al., 2019; Tamminga et al.,
2013). Recent semi-supervised machine learning studies using neuroanatomical data have
identified the presence of an impaired neuroanatomical cluster which is characterized by
overall poorer outcomes and functioning in schizophrenia (Chand et al., 2020) and in youth
with internalizing symptoms (Kaczkurkin et al., 2020). However, there has not yet been a

transdiagnostic investigation of neuroanatomy specifically in depression and psychosis.

Herein, we aimed to identify replicable neuroanatomical clusters across patients with recent
onset depression (ROD) and recent onset psychosis (ROP). We hypothesized that
neuroanatomically derived clusters would be transdiagnostic, and related to distinct
phenotypes drawn from symptom, neurocognitive, and inflammatory data across both
disorders. We further aimed to explore the predictive validity of neuroanatomically identified
clusters and externally validated our neuroanatomically based clusters in chronic depression
and chronic schizophrenia, in an accelerated longitudinal design. We also developed
supervised machine learning models to predict symptom remission in ROP and ROD and our
neuroanatomically based transdiagnostic clusters. We hypothesised that models developed in
neuroanatomically based transdiagnostic clusters will show greater predictive accuracy

compared to those in traditional diagnostic groups.
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Methods

Study design

This study utilizes data from the PRONIA study, an EU-FP7 funded seven-centre study as
well as three external validation datasets. Details of the PRONIA study sites, recruitment
protocol and quality control procedures can be found in the supplementary methods (1.1, 1.2,
1.3, tables S1, S2, S3) and a prior publication (Koutsouleris et al., 2018a). Data used in this
analysis included structural MRI, demographic, clinical, neurocognitive and blood-based

biomarker measures. See supplement for full details.

Inclusion and Exclusion Criteria

In brief, ROP participants had to meet the following criteria: 1) DSM-IV-TR (Diagnostic and
Statistical Manual of Mental Disorders, Text Revision) (American Psychiatric Association,
1994) affective or non-affective psychotic episode (lifetime), 2) criteria for DSM-IV-TR
affective or nonaffective psychotic episode fulfilled within past 3 months and 3) onset of
psychosis within past 24 months. ROD patients had to meet the following criteria: 1) DSM-
IV-TR major depressive episode (lifetime), 2) major depressive disorder criteria fulfilled
within past three months and 3) duration of first depressive episode no longer than 24

months. General inclusion criteria can be found in the supplement (1.5).

MRI imaging data acquisition, quality control, and preprocessing

Participants underwent a multi-modal MRI protocol. A minimal harmonization protocol,
which the MR sequences across the different scanners had to comply with as well as the

imaging preprocessing is described in the supplementary methods (1.3 and 1.4).
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MRI harmonization and data acquisition

When setting up the PRONIA study, we decided to generate a MRI database that would
represent the MR scanner sequence heterogeneity encountered in clinical real-world. The aim
of this strategy was to strengthen the generalizability and clinical applicability of the predictive
models developed by our machine learning analyses. Thus, we agreed on a minimal
harmonization protocol that required the PRONIA sites to only (1) acquire isotropic or nearly
isotropic voxel sizes of preferably 1 mm resolution, (2) set the Field Of View (FOV) parameters
accordingly to guarantee the full 3D coverage of the brain including all parts of the cerebellum,
and (3) define the relaxation time (TR) and echo time (TE) as well as other imaging parameters
in a way that would maximize the contrast between cortical ribbon and the white matter and
enhance the signal-to-noise ratio in the images. At every site all the images were visually
inspected, automatically defaced and anonymized using an in-house Freesurfer-based script

before the data was centralized.

MRI processing pipeline

The manual of the CAT12 toolbox (http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf)

details the processing steps applied to the structural images. These steps consist of:
(1) A 1% denoising step based on Spatially Adaptive Non-Local Means (SANLM)
filtering(Manjon et al., 2008).
(2) An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus
achieves a homogeneous segmentation across cortical and subcortical

structures(Rajapakse et al., 1997).
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(3)

(4)

(5)

(6)

(")

(8)

A 2" denoising step using Markov Random Field approach which incorporates spatial
prior information of adjacent voxels into the segmentation estimation generated by
AMAP(Rajapakse et al., 1997).

A Local Adaptive Segmentation (LAS) step, which adjusts the images for white matter
(WM) inhomogeneities and varying gray matter (GM) intensities caused by differing iron
content in e.g. cortical and subcortical structures. The LAS step is carried out before the
final AMAP segmentation.

A Partial Volume Segmentation algorithm that is capable of modeling tissues with
intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is
applied to the AMAP-generated tissue segments.

A high-dimensional DARTEL registration of the image to a MNI-template generated from
the MRI data of 555  healthy controls in the IXI database

(http://www.braindevelopment.org).

The GM maps were then multiplied with the Jacobian determinants that were obtained
during registration in order to produce GM volume maps.
The Quality Assurance framework of CAT12 was used to check the quality of the GMV

maps.

Semi-Supervised Machine Learning Analysis:

HeterogeneitY through DiscRiminant Analysis (HYDRA) (Varol et al., 2017) is a semi-

supervised machine learning clustering algorithm able to dissect disease heterogeneity by

portioning patients based on patterns or transformations between the sub-populations (i.e.,
clusters) from the patient group and the reference group (i.e., healthy controls) through the
use of a convex polytope formed by combination of multiple linear max-margin classifiers
(i.e., support vector machines) and is able to regress out nuisance covariates, such as age and

gender. We used the python version of HYDRA (https://github.com/anbai106/pyHYDRA)
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(Varol et al., 2017) to simultaneously classify patients (ROP+ROD) from HC, and partition

patients into clusters based on disease-related heterogeneity using structural MRI.

ComBat Harmonization

To mitigate site effects, prior to applying HYDRA, the R version of the ComBat
harmonization technique was employed (https://github.com/Jfortinl/ComBatHarmonization).
ComBat utilizes an empirical Bayesian framework that removes variance which is attributed
to scanner differences while retaining disease effects. To further ensure that disease variance
would be retained distinct from scanner variance, ComBat was trained on HC and then

derived estimates were applied to the patients.

Model Training

We used whole volume (GMV and cerebrospinal fluid) brain measures derived from 280
regions of the neuromorphometrics atlas parcellation (CAT12) (four regions excluded due to
zero variance) from 577 participants with ROP and ROD and HC (discovery sample of the
PRONIA study). ROP patients and ROD patients were grouped together into one patient
group. HYDRA was trained using a repeated hold-out cross-validation strategy (i.e., 1000
repetitions with 80% of the data for training in each repetition). Age, sex, and Total
Intracranial VVolume (T1V) were controlled as covariates. HYDRA was ran for 2 to 8
clustering solutions, and Adjusted Rand Index (ARI) was used to measure cluster stability.
The most stable cluster solution was selected for further analysis. The statistical significance
of clusters was assessed in three ways including testing our clustering solution against a
gaussian distribution which assumes a dimensional severity explanation of our data. Details

can be found in the supplement (1.11).
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Phenotype Characterization

Identified clusters were compared to each other and to HC in terms of neurocognitive
performance, blood-based biomarker (IL1ra, S100B, IL6, TNFa, CRP, TGFf, and BDNF)
(see supplement 1.6) and symptom differences (PANSS, BDI, SANS) with univariate
statistics corrected for multiple comparisons using false-discovery rate (FDR).
Neuroanatomical differences were examined using voxel-based morphometry (two sample t-
test, SPM12), to identify the brain regions that the neuroanatomically derived clusters
differed on. See supplementary material (section 1.14) for further granular investigation of

clinical and inflammatory marker differences between clusters.

Independent and External Validation

To examine the generalizability of neuroanatomically based clusters we developed a SVM
model, using the 280 features that our HYDRA model was trained on (Chand et al., 2020), to
classify patients from the discovery sample into the identified clusters. This SVM was
applied to the PRONIA-independent replication sample of ROP and ROD patients (N=404),
collected at a different timescale from the discovery sample (May 2016 to February 2019).
ComBat was trained on the replication HC and applied to the replication transdiagnostic
patient group to mitigate site effects in the replication dataset. The SVM validation model

that was trained on the discovery data was then applied to the replication data.

We externally validated the neuroanatomically based PRONIA clusters using the developed
SVM model, in three MRI datasets of patients with chronic schizophrenia (Centre for
Biomedical Research Excellence (COBRE) and Mind Clinical Imaging Consortium (MCIC)
and chronic depression (Munich (MUC)) in an accelerated longitudinal design framework

(see supplementary methods 1.9 and 1.10).
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Predictive Utility

We trained SVM models using symptom and blood-based biomarker data to predict symptom
recovery (as defined by a Global Assessment of Functioning-Symptom (GAF-S) score of
>61) (Recovery from Schizophrenia, 2007) at 9 months. To assess the predictive utility within
the neuroanatomically based clusters and within ROP and ROD groups we trained 4 different
SVM models (one for each different diagnosis ROP/ROD/Cluster 1/Cluster 2) and compared
their predictive accuracy in terms of area under the ROC curve, balanced accuracy,
sensitivity and specificity. Details can be found in the supplement (1.8). A detailed figure of

the analysis pipeline can be seen in figure 1.

Results:

Demographic Information

One hundred fifty-five participants with ROP, 147 patients with ROD, and 275 HC from the
discovery sample were included in the HYDRA semi-supervised machine learning analysis.
The mean age of the ROP group was 25.3 [SD 5.5], the mean age of the ROD group was 25.9
[SD 6.2]), and the mean age of the HC was 25.5 [SD 6.4]. The ROP group consisted of 96
male and 59 female patients, the ROD group had 66 male and 81 female patients, and the HC
group had 107 male and 168 female participants. A summary of sociodemographic and
clinical information is provided in table 1. Sociodemographic and clinical information for the
PRONIA replication and external validation samples (COBRE, MCIC, and MUC) is

provided in the supplement (1.9).

HYDRA Semi-Supervised Machine Learning Analysis

The optimal clustering solution was two transdiagnostic clusters (Cluster 1, n=153, 67 ROP,

86 ROD and Cluster 2, n=149, 88 ROP, 61 ROD, ARI: .618). Patients in cluster 1 had a mean
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age of 26.2 [6.2] and the ones in Cluster 2 had a mean age of 24.9 [5.4]. There were 78 male
and 75 female patients in cluster 1 and 84 male and 65 female patients in cluster 2. The two
clusters did not differ in terms of age (p=.071), sex distribution (p=.358), total intracranial
volume (p=.144), or medication exposure and differed in terms of original diagnosis
distribution (p=.008). A sociodemographic and clinical description of the two clusters can be

found in table 1.

Cluster Statistical Significance

The clusters were statistically significant 1) in terms of whether they would be different than
if there was no disease related variability present (p=.010), 2) in terms of whether the disease
structures were different (p<.001), and 3) in terms of whether the data could be better
explained by a single Gaussian distribution (p<.001) suggesting that our data could not be
explained in terms of a single Gaussian (continuous) distribution assuming a dimensional
severity model. Details of the statistical significance tests can be found in the supplement

(1.11).

Clinical Characteristics Associated with Neuroanatomically based clusters

Cluster 2 revealed a more severe symptom presentation compared to cluster 1 with
significantly higher scores in the positive (t(287)=-2.8, p=.020), negative (t(287)=-2.2,
p=.040), and general (t(287)=-2.7, p=.010) PANSS domains. Patients in cluster 2 had higher
negative symptoms in SANS symptoms of affective flattening (t(284)=-2.7, p=.010), alogia
(t(282)=-3.0, p=.020), and attention deficit (t(255)=-2.2, p=.040). Patients in Cluster 2 also
showed worse functioning (Global Functioning-Role) (t(291)=-2.3, p=.030). There were no
statistically significant differences between the two clusters in terms of neurocognition or
blood-based biomarker data in univariate analysis. All p values have been fdr corrected. See

supplement tables S5, S6, and S7. In supplementary multivariate SVM analysis our
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neuroanatomically based clusters were separable using cognitive data (BAC: 56.6%,
sensitivity: 57.5%, specificity: 55.7%, AUC: 0.58, p=0.01). Patients in cluster 2 mainly
exhibited worse cognitive performance in a visual recognition and recall task (Rey—Osterrieth
complex figure) and patients in cluster 1 mainly performed worse in verbal memory tasks
(Rey Auditory Verbal Learning Test) (See supplementary figures S6, S7, and S8). The two
clusters were also separable (BAC: 58.7%, sensitivity: 54.9%, specificity: 62.4%, AUC: 0.59,
p=0.01) in blood-based biomarkers, with patients in cluster 2 having elevated levels of CRP

and TNFa (See supplementary figures S9, S10, and S11).

VBM analysis of neuroanatomically based clusters

We conducted a VBM analysis for the purpose of demonstrating the brain regions that the
two clusters differed in. Here, Cluster 2 exhibited widespread GMV loss compared to Cluster
1 and also compared to HC in areas including the Superior Temporal Gyrus, the Cingulate
Gyrus, and the Thalamus among others. Cluster 1 revealed increased GMV compared to HC
in cerebellar areas. These results can be seen in figure 2 and in the supplement (tables S7 and

S8 and figure S2).

Independent and External Validation

In independent validation the two-cluster model showed generalisability in the PRONIA
replication sample with patients classified into the two clusters in the replication sample
showing similar clinical and neuroanatomical patterns to the ones from the discovery sample
(supplement section 1.18). When externally applied to the MCIC and COBRE (chronic
schizophrenia) and MUC (chronic depression), patients from datasets with a higher mean of
age and/or longer duration of illness were, more often placed in Cluster 2 as indicated by
negative decision scores. The effects of duration of illness and age were statistically

significant, F (2,278) = 27.88, p<.001. Post hoc analyses using the Tukey HSD post hoc
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criterion for significance indicated that the mean decision score was significantly lower in the
MUC group compared to the MCIC (p<.001). Mean decision score differences between the
MCIC and COBRE (p=.078) showed a trend towards statistical significance. The results can

be seen in table 2.

Prognostic Validation

Within the neuroanatomically based clusters, stacking a blood-based biomarker (IL1ra, CRP,
TNFa, BDNF, and TGFB) SVM model to a symptom data (baseline PANSS, BDI, and GAF-
S individual item scores) SVM model (i.e., a combined model) increased accuracy for
predicting symptomatic recovery at 9 months (GAF-S) with BAC of 71.2% for cluster 1 and
57.0% for cluster 2. This outperformed a similar stacked blood-based biomarker and
symptom data SVM model predicting GAF-S in ROP and ROD groups (table 3). A Kruskal-
Wallis H test showed that there is a statistically significant difference between the outer
cross-validation folds (CV2) BAC of the different models H (3)=22.9, p<0.001. Post-hoc

Mann-Whitney U test results can be found in the supplement (1.13).

Discussion

In this study, we identified two transdiagnostic clusters across psychosis and depression,
using semi-supervised machine learning and neuroanatomical data in a large sample of recent
onset depression and psychosis patients. Both clusters contained similar numbers of patients
with depression and psychosis, however they were clinically distinct, with one cluster being
characterized by more general and negative symptom loading and functional impairment,
widespread GMYV loss, (hereafter called the “impaired” cluster) and one cluster characterized
by fewer symptoms, less GMV loss, and less functional impairment but more ‘core’
depressive symptomatology (hereafter called the “preserved” cluster). The neuroanatomically

based clusters were generalizable to a replication sample and further externally validated in
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three datasets of patients with chronic illness. Patients with chronic illness, with a higher
duration of illness and mean age, were more likely to be classified into the impaired cluster.
We were further able to demonstrate that SVM learning models using clinical and blood-
based biomarker data to predict symptom remission at 9 months showed a higher accuracy in

the neuroanatomically derived clusters compared to traditional diagnostic categories.

The precise aetiology of mental illnesses including psychosis and depression remains elusive
despite decades of research, with a stagnation in advance of new pharmacological and
psychotherapeutic treatments (Brand et al., 2015; Dean & Keshavan, 2017; Radua et al.,
2018). Our results suggest that current diagnostic categories, particularly in early stages of
illness, may mask transdiagnostic phenotypes which include an identifiable group with
greater impairment and poorer chance of remission across disorders. In our impaired cluster,
patients had reduced GMV in areas that have been identified as central to the disease
processes of both schizophrenia and depression, such as the superior temporal gyrus, the
anterior cingulate, the insula, and the thalamus (Gray et al., 2020; Kempton et al., 2011;
Schmaal et al., 2017; van Erp et al., 2018). In our analysis, a significant number of patients
with depression, who may be perceived as having a less severe illness and better prognostic
outlook than patients with psychosis, were ascribed to the impaired phenotype, suggesting
that they are on a path towards poor outcome. Conversely, a significant number of patients
with psychosis were not assigned to the impaired group, and therefore potentially have an
identifiable early signature of good prognosis, which was further indicated by the fact that
predicting 9-month symptomatic outcomes in that group was more accurate than traditional

diagnostic groupings.

Categorical diagnoses have survived because some individuals (specifically those with
chronic established illness) do indeed fit within these nosological entities and more valid

solutions remain elusive to date (Potuzak et al., 2012). However, within the scope of affective
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and non-affective major psychiatric diseases, the Kraepelinian dichotomy of dementia
praecox and manic-depressive psychosis has long been challenged. Studies have shown that
our understanding of the clinical and neurobiological distinction between disorders may be
particularly challenging during early phases of illness (Birchwood et al., 2005; Craddock &
Owen, 2010; Lalousis et al., 2021; Upthegrove et al., 2017). The concept of affective
disorders as a differential diagnosis for psychosis, particularly in the early years of illness is
waning, with recent research suggesting a central and causal role for depression in the
pathogenesis of psychosis and mutual biological underpinnings. This further challenges the
distinction between affective and non-affective pathways to psychosis (Craddock & Owen,
2010; Herniman et al., 2021; Lalousis et al., 2021; Upthegrove et al., n.d.). Fischer and
Carpenter (Fischer & Carpenter, 2009) suggest that reducing heterogeneity in syndromes is
essential to decisively address the Kraepelinian dichotomy. Despite the fact that dementia
praecox does not directly map to non-affective psychosis, the Verriicktheit (chronic non-
affective psychoses) made distinct in Kraepelin’s first Edition (1883) led to the
(mis)understanding that schizophrenia was non-affective (Kendler, 2020). The impaired
cluster which contains both patients with schizophrenia and depression has more cognitive
symptoms and a brain signature that is identified in our chronic replication sample. Deficit
schizophrenia is a concept introduced over 30 years ago to reduce clinical heterogeneity and
suggests the existence of a homogeneous schizophrenia subtype with persistent trait negative
symptoms (Carpenter et al., 1988). The impaired cluster we identified could be characterized
as a transdiagnostic deficit cluster across depression and psychosis due to its higher load of
negative symptoms, a previously proposed marker of the deficit syndrome across diagnoses
(Peralta & Cuesta, 2003). Furthermore, our findings of greater GMV reduction in the
impaired cluster corroborate previous research which identified temporal GMV reduction as a

marker of very poor outcome (Mitelman & Buchsbaum, 2007). Our neuroanatomically
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derived clusters contained both patients with depression and psychosis in recent onset,
replicated in our independent PRONIA sample. This suggests lack of diagnostic hierarchy
across depression and psychosis, and that some syndromes may hold equal weight in
association with poor outcome regardless of relationship to diagnosis. These results add to the
challenge of the separation between affective and non-affective psychoses with affective and
psychotic diagnostic groups featuring in both clusters; corroborating previous studies which
found that high affective symptom scores were equally common in patients with affective and
non-affective psychosis and question the clinical validity of such a distinction (van Os et al.,

2000).

Our results support the common biological susceptibility model of psychiatric disorders and
suggest that the biological underpinnings of disease course, at least in depression and
psychosis, may be related to transdiagnostic mechanisms, which are potentially hidden by
current nosological systems. A similar transdiagnostic model has previously been reported in
genomic research, which has shown a certain degree of overlap in the biological
susceptibility to mental illness across mood and psychotic disorders; evidence of a
transdiagnostic biological cause of major psychiatric disorders is evident with the
identification of genetic variants that confer a transdiagnostic risk for bipolar, major
depressive disorder, and schizophrenia related to the Major Histocompatibility Complex
featuring in both schizophrenia and depression genome wide association studies (Li et al.,
2019; Mokhtari & Lachman, 2016). Our finding that elevated pro-inflammatory cytokines
add to predictive accuracy of poor outcome in an impaired phenotype suggest that this
genomic immune influence may be ongoing in those on a path to poor outcomes.
Schizophrenia GMV deficits in the hippocampus, temporal gyrus, and cerebellum are
associated with genetic factors such as SATB2, GABBR2, and CACNA1C (Luo et al., 2019).

A common genetic basis between risk for altered brain structure and neuro-psychiatric
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disorders has been conferred by findings of risk variant enrichment associations with brain
structural phenotypes across diagnoses (Mufford et al., 2017). Our results suggest a
transdiagnostic cluster of GMV impairment suggestive of common biological underpinnings
for poor outcome across depression and psychosis with potentially more valid structures than

traditional diagnostic categories for use in predicting symptomatic remission.

Heterogeneity and co-morbidity may be especially pronounced in the early stages of these
disorders; this creates diagnostic uncertainty and difficulties in predicting disease and
treatment course (Baca-Garcia et al., 2007; Keshavan & Brady, 2011; Koutsouleris et al.,
2015; Pope et al., 2013; Salvatore et al., 2013). Our results suggest that a bottom-up approach
based on neurobiological data may be more reliable in the elucidation of patients with
potential for greater impairment and offer a potential future solution for the diagnostic
challenges of mental illness. Our external validation findings show that the impaired cluster
potentially identifies patients who are on a path to chronic illness from early stages of illness,
given that the majority of patients in the external validation sample with chronic illness fell
into the same cluster as our impaired group. This has potentially significant clinical
implications in terms of personalised treatment and focused recovery interventions. The fact
that patients from chronic samples with a higher mean age and illness duration were more
likely to be assigned to the impaired cluster could be an indication that our neuroanatomically
based clusters identify an accelerated transdiagnostic brain aging effect in recent onset
samples, corroborating previous brain age studies (L. K. M. Han et al., 2020; Schnack et al.,

2016).

Strengths and Limitations

The present analysis includes several strengths including a large dataset with rich clinical,

neurocognitive, biomarker, and imaging data from both recent onset psychosis and
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depression groups, independent and external validation, as well as significance testing of our
clustering solutions (e.g. by testing whether the data could be better explained by a Gaussian
distribution which assumes a dimensional severity explanation of the data). Furthermore, the
technique we used for the identification of subgroups (HYDRA), offers a solution to issues
that are usually associated with clustering based on unsupervised machine learning models
which are built on biological data such as the detection of groups that may reflect underlying
nuisance variance such as age, gender, body type, and common ancestry (genetics) (Dinga et
al., 2019). Nevertheless, our results should be interpreted with caution as there are certain
limitations. Due to the nature of our recent onset sample and using a healthy control sample
as a reference group in the semi-supervised model, there is a risk that the differences between
the groups are not as marked as would be seen in more chronic cases. We addressed that
limitation by performing permutation tests to robustly assess the significance of the identified
clusters. Furthermore, our models were developed in recent onset patients with a significantly
lower mean age than that of our external validation samples. We addressed that limitation by
following a robust pipeline that removed the age and site effects while retaining the disease
variance in the data. Although we developed an accelerated longitudinal design with the use
of recent onset and chronic samples and had a 9 month follow-up for prediction of symptom
remission, definitive findings would need large longitudinal datasets with repeated measures,
such as functional outcome, over many years. Finally, we only used neuroanatomical features
to parse neurobiological variance among complex clinical presentations. Psychiatric illness is
not a single variable problem and we have addressed that by examining whether the brain-
based clustering solution is reflected in the phenotypic, cognitive, and inflammatory levels.
Future studies should consider using multiple biological measures and larger population-level
data to encompass the pleiomorphic nature of clinical entities such as depression and

psychosis.
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Conclusions

Using semi-supervised machine learning, we were able to identify two neuroanatomically
based transdiagnostic clusters. One cluster was characterized by an impaired functional and
neurocognitive profile and greater symptomatic loading and GMV loss while the other cluster
was characterized by a more preserved neuroanatomical and reduced symptom signature. Our
distinct impaired cluster included patients with depression and psychosis and may provide
insight into transdiagnostic aetiopathogenetic pathways of chronicity and poor outcome. The
identified clusters have been derived in recent onset samples using structural MRI and could
eventually lead to the development of MRI-based prediction and decision-making tools. In
external validation, older patients with longer duration of schizophrenia and depression were
assigned in the impaired cluster suggesting a potential identifiable transdiagnostic signature
of chronicity and path to poor outcome at the early disease stages. Using clinical and blood-
based biomarker data, we were able to predict symptomatic and functional remission more
accurately in the derived clusters compared to traditional diagnostic groups. Whilst such
challenge to current diagnostic structures will need significant further replication and longer
follow-up, identifying a transdiagnostic signature of poor prognosis has the potential to aid

new and targeted treatment strategies across early stages of mental disorder.
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Figure 1: Analysis Pipeline Overview. This figure provides an overview of the analysis
pipeline undertaken in this study. ROP and ROD patients were combined into one
transdiagnostic group and ComBat was trained on HC and applied to the patients in order to

remove site related variance from the data. The HC and the patient data were then entered
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into the HYDRA algorithm with age, sex, and T1V, added as covariates. HYDRA was trained
using a repeated hold-out cross-validation strategy (i.e., 1000 repetitions with 80% of the data
for training in each repetition). The clusters were validated in the PRONIA replication sample
and the three external datasets. Identified clusters were assessed for statistical significance
and were then analyzed for clinical and VBM differences. Furthermore, the predictive utility

of the clusters was assessed.
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Research in context

Evidence before this study There have been inconsistent findings in the identification of
inflammatory subgroups of schizophrenia, and this may be the result of using traditional
statistics or clustering methods which are vulnerable to underlying variance of age, gender,
body type etc and fail to capture the potential heterogeneity within inflammation in
schizophrenia. We searched PubMed with the terms “cluster” “inflammation”
“schizophrenia” and “heterogeneity” on 16/02/2022. We found four studies in English which
examined subgroups of schizophrenia and markers of inflammation. One study used
inflammatory markers to distinguish individuals with schizophrenia and bipolar disorder.
Another study analysed induced pluripotent stem cells carrying 22g11.2 deletion and
examined inflammation markers in post-mortem brains. One review discussed the need to
reduce heterogeneity in pathophysiological mechanisms such as inflammation in order to
construct successful aetiopathogenetic models. Finally, a randomised controlled trial

identified a subtype of schizophrenia associated with a specific inflammatory signature that

was associated with symptomatological severity and higher odds of non-remission.

Added value of this study To our knowledge this is the first study to apply semi-supervised
machine learning clustering to inflammatory serum data in patients with schizophrenia, with
a large sample and exploration in an external dataset. We demonstrated multiple
inflammatory clusters with distinct neuroanatomical profiles: 1) Low inflammation, 2)
elevated CRP, 3) elevated IL6/IL8, 4) elevated INF- y and 5) elevated IL-10. The 1L6/8
cluster had the most widespread grey matter volume loss and greatest cognitive deficit. The
IFN-y cluster was the most structurally and functionally preserved. The Low inflammation

and CRP clusters were identified in our external, younger sample.
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Implications of all the available evidence We confirm that elevated cytokines are found in
large portion of people with schizophrenia and that multiple subsets of inflammatory groups
within schizophrenia can be distinguished. There may be multiple potentially causal
inflammatory pathways relevant to schizophrenia with an inflammatory cluster characterized
by increased CRP levels more evident in early years of illness and a cluster characterized by
increased IL6/IL8 levels found in chronic patients, which is linked to structural brain deficits.
This offers potential stage specific targets for further experimental medicine study and novel

treatments.
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Abstract

Introduction: Immune system dysfunction is implicated in the aetiology of schizophrenia,
and may be related to gray matter volume (GMV) reduction. However not all patients with
schizophrenia show evidence of inflammation. Attemps to identify an immune active
subgroup using conventional clustering methods in relatively small samples have produced
inconsistent results. We aimed to use an advanced clustering technique to examine the

heterogeneity of inflammatory groups within a large sample of patients with schizophrenia.

Method: HYDRA (HeterogeneitY through DiscRiminant Analysis) was used to separate
patients with chronic schizophrenia (n=467) from healthy controls (HCs) (n=600) and define
disease-related subgroups based on eight serum cytokines and c-reactive protein (CRP), in
the Australia Schizophrenia Research Bank (ASRB). We tested GMV alterations and
neurocognitive deficits in identified clusters. The Benefits of Minocycline on Negative
Symptoms of Schizophrenia (BeneMin) sample was used to test whether identified clusters

could be detected in a younger sample.

Outcomes: An optimal clustering solution revealed five main groups (Low Inflammation,
elevated CRP, elevated 11-6/1L-8, elevated IFN-y, and elevated IL-10) with an adjusted Rand
index of 0.573. When compared with the healthy controls, the IL-6/1L-8 cluster showed the
most widespread, including anterior cingulate GMV reduction. The IFN-y inflammation
cluster showed the least GMV reduction and impairment of cognitive performance. The two
largest clusters (CRP and Low inflammation) were also identified in the younger BeneMin

sample.

Interpretation: We identified five clusters of schizophrenia with distinct immune signatures,

associated with differing GMV and neurocognitive function. The identification of
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inflammatory subgroups has the potential to inform the development of novel, targeted

treatments in schizophrenia.
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Introduction

Immune system dysfunction is implicated in the aetiology of schizophrenia, with circulating
cytokines such as interleukin (IL)-6, IL-1p, interferon gamma (IFN)-y, tumor necrosis factor
alpha (TNF)-a, IL-12 and transforming growth factor beta (TGF)-P detected at elevated
levels before the onset of psychosis and before treatment initiation(Khandaker et al., 2015; B.
J. Miller et al., 2011; Noto et al., 2015; Perkins et al., 2015; Upthegrove et al., 2014).
Additionally, longitudinal studies have reported an association between higher adolescent C-
reactive protein (CRP) levels and later development of schizophrenia(Metcalf et al., 2017)
with a causal role of immune dysfunction suggested by genetically determined levels of IL-6
associated with schizophrenia using mendelian randomisation(Perry et al., 2021) and copy
number variants in C4 associated with increased risk of schizophrenia(Sekar et al., 2016).
Genome wide association studies also show evidence of risk for schizophrenia related to the

Major Histocompatibility Complex (MHC)(Li et al., 2019; Mokhtari & Lachman, 2016).

Peripheral inflammation, as measured by cytokines and acute phase proteins, has been
associated with reduced gray matter volume (GMYV) in the hippocampus, orbital frontal
cortex, inferior frontal gyrus, middle frontal gyrus, and cingulate cortex in people with
schizophrenia(Fillman et al., 2016; B. J. Miller et al., 2014; North et al., 2021; Wu et al.,
2019). Cortical thickness may be differentially affected by immune changes, with total
cortical volume negatively associated with elevated IFN-y and IL-5 in patients with first
episode of psychosis (FEP)(Laskaris et al., 2021). Furthermore, elevated CRP and pro-
inflammatory cytokines have been associated with significant cognitive impairment in
patients with schizophrenia(Bulzacka et al., 2016; Fillman et al., 2016; Johnsen et al., 2016;

Misiak et al., 2018; North et al., 2021).
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It is likely that increased inflammation may be found in only a subgroup of patients with
schizophrenia. However, the current evidence is mixed; Pillinger et al. found no evidence of a
bimodal variation in cytokines in first episode schizophrenia, proposing that alterations in the
immune system may be a core feature across all psychoses(Pillinger et al., 2019). Fillman et
al. demonstrated the existence of two (elevated/low pro-inflammatory cytokine transcript)
inflammatory schizophrenia subgroups with the elevated cytokine group having worse verbal
fluency and reduced GMV in Broca’s area but no differences in clinical symptoms(Fillman et
al., 2016). Boerrigter et al. identified three (very elevated/elevated/low pro-inflammatory
cytokine) inflammatory subgroups in people with chronic schizophrenia(Boerrigter et al.,
2017) and Tamouza et al. reported two cytokine subgroups; (elevated/low pro-inflammatory)

in patients with schizophrenia(Tamouza et al., 2021).

The inconsistency of findings may result in part from variation in patient samples, or with
multiple inflammatory mechanisms operating at different stages of illness, which are not
currently revealed by traditional analytical approaches and/or small sample sizes that result in
reporting broad quantitative differences (e.g. low vs high). The use of advanced statistical
methods including clustering, in larger samples is needed to identify subgroups characterised

by qualitatively distinct inflammatory profiles.

Most clustering studies in this field to date have employed two-step hierarchical clustering
with relatively small samples and few have performed external validation(Boerrigter et al.,
2017; Fillman et al., 2016; Tamouza et al., 2021). Advanced clustering analysis methods have
the potential to uncover inflammation subgroups in schizophrenia which may reflect
differential pathological processes and aid the stratification of novel treatment targets(Varol
etal., 2017). We used the novel semi-supervised machine learning tool, HeterogeneitY
through DiscRiminant Analysis (HYDRA)(Varol et al., 2017) with the aim of identifying

subgroups of patients with schizophrenia characterised by distinct inflammatory profiles, and
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investigating their neuroanatomical and neurocognitive correlates. In contrast to non-linear
kernel classification methods which do not provide explicit information on disease subtypes
HYDRA captures multiple dimension of heterogeneity by varying numbers of hyperplanes.
Each hyperplane separates healthy controls from patients and then creates between-patient
clusters, providing information about the distinct disease processes that drive the

heterogeneity of the data.

We hypothesized that multiple inflammatory subgroups would be identified, and that those
groups with an elevated inflammatory profile would have less GMV and poorer cognitive
function. We aimed to extend our clustering solution in an external data set of participants at

an earlier stage in schizophrenia, to reveal potential stage-specific insights.

Methods

Participants

This study used data from the Australia Schizophrenia Research Bank (ASRB) comprising
1067 participants: 467 patients with chronic schizophrenia and 600 healthy controls (HCs).
The exclusion criteria were organic brain disorder, brain injury with greater than 24 hours
post-traumatic amnesia, learning disability (1Q <70), movement disorders, current diagnosis
of substance dependence, electroconvulsive therapy received in the last 6 months and, for

controls, a personal or family history of psychosis or bipolar 1 disorder.

Blood-Based Biomarker Data

A 40 mL whole blood sample was collected drawn under non-fasting conditions at various
times and collected into Serum Separator Tubes (SST, BD Biosciences). The tubes were
inverted and left at room temperature for 30 minutes (to allow clotting) and centrifuged at
2000g for 5 minutes at 4°C. In the BeneMin dataset plasma inflammatory markers were

aliquoted and frozen within 4 h. See previous publications(Loughland et al., 2010; North et
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al., 2021) and supplementary methods for further details and BeneMin blood-based

biomarker sampling and data analysis (1.1).

MRI imaging data acquisition, quality control, and preprocessing

Structural magnetic resonance imaging (SMRI) data were available for 296 participants: 195
patients and 101 HCs. sMRI brain scans were performed using a standard data acquisition
protocol on Siemens Avanto 1.5 Tesla scanners located across Australia. See supplementary

methods for full details of acquisition (1.2).

The T1-weighted (MPRAGE) images consisted of 176 1 mm thick sagittal slices per brain
without gap; field of view = 250° - 250 mm; repetition time/echo time = 1980/4.3 ms; data
matrix size = 256°-256; voxel dimensions = 1.0°-1.0°-1.0 mm. All scans underwent quality
control and those with movement artefacts and/or brain lesions were excluded. The images
were processed using the open-source CAT12 toolbox (version r1155;
http://dbm.neuro.uni.jena.de/cat12/) (see supplementary methods 1.2). Whole-brain GMV

measures were used.

The details of the MRI processing steps can be found in the CAT12 toolbox manual

(http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf) In short these steps consist of:

1) A 1st denoising step based on Spatially Adaptive Non-Local Means (SANLM)

filtering.

2 An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus achieves

a homogeneous segmentation across cortical and subcortical structures.
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3) A 2nd denoising step using Markov Random Field approach which incorporates
spatial prior information of adjacent voxels into the segmentation estimation generated by

AMAP.

4 A Local Adaptive Segmentation (LAS) step, which adjusts the images for white
matter (WM) inhomogeneities and varying gray matter (GM) intensities caused by differing
iron content in e.g. cortical and subcortical structures. The LAS step is carried out before the

final AMAP segmentation.

(5) A Partial Volume Segmentation algorithm that is capable of modeling tissues with
intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is applied

to the AMAP-generated tissue segments.

(6) A high-dimensional DARTEL registration of the image to a MNI-template generated
from the MRI data of 555 healthy controls in the IXI database

(http://www.braindevelopment.org).

@) The GM maps were then multiplied with the Jacobian determinants that were obtained

during registration in order to produce GM volume maps.

(8) The Quality Assurance framework of CAT12 was used to check the quality of the

GMV maps.

Neurocognition

Premorbid 1Q was assessed using The Wechsler Test of Adult Reading (WTAR)(Kreutzer et
al., 2011). The Repeatable Battery for the Assessment of Neuropsychological Status
(RBANS)(Randolph et al., 1998) and the Wechsler Adult Intelligence Scale—Third Edition

(WAIS-I111) Letter Number Sequencing (LNS) subtest (age-adjusted scaled scores)(Kreutzer
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et al., 2011) were used to examine a range of neurocognitive performance. Patients with

missing data were excluded from statistical analyses.

External Dataset:

We used the baseline cytokine, clinical, cognitive and demographic data from 199 patients
who had participated in the Benefit of Minocycline on Negative Symptoms of Psychosis:
Extent and Mechanism (BeneMin) trial for exploration of our clusters in an external dataset.
BeneMin is described in full in(Deakin et al., 2018) but in brief, the participants were within
5 years of onset of first episode of schizophrenia, schizophreniform, or schizoaffective

psychosis. See supplementary methods for full details (1.1).

Semi-Supervised Machine Learning Analysis:

We used the python version of HYDRA (https://github.com/anbail06/pyHYDRA) (Varol et

al., 2017) in the ASRB data to simultaneously classify patients from the HCs, and partition
patients into clusters based on disease-related heterogeneity using CRP, IFN-y, IL-10, IL-12,
IL1-B, IL-2, IL-6, IL-8, and TNFa. HYDRA(Varol et al., 2017) utilizes a convex polytope
formed by combination of multiple linear max-margin classifiers; i.e. multiple support vector
machines (SVM). It dissects disease heterogeneity by portioning patients into groups based
on the patterns or transformations between sub-populations (i.e., clusters) in the patient group
as distinct from the reference group (i.e., healthy controls). Furthermore, HYDRA models

regress out entered covariates, such as age and sex.

Model Training

We used the nine aforementioned cytokines/acute phase response protein from 1067
participants (467 patients and 600 HCs) in the ASRB data set. HYDRA was trained using a

repeated hold-out cross-validation strategy (i.e., 1000 repetitions with 80% of the data for

99


https://github.com/anbai106/pyHYDRA

training in each repetition). Age, sex, site, and time the samples spent in the freezer were
included as covariates. HYDRA was run requesting 2 to 8 clustering solutions, and the

Adjusted Rand Index (ARI) was used to measure cluster stability.

The statistical significance of clusters was assessed in two ways. First, we assessed whether
the obtained subgroups were different from those which would be found if disease-related
variability was not present by comparing the observed ARI to a null distribution of ARI. We
created a null distribution of ARI by randomly assigning HC samples (n=600) to an HC
group and pseudo-patient group and performing a HYDRA analysis 100 times using the
aforementioned repeated hold-out cross-validation strategy. We then compared the two
distributions using a two-sample t-test. Secondly, we also assessed whether the data could be
better explained by a single Gaussian distribution by employing SigClust (1000

simulations)(Huang et al., 2015) (https://github.com/pkimes/sigclust2). SigClust tests the null

hypothesis that the data are from a single Gaussian distribution by using a test statistic called
the cluster index (Clustl). The Clustl is defined as the sum of within-class sums of squares
about the mean divided by the total sum of squares about the overall mean. The null
distribution of the Clustl is approximated by simulating from a single Gaussian distribution

estimated from the data.

Cluster Characterization

To aid the description of the clusters resulting from the HYDRA output we tested if
inflammatory and neurocogpnitive profiles differed according to subgroup, and we
interrogated confounds that were regressed out in the HYDRA model (age, sex, site, and time
the samples spent in the freezer). Identified clusters were compared in terms of their cytokine
levels, demographics, and neurocognitive performance using one-way ANOVA models

corrected for multiple comparisons (Tukey’s HSD).
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Neuroanatomical differences were examined using voxel-based morphometry (VBM) (two
sample t-tests of each cluster vs the HCs and a voxel-wise F test between identified clusters
without the HCs, with age, sex, TIV, and site included as covariates, SPM12). All models

were false discovery rate (FDR) corrected for multiple comparisons and a minimum cluster

extent of k=30 was applied.

Cluster Solution Generalizability

In order to be able to test the generalisability of the cluster solution to the BeneMin dataset,
first we developed a SVM model to predict subgroup membership in the ASRB dataset. The
resulting SVM model was then applied to the BeneMin dataset. Ensemble-based probability
(EBP), a measure of the probability an individual belongs to a cluster, was used to test the
probability of a BeneMin participant falling into one of the ASRB identified clusters. Further
details about the SVM parameters can be found in the supplement (1.4). Identified clusters
were compared on demographic data, length of illness and neurocognitive performance using

one-way ANOVA models.

Role of the funding source

The funders had no role in study design, data collection, data analysis / interpretation, or
report writing. The corresponding and senior authors had full access to study data. The

corresponding author had final responsibility for the decision to submit for publication.

Results

Demographic Information

The mean age of the ASRB HC group was 43.5 years [SD 13.1] and the mean age of the
patient group was 39.5 years [SD 10.9]. The HC group consisted of 240 male and 360 female

patients and the patient group had 303 male and 164 female participants. A summary of
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sociodemographic and clinical information is provided in table 1. The mean age of the
patients in the BeneMin external datasest was 25.6 years [SD 5.2]. One hundred and forty six

patients were male and 53 were female.

HYDRA Semi-Supervised Machine Learning Analysis

The optimal clustering solution was eight clusters with an ARI 0.573. Due to very small
number of patients in clusters 6-8, which would prohibit any meaningful conclusions, they
were omitted from further analyses. Clusters 1-5 did not differ in terms of age (p=.611) or
site distribution (p=.358), but did differ in terms of time the samples spent in the freezer
(Cluster 1<Cluster 2; p=.002) and sex distribution, with more females in HCs (p=.021).

Sociodemographic and full cytokine profiles of each clusters can be found in Table 1.

Cluster Statistical Significance

The clustering solution was significantly different from a clustering solution derived from
HCs (p<.001) and the subgroup solution was more likely than an underlying Gaussian
solution (p<.001). This means that the clusters identified do not exist in HCs and are
specifically related to disease related inflammation and that the data distribution is not

unimodal but rather that separable clusters exist within the dataset. See supplement (1.5).

Inflammatory Characteristics Analysis

For clusters 1-5 we assigned labels that depicted the most notable inflammatory changes in
each group (see Table 1). Cluster 1 (Low Inflammation n=142) was characterised by
statistically significant lower levels of cytokines and CRP (CRP, IFN-y, IL-10, IL-12p70, IL-
2, IL-6, and IL-8 respectively), compared with the HC group (F(5, 1056) = 133.3, p<.001; F
=33.8, p<.001; F = 20.3, p<.001; F = 23.1, p<.001; F = 12.8, p<.001; F = 16.5, p<.001; F =

113.9, p<.001) and the rest of the patient clusters (F(4, 456) = 151.8, p<.001; F = 63.9,
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p<.001; F = 28.7, p<.001; F = 27.5, p<.001; F = 22.3, p<.001; F = 22.3, p<.001; F = 193.1,
p<.001). Cluster 2 (CRP cluster; n=121) had significantly elevated levels of CRP compared
with the rest of the clusters (F(4, 456) = 151.8, p<.001) and the HCs (F(5, 1056) = 133.3,
p<.001). Cluster 3 (Classic Inflammation cluster; n=82) demonstrated elevated levels of IL-6
and 1L-8 compared with the HCs (F(5, 1056) = 16.5, p<.001; F = 113.9, p<.001) and all the
other patient clusters (F(4, 456) = 22.3, p<.001; F = 193.1, p<.001). Cluster 4 (IFN-y cluster;
n=80) exhibited significantly elevated IFN-y levels compared with the HCs (F(5, 1056) =
33.8, p<.001 and all other patient clusters (F(4, 456) = 63.9, p<.001. Cluster 5 (Anti-
Inflammatory cluster; n=32) exhibited elevated IL-10 levels compared with the HCs (F(5,
1056) = 20.3, p<.001 and all other patient clusters (F(4, 456) = 28.7, p<.001. See Table 1 and

supplement 1.6 for post-hoc comparisons.

VBM analysis of neuroanatomically based clusters

Within the diagnosis of schizophrenia, Clusters 1-5 all had temporal and hippocampal GMV
reduction compared to HCs. The Classic Inflammation cluster (Cluster 3) showed the greatest
and most widespread GMV reduction, including the anterior cingulate. The IFN-y cluster
(Cluster 4) exhibited GMV increases in the precentral gyrus. See Figures 1-3, supplementary
Tables 1-5. When all inflammatory clusters were compared with each other, decreases in the
inferior temporal gyrus, dorsolateral superior frontal gyrus, and postcentral gyrus were
observed in the CRP and Classic Inflammation clusters. See supplement 1.7 for further

details.

Neurocognitive differences

Univariate ANOVAs for each neurocognitive domain (RBANS immediate
memory/constructional/language/attention/delayed memory/total domains, WTAR, WASI

matrix reasoning, WASI 1Q equivalent, LNS respectively) showed a main effect of group in
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all domains (F(5,1046) = 100.2; F =22.7; F=56.7; F=98.6; F =81.3; F=138.6; F=22.0 F
=52.2; F=50.1; F=70.0; F =54, all p values <.001). Post-hoc analyses using the Tukey
HSD post-hoc criterion (a=0.05) for significance showed that patients in all clusters had
significantly lower scores in all domains compared with the HCs, apart from the premorbid
functioning domain where differences between patients in the IFN-y cluster and HCs showed

a trend towards statistical significance (p=0.076).

Repeating the univariate ANOVAs without the HCs, in order to assess differences between
schizophrenia clusters on neurocognitive performance, we observed a trend towards a
significant main effect of group in the following domains: premorbid functioning (F(4,446) =

2.12, p=.077) and verbal memory (LNS) F(4,447) = 2.16, p=.072.

The Low and Anti-Inflammatory clusters both had low/normative cytokine and CRP levels
and could be considered to both be part of the same low cytokine group, thus were combined
to increase statistical power for the purposes of comparing the neurocognitive performance
tests with the inflammatory clusters 2-4. Main effects of cluster were observed in the
following neurocognitive domains: language processing (RBANS language), F(3,447) = 3.92,
p=.009; attention (RBANS attention), F(3,446) = 3.73, p=.011; verbal working memory
(LNS), F(3,448) = 2.87, p=.036, and premorbid functioning (WTAR), F(3,446) = 2.76,
p=.041. Post-hoc comparisons are given in the supplement (1.7).Overall, the IFN-y cluster

showed the least neurocognitive dysfunction compared with the rest of the clusters.

External Dataset Cluster Exploration

Two main clusters were detected in the BeneMin dataset: Low inflammation cluster (n=149;
(mean EBP: .95 [SD .00) and the CRP cluster (n=48; mean EBP: .98, [SD .00]. The anti-
inflammatory cluster (n=2; mean EBP: .97 [SD .02] and the IFN-y cluster (n=1; mean EBP:

.99 [SD N/A] were also identified but restricted to one or two patients. The classic
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inflammation cluster was not detected, possibly due to lower IL-6 and IL-8 mean values in
BeneMin. Patients in the CRP cluster exhibited significantly lower current 1Q (p =.028) and
premorbid IQ (p = .005), and worse performance on the Digit Symbol Substitution task (p =
.003) compared with the Low Inflammation cluster. Further details can be found in the

supplement (1.9).

Discussion

Using advanced semi-supervised machine-learning, we identified five distinct inflammatory
subgroups of chronic schizophrenia. The clustering solution was statistically significant by
two tests 1) the solution was unique to disease related variability 2) the data could not be
better explained as having a continuous distribution. GMV loss in temporal and hippocampal
areas was evident in all schizophrenia clusters when compared with the HCs, and the Classic
Inflammation cluster, with elevations in both IL6 and IL8, showed the most widespread loss
extending into the anterior cingulate. Greater GMV in the precentral gyrus was seen only in
the IFN-y cluster, the cluster which also had the lowest CRP and IL-6 values. The CRP and
Low Inflammation clusters were detected in patients in BeneMin, suggesting that CRP could
be a marker used to discriminate inflammatory subgroups at an earlier disease stage. This
supports previous research suggesting that CRP is a potential biomarker of later disease

onset(Perry et al., 2021).

Each identified cluster had an overlapping and distinct inflammatory and neuroanatomical
profile. The CRP cluster showed increased CRP alone, and an associated pattern of reduced
GMV in the inferior temporal gyrus, dorsolateral superior frontal gyrus, and postcentral
gyrus. A potential mechanism for the effects of CRP on GMV could be that increased CRP
levels (indicative of systemic low-grade inflammation, but not necessarily simultaneous with

elevations in cytokines- as CRP is a more stable marker than cytokines)(Jacomb et al., 2018)
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might result in an increase of blood—brain barrier permeability and subsequent pro-
inflammatory cytokine entrance to the central nervous system. However, it seems unlikely
that mild elevations in CRP would be a sufficient proximal cause of the GMV loss. More
plausibly, raised CRP and reduced GMV could independently reflect an earlier
developmental or ongoing neuroimmune abnormality such as maternal immune activation
(MIA) or be a sign of more chronic inflammation. The relationship of higher CRP and altered
neurodevelopment is supported by findings of a seperate analysis of BeneMin participants
which found that a subgroup of patients with low premorbid and low current 1Q had higher
levels of CRP and smaller MRI-derived total brain and intracranial volumes when compared
to subgroups with a normal premorbid 1Q(Watson et al., 2022). As these MRI findings are
indicative of smaller premorbid brain size, this was suggestive of a neurodevelopmental
subtype of schizophrenia additionally characterised by impaired premorbid cognitive function
and low-grade inflammation(Watson et al., 2022). Nevertheless, research in rodents has
shown that MIA does not always alter peripheral cytokines in male or female offspring(A. M.

Brown et al., 2022).

Patients in the Classic Inflammation cluster had higher IL-6 and IL-8 levels compared with
all other clusters and HCs. In the brain, IL-6 and IL-8 transcripts are extremely elevated in
the frontal cortex in about 40% of those with schizophrenia(Fillman et al., 2013, 2016; Y.
Zhang et al., 2016b). Peripheral 1L-6 is the most consistently increased cytokine in all phases
of schizophrenia(Fond et al., 2020) and the most consistently elevated cytokine found in the
brain of people with schizophrenia with increased IL-6 found in the dorsolateral prefontal,
orbital frontal, midbrain and subependymal zone(Fillman et al., 2013, 2016; North et al.,
2021; Purves-Tyson et al., 2020; Y. Zhang et al., 2016b). Patients in the Classic Inflammation
cluster exhibited the most widespread GMV loss compared with HCs and other clusters, with

specific reduction in anterior cingulate cortex. Anterior cingulate GMV may be an
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endophenotypic biomarker resulting from reductions in neuronal, synaptic, and dendritic
density(Fornito, Yucel, et al., 2009). Our finding of anterior cingulate GMV reduction in the
Classic Inflammation cluster may suggest the potential for IL-6 function as a a key mediator
of GMV loss with relevance to schizophrenia. Recent evidence from Mendelian
Randomisation also demonstrated potential causality of circulating levels of IL6/IL6R and
GMV loss relevant to neuropsychiatric disorders including schizophrenia(J. Williams et al.,
2022). Inhibition of IL-6 function in targeted groups of patients with schizophrenia holds
significant promise not only for the alleviation of positive symptoms but also ameliorating
cognitive impairment(Borovcanin et al., 2017), and is a mechanism that is being explored in

experimental medicine studies (https://gtr.ukri.org/projects?ref=MR%2FS037675%2F1).

The IFN-y cluster was comprised of patients with markedly elevated levels of IFN-y
compared with HC and all the other clusters, but it also had the lowest CRP levels of all
groups and comparatively low levels of most other cytokines in our sample. Studies in
patients with schizophrenia have shown that IFN-y levels have an inverse relationship with
whole-brain GMV and also left middle frontal gyrus thickness, potentially through alteration
of the permeability of the blood brain barrier and activation of inflammatory T-cells and
antigen-presenting cells along with the regulation of MHC class 2 genes(Abbott et al., 2006;
Lesh et al., 2018). In contrast to previous studies, the patients with schizophrenia in our INF-
vy cluster showed the least GMV reduction compared with HCs and least neurocognitive
deficits in language, attention, and verbal memory tasks. It also suggests that elevated INF-y
may be beneficial in patients with schizophrenia, perhaps via helping to suppress viruses that
can damage the brain(Dickerson et al., 2019). Altogether, our results point towards a
potential preserved neuroanatomical and neurocognitive profile which is supported by recent
studies reporting a positive effect of IFN-y on symptoms(Vetlugina et al., 2016).

Furthermore, the fact that these patients still had hippocampal GMV loss suggests that this
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loss is central to schizophrenia even in patients who are functionally more preserved, as
proposed by others (Velakoulis et al., 1999). The fact that hippocampal GMV loss was
present in this preserved group points to a modulatory hippocampal effect on the
pathophysiology of schizophrenia (with patients showing more pronounced GMYV alterations
exhibiting a worse neurocognitive profile)(Grace, 2012; Van Rheenen et al., 2018). Similarly,
previous evidence also suggests higher levels of IL-10, as seen in in the Anti-Inflammatory
cluster, may be protective against severe symptoms(Kay et al., 1987), also reflecting the

relative sparing of GMV reduction seen in this cluster.

Patients in the Low Inflammation cluster revealed minimal inflammation compared with HCs
and the rest of the clusters, which could be indicative of a less severe disease status or
potentially successful treatment. Research has shown that the therapeutic efficacy of
antipsychotic medication may be mediated by its effects on the basal ganglia with medicated
patients exhibiting pallidal GMV increases compared with a placebo group(Chopra et al.,
2021). Our GMV results show that patients in the Low Inflammation cluster exhibited GMV
increases in the bilateral pallidum, consistent with a good treatment response. However, they

still had temporal lobe volume loss.

Strengths and limitations

This study has several strengths including a large dataset, significance testing of the
clustering solutions and exploration in an external dataset. Furthermore, advanced semi-
supervised machine-learning (HYDRA) addresses challenges associated with conventional
clustering methods by capturing multiple dimension of heterogeneity with varying numbers of
hyperplanes. We demonstrated distinct brain structure patterns and neurocognitive
performance (when the Low and Anti-Inflammatory clusters were combined) associated with

subgroups. However results should be cautiously interpreted due to certain limitations. First,
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the algorithm detected 8 clusters, three of these clusters had a very small number of patients,
therefore rendering any further investigation or their structural or functional differences not
possible. Those clusters may have been driven by unmeasured factors (e.g. infection) given
that inflammatory levels were extremely high. Secondly, in the ASRB dataset, detailed
positive symptom measures are not readily available, and thus the relation of inflammation to
positive symptom severity is not captured. Finally, the BeneMin sample may not have had
sufficient size and cytokine measurement sensitivity to identify all clusters observed in the

ASRB dataset.

Conclusions

Identification of valid, reproducible subgroups of patients with schizophrenia based on
inflammatory and neuroanatomical profile can aid in understanding putative and separable
mechanisms of illness and pathogenic processes(Comer et al., 2020). This could contribute to
the identification of subgroup candidates for targeted novel anti-inflammatory treatments in
schizophenia. Evidence for anti-inflammatory treatment in schizophrenia is mixed possibly
due to the lack of immune subgroup identification for targeted treatment(Deakin et al., 2018).
Our results show that it may be possible to identify reliable subgroups of schizophrenia
patients based on accessible, peripheral measures of inflammation in large sample sizes using
advanced clustering techniques. These results need to be validated in international datasets

and explored in longitudinal designs to further establish their stability.
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Chapter 7

Discussion

Summary of Chapter Findings

In chapter 1, | presented an overview of the core concepts explored in this thesis. First, this
included an introduction to the history of schizophrenia broadening out to psychosis and of
depression. | examined some of the current challenges to understanding of current
neurobiological findings in the search for aetiology, with a focus on how neuroanatomical
structure changes might reflect underlying aetiopathology. | present some evidence of the
nosological, diagnostic, and treatment challenges that the presence of depression in the
psychoses poses and discuss current models of understanding of mental disorders. After
introducing explanations of the core concepts of machine learning, I then discuss its potential
to help solve identified problems. In chapter 2, I outlined the aims and hypotheses of this PhD
thesis. In Chapter 3, | performed a systematic review of structural neuroimaging studies that
directly compared patients with depression and psychosis to identify structural neuroimaging
similarities and differences. The systematic review results suggested potential transdiagnostic
patterns of gray matter volume (GMV) and white matter volume (WMV) reductions in areas
including the middle frontal gyrus (MFG), hippocampus, and posterior subgenual prefrontal
cortex which could be further investigated as future biomarkers of comorbidity. However,
these suggestions should be interpreted with caution since only seven studies fulfilled the
systematic review criteria —which highlights the need for further research of the common and

distinct brain features of psychosis and depression.

In Chapter 4, (Lalousis et al., 2021), | delineated the comorbidity between psychosis and
depression using structural neuroimaging, phenotypic, and neurocognitive data with a series

of supervised machine learning models. | thereby parsed the diagnostic heterogeneity within
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and between psychotic and affective disorders in the early stages of illness using the
multicentre, large PRONIA cohort. The results suggested that psychosis with comorbid
depression exhibits disease processes that align more with non-comorbid (pure) depression
rather than pure psychosis across the phenotypic, neurocognitive, and brain levels. These
findings indicate a need to rethink current diagnostic classification to better reflect biological
reality and potentially uncover phenotypes that may be hidden by current diagnostic
structures. Eventually this could potentially lead to better informed and more targeted
treatments. Motivated by the findings in Chapter 4, | undertook a bottom-up approach to the
question of diagnostic classification of depression and psychosis, in Chapter 5. | used a novel
semi-supervised machine learning algorithm, combining patients with depression and
psychosis in one group. | aimed to identify cohesive clusters based on the patients’
neuroanatomy thereby investigating the heterogeneity of brain structure across depression
and psychosis. Two transdiagnostic clusters were identified, i.e., they both contained patients
from both the depression and psychosis domains. One cluster exhibited an impaired
neuroanatomical picture which was accompanied by negative symptomatology, poorer global
and neurocognitive functioning, and increased levels of pro-inflammatory cytokines, while
the other cluster showed a more preserved neuroanatomical picture and more depressive
psychopathology. These clusters were tested for statistical significance and were externally
validated using robust permutation and out-of-sample validation frameworks respectively.
Importantly, we exhibited clinical utility as this chapter’s results showed better prognostic
performance of 9-month outcomes with a cluster distinction rather than a
psychosis/depression distinction. Overall, Chapter 5’s results challenge current diagnostic
structures: as clusters identified in such a data-driven approach may, if further replicated,
better reflect the biological reality of patients and help inform diagnostic structures which

would be more informative for prognostic, and treatment choices. While these findings need
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further replication, it appears that the identification of a transdiagnostic signature of poor
prognosis is possible in early stages of mental disorders, thereby giving potential for new and

targeted treatment strategies.

In Chapter 6, motivated by the previous chapter’s findings of the association of markers of
inflammation with an impaired neuroanatomical cluster, I further investigated the
heterogeneity of inflammation in schizophrenia and its association to brain structure- starting
this time with blood-based biomarker data. | implemented the same semi-supervised machine
learning technique from Chapter 5 to identify clusters (subgroups) of people with
schizophrenia that are similar in terms of inflammatory profiles -to the best of my knowledge
this is the first time this advanced clustering has been applied to inflammation data in
schizophrenia. Five main clusters were identified -each with a differing inflammatory and
neuroanatomical profile. Specifically, three different types of clusters which had elevated
pro-inflammatory markers and two clusters with low/elevated anti-inflammatory markers. All
the clusters exhibited worse neurocognitive functioning compared with healthy controls.
There was also a distinct between-cluster neurocognitive signature. Two of the clusters could
also be detected in an external, younger dataset with patients in the clusters showing a similar
neurocognitive pattern to the ones in the clusters of the discovery dataset. This chapter’s
results may reflect heterogeneity of inflammation pathways in a sub-group of people with
schizophrenia and inflammation, currently masked in studies using more conventional
techniques leading to less fine-grained separations such as low vs high inflammation. These
findings have the potential to inform future targeted clinical trials and further dissect causal

inflammatory pathways in subgroups of people with psychosis.
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General Discussion

Depression and Psychosis

Schizophrenia is at the centre of a challenge to the validity of diagnostic categories in mental
health disorders, given the increasing acknowledgement of a lack of clear clinical and
neurobiological boundaries. A transdiagnostic approach, which suggests that some symptoms
occur across diagnoses, is a potential solution to this challenge. Chapter 4’s analysis in large
recent onset psychosis and depression groups demonstrates that transdiagnostic clinical and
neurocognitive features are accurately able to classify categorical diagnoses, in the absence of
depression related co-morbidity. This suggests that there are identifiable ‘pure’ categorical
groupings, however in early stages of illness co-morbidity is the norm. In the presence of co-
morbidity there is an absence of hierarchy: a transdiagnostic signature is seen. However,
these results highlight that both categorical and transdiagnostic approaches may ultimately
fail, as neither recognise the possibility of pluripotent pathways that are both stage and
context dependent. The implications are that personalised medicine approaches may be
necessary, but with far more fine-grained characterisation of biological and psychological

processes than is currently captured.

Fould’s hierarchical theory, reflected in current nosological classification systems within
psychiatry suggests that psychosis sits on the top of the hierarchy, with anxiety and
depression symptoms of secondary importance (Foulds & Bedford, 1975). In Chapter 4, we
found that rather than symptoms being unique to one diagnostic category, many are shared
between two different categories and most importantly affect each one in a different way.
This is convergent with the Research Domain Criteria (RDoC) project pillars (Cuthbert,
2014) Psychotic symptoms appeared to not alter the signature of ROD patients whilst

depressive symptoms had a profound effect on ROP patients across the phenotypic,
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neurocognitive, and brain levels. Such findings add evidence to the debate around the validity
of the system on which the DSM is built upon (Stein et al., 2010) , suggesting that a
descriptivist position in the diagnosis of mental disorder is not sufficient and that a novel

multivariate look of mental disorder is more appropriate.

Comorbid symptoms have contributed to significant debates regarding heterogeneity in
mental disorders, their function as prognostic indicators, and their place within hierarchical
diagnostic structures. The clinical heterogeneity of mental disorders is indisputable, with no
two patients presenting with the exact same constellation of symptoms, and symptoms
change over time (Fusar-Poli et al., 2019). There may be significant interplay between sets or
clusters of symptoms over the development of disorder from prodrome to onset to chronicity.
For example, the frequency of depression within developing psychosis, and those in Clinical
High Risk for psychosis, may rather than being ‘‘secondary’’ comorbid symptoms, be the
primary driver. If identified correctly, rather than seen as comorbid and secondary, novel
symptoms may be new targets that if treated, effectively ameliorate or drive the resolution of
positive symptoms. Such observations give way to considerations that recent onset disorders
may even constitute groups of generally common, phenotypically highly individual

underlying aetiopathology, and those personalized treatments should be tailored accordingly.

In Chapter 4, the clinical SVM classification model found that different types of anhedonia
(social and physical) were important in the classification of both psychosis and depression.
Anhedonia has been suggested as a possible biomarker for depression (Der-Avakian &
Markou, 2012; Hasler et al., 2004) and has been found to be associated with decreased
activation in in ventral basal ganglia areas, the dorsal anterior cingulate, middle frontal gyrus,
and medial frontal gyrus both in schizophrenia and depression (B. Zhang et al., 2016).

Chapter 4’s neuroimaging and clinical models revealed that orbitofrontal areas and physical
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anhedonia were weighted in the classification to the pure ROD group suggesting a potential

association between physical anhedonia and lower orbitofrontal GMV in depression.

As we move away from traditional descriptivist approaches to diagnosis there may not be a
simple transdiagnostic solution even at the symptom level. Whether categorical schizophrenia
is eventually defined by the ‘p’ factor or dimensional symptom approaches, | suggest that
there are unseen clinical, potentially relevant features that lie within a mechanistically

transdiagnostic picture.

Heterogeneity and New Diagnostic Approaches

The Kraepelinian dichotomy has long been challenged and studies have shown that our
understanding of the clinical and neurobiological distinction of depression and psychosis may
be particularly challenging during early phases of illness (Birchwood et al., 2005; Craddock
& Owen, 2010; Koutsouleris et al., 2015; Upthegrove et al., 2017). The usefulness and
aetiopathogenetic basis of the current diagnostic system is questionable yet these diagnoses
have remained the same for around 100 years due to the lack of accepted (neuro)biological or
genetic markers and the lack of better alternatives (Cuthbert, 2014; First et al., 2018; Fusar-
Poli, et al., 2019; Linden, 2012). This lack of biological validity of diagnostic groups is
thought to be one of the major reasons for poor biomedical translation resulting in better
outcomes for patients with mental illness (Brickl et al., 2020; Kapur et al., 2012; Kendler,
2013). Indeed, only 20% of people with psychosis and 25% of people with depression
achieve full remission and response to pharmacological treatment, with the remainder
achieving partial response or response without remission (S. Brown et al., 2010; Health (UK),
2014; Kern et al., 2020; Owen et al., 2016). Identifying biologically driven illness models,
able to relate to those at highest risk of chronicity would allow new and targeted treatments to

be delivered early. Targeted early intervention can prevent poor outcomes in patients with

121



recent onset depression and psychosis (McGorry et al., 2008; Murphy & Brewer, 2011).
However, identifying those patients who are on a path to chronic disability is still difficult in
both psychosis and depression. In depression, predicting illness course at the individual level
is moderate at best and in psychosis it has been suggested that there is a need for
neurobiological and psychosocial relevance to be integrated in predictive modelling,
harnessing large sample sizes and long observational periods (Dinga et al., 2018;

Klosterkdtter et al., 2011).

The Kraepelinian dichotomy between dementia praecox and "manic-depressive insanity" is a
distinction between severe affective vs non-affective mental illness. Dementia praecox does
not directly map to non-affective psychosis, however the Verriicktheit (chronic non-affective
psychoses) made distinct in Kraepelin’s first Edition (1883) lead to the (mis) understanding
that schizophrenia was non- affective. In Chapter 5 | extended the challenge of this
dichotomy into early stages of affective and non-affective recent onset disorders. The tension
of depression in schizophrenia presented a taxonomic challenge that was perpetuated with
“true schizophrenia” being considered as non-affective. Carpenter and Fisher outline that, as
defined by Kraepelin’s 6" edition core features -negative, hebephrenia and catatonia-
schizophrenia persists and Chapter 5’s results would also not refute this. Although there were
no measures of catatonia, the cluster labelled as “impaired” has more cognitive symptoms
and a brain signature identified in the chronic replication sample -of patients with depression

and schizophrenia.

There is a body of literature, which challenges a dichotomy between affective and non-
affective psychoses whilst still maintaining potential distinction between deteriorating or
primary established cases. Craddock and Owen’s position in 2010 was that “Although a great
deal of work remains to be undertaken in delineating the pathogenically relevant DNA

variants and the biological mechanisms by which they influence disease risk, the studies
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described above indicate that schizophrenia and bipolar disorder (and recurrent depression)
do not ‘breed true’, but have an overlap in genetic risk and are therefore likely to share some
aspects of pathogenesis.” (Craddock & Owen, 2010). Since this time studies of genomic risk
across disorders have increasingly demonstrated transdiagnostic genetic risk for psychiatric
illness (Verduijn et al., 2017; Wray et al., 2018). Depression has been shown to be significant
in the prediction of transition to FEP, poor clinical outcomes, quality of life, and suicide in
schizophrenia (Upthegrove et al., 2017). Depressive symptoms are highly interrelated with
both positive symptoms and negative symptoms of motivation and interest, and might
therefore be best conceptualised as intrinsic to early phases of schizophrenia spectrum
disorders (Herniman et al., 2021). Dwyer et al., (2020) previously suggested a need to
consider short-term to medium-term presentations and focus on functioning in psychosis
patients stratified in the depressive and severe psychosis subgroups identified with data-
driven clustering using high-dimensional clinical data. The Kraepelinian dichotomy debate is
not one whose outcome has been decisively concluded, but Chapter 5 results add to this
narrative by showcasing that in early onset there is a cluster characterised by poor outcome
across the depressive and psychotic phenotypes. Fischer and Carpenter correctly stated in
2009 that data to categorically falsify the Kraepelinian dichotomy had not yet been produced
but they also make a call for heterogeneity reduction in order for the concept to be

successfully investigated. | believe the paper presented in Chapter 5 adds to this evidence.

Biological Relevance and Precision Psychiatry

Current nosological categories are not reflective of underlying brain pathology. In Chapter 5,
we identify a transdiagnostic cluster with an impaired phenotype in recent onset patients with
psychosis and depression, that had some distinct inflammatory characteristics. Psychiatric
illnesses are not a single variable problem and | aimed to further elucidate whether

phenotypic and cognitive data adds to the biologically based clusters in chapters 4 and 5
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using a multimodal data approach. While these clusters are initially derived from a single
variable class (inflammation), they are meaningful because of the distinct additional data
signatures. As clusters have been derived in recent onset samples using structural MRI in
Chapter 5 and cytokine data in Chapter 6, this may also add to the evidence of the utility of
MRI and blood sampling in potentially creating tools to eventually help clinician prediction
and decision making for targeted treatment choices. Reducing heterogeneity and creating
diagnostic structures with increased biological relevance is important for biomedical
translation as we move towards precision psychiatry. Previous research which reduced
heterogeneity in schizophrenia has identified that affective symptoms in schizophrenia are
related to the hippocampus and the putamen/pallidum (Liu et al., 2021). Preserved basal
ganglia structure has also been associated with a potentially non-progressive course (Chand et
al., 2020). In Chapter 5 reducing neuroanatomical heterogeneity resulted in diagnostic
clusters with increased biological relevance and prognostic potential. The preserved cluster
showed less GMV loss and was associated with a less severe clinical picture and more
depressive symptoms. It appears that heterogeneity is driven by different aetiopathological
pathways which are reflected in brain structure and relate to different symptom profiles.
Interestingly, the impaired cluster had associated pro-inflammatory elevation and for both
clusters when adding cytokine data to the prognostic models, predictive accuracy increased.
The relationship between inflammation and brain structure can give us an insight into
potential mechanisms for heterogeneous neuroanatomical pathways. Elevated pro-
inflammatory cytokines which have responded to genomic predisposition and/or response to
environmental factors may result in astrocytic dysfunction and/or microglial activation. The
subsequent dendritic pruning and synaptic changes then lead to GMV loss (Corsi-Zuelli &
Deakin, 2021). However, heterogeneity is inherent in inflammatory pathways to psychiatric

illness.
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Longitudinal research has shown potential causal mechanisms between increased serum
concentration of IL-6 and CRP in childhood and adolescence and development of
schizophrenia and related psychoses (Khandaker et al., 2014; Wium-Andersen et al., 2014).
Elevated levels of IL-6, TNF-a, IL-1f, and IFN-y and reduced levels of IL-10 have been
associated with antipsychotic-naive first-episode psychosis (Upthegrove et al., 2014) and
acute psychotic relapse (B. J. Miller et al., 2011). Poor treatment response has been linked to
elevated levels of specific biomarkers such as IL-6 and IFN-y (Mondelli et al., 2015).
Reducing heterogeneity in the field of inflammation is necessary if the promise of novel
schizophrenia treatments is to be realized. In Chapter 6 | showed that the subdivision of
inflammatory responses in high vs low is missing out on a heterogeneity that is present in
both high and low inflammation groups. Reducing heterogeneity in inflammatory pathways
in schizophrenia can help us understand the different ways in which inflammation can lead to
heterogeneous GMV loss with associated heterogeneous symptom profiles. Furthermore, the
elucidation of different inflammatory pathways to schizophrenia and their association to brain
structure has the potential to inform future clinical trials and drug development for

individualized treatment.

Clinical Applicability

The results of this thesis challenge the current nosological status quo in psychiatry and show
promise of clinical applicability. While the machine learning models developed here cannot
be directly applied in clinical settings and would first need extensive rigorous testing, they
provide a solid basis for the translation of neuroscientific findings into practice. In Chapter 5,
attempting to simulate clinical setting decision-making based on the current nosological
system, | compared the accuracy of 9-month symptomatological prediction between

traditional diagnostic categories and neurobiologically-based ones. | showed that the
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neurobiologically-based diagnostic categories outperform the traditional ones. Such models
need to be prospectively validated in readily available and routinely collected public
healthcare datasets to examine their utility in the real world. The advantage of machine
learning methods being able to make single patient predictions mean that small scale clinical

trials would be adequate to showcase the utility of such models.

In Chapter 4, | showed that, potentially, the frequency of depression within developing
psychosis may be the primary driver of illness rather than secondary comorbid
symptomatology. Our models using transdiagnostic symptom data exhibited the possibility of
pluripotent pathways to illness that are both stage and context dependent. These
transdiagnostic symptoms can be targeted in early mental illness or even be new treatment
targets. Indeed, using network modelling, the relationships between transdiagnostic
symptoms and patients’ outcomes has been shown to potentially lead to global symptom

improvements and better recovery (Griffiths et al., 2021).

In Chapter 6, | exhibited that machine learning models can be used to elucidate different
inflammatory subgroups in schizophrenia. The field of inflammation in psychiatric illness
offers exciting avenues for new or repurposed treatments. Machine learning models
developed in Chapter 6 can be used to stratify clinical trials for the targeted treatment of anti-
inflammatory medication and eventually be used in clinical practice to aid novel treatment
decision-making. Ultimately, after rigorous testing, the findings of this thesis can help
clinical practice steer away from the trial and error “one-size-fits-all”” approach and move to

truly precision medicine.
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Strengths and Limitations

This PhD thesis contains several strengths such as the use of international multi-site datasets
such as PRONIA, MUC, MCIC, COBRE, ASRB, and BeneMin. | also did not follow a
dogmatic approach in the types of machine learning used as evidenced by the use of both
supervised and semi-supervised machine learning in a multitude of programming languages
and packages such as MATLAB, R, Python, Powershell, NeuroMiner, HYDRA, ComBat,
and SigClust, as well as the coding of my own permutation frameworks and machine learning
pipelines. A significant strength of this PhD thesis is that the results were related to clinical
practice and attempted to add to nosological and aetiological theory. Nevertheless, its results
need to be interpreted with caution due to certain limitations. Clustering methods are
inherently limited by the data used to develop the models. For example, neuroimaging data
might produce very different clusters with different associations with symptom and cognitive
data than inflammatory marker input data. This leads to the question of how can divergent
input data be consolidated into clinically useful and meaningful models. | addressed this
limitation by always relating initial findings to several levels (brain, phenotypic,
neurocognitive, inflammatory). Consensus clustering is a method in which different
clustering method results get combined to produce a single consensus model. This could be
used in future studies where multimodal data can be leveraged before combined into a
consensus model -this has already been successfully implemented in the cancer field (The
Cancer Genome Atlas Research Network, 2015). Furthermore, the inference of underlying
pathophysiological processes of the study population in this PhD thesis has been based on
cross-sectional data. To confidently infer underlying pathophysiology of disease processes
longitudinal examination is needed. In chapters 4 and 5 where longitudinal data were
available, 1 examined longitudinal trajectories to further strengthen the inferences made in

this PhD thesis. Finally, it is important that social and environmental factors such as
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urbanicity, pervasive disadvantage, marginalization and adversity, which have been shown to
significantly contribute to mental health disorders, are included in machine learning models
that attempt to improve the current diagnostic and prognostic tools in psychiatry. Throughout
this PhD thesis, whenever machine learning models have been developed using
neurobiologically-based data, there has been an attempt to relate findings to multiple levels
that span the phenotypic, neurocognitive, and environmental domains when the data allowed
for it. This is important for the future translation of machine learning prediction as it

encompasses the complexity of illness outcomes and presentations.

Conclusions

Heterogeneity and comorbidity within and between psychosis and depression has led to the
creation of new diagnostic categories and poor biomedical translation of neuroscientific
studies. In this PhD thesis, machine learning was utilised to elucidate this heterogeneity,
reduce it, and identify biologically relevant and transdiagnostic subtypes that could become
potential candidates for targeted treatment. The results are promising and challenge the
current nosological system. In 2017, Thomas Insel suggested that the biomedical framework
that he adopted while directing the NIMH failed to “move the needle” in improving the lives
of people with mental illnesses. If precision (and impactful) medicine is to be achieved in
psychiatry, neurobiological data from large sample sizes need to be submitted to meticulous
and novel methodological approaches and related to all levels, and the results need to

ambitiously challenge current dogma.
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1.1 Search Strategy

For example, PubMed was search with ((“Structural Neuroimaging”[Title/Abstract] OR
“Structural MRI”’[Title/Abstract] OR sMRI[Title/Abstract] OR MRI[Title/Abstract] OR
“Gray Matter Volume”[Title/Abstract] OR "Grey Matter Volume"[Title/Abstract] OR
GMV/[Title/Abstract] OR “Cortical Thickness”[Title/Abstract] OR “Cortical
Folding”[Title/Abstract] OR “Gyrification”[ Title/Abstract] OR “Surface
Area”[Title/Abstract] OR “White Matter Volume”[Title/Abstract] OR WMV|[Title/Abstract]
OR “Fractional Anisotropy”[Title/Abstract] OR FA[Title/Abstract] OR “Diffusion Tensor
Imaging”[Title/Abstract] OR DTI[Title/Abstract] OR “Diffusion-Weighted Magnetic
Resonance Imaging”[Title/Abstract] OR DWI[Title/Abstract] OR “DW-MRI”’[Title/Abstract]
OR “White Matter Tractography”’[Title/Abstract] OR WMT[Title/Abstract])) AND
(((Depression[Title/Abstract] OR “Major Depressive Disorder”[Title/Abstract] OR

MDD Title/Abstract] OR “Major Depression”[ Title/Abstract] OR MD|Title/Abstract] OR
“Depressive Episode”[Title/Abstract] OR “Major Depressive Episode”[Title/Abstract] OR
MDE]Title/Abstract] OR “Recent Onset Depression”[Title/Abstract] OR
ROD|[Title/Abstract] OR “Affective Disorder”[Title/Abstract] OR “Mood
Disorder"[Title/Abstract])) AND (Psychosis[ Title/Abstract] OR “First Episode
Psychosis”[Title/Abstract] OR FEP[Title/Abstract] OR “Recent Onset
Psychosis”[Title/Abstract] OR ROP[Title/Abstract] OR Schizophrenia[Title/Abstract] OR
“First Episode Schizophrenia”[Title/Abstract] OR FES[Title/Abstract] OR “Schizophrenia
Spectrum Disorder”’[ Title/Abstract] OR SSD[Title/Abstract] OR “Non-Affective

Psychosis”[Title/Abstract] OR “Schizophreniform Disorder”’[ Title/Abstract])).
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Study Selection Comparability Exposure Total
Adequacy selection | Definition same Non-
of case |Representation |of of Ascertainment |ascertainment |response |10
definition |of cases controls |controls of exposure method rate stars
Coryell et al 4
(2005) * Hok * stars
4
Cui et al (2020) * * * * stars
6
Jiang et al (2019) |+# * * LS * LS stars
8
Keller et al (2008) | # * * * S * * * stars
Kochunov et al 4
(2013) * ¥ ¥ * stars
Meisenzahl et al 6
(2010) * * Ak * * stars
5
Otaetal (2013) | * * * * stars

Table S1: Quality check table.
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Study Analysis Measured variables | Whole brain analysis Results
done (Y/N)

Coryell et al (2005) Cortical area-depth and volume GMV Yes Anterior SGPFC did not significantly differ between MDD with psychosis and
MDD without psychosis. PsychoticMDD presented smaller volumes in the left-
sided posterior SGPFC when comparison between MDD and SCZ post hoc
pairwise test was conducted.

Cui et al (2020) Voxel-wise FA WMV Yes Reduced FA in MDD and SCZ (genu, body and splenium of CC, posterior anterior
and superior CR. FA decreases found in genu and body of CC, bilateral anterior
and posterior CR, and right superior CR

Jiang et al (2019) VBM GMV Yes Lower GMV in bilateral MFC in SCZ
compared to MDD. Decrease in GMV in MPFC in SCZ than MDD

Keller et al (2008) ROI analysis GMV and No (region of interest Smaller R and L amygdala volume in MDD with psychosis compared to MDD

WMV analysis) amygdala and | without psychosis. No significant differences identified by subgroup analysis. No
Hippocampus significant hippocampal volume differences.

Kochunov et al (2013) DTI-FA WMV Yes Age-related WM decline higher in SCZ patients in five specific regions. No
significant WM decline in MDD patients.

Meisenzahl et al (2009) Hippocampal volume GMV and Yes Significance in the volume of the left and right Anterolateral region of the

WMV thalamus, ant. medial of the thalamus as well as the Central lateral. A significance
as also seen in the FA of the R Subcallosal ACC and L rostral ACC

Ota et al (2013) ACC, CC, Thalamus, GMV ROI Significant effect of diagnosis on bilateral hippocampal volumes GM and WM

Insula

Table S2: Table of results. ROI: region of interest; FA: Fractional Anisotropy; SCZ: schizophrenia; MDD: major depressive disorder; GMV: grey matter
volume; WMV: white matter volume; ACC: anterior cingulate cortex; CC: corpus callosum; VBM: voxel-based morphometry: DTI: diffusion tensor imaging;
SGPFC: subgenual prefrontal cortex; MPFC: medial prefrontal cortex; R: Right; L: Left.
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1. Supplementary Methods

PRONIA recruitment infrastructure

The 300 study participants (154 individuals with ROP and 146 individuals with ROD) analyzed

in the present study were recruited following a standardized recruitment and ascertainment

protocol (see Figure S1 and Table S3). The observational study protocol involved follow-up

examinations every three months after the index ascertainment and was implemented by the

following 7 PRONIA sites:

Table S1: Characteristics of the recruiting institutions in the PRONIA consortium.

Psychiatry,
University of Udine

academic hospital and local
services. Tertiary care
neuropsychiatric service

PRONIA Site | Institution Name Country | Type of Service Catchment | Screening
Population | population /
year
Munich Department of DE Academic outpatient services | 1,200,000 700
Psychiatry and including specialized service
Psychotherapy, for early recognition of
Ludwig-Maximilian- psychosis; tertiary care
University Munich academic hospital
Basel Department of CH Academic inpatient and 500,000 200
Psychiatry and outpatient services including
Psychotherapy, specialized service for early
University of Basel recognition and intervention
of psychosis; tertiary care
academic hospital
Milan Department of IT Psychiatric outpatient 600,000 1,000
Niguarda Pathophysiology and services including specialized
Transplantation, services for early recognition
University of Milan. of psychosis and persons at
Four recruitment high risk; Academic hospital,
hospitals: Niguarda, providing psychiatric
Policlinico, San inpatient services, psychiatric
Paolo, Villa San outpatient services and local
Benedetto Menni in services;
Albese con Cassano
Cologne Department of DE Academic outpatient services | 1,000,000 600
Psychiatry and including specialized service
Psychotherapy, for early recognition of
University of psychosis; tertiary care
Cologne academic hospital
Birmingham The University of UK Academic specialised Early 1,200,000 800
Birmingham Intervention Service for
Psychosis covering
Birmingham and Solihull.
Community and Inpatient
Turku Department of Fl Psychiatric outpatient and 284,000 2,300
Psychiatry, hospital services responsible
University of Turku for treatment of psychiatric
patients in their catchment
areas in the South-Western
Finland.
Udine Department of IT Psychiatic outpatient services, | 600,000 500
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Upon study enrolment, the participants were pseudonymized twice, locally at each site and
centrally at the level of the PRONIA portal. The PRONIA portal consists of a multi-user
database hosting the clinical and neurocognitive information, and defaced MR images obtained
from the study participants. The data are organized into digital questionnaires, visits, and cases.
The portal provides the case managers with a controlled web-based interface to enter and upload
the different data into the respective questionnaires. Furthermore, the PRONIA consortium has
implemented a PRONIA@home mobile device interface that allows the study participants to
securely log into the portal and fill out the self-rating questionnaires of given visit. Upon
completion of the data entry across all questionnaires of given visit, the data are checked by an
automatic quality control procedure which executes approximately 1600 data integrity and
dependency rules. These rules include (1) basic checking of missing data and data ranges, (2)

Figure S1: Observational study design of
PRONIA. Colored boxed indicate type of
assessment / visits conducted in each of the study
groups: Healthy controls (green), patients with
recent-onset depression (yellow), persons with a
clinical high-risk for psychosis (orange), patients
with recent-onset psychosis (red).
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(such as consistency of dates). Detected errors are fed back to the respective case managers
allowing for a manual correction of the respective issues. This process is re-iterated until the
quality of the clinical questionnaires in the given visit is sufficient for the entire visit to be
locked.

PRONIA study design and examination instruments
A comprehensive battery of ascertainment tools was used within a longitudinal observational

study design to generate a multi-modal phenotypic profile of each study participant (see Figure

183



S1 and Table S2). The clinical part of the battery compiled questionnaires that capture
sociodemographic, somatic, environmental, diagnostic, psychopathological, functional and
quality-of-life related variables in the PRONIA study population. This battery was
complemented by multi-domain neurocognitive and neuroimaging examinations as well as
blood sampling for later genetic characterization, which were carried out at the baseline and 9-

month follow-up timepoints.

Table S2: Clinical and neurocognitive examinations performed in the CHR, ROD, ROP,

and HC groups during the 18-month follow-up period of the study. Clinical assessment types:
OR Observer-based rating instrument, SR Self-rating-based instrument. Examination timepoints: TO Baseline
examination, IV3/1V6/1V12/1V15 3, 6, 12, 15-month examinations conducted only in the clinical study participants,
T1 9-month examination, T2 18-month follow-up examination. Observer-based instruments: CAARMS
Comprehensive Assessment of the At-Risk Mental States(Yung et al., 2005), CHR Criteria Clinical High-Risk
criteria summary questionnaire, FROGS Functional Remission in General Schizophrenia(Llorca et al., 2009), GAF
Global Assessment of Functioning, GF:S/R Global Functioning: Social / Role(Cornblatt et al., 2007), PANSS
Positive and Negative Symptom Scale(Kay et al., 1987), PAS Premorbid Adjustment Scale(Alvarez et al., 1987),
SANS Scale for the Assessment of Negative Symptoms(Andreasen, 1989), SCID-IV Screening/Summary
Structured Clinical Interview for DSM-IV(First, Michael B et al., 2002), SIPS Standardized Interview for the
Assessment of Prodromal Symptoms (modified version 5.0)(McGlashan et al., 2001), SPI-A [COGDIS/COPER]
Schizophrenia Proneness Instrument [Cognitive disturbances (COGDIS) / Cognitive-Perceptual (COPER)
disturbances](F. Schultze-Lutter et al., 2007), Transition Criteria Interval questionnaire for the assessment of
transition criteria, UHR - Schizotypy, Genetic Risk Interview for the Assessment of Schizotypal personality traits,
and familial risk for psychosis. Self-rating instruments: BDI-I1 Beck Depression Inventory 11(A. Beck et al.,
1996), CISS-24 Coping Inventory for Stressful Situations — 24 items(Endler, 2004), CTQ Childhood Trauma
Questionnaire(Bernstein et al., 1994), EHI-SR Edinburgh Handedness Inventory — Short Version(Veale, 2014),
EDS Everyday Discrimination Scale — Modified Version(D. R. Williams, n.d.), LEE Level of Expressed
Emotions(Cole & Kazarian, 1988), MSPSS the Multidimensional Scale for Perceived Social Support(Zimet et al.,
1988), NEO-FFI NEO Five Factor Inventory of Personality Traits(Costa et al., 1992), RSA Resilience Scale for
Adults(Friborg et al., 2003), SPIN Social Phobia Inventory(Connor et al., 2000), WHO-QOL-BREF WHO Quality
of Life Questionnaire-Brief Version(Health, 1996). Neurocognitive tests: CPT-IP Continuous-Performance Test-
Identical Pairs (adapted tablet version)(Cornblatt et al., 1988), DANVA Diagnostic Analysis of Non-Verbal
Accuracy 2 (adapted tablet version)(Nowicki & Duke, 2001), DS Auditory Digit Span (Forward/Backward)
adapted from the PEBL battery, DSST Digit-Symbol-Substitution Test from the BACS battery, ROCF Rey-
Osterrieth complex figure(Rey, 1941), SAT Salience Attribution Task (adapted version)(Roiser et al., 2010), SOPT
self-ordered pointing task (adapted version)(Petrides & Milner, 1982), TMT-A/-B Trail-Making Test A and
B(Reitan, 1958), VF phonemic/semantic verbal fluency test.

Instrument Form Screening TO0 1V3 | IV6 T1 1V12 1V15 T2
PAT { HC | PAT | HC | PAT | PAT | PAT { HC PAT PAT | PAT | HC
General Data OR X X X X X X
Reasons for Referral OR X
Treatment Documentation OR X X X X X X X X X X
Sqmatlc state and Health OR X X X X X X
History
SPI-A COGDIS/COPER OR X X X X X X X X X X
SIPS positive symptoms OR X X X X X X X
CAARMS OR X X X X X X X
GAF OR X X X X X X X
gll—slkR — Schizotypy, Genetic OR X X % X X X X
CHR Criteria OR X X X X X X
Transition Criteria OR X X X X
SCID-IV Screening OR X X X X X X
SCID-IV Summary OR X X X X X X
Demographic and
Biographic Data OR X X X X X X
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PAS OR X X X X

SPI-A OR X X X X

SIPS negative, disorganized OR X X X X

and general symptoms

PANSS OR X X X X X X X

SANS OR X X X

Chart of Life Events OR X X X X X X X X X X
FROGS OR X X X

GF: Social & Role OR X X X X X X X X X X
Prognostic evaluation OR X X X
MSPSS SR X X X X X X
RSA SR X X X X X X
CISS 24 SR X X X X X X
SPIN SR X X X X X X
BDI-II SR X X X X X X X X X X
WHO-QOL-BREF SR X X X X X X
EHI-SR SR X X

LEE SR X X X X X X
Wisconsin Scales SR X X

EDS SR X X

Bullying Scale TO SR X X

CTQ SR X X

NEO-FFI SR X X

DS backward (BACS) NPT X X X X

DS forward (BACS) NPT X X X X

CPT-IP (BACS) NPT X X X X

DANVA NPT X X X X

DSST NPT X X X X

RAVLT NPT X X X X

ROCF NPT X X X X

SAT NPT X X X X

SOPT NPT X X X X

TMT-A NPT X X X X

TMT-B NPT X X X X

VF phonetic NPT X X X X

VF semantic NPT X X X X

WAIS-III NPT X X X X

MRI harmonization and data acquisition

When setting up the PRONIA study, we decided to generate a MRI database that would
represent the MR scanner sequence heterogeneity encountered in clinical real-world. The aim
of this strategy was to strengthen the generalizability and clinical applicability of the predictive
models developed by our machine learning analyses. Thus, we agreed on a minimal
harmonization protocol that required the PRONIA sites to only (1) acquire isotropic or nearly
isotropic voxel sizes of preferably 1 mm resolution, (2) set the Field Of View (FOV) parameters
accordingly to guarantee the full 3D coverage of the brain including all parts of the cerebellum,
and (3) define the relaxation time (TR) and echo time (TE) as well as other imaging parameters
in a way that would maximize the contrast between cortical ribbon and the white matter and
enhance the signal-to-noise ratio in the images. At every site all the images were visually

inspected, automatically defaced and anonymized using an in-house Freesurfer-based script
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before the data was centralized. Table S3 lists the parameters defining the structural MR

sequences used to examine in the PRONIA discovery sample participants.

Table S3: MR scanner systems and structural MRI sequence parameters used at the
respective PRONIA sites.

PRONIA Model Field Coil Flip TR TE Voxel Size FOV Slice

Site Strength | Channels | Angle | [ms] [ms] [mm] Number

Munich Philips 3T 32 8 9.5 55 0.97 x 0.97 x 250x 250 | 190
Ingenia 1.0

Milan Philips 15T 8 12 Shortest | Shortest | 0.93 x 0.93 x 240x 240 | 170

Niguarda Achieva Intera (8.1) (3.7) 1.0

Basel SIEMENS 3T 12 8 2000 34 1.0x1.0x1.0 | 256 x 256 176
Verio

Cologne Philips 3T 8 8 9.5 55 0.97 x 0.97 x 250x 250 | 190
Achieva 1.0

Birmingham | Philips 3T 32 8 8.4 3.8 1.0x1.0x1.0 | 288x288 | 175
Achieva

Turku Philips 3T 32 7 8.1 3.7 1.0x1.0x1.0 | 256x256 | 176
Ingenuity

Udine Philips 3T 8 12 Shortest | Shortest | 0.93 x 0.93 x 240x240 | 170
Achieva (8.1) (3.7) 1.0

MRI processing pipeline

The manual of the CAT12 toolbox (http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf)

details the processing steps applied to the structural images. These steps consist of:

(1) A 1% denoising step based on Spatially Adaptive Non-Local Means (SANLM)
filtering(Manjon et al., 2008).

(2) An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus
achieves a homogeneous segmentation across cortical and subcortical
structures(Rajapakse et al., 1997).

(3) A 2" denoising step using Markov Random Field approach which incorporates spatial
prior information of adjacent voxels into the segmentation estimation generated by
AMAP(Rajapakse et al., 1997).

(4) A Local Adaptive Segmentation (LAS) step, which adjusts the images for white matter
(WM) inhomogeneities and varying gray matter (GM) intensities caused by differing
iron content in e.g. cortical and subcortical structures. The LAS step is carried out before

the final AMAP segmentation.
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(5) A Partial Volume Segmentation algorithm that is capable of modeling tissues with

intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is

applied to the AMAP-generated tissue segments.

(6) A high-dimensional DARTEL registration of the image to a MNI-template generated

from the MRI data of 555 healthy controls in the IXI database

(http://www.braindevelopment.org).

(7) The GM maps were then multiplied with the Jacobian determinants that were obtained

during registration in order to produce GM volume maps.

(8) The Quality Assurance framework of CAT12 was used to check the quality of the GMV

maps.

1.5. Support Vector Machine Learning Preprocessing

Prior to the machine learning analysis the following preprocessing steps were

completed: a) every feature was scaled from 0 to 1 and completely non-finite features were

zeroed-out; b) any feature that had infinite values was pruned; ¢) missing values were imputed

using KNN Euclidean distance median replacement using 7 nearest neighbours. For each

missing value of a given CV1 or CV2 subject, a subset of cases that had values for the given

variable and had values in all other variables which were non-empty were identified. Subjects

in the source subset were sorted according to their similarity with the target subject using the

Euclidean distance. Then, the median of the given variable was computed using the 7 nearest

neighbours. The original, non-imputed training matrix was used at all times d) site effects

were corrected for. This step consisted of i) performing a principal components analysis, ii)

identifying the components that are most correlated with site variance, and iii) reconstructing

the data without these components in order to effectively remove such effects from the data.

Any component with a Spearman correlation coefficient greater than 0.5 was excluded from

the analysis and 90% of the variance was retained. e) the data was scaled again. The model
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performance criterion that was used was balanced accuracy and the learning algorithm that
was chosen was LIBSVM. Imbalanced learning was corrected for by increasing the C value in
the minority class by multiplying it by the inverse ratio of the training class sizes (weighting
the hyperplane). The kernel type that was linear with eleven learning parameters in order to
optimize the choice of C value. Wrapper methods were activated at all parameter
combinations with greedy sequential backward feature selection (Stop at k=90% of features;
Feature stepping at 10% of worst performing features at each cycle). Starting with the full
feature set the SVM was ran iteratively with the 10% worst performing features being
eliminated at each cycle until 10% of the feature pool was left. In order to assess the models’
statistical significance we performed permutation analysis to create an empirical null
distribution of weights for each feature and then compare the observed weight to this
distribution. The models were retrained in the cross-validation framework using the respective
feature and label subsets obtained from the observed-label analyses 1000 times. For each
permutation the predictions were accumulated into a permuted ensemble prediction for each
CV2 subject. In that way a null distribution of out-of-training classification performance for
the prediction models was produced. The significance of the observed out-of-training
classification performance was calculated as the number of events where the permuted out-of-
training classification performance was higher or equal to the observed classification
performance divided by the number of permutations performed. Then the significance of the

model was determined according to a p threshold of p<0.05.

For the neuroimaging model the same steps used apart from: 1) when inputting the grey
matter volume (GMV) images into the modality a G-theory mask(Mushquash & O’Connor,
2006) was used for quantifying the degree of reliability for the imaging modalities based on a
travelling participants study and 2) during preprocessing of the neuroimaging model the

following additional steps were completed a)any feature that had infinite values was pruned;
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b) features were ranked up using external ranking by means of hard selection thresholds
(15%, 25%, and 50%). Only the top 15%, 25%, and 50% features as defined by the G-theory
mask were kept; c) Principal Component Analysis (PCA) Dimensionality Reduction
(dimensions: 0.8); d) every feature was scaled from 0 to 1 and completely non-finite features
were zeroed out; 3) when visualizing the classification a 8 FWHM kernel was used to smooth

the images.

Finally, a stacking-based data fusion framework(R. Polikar, 2006; Wolpert, 1992) was used to
examine whether the combination of the clinical-based and the neuroimaging-based models
would provide a superior classification accuracy. To achieve this, the decision scores of the
neuroimaging and the clinical models were combined, standardized, and forwarded to a
greedy sequential forward search algorithm(Saeys et al., 2007) which found a parsimonious
combination of classifiers maximizing PSI.., across the C parameter range by employing L2-
regularized logistic regression (L2LR)(Fan et al., 2008). Each L2LR ensemble was then
applied to the standardized neuroimaging and clinical based decision scores available for the
CV- validation data. Class prediction was achieved by using majority voting on Majority

voting on P,,,.

1.6. Hyperparameter Optimization

For hyperparameter optimization, we computed

nrn.

n . . .
BAC,., = Xi=1( L—)/2 at given parameter combination across all k CV1
g nrp;+NEN;  NTN;INEP;

TP;

partitions with nyp, /nrp 4y npy, being Sensitivity and nry, /nry . npp, being Specificity, and
the fraction of the training population serving as support vectors in the i" CV partition. Our
optimization technique’s aim was to find a combination of Tg, PCs and the SVM’s
regularization parameter C [range: 2735 Y that maximized BAC,, Within a 3 (Tg) x 5 (PC)
x 8 (C) hyperparameter cube. The optimized ensemble was then applied to the CV> validation
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data to produce a mean decision score (D,,,) and majority voting-based class membership
probabilities (P,,,) for each CV> validation subject. This produced a mean decision score
((D_ens) ) and majority voting-based class membership probabilities (P_ens) for each CV2

validation subject.
1.7. Stacking Fusion Framework

The decision scores of the neuroimaging and the clinical models were combined,
standardized, and forwarded to a greedy sequential forward search algorithm(Saeys et al.,
2007) which found a parsimonious combination of classifiers maximizing PSl., across the C
parameter range by employing L2-regularized logistic regression (L2LR)(Fan et al., 2008).
Each L2LR ensemble was then applied to the standardized neuroimaging and clinical based
decision scores available for the CV, validation data. Class prediction was achieved by using

majority voting on Majority voting on P,,;.
1.8. Clinical/Neurocognitive Model List of Tests

The clinical and neurocognitive tests used to train the clinical support vector machine
learning model were the following: (1) Wisconsin Schizotypy Scale (WSS) physical and
social anhedonia subscales(Barkus & Badcock, 2019; Cannon-Spoor et al., 1982; Shankman
et al., 2010); (2) Premorbid Adjustment Scale (PAS)(Romm et al., 2011; Silverstone &
Salsali, 2003), (3) Functional Recovery Scale in Schizophrenia (FROGS)(Llorca et al., 2009);
(4) SIPS-negative(Kline et al., 2018); (5) Schizophrenia Proneness Instrument, Adult version
(SPI-A)(Schultze-Lutter et al., 2007); (6) Resilience Scale for Adults (RSA)(Friborg et al.,
2003; M.-H. Han & Nestler, 2017; Marulanda & Addington, 2016); and a range of
neurocognitive tests: (1) Digit Span Test (DST)(McClintock et al., 2010; Sanchez-Torres et
al., 2015); (2) Phonemic Verbal Fluency (PVF)(Becker et al., 2010; McClintock et al., 2010);

(3) Semantic Verbal Fluency (SVF)(Becker et al., 2010; McClintock et al., 2010); (4)
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Auditory-Verbal Learning Test (AVLT)(McClintock et al., 2010), and (5) Digit Symbol

Substitution Test (DSST)(McClintock et al., 2010; Sanchez-Torres et al., 2015).

191



Table S4: DGPPN S3 Guidelines for the treatment of first-episode psychosis and
schizophrenia (translated English version of Table 4.1 stated in the short version of the
guideline manual available in
https://www.dgppn.de/_Resources/Persistent/a6e04aa47e146de9e159fd2cale6987853a055d7
/S3_Schizo_Kurzversion.pdf). Candidate CHR and ROD patients were excluded if they had
received antipsychotic medication (1) for more than 30 cumulative days at or above the
minimum target dosage threshold for the treatment of first-episode psychosis, or (2) within the
past 3 months before psychopathological baseline assessments at or above the minimum target
dosage threshold for the treatment of first-episode psychosis. Abbreviations: DI dosage
interval, 2maximum recommended dosage according to prescribing information.

Substance Recommended DI Target dosage Target dosage Maximum dosage
starting dosage first-episode relapsing recommended
(mg/d) psychosis schizophrenia
(mg/d) (mg/d) (mg/d)
Atypical Antipsychotics
Amisulpride 200 (1)-2 100-300 400-800 1200
Aripiprazole (10)-15 1 15-(30) 15-30 30
Olanzapine 5-10 1 5-15 5-20 20
Quetiapine 50 2 300-600 400-750 750
Risperidone 2 1-2 1-4 3-6-(10) 16
Ziprasidone 40 2 40-80 80-160 160
Typical Antipsychotics
Fluphenazine 0.4-10 2-3 2.4-10 10-20 20-(40)
Flupentixole 2-10 1-3 2-10 10-60 60
Haloperidole 1-10 (2)-2 1-4 3-15 100
Perazine 50-150 1-2 100-300 200-600 1000
Perphenazine 4-24 1-3 6-36 12-42 56
Pimozide 1-4 2 1-4 2-12 16
Zotepine 25-50 2-(4) 50-150 75-150 450
Zuclopenthixole 2-50 1-3 2-10 25-50 75
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Table S5: SCID DSM-IV diagnoses detailed breakdown in ROP groups (Discovery

Sample)
ROP total
N=154
DSM Diagnosis N (%)
Schizophrenia 72 (46.7)
Schizophreniform 13 (8.0)
Psychosis NOS 18 (11.7)
Delusional Disorder 11 (7.1)
Brief psychotic disorder 6 (3.8)
Substance Induced 3(1.9)
Schizoaffective Disorder 10 (6.5)
Bipolar Disorder 12 (7.8)
Severe depression with psychosis 9 (5.7)
Table S6: Demographics of Replication Sample
ROP |ROD |[ty2 |P Pure |Pure |[t/2 P ROP+D | ROD+P [t/y2 | P
Group | Group Value | ROP | ROD Value | Group | Group Value
Group | Group
Sample Sizes, | 161 131 50 53 90 25
No.
Age, Mean 25,6 | 250 |t 432 258 |257 |t= 969 |25.3 25.5 t=- |.876
(SD) (6.1) |(5.9) |=.787 (6.3) |(6.1) |.039 (6.1) (6.5) 156
Sex 89/71 | 68/62 | 2 844 | 30/20 | 24/29 | ? 135 | 48/42 15/10 | ? 554
(Male/Female) =.339 =2.234 =.351
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2. Supplementary Results

2.1.

A number of exploratory supplementary analyses are presented in the supplementary
results. These include a) correlational analyses between the clinical and imaging decision
scores of the four different groups (Pure ROP/Pure ROD/ROP+D/ROD+P), in order to
explore whether there was an association between clinical, and neuroanatomical features
driving misclassification; b) association and comparison analyses between patients who
were correctly classified and patients who were misclassified, to explore any potential
‘sub-group’ identification of misclassified participants; ¢) whole brain GMV comparison
between the whole ROP and the whole ROD group, between subjects who were classified
as ROP and subjects who were classified as ROD; and d) group level comparisons of the

decisions scores of the three machine learning models.
Correlation of Clinical and Imaging Decision scores.

We wanted to examine the relationship between the clinical and imaging decision scores
of our different groups (Pure ROP/Pure ROD/ROP+D/ROD+P) employing a Pearson
correlation test. In figure S2 the non-significant positive correlation between the clinical
and imaging decision scores in the Pure ROP group can be seen (r = 0.005, p<.05) In figure
S3 we can see the positive correlation between the clinical and imaging decision scores in
the Pure ROD group (r = .112, p=.073). Figure S4 shows the positive correlation between

the clinical and imaging decision scores in the ROP+D group (r = .062, p <.05). Finally,

194



figure S5 shows the positive correlation between the clinical and imaging scores in the

ROD+P group (r = .387, p =0.14).
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Figure S2. Pure ROP Clinical and Imaging Decision Scores Correlation
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Figure S5. ROP Depressed Clinical and Imaging Decision Scores Correlation

2.2. Association and comparison analysis between patients who were correctly

classified and patients who were misclassified

To understand the reasons why some of the patients in our sample were misclassified we
performed a series of association and comparison analysis between those patients who
were correctly classified and those who were misclassified using clinically relevant
measures. In table S5 we can see the association between Pure ROP patients who were
correctly classified as ROP and Pure ROP patients who were misclassified as ROD both
in the clinical and imaging models. In Table S6 we have compared Pure ROP patients

who have been correctly classified and Pure ROP patients who have been misclassified in
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seven clinically relevant measures (PANSS Positive, WSS Perceptual Aberration,
CAARMS Unusual Thought Content, CAARMS Non-Bizarre ldeas, and CAARMS
Disorganized Speech), both in the clinical and the imaging models. Furthermore we
performed an association analysis between ROP+D patients who had been correctly
classified and ROD+D patients who had been misclassified (Table S7). Finally, correctly
classified ROP+D patients were compared to misclassified ROP+D patients in the same

seven measures that were mentioned previously (Table S8).

Table S7. Association Analyses between Pure ROP Classification and Schizotypy

Criteria
SPD SPD SPD
Criteria  Criteria SPD Criteria
Not Met Not Met  Criteri  Met
Count Expected aMet Expecte
Count Count d Count y2 P Value
Clinical
Classification Correct Classification 23 23.8 3 2.2
Misclassification 10 9.2 0 0.8 1.25 131
Imaging
Classification Correct Classification 12 12.8 2 1.2
Misclassification 21 20.2 1 1.8 1.06 151

Table S8. Comparison Analyses between Pure ROP Correctly Classified and Pure
ROP Misclassified (P-Values with an asterisk survive FDR (Benjamini-Hochberg)
correction threshold)

Correctly Misclassified

Classified Mean Mean and

and Standard Standard
Deviation Deviation t P Value
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Clinical

Classification

Imaging

Classification

PANSS Positive Total
WSS Magical Ideation
Total

WSS Perceptual
Aberration Total
CAARMS Unusual
Thinking Content
CAARMS Non Bizarre
Ideas

CAARMS Perceptual
Abnormalities
CAARMS
Disorganized Speech

PANSS Positive Total
WSS Magical Ideation
Total

WSS Perceptual
Aberration Total
CAARMS Unusual
Thinking Content
CAARMS Non Bizarre
Ideas

CAARMS Perceptual
Abnormalities
CAARMS

Disorganized Speech

16 (5.3)

2.0 (2.0)

5(.9)

48 (2.1)

4.6 (2.1)

3.6 (2.7)

2.4 (2.0)

13.1 (4.5)

2.8 (2.4)

4(1.3)

4.6 (2.1)

4.4 (2.3)

4.6 (2.2)

2.2 (1.9)

13.7 (8.0)

3.5 (2.7)

1.1 (1.8)

5.2 (1.9)

2.7 (2.9)

5.2 (1.4)

2.0 (2.4)

16.8 (6.6)

2.1(2.1)

8(1.2)

5.0 (2.0)

3.8 (2.5)

3.6 (2.6)

2.3 (2.2)

1.013

-1.780

-1.208

-.485

2.203

-1.740

544

-1.888

965

-.846

-.599

124

1.123

-114

159

.041*

117

315

017*

.045*

295

.034

170

201

276

237

134

455
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Table S9. Association Analyses between ROP Depressed Classification and
Schizotypy Criteria

SPD SPD SPD
Criteria  Criteria SPD Criteria
Not Met Not Met  Criteri  Met
Count Expected aMet Expecte

Count Count d Count 2 P Value
Clinical
Classification Correct Classification 28 30.3 6 3.7
Misclassification 54 51.7 4 6.3 2.55 .055
Imaging
Classification Correct Classification 16 16 2 2
Misclassification 66 66 8 9 .001 485
Table S10. Comparison Analyses between ROP Depressed Correctly Classified and
ROP Depressed Misclassified (P-Values with an asterisk survive FDR (Benjamini-
Hochberg) correction threshold)
Correctly  Misclassified Mean
Classified Mean and Standard
and Standard Deviation
Deviation
t P Value
Clinical
Classification .
PANSS Positive Total 20.0 (7.2) 17.9(5.3) 1.609 .055*
WSS Magical Ideation
Total
5.1 (3.0) 41(3.1) 1540 .063
WSS Perceptual
Aberration Total
25(2.7) 3.0(35) -.749 228
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Imaging

Classification

CAARMS Unusual
Thinking Content

CAARMS Disorganized
Speech

CAARMS Non Bizarre
Ideas

CAARMS Perceptual
Abnormalities

PANSS Positive Total
WSS Magical Ideation

Total

WSS Perceptual

Aberration Total

CAARMS Unusual
Thinking Content

CAARMS Disorganized
Speech

CAARMS Non Bizarre

Ideas

CAARMS Perceptual

Abnormalities

4.8 (1.9)

2.4(2.2)

5.06 (1.9)

3.1 (2.5)

20.4 (6.3)

4.2 (2.7)

2.5 (2.9)

5.3 (1.2)

2.2 (1.7)

4.3 (2.4)

3.6 (2.4)

5.1 (1.6)

1.3 (1.6)

46 (2.1)

3.4 (2.5)

18.2 (6.0)

45 (3.2)

2.9 (3.3)

4.9 (1.9)

1.6 (1.9)

4.9 (1.9)

3.2 (2.5)

-.651

2.497

1.042

-.505

1.495

-.385

-.605

1.073

1.392

-1.187

770

.258

.0

o7*

.150

307

.069

.350

.258

143

.083

119

215
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2.3 GMV differences between groups

We also wanted to understand the neurobiology that was driving the classifications and
misclassifications in our models. We therefore performed whole brain GMV comparisons
a) between the whole ROP group and the whole ROD group b) between subjects from all
groups who were classified as ROP (regardless of whether it was a correct classification
or a misclassification) and c) between Pure subjects and co-morbid subjects. In figure S5
(a,b,c) we can see the GMV differences between the whole of the ROP group and the
whole of the ROD group. The ROP group had increased GMV in the superior and
inferior frontal gyrus whereas decreased GMV areas were detected in the left cerebellum,
the Supramarginal gyrus, and the inferior temporal gyrus when compared to the ROP
group (Table S11). Furthermore we compared subjects who were classified as ROP to
subject who were classified as ROD according to our imaging model (figure S6 (a,b,c)).
Subjects who were classified as ROP showed increased GMV in the insula, the caudate,
and the precuneus among others, whereas they showed decreased GMV in the lingual
gyrus and the thalamus (Table S12). Finally we performed a whole brain GMV analysis
between patients who were in Pure groups (both ROP and ROD) and patients who were

in co-morbid groups (both ROP+D and ROD+P) (figure s7 (a,b,c)). Pure subjects showed
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pronounced GMV increases in the left cerebellum and the middle occipital gyrus and

decreased GMV in the superior frontal gyrus and the lingual gyrus (Table S13).

Figure S5a. Whole ROP Group vs Whole ROD Brain Differences
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Figure S5b. Whole ROP Group vs Whole ROD Brain Differences
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Figure S5c. Whole ROP Group vs Whole ROD Brain Differences

Table S11. Significant clusters from the Whole ROP Group vs Whole ROD Brain
Differences analysis. Red=ROP greater GMV than ROD, Blue=ROP less GMV than
ROD
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Clusters ROP vs ROD

Brain Area

Superior Frontal Gyrus
Inferior Frontal Gyrus
Left Cerebellum
Supramarginal Gyrus

Inferior Temporal Gyrus

Cluster
Peak Voxel MNI Coordinates

2061 -19
14 22 -25
-38 -66 -11
-50 -36 24
-22 3-55

P Value, Peak Intensity,
Cluster Size

p(FDR)=0.013, T=3.64, k=300
p(FDR)=0.057, T=3.84, k=154
p(FDR)=0.044, T=-4.16, k=208
p(FDR)=0.001, T=-4.17, k=548
p(FDR)=0.001, T=-4.55, k=682
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Figure S6b. Subjects Classified as ROP vs Subjects who were classified as ROD

Figure S6c. Subjects Classified as ROP vs Subjects who were classified as ROD

Table S12. Subjects from all Groups Classified as ROP vs Subjects from all Groups
Classified as ROD According to the Imaging Model. Red=ROP greater GMV than
ROD, Blue=ROP less GMV than ROD

Clusters Classified as ROP vs Classified as ROD

Cluster P Value, Peak Intensity,
Brain Area Peak Voxel MNI Coordinates Cluster Size
Middle Temporal
Gyrus/Inferior Frontal
Gyrus/Insula -16 18 -13 p(FDR)<0.001, T=6.53, k=61340
Caudate 1196 p(FDR)=0.057, T=3.58, k=288
Middle Frontal Gyrus -40 34 21 p(FDR)=0.057, T=3.63, k=273
Superior Occipital -35-86 24 p(FDR)<0.001, T=3.78, k=1117
Gyrus/Precuneus
Middle Frontal Gyrus 40 28 43 p(FDR)<0.001, T=3.98, k=826
Precuneus 1-7255 p(FDR)<0.001, T=5.12, k=1133
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Lingual Gyrus -2 -27 -8 p(FDR)<0.001, T=-4.35, k=888
Thalamus 4-1810 p(FDR)<0.001, T=-4.06, k=992
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Figure S7a. Subjects in Pure Groups vs Subjects in Co-Morbid Groups
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Figure S7c. Subjects in Pure Groups vs Subjects in Co-Morbid Groups

Table S13. Subjects in Pure Groups (Both ROP and ROD) vs Subjects in Co-
Morbid Groups (Both ROP Depressed and ROD Psychotic) Brain Differences.
Red=ROP greater GMV than ROD, Blue=ROP less GMV than ROD

Clusters Pure vs Co-Morbid

Cluster
Brain Area Peak Voxel MNI Coordinates
Left Cerebellum -38-51-21
Middle Occipital Gyrus -27 -80 17
Superior Frontal Gyrus 3751 -20
Lingual Gyrus -16 -57 -4

P Value, Peak Intensity,
Cluster Size

p(FDR)=0.080, T=3.80, k=155
p(FDR)=0.080, T=3.70, k=120
p(FDR)=0.013, T=-4.59, k=304
p(FDR)=0.018, T=-3.85, k=230

2.5. Decision Scores Group Differences

We wanted to test the differences of the decision scores between the groups (ROP and

ROD as well as ROP+D and ROD+P). In the pure clinical model the mean decision score for

the ROP group was .4108 (SD=0.805) and for the ROD group -.7760 (SD=0.726). An

independent samples t-test showed that the difference between the two groups was significant

(t=8.177, df=126, p<.0001). In the pure neuroanatomical model the mean decision score for

the ROP group was -.0579 (SD=0.227) and for the ROD group -.2096 (SD=0.178). An

independent samples t-test showed that the difference between the two groups was significant

(t=4.039, df=126, p=.0001). In the pure combined model the mean decision score for the ROP

group was .6988 (SD=1.121) and for the ROD group -1.019 (SD=1.012). An independent

samples t-test showed that the difference between the two groups was significant (t=8.490,

df=126, p<.0001).

In the applied clinical model the mean decision score for the ROP group was -.2507

(SD=0.698) and for the ROD group -.6742 (SD=0.701). An independent samples t-test

showed that the difference between the two groups was significant (t=2.686, df=115, p=.005).

In the applied neuroanatomical model the mean decision score for the ROP group was -.1619
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(SD=1.859) and for the ROD group -.1217 (SD=0.201). An independent samples t-test
showed that the difference between the two groups was not significant (t=-.942, df=115,
p=.187). Finally, in the applied combined model the mean decision score for the ROP group
was -.2798 (SD=1.003) and for the ROD group -.8769 (SD=1.008). An independent samples
t-test showed that the difference between the two groups was significant (t=2.635, df=115,

p=.006).
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2.6. Decision Scores Regression with 9 Month Functional Outcome

Finally we wanted to test whether decision scores were related to 9 month global
functioning outcome using the Global Functioning: Social (GFS) and Global Functioning
Role (GFR) scales. Good functioning was interpreted as a score on either scale of more than
7, and the impaired functioning was interpreted as score on either scale of 7 or
less(Koutsouleris et al., 2018b). A logistic regression was performed to determine the
likelihood that patients had an impaired functional outcome at 9 months using decision scores
from our SVM models as predictors. None of the models was statistically significant. GFS
model using pure SVM model decision scores: ¥2(3) = 2.259, p = .520; GFR model using
pure SVM model decision scores: ¥2(3) = 3.638, p = .303; GFS model using comorbid SVM
model decision scores: ¥2(3) = 7.179, p = .066; GFR model using comorbid SVM model
decision scores: y2(3) = 3.353, p = .340. Table S12 contains information from the logistic

regression models.

Table S14. Odds Ratios (OR) for Impaired Functional Outcomes for Decision Scores

from the SVM models

Beta/OR (95% Confidence Intervals)

Pure Clinical Comorbid

Global & Clinical & Comorbid
Functioning Neurocognitiv.  Pure GMV Pure Stacking  Neurocognitive ~ Comorbid GMV  Stacking
Scale Outcome  No. e Model Model Model Model Model Model
GFR Impaired Pure: 70
Comorbid: 84
Good Pure: 58 -1.372/.254 -.956/.384 .814/.2.256 23.189/1178.0 .319/1.375 -15.961/.000
Comorbid: 33 (.008-7.812)  (.063-2.348)  (.200-25.406) (.003-4263.0) (.155-12.175)  (.000-61.799)
GFS Impaired Pure: 69
Comorbid: 77
Good Pure: 59 1.474/4.365 -1.023/.359 -.912/.402 34.917/1460.0 .564/1.758 -24.104/.000
Comorbid: 40~ (.138-137.5)  (.060-2.144)  (.035-4.582)  (251.3-8478.0) (.215-14.389) (.000-.025)
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2. Supplementary Methods

PRONIA recruitment infrastructure

The 981 study participants (155 individuals with ROP, 147 individuals with ROD, and 275 HC

from the discovery sample as well as 129 individuals with ROP, 123 individuals with ROD,

and 152 HC from the replication sample) analyzed in the present study were recruited following

a standardized recruitment and ascertainment protocol (see Figure S1 and Table S3). The

observational study protocol involved follow-up examinations every three months after the

index ascertainment and was implemented by the following 7 PRONIA sites:

Table S3: Characteristics of the recruiting institutions in the PRONIA consortium
(Directly reproduced from a previous study(Koutsouleris et al., 2018b)).

Psychiatry,
University of Turku

hospital services responsible
for treatment of psychiatric
patients in their catchment
areas in the South-Western
Finland.

PRONIA Site | Institution Name Country | Type of Service Catchment | Screening
Population | population /
year
Munich Department of DE Academic outpatient services | 1,200,000 700
Psychiatry and including specialized service
Psychotherapy, for early recognition of
Ludwig-Maximilian- psychosis; tertiary care
University Munich academic hospital
Basel Department of CH Academic inpatient and 500,000 200
Psychiatry and outpatient services including
Psychotherapy, specialized service for early
University of Basel recognition and intervention
of psychosis; tertiary care
academic hospital
Milan Department of IT Psychiatric outpatient 600,000 1,000
Niguarda Pathophysiology and services including specialized
Transplantation, services for early recognition
University of Milan. of psychosis and persons at
Four recruitment high risk; Academic hospital,
hospitals: Niguarda, providing psychiatric
Policlinico, San inpatient services, psychiatric
Paolo, Villa San outpatient services and local
Benedetto Menni in Services;
Albese con Cassano
Cologne Department of DE Academic outpatient services | 1,000,000 600
Psychiatry and including specialized service
Psychotherapy, for early recognition of
University of psychosis; tertiary care
Cologne academic hospital
Birmingham The University of UK Academic specialised Early 1,200,000 800
Birmingham Intervention Service for
Psychosis covering
Birmingham and Solihull.
Community and Inpatient
Turku Department of Fl Psychiatric outpatient and 284,000 2,300
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Udine Department of IT Psychiatic outpatient 600,000 500
Psychiatry, services, academic hospital
University of Udine and local services. Tertiary
care neuropsychiatric service

Upon study enrolment, the participants were pseudonymized twice, locally at each site and
centrally at the level of the PRONIA portal. The PRONIA portal consists of a multi-user
database hosting the clinical and neurocognitive information, and defaced MR images obtained
from the study participants. The data are organized into digital questionnaires, visits, and cases.
The portal provides the case managers with a controlled web-based interface to enter and
upload the different data into the respective questionnaires. Furthermore, the PRONIA
consortium has implemented a PRONIA@home mobile device interface that allows the study
participants to securely log into the portal and fill out the self-rating questionnaires of given
visit. Upon completion of the data entry across all questionnaires of given visit, the data are
checked by an automatic quality control procedure which executes approximately 1600 data
integrity and dependency rules. These rules include (1) basic checking of missing data and data
ranges, (2) checking of dependency within one questionnaire, (3) dependencies between two
questionnaires within one visit, and (4) dependencies between two consecutive visits (such as
consistency of dates). Detected errors are fed back to the respective case managers allowing
for a manual correction of the respective issues. This process is re-iterated until the quality of

the clinical questionnaires in the given visit is sufficient for the entire visit to be locked.
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PRONIA study design and examination instruments
A comprehensive battery of ascertainment tools was used within a longitudinal observational

study design to generate a multi-modal phenotypic profile of each study participant (see Figure
S1 and Table S2). The clinical part of the battery compiled questionnaires that capture
sociodemographic, somatic, environmental, diagnostic, psychopathological, functional and
quality-of-life related variables in the PRONIA study population. This battery was
complemented by multi-domain neurocognitive and neuroimaging examinations as well as
blood sampling for later genetic characterization, which were carried out at the baseline and 9-

month follow-up timepoints.

Table S4: Clinical and neurocognitive examinations performed in the CHR, ROD, ROP,
and HC groups during the 18-month follow-up period of the study (Directly reproduced

from a previous study(Koutsouleris et al., 2018b)). Clinical assessment types: OR Observer-based
rating instrument, SR Self-rating-based instrument. Examination timepoints: TO Baseline examination,

Figure S2: Observational study design of
PRONIA (Directly reproduced from a previous
study!). Colored boxed indicate type of
assessment / visits conducted in each of the study
groups: Healthy controls (green), patients with
recent-onset depression (yellow), persons with a
clinical high-risk for psychosis (orange), patients
.\A:ifh rarant_nncat navirhncic (rad)
m = IV3/1V6/IV12/1V15 3, 6, 12, 15-month
= = examinations conducted only in the
O clinical study participants, T1 9-month
Wy y \P examination, T2 18-month follow-up
ll | N examination. Observer-based
12 15 18 instruments: CAARMS Comprehensive
Assessment of the At-Risk Mental
States(Yung et al., 2005), CHR Criteria
Clinical High-Risk criteria summary
. ®| Blood questionnaire, ~ FROGS  Functional
sampling Remission in General
Schizophrenia(Llorca et al., 2009), GAF Global Assessment of Functioning, GF:S/R Global Functioning: Social
/ Role(Cornblatt et al., 2007), PANSS Positive and Negative Symptom Scale(Kay et al., 1987), PAS Premorbid
Adjustment Scale(Alvarez et al., 1987), SANS Scale for the Assessment of Negative Symptoms(Andreasen, 1989),
SCID-IV Screening/Summary Structured Clinical Interview for DSM-IV(First, Michael B et al., 2002), SIPS
Standardized Interview for the Assessment of Prodromal Symptoms (modified version 5.0)(McGlashan et al.,
2001), SPI-A [COGDIS/COPER] Schizophrenia Proneness Instrument [Cognitive disturbances (COGDIS) /
Cognitive-Perceptual (COPER) disturbances](F. Schultze-Lutter et al., 2007), Transition Criteria Interval
questionnaire for the assessment of transition criteria, UHR - Schizotypy, Genetic Risk Interview for the
Assessment of Schizotypal personality traits, and familial risk for psychosis. Self-rating instruments: BDI-I1I
Beck Depression Inventory II(A. Beck et al., 1996), CISS-24 Coping Inventory for Stressful Situations — 24
items(Endler, 2004), CTQ Childhood Trauma Questionnaire(Bernstein et al., 1994), EHI-SR Edinburgh
Handedness Inventory — Short Version(Veale, 2014), EDS Everyday Discrimination Scale — Modified Version(D.
R. Williams, n.d.), LEE Level of Expressed Emotions(Cole & Kazarian, 1988), MSPSS the Multidimensional
Scale for Perceived Social Support(Zimet et al., 1988), NEO-FFI NEO Five Factor Inventory of Personality
Traits(Costa et al., 1992), RSA Resilience Scale for Adults(Friborg et al., 2003), SPIN Social Phobia
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Inventory(Connor et al., 2000), WHO-QOL-BREF WHO Quality of Life Questionnaire-Brief Version(Health,
1996). Neurocognitive tests: CPT-IP Continuous-Performance Test-Identical Pairs (adapted tablet
version)(Cornblatt et al., 1988), DANVA Diagnostic Analysis of Non-Verbal Accuracy 2 (adapted tablet
version)(Nowicki & Duke, 2001), DS Auditory Digit Span (Forward/Backward) adapted from the PEBL battery,
DSST Digit-Symbol-Substitution Test from the BACS battery, ROCF Rey-Osterrieth complex figure(Rey, 1941),
SAT Salience Attribution Task (adapted version)(Roiser et al., 2010), SOPT self-ordered pointing task (adapted
version)(Petrides & Milner, 1982), TMT-A/-B Trail-Making Test A and B(Reitan, 1958), VF phonemic/semantic
verbal fluency test.

Instrument Form Screening TO 1V3 | 1V6 T1 1V12 V15 T2
PAT | HC | PAT | HC | PAT | PAT | PAT | HC PAT PAT | PAT i HC

General Data OR X X X X X X

Reasons for Referral OR X

Treatment Documentation OR X X X X X X X X X X

S(_)matlc state and Health OR X X X X X X

History

SPI-A COGDIS/COPER OR X X X X X X X X X X

SIPS positive symptoms OR X X X X X X X

CAARMS OR X X X X X X X

GAF OR X X X X X X X

gll-sf — Schizotypy, Genetic OR X X X X X X X

CHR Criteria OR X X X X X X

Transition Criteria OR X X X X

SCID-1V Screening OR X X X X

SCID-1V Summary OR X X X X X X

Demographic and

Biographic Data OR X X X X X X

PAS OR X X X X

SPI-A OR X X X X

SIPS negative, disorganized OR X X X X

and general symptoms

PANSS OR X X X X X X X

SANS OR X X X

Chart of Life Events OR X X X X X X X X X X

FROGS OR X X X

GF: Social & Role OR X X X X X X X X X X

Prognostic evaluation OR X X X

MSPSS SR X X X X X X

RSA SR X X X X X X

CISS 24 SR X X X X X X

SPIN SR X X X X X X

BDI-11 SR X X X X X X X X X X

WHO-QOL-BREF SR X X X X X X

EHI-SR SR X X

LEE SR X X X X X X

Wisconsin Scales SR X X

EDS SR X X

Bullying Scale TO SR X X

CTQ SR X X

NEO-FFI SR X X

DS backward (BACS) NPT X X X X

DS forward (BACS) NPT X X X X

CPT-IP (BACS) NPT X X X X

DANVA NPT X X X X

DSST NPT X X X X

RAVLT NPT X X X X

ROCF NPT X X X X

SAT NPT X X X X

SOPT NPT X X X X

TMT-A NPT X X X X

TMT-B NPT X X X X

VF phonetic NPT X X X X

VF semantic NPT X X X X

WAIS-III NPT X X X X

224



MRI harmonization and data acquisition

When setting up the PRONIA study, we decided to generate a MRI database that would
represent the MR scanner sequence heterogeneity encountered in clinical real-world. The aim
of this strategy was to strengthen the generalizability and clinical applicability of the predictive
models developed by our machine learning analyses. Thus, we agreed on a minimal
harmonization protocol that required the PRONIA sites to only (1) acquire isotropic or nearly
isotropic voxel sizes of preferably 1 mm resolution, (2) set the Field Of View (FOV) parameters
accordingly to guarantee the full 3D coverage of the brain including all parts of the cerebellum,
and (3) define the relaxation time (TR) and echo time (TE) as well as other imaging parameters
in a way that would maximize the contrast between cortical ribbon and the white matter and
enhance the signal-to-noise ratio in the images. The sMRI images of six healthy travelling
volunteers who were scanned at all sites with the same parameters, were also analysed as part
of a calibration study. At every site all the images were visually inspected, automatically
defaced and anonymized using an in-house Freesurfer-based script before the data was
centralized. Table S3 lists the parameters defining the structural MR sequences used to

examine in the PRONIA discovery sample participants.

Table S3: MR scanner systems and structural MRI sequence parameters used at the
respective PRONIA sites (Directly reproduced from a previous study(Koutsouleris et al.,
2018b)). .

PRONIA Model Field Coil Flip TR TE Voxel Size FOV Slice

Site Strength | Channels | Angle | [ms] [ms] [mm] Number

Munich Philips 3T 32 8 9.5 55 0.97 x 0.97 x 250x 250 | 190
Ingenia 1.0

Milan Philips 15T 8 12 Shortest | Shortest | 0.93x0.93x | 240x240 | 170

Niguarda Achieva 8.1) 3.7) 1.0
Intera

Basel SIEMENS 3T 12 8 2000 34 1.0x1.0x1.0 | 256x256 | 176
Verio

Cologne Philips 3T 8 8 9.5 55 0.97 x 0.97 x 250x 250 | 190
Achieva 1.0

Birmingham | Philips 3T 32 8 8.4 3.8 1.0x1.0x1.0 | 288x288 | 175
Achieva

Turku Philips 3T 32 7 8.1 3.7 1.0x1.0x1.0 | 256x256 | 176
Ingenuity

Udine Philips 3T 8 12 Shortest | Shortest | 0.93 x 0.93 x 240x 240 | 170
Achieva (8.1) 3.7 1.0
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MRI processing pipeline

The manual of the CAT12 toolbox (http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf)

details the processing steps applied to the structural images. These steps consist of:

(9) A 1% denoising step based on Spatially Adaptive Non-Local Means (SANLM)
filtering(Manjon et al., 2008).

(10) An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus
achieves a homogeneous segmentation across cortical and  subcortical
structures(Rajapakse et al., 1997).

(11) A 2" denoising step using Markov Random Field approach which incorporates spatial
prior information of adjacent voxels into the segmentation estimation generated by
AMAP(Rajapakse et al., 1997).

(12) A Local Adaptive Segmentation (LAS) step, which adjusts the images for white matter
(WM) inhomogeneities and varying gray matter (GM) intensities caused by differing iron
content in e.g. cortical and subcortical structures. The LAS step is carried out before the
final AMAP segmentation.

(13) A Partial Volume Segmentation algorithm that is capable of modeling tissues with
intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is
applied to the AMAP-generated tissue segments.

(14) A high-dimensional DARTEL registration of the image to a MNI-template generated from
the MRI data of 555  healthy controls in the IXI database

(http://www.braindevelopment.orqg).

(15) The GM maps were then multiplied with the Jacobian determinants that were obtained

during registration in order to produce GM volume maps.
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(16) The Quality Assurance framework of CAT12 was used to check the quality of the GMV
maps.

1.5 ROP and ROD Inclusion Criteria

The general inclusion criteria for the study were: (1) age between 15 and 40 years, (2)
sufficient language skills for participation, (3) capacity to provide informed consent/assent.
General exclusion criteria were: (1) an 1Q below 70, (2) current or past head trauma with loss
of consciousness (> 5 minutes), (3) current or past known neurological or somatic disorders
potentially affecting structure or functioning of the brain, (4) current or past alcohol
dependence, (5) polysubstance dependence within the past six months, and (6) any medical
indication against MRI. Recent onset psychosis (ROP) and recent onset depression (ROD)
inclusion criteria can be found in the supplement (1.5). ROP participants had to meet the
following criteria: 1) DSM-IV-TR (Diagnostic and Statistical Manual of Mental Disorders,
Text Revision) (43) affective or non-affective psychotic episode (lifetime), 2) criteria for
DSM-IV-TR affective or nonaffective psychotic episode fulfilled within past 3 months and 3)
onset of psychosis within past 24 months. ROD patients had to meet the following criteria: 1)
DSM-IV-TR major depressive episode (lifetime), 2) major depressive disorder criteria
fulfilled within past three months and 3) duration of first depressive episode no longer than
24 months. Specific ROD exclusion criteria were: (1) a previous episode of DSM-IV-TR
major depression prior to the current or recent episode, (2) a duration of the current episode
exceeding 24 months, (3) antipsychotic medication exceeding 30 days (cumulative in the past
24 months) with a daily dose rate at or above minimum dosage of the “first episode
psychosis” range of DGPPN S3 guidelines(Psychiatrie P und P und N (DGPPN) Deutsche
Gesellschaft fiir, 2006), and (4) any antipsychotic medication within the past three months

prior to baseline assessments at or above minimum dosage of the “first episode psychosis’
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range of DGPPN S3(Psychiatrie P und P und N (DGPPN) Deutsche Gesellschaft fiir, 2006)

(See Table S4).

Table S4: DGPPN S3 Guidelines for the treatment of first-episode psychosis and
schizophrenia (translated English version of Table 4.1 stated in the short version of the
guideline manual available in

https://www.dgppn.de/ Resources/Persistent/abe04aad7e146de9e159fd2cale6987853a055d

7/S3_Schizo_Kurzversion.pdf) (Directly reproduced from a previous study(Koutsouleris et al.,

2018b)). Candidate CHR and ROD patients were excluded if they had received antipsychotic
medication (1) for more than 30 cumulative days at or above the minimum target dosage
threshold for the treatment of first-episode psychosis, or (2) within the past 3 months before
psychopathological baseline assessments at or above the minimum target dosage threshold for
the treatment of first-episode psychosis. Abbreviations: DI dosage interval, 2maximum

recommended dosage according to prescribing information.

Substance Recommended DI Target dosage Target dosage Maximum dosage
starting dosage first-episode relapsing recommended
(mg/d) psychosis schizophrenia
(mg/d) (mg/d) (mg/d)°
Atypical Antipsychotics
Amisulpride 200 (1)-2 100-300 400-800 1200
Aripiprazole (10)-15 1 15-(30) 15-30 30
Olanzapine 5-10 1 5-15 5-20 20
Quetiapine 50 2 300-600 400-750 750
Risperidone 2 1-2 1-4 3-6-(10) 16
Ziprasidone 40 2 40-80 80-160 160
Typical Antipsychotics
Fluphenazine 0.4-10 2-3 2.4-10 10-20 20-(40)
Flupentixole 2-10 1-3 2-10 10-60 60
Haloperidole 1-10 (2)-2 1-4 3-15 100
Perazine 50-150 1-2 100-300 200-600 1000
Perphenazine 4-24 1-3 6-36 12-42 56
Pimozide 1-4 2 1-4 2-12 16
Zotepine 25-50 2-(4) 50-150 75-150 450
Zuclopenthixole 2-50 1-3 2-10 25-50 75
1.6 HYDRA

228


https://www.dgppn.de/_Resources/Persistent/a6e04aa47e146de9e159fd2ca1e6987853a055d7/S3_Schizo_Kurzversion.pdf
https://www.dgppn.de/_Resources/Persistent/a6e04aa47e146de9e159fd2ca1e6987853a055d7/S3_Schizo_Kurzversion.pdf

HYDRA is a hybrid between unsupervised clustering and supervised classification methods;
it can simultaneously fit maximum margin classification boundaries and elucidate disease
subtypes, which is not possible with unsupervised clustering methods or non-linear kernel
classifiers. HYDRA investigates different directions of deviation from normal anatomy (as
dictated by a healthy control reference sample) with no regard for their magnitude. Patients
are grouped into clusters based on the brain regions which are different from the healthy
controls and not based on the magnitude by which those regions are different. A number of
unique hyperplanes is chosen with the application of Determinental Point Processes (DPP)
which is technique that helps derive the most diverse samples possible. This ensures that
identified regions reflect biomarkers that are unique rather than repeated ones with varying
magnitudes and helps ensure clusters of patients that are reflective of disease related

variability.

1.7 Blood-Based Biomarker Data

Serum: Following a strict protocol, a 9 ml blood sample was collected from consenting
participants in S-monovette serum tubes for isolation of serum. Blood samples were drawn in
the morning after 12 hours fasting where possible. Samples were inverted 5-6 times and
allowed to stand at room temperature for 30 minutes to coagulate. After centrifugation for 10
minutes at 2750g, serum was pipetted in 8 300ul aliquots in cryo vials and stored at -800C until

analysis.

Blood: at the same sampling time, two 9ml fasting whole blood samples were collected in

EDTA tubes and stored at -800C until genomic analysis.

Serum Peripheral Inflammatory Marker Assays:

Samples were transferred to the University of Birmingham Barnes Laboratory in March 2019.

There were no freeze-thaw cycles before analysis. Of samples included in inflammatory marker
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analysis, 83% were taken before 12 noon and 76% were fasting. 95% of participants were in a
sitting position when the blood was drawn. The average length of serum aliquot sample storage
until analysis was 48.78 months (median = 45 months). All samples were assayed blind to

subject information.

An aliquot from each sample was centrifuged (15 min, 15k x g, 4°C) before analysis using the
Luminex platform (Bio-Plex 200 system with Bio-Plex Manager software) using a commercial
multiplex kit for IFNg, IL-1b, IL-1ra, IL-2, IL-4, IL-6, S100B and TNFa (Bio-Techne), and
commercial singleplex kits for CRP (Bio-Techne), BDNF (Bio-Techne) and TGFbl1 (Bio-

Techne) following the manufacturer's instructions.

1.8 Independent Validation

We followed the exact same procedure as described in main manuscript in order to develop a
model in the replication sample. In order to mitigate site effects, prior to applying HYDRA,
the R version of the ComBat harmonization technique was employed

(https://github.com/Jfortinl/ComBatHarmonization). To further ensure that disease variance

would be retained and that scanner variance would be disentangled from disease variance,
ComBat was trained on the replication healthy controls and then apphied the estimates that
were derived were applied to the replication patients. We used whole brain measures derived
from CAT12 from 280 Regions of the neuromorphometrics atlas parcellation from 404
participants with Recent Onset Psychosis (ROP) and Recent Onset Depression (ROD) and
Healthy Controls (HC) from the replication sample of the PRONIA study. ROP patients and
ROD patients were grouped together into one patient group. HYDRA was trained using a
1000-fold cross-validation method using age, sex, and Total Intracranial Volume (T1V) as
covariates, and requesting 2 to 8 clustering solutions. Adjusted Rand Index (ARI) was used to

measure cluster stability. The statistical significance of clusters was assessed in two ways.

230


https://github.com/Jfortin1/ComBatHarmonization

We assessed whether the obtained subgroups were different to what we would find if there
was no disease present by comparing the observed ARI to a null distribution of ARI. We also
assessed whether clusters really are present in the dataset or if there is a single Gaussian

distribution by employing SigClust (Huang et al., 2015)(https://github.com/pkimes/sigclust?).

Using the discovery data (280 neuromorphometrics features) we then trained a SVM model
which classified patients into either the impaired or preserved cluster in order to develop a
tool that allows us to apply our clustering solution to external datasets without the need to
rerun HYDRA on the original (discovery) data. We then applied that model to the replication

sample data. Details of the machine learning pipeline are described in 1.12.
1.9 External Validation
COBRE Dataset

The Center for Biomedical Research Excellence (COBRE) is contributing raw anatomical
and functional MR data from 72 patients with Schizophrenia and 75 healthy controls (ages
ranging from 18 to 65 in each group). All subjects were screened and excluded if they had,;
history of neurological disorder, history of intellectual disability, history of severe head
trauma with more than 5 minutes loss of consciousness, history of substance abuse or
dependence within the last 12 months. Diagnostic information was collected using the

Structured Clinical Interview used for DSM Disorders (SCID).

A multi-echo MPRAGE (MEMPR) sequence was used with the following parameters:
TR/TE/TI = 2530/[1.64, 3.5, 5.36, 7.22, 9.08]/900 ms, flip angle = 7°, FOV = 256x256 mm,
Slab thickness = 176 mm, Matrix = 256x256x176, Voxel size =1x1x1 mm, Number of echos
=5, Pixel bandwidth =650 Hz, Total scan time = 6 min. With 5 echoes, the TR, Tl and time
to encode partitions for the MEMPR are similar to that of a conventional MPRAGE, resulting

in similar GM/WM/CSF contrast.
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Rest data was collected with single-shot full k-space echo-planar imaging (EPI) with ramp
sampling correction using the intercomissural line (AC-PC) as a reference (TR: 2's, TE: 29

ms, matrix size: 64x64, 32 slices, voxel size: 3x3x4 mm3).

Slice Acquisition Order:

Rest scan - collected in the Axial plane - series ascending - multi slice mode - interleaved

MPRAGE - collected in the Sag plane - series interleaved - multi slice mode - single shot

The following data are released for every participant:

Resting fMRI

Anatomical MRI

Phenotypic data for every participant including: gender, age, handedness and diagnostic

information.

MCIC Dataset

Details about the MCIC dataset are described in a prior publication(Gollub et al., 2013).

Depression Dataset

Details about the MUC dataset are described in a prior publication(Koutsouleris et al., 2015).

1.10 External Validation Pipeline

The COBRE dataset has the highest duration of illness in years (M=16.8. SD=12.9), followed
by MCIC (M=10.9, SD=10.9), and MUC (M=5.8, SD=7.7). The MUC dataset had the oldest
subjects (M= 42.1, SD=11.9), followed by COBRE (M=38.1, SD=13.9), and MCIC (M=34.5,
SD=11.1). Due to the significant age differences between the PRONIA recent onset samples
and the older external validation samples we followed a robust pipeline that removed the age

and site effects while retaining the disease variance in the data (see supplementary methods
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1.10). Due to the significant age differences between the PRONIA recent onset samples and
the older external validation samples HYDRA was not performed in the external datasets and
we followed a robust pipeline that removed the age and site effects while retaining the
disease variance in the data. First, we identified a HC subsample across different sites in the
PRONIA and external validation datasets which was age and sex matched and had a specific
age range (no older than 40 years of age). We then pooled the HC and patients from the
PRONIA, COBRE, MCIC, and MUC datasets. Then, we trained ComBat on the identified
HC subsample and applied it to the pooled HC and patients. Afterwards, we used the full
ComBat corrected patient group and for each patient a normative ComBat corrected HC
sample within an age window of +/-3 years was found. Then, the median and standard
deviation was computed at the feature level and the patients’ data were z-standardized. We
then trained a repeated nested pooled cross-validation (CV) SVM model with 10 outer CV2
permutations, 10 outer CV2 folds, 10 inner CV1 permutations, and 10 inner CV1 folds using
the z-standardized PRONIA data and applied the model to the z-standardized external

validation datasets.

1.11 Cluster Significance Testing

Permutation testing is a robust tool for assessing statistical significance of machine learning
models(Golland & Fischl, 2003; Nichols & Holmes, 2001). We assessed the statistical
significance of clusters in three ways. First, we assessed whether the obtained subgroups
were different to those which would be found in different disease structures by comparing the
observed ARI to a null distribution of ARI created by randomly shuffling features in the HC
group and the patient group and permuting 1000 times in HYDRA. Second, we assessed
whether the obtained clusters were different to those which would be found if disease-related
variability was not present by comparing the observed ARI to a null distribution of ARI

created by randomly assigning HC samples (n=275) to a HC group and pseudo-patient group
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and performing HYDRA analysis 1000 times. Third, we also assessed whether the data could
be explained with clusters or if it could be better explained by a single Gaussian distribution
by employing SigClust (1000 simulations) (Huang et al., 2015)
(https://github.com/pkimes/sigclust2). SigClust tests the null hypothesis that the data are from
a single Gaussian distribution by using a test statistic called the cluster index (Clustl). The
Clustl is defined as the sum of within-class sums of squares about the mean divided by the
total sum of squares about the overall mean. The null distribution of the Clustl is

approximated by simulating from a single Gaussian distribution estimated from the data.

Due to the unique nature of our recent onset samples we defined the null distribution by
disturbing the disease signature in the patient group and the healthy control group. We
performed random shuffling of features in the healthy control group and the patient group
separately and permuted in HYDRA 1000 times using a repeated hold-out cross-validation
strategy (i.e., 10 repetitions with 80% of the data for training in each repetition). We also
permuted HYDRA 1000 times using the original data using a repeated hold-out cross-
validation strategy (i.e., 10 repetitions with 80% of the data for training in each repetition).
Thus, we obtained a null distribution ARI and compared it to the observed ARI. The ARI for
the 2 cluster solution was statistically significantly higher in the observed distribution
compared to the null distribution (pfdr <.001). ARIs for all other observed clustering
solutions showed no statistically significant differences to the null distribution ones (pfdr >
0.001). We also performed permutation testing by randomly assigning HC samples (n=275)
to a HC group and pseudo-patient group while maintaining the HC to patient ratio that was
observed in the original data and performed HYDRA analysis 1000 times using a repeated
hold-out cross-validation strategy (i.e., 10 repetitions with 80% of the data for training in
each repetition)(Chand et al., 2020; Kaczkurkin et al., 2020). We compared the results to

clustering results obtained with actual HC and patient groups. The ARI for the 2 cluster
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solution was statistically significantly higher in the observed distribution compared to the null

distribution (pfdr=0.01).

1.12 SVM Details of Independent Validation and Prognostic Validation Models of 9-

month GAF-S outcomes.

To further investigate the granularity of the differences between clusters, and manage the
challenge of multiple testing in univariate statistics, we also trained Support VVector Machine
(SVM) models to classify patients into the neuroanatomically based clusters using
neurocognitive, blood-based biomarker, and symptom data and examined weighted features
driving classification within the models. The machine learning analysis of pre-processed data
was performed using NeuroMiner (version 1.0; https://github.com/neurominer-git). Prior to
the machine learning analysis the following preprocessing steps were completed: a) every
feature was scaled from 0 to 1 and completely non-finite features were zeroed-out; b) any
feature that had infinite values was pruned; ¢) missing values were imputed using KNN
Euclidean distance median replacement using 7 nearest neighbours. For each missing value
of a given CV1 or CV2 subject, a subset of cases that had values for the given variable and
had values in all other variables which were non-empty were identified. Subjects in the
source subset were sorted according to their similarity with the target subject using the
Euclidean distance. Then, the median of the given variable was computed using the 7 nearest
neighbours. The original, non-imputed training matrix was used at all times. d) The data was
scaled again. The model performance criterion that was used was balanced accuracy and the
learning algorithm that was chosen was LIBLINEAR L2-regularized L2-loss SVC.
Imbalanced learning was corrected for by increasing the C value in the minority class by
multiplying it by the inverse ratio of the training class sizes (weighting the hyperplane). The
kernel type that was linear with eleven learning parameters in order to optimize the choice of
C value. Wrapper methods were activated at all parameter combinations with greedy
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sequential backward feature selection (Stop at k=90% of features; Feature stepping at 10% of
worst performing features at each cycle). Starting with the full feature set the SVM was ran
iteratively with the 10% worst performing features being eliminated at each cycle until 10%
of the feature pool was left. In order to assess the models’ statistical significance we
performed permutation analysis to create an empirical null distribution of weights for each
feature and then compare the observed weight to this distribution. The models were retrained
in the cross-validation framework using the respective label subsets obtained from the
observed-label analyses 1000 times. For each permutation the predictions were accumulated
into a permuted ensemble prediction for each CV2 subject. In that way a null distribution of
out-of-training classification performance for the prediction models was produced. The
significance of the observed out-of-training classification performance was calculated as the
number of events where the permuted out-of-training classification performance was higher
or equal to the observed classification performance divided by the number of permutations
performed. Then the significance of the model was determined according to a p threshold of
p<0.05. Furthermore we applied a sign-based consistency algorithm to calculate the number
of times that the sign of each feature (positive or negative) was consistent within an ensemble
multiplied by the number of times that the feature was non-zero. The measure is between 0 to
1, with 1 representing perfect consistency within the ensemble and 0 if the weights are
equally positive and negative or when the feature is omitted with a zero weight. A p-value
was then calculated by defining a hypothesis test for the importance score with a null
hypothesis of 0. A z-score was calculated as the importance divided by the square root of the
variance of the importance scores. A standard p-value was then calculated using a normal
cumulative distribution function to choose the right-tailed significance. P-values were then

corrected using the false-discovery rate.
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A repeated nested pooled cross-validation (CV) was used with 10 outer CVV2 permutations,
10 outer CV2 folds, 10 inner CV1 permutations, and 10 inner CV1 folds. Imbalanced
learning was corrected for, by increasing the C value in the minority class by multiplying it
by the inverse ratio of the training class sizes. A linear kernel was used with 11 C values
(0.0156, 0.0312, 0.0625, 0.1250, 0.2500, 0.5000, 1, 2, 4, 8, and 16) to optimize the choice of
C value and create an ensemble of predictive models to be applied to the CV2 data to produce
a single average robust prediction. Balanced accuracy (BAC) regularized by SVM model
complexity was used as a criterion for the hyperparameter optimization. For hyperparameter

optimization, we computed

J nrp. nrn. . . .
BAC,., = X;=4( : *—)/2 at given parameter combination across all k CV1
& nrp,tMEN;  NTN;TNEP;

partitions with nyp, /nrp +npy, being Sensitivity and nyy, /nry . npp, being Specificity, and
the fraction of the training population serving as support vectors in the i" CV partition. Our
optimization technique’s aim was to find a combination of Tg, PCs and the SVM’s
regularization parameter C [range: 2'~*&"*/that maximized BAC,, within a 3 (Ts) x 5 (PC)
x 8 (C) hyperparameter cube. The optimized ensemble was then applied to the CV> validation
data to produce a mean decision score (D,,,) and majority voting-based class membership
probabilities (P.,,s) for each CV2 validation subject. This produced a mean decision score
((D_ens) ) and majority voting-based class membership probabilities (P_ens) for each CV2
validation subject. Finally, a stacking-based data fusion framework(R. Polikar, 2006;
Wolpert, 1992) was used to examine whether the combination of the symptom-based and the
blood-based biomarker models would provide a superior classification accuracy. To achieve
this, the decision scores of the blood-based biomarker and the symptom-based models were
combined, standardized, and forwarded to a greedy sequential forward search

algorithm(Saeys et al., 2007) which found a parsimonious combination of classifiers
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maximizing PSl., across the C parameter range by employing L2-regularized logistic
regression (L2LR)(Fan et al., 2008). Each L2LR ensemble was then applied to the
standardized neuroimaging and clinical based decision scores available for the CV> validation

data. Class prediction was achieved by using majority voting on Majority voting on P,,,;.
1.13 Prognostic Validation Post-Hoc Results

Post-hoc Mann-Whitney U test results showed statistically significant differences between
the BAC of the ROP stacked model and the Preserved Cluster stacked model (U= .00,
p<0.001), between the BAC of the ROD stacked model and the Preserved Cluster stacked
model (U= .00, p<0.001), and between the Impaired Cluster Stacked model and the Preserved
Cluster stacked model (U=.00, p<0.001), with no overlap of the values among the respective

groups.
1.14 List of Features Included in Prognostic Validation Analysis

The symptom-based support vector machine learning model was trained using item scores the
following tests: PANSS, BDI, and GAF-S. The blood-based biomarker model was trained
using the following peripheral inflammatory marker data: IL1ra, CRP, TNFa, BDNF, and

TGFp as well as the following additional variables: age, sex, tobacco use, and BMI.
1.15 Multivariate Analyses Results

Using symptom measures, and reflecting univariate results, the two clusters were separable
(BAC: 60.9%, sensitivity: 65.4%, specificity: 56.4%, AUC: 0.63, p<0.01). Assessing the
feature weights of the model, patients in Cluster 2 exhibited higher scores in positive
(PANSS-P items 6 and 7; suspiciousness/persecution and hostility), general (PANSS-G items
2 and 13; anxiety and disturbance of volition), negative symptoms (PANSS-N items 1 and 7;
blunted affect and stereotyped thinking) and (SANS items 13, 14, 23, 25; alogia, grooming

and hygiene, social inattentiveness, and attention) and BDI-I1 items 16 and 18 (changes in
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appetite and sleeping patterns) among others. Patients in cluster 1 had higher scores in BDI-11
items 4, 5, 8, 14, 15, and 17 (loss of pleasure, guilty feelings, self-criticalness, loss of energy,
and irritability) and PANSS-G items 4, 6, 12, 14, and 15 (tension, depression, lack of
judgement and insight, and poor impulse control) among others (See supplementary figure

S3(a)).

Our neuroanatomically based clusters were also separable using cognitive data (BAC: 56.6%,
sensitivity: 57.5%, specificity: 55.7%, AUC: 0.58, p=0.01). Patients in cluster 2 mainly
exhibited worse cognitive performance in a visual recognition and recall task (Rey—Osterrieth
complex figure) and patients in cluster 1 mainly performed worse in verbal memory tasks

(Rey Auditory Verbal Learning Test) (See supplementary figure S3(b)).

The two clusters were also separable (BAC: 58.7%, sensitivity: 54.9%, specificity: 62.4%,
AUC: 0.59, p=0.01) in blood-based biomarkers, with patients in cluster 2 having elevated

levels of CRP and TNFa (See supplementary figures S3(c)).

Table S5: Clinical univariate comparisons between the two clusters (fdr-corrected p

values)
Cluster 1 Cluster 2 T value P value
(Preserved) (Impaired)
PANSS Positive M (SD) | 11.5 (5.8) 13.8(7.46) |-2.8 .02
PANSS Negative M (SD) | 13.5 (6.3) 15.2 (135) |-2.2 .04
PANSS General M (SD) | 29.8 (8.2) 33.0(11.4) |-2.7 01
BDI M (SD) 25.1(14.2) |225(127) |15 12
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Global Functioning 6.0 (1.6) 5.7 (1.6) 1.5 A2
Social Current M (SD)

Global Functioning Role | 5.8 (1.8) 5.3(1.8) -2.3 .03
Current M (SD)

SANS Affective 5.3 (7.6) 8.1 (9.1) 2.7 01
Flattening

M (SD)

SANS Alogia M (SD) 2.1(4.1) 3.8 (5.3) -3.0 02
SANS Avolition M (SD) | 5.7 (4.6) 6.7 (5.3) -1.7 .07
SANS Anhedonia M (SD) | 8.8 (6.7) 9.8 (7.8) -1.1 25
SANS Attention M (SD) | 1.8 (2.7) 2.8(1.8) 2.2 04

Table S6. Neurocognitive performance univariate comparisons between the two clusters

(fdr-corrected p values)

Cluster 1 Cluster 2 T value P value
(Preserved) (Impaired)
Verbal Fluency | 22.5 (6.7) 21.9 (7.0) 0.812 0.556
M (SD)
Social 18.9 (2.5) 18.5 (2.7) 1.192 0.430
Cognition M
(SD)
Working 15.6 (4.1) 15.5 (3.7) 0.121 0.904
Memory M
(SD)
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TMAM (SD) | 31.2 (13.3) 35.3 (16.9) -2.212 0.074
DSSTM (SD) | 57.2 (12.6) 53.3 (13.9) 2.446 0.068
Reasoning M | 19.6 (4.5) 19 (4.3) 1.107 0.430
(SD)

Attention M 254.2 (24.6) 253.4 (20.1) 0.312 0.862
(SD)

Speed of 485 (25.8) 40.0 (32.3) 2.399 0.068

Processing M

(SD)

Table S7. Blood-based biomarker univariate comparisons between the two clusters (fdr-

corrected p values)

Impaired Preserved T value P value

Cluster Cluster
IFN-y M (SD) 4.2 (13.8) 2.8 (3.9) -1.049 296
IL1-ra M (SD) 615.4 (541.2) | 802.3 (1304.6) | 1.257 210
IL-4 M (SD) 10.5(10.8) 9.5 (8.6) -.686 493
S100B M (SD) 44.4 (61.1) 48.7 (82.4) 409 683
IL1-B M (SD) 92 (.82) 3.0 (23.5) 862 390
IL-2 M (SD) 1.4 (1.9) 1.2 (1.7) -.851 396
IL-6 M (SD) .83 (1.6) .81 (.83) -.072 942
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TNF-a M (SD) 1.6 (1.2) 1.6 (1.2) 022 983
CRP M (SD) 1562227.8 1380328.4 -.394 .694
(4294394.8) | (1892965.3)

TGF-B M (SD) 375230.8 369705.3 -.102 919

(384248.7) (369923.8)
BDNF M (SD) 21604.4 22859.5 926 356

(9481.6) (9364.3)

Cluster Peak VVoxel MNI P Value, Peak Intensity,
Comparison Coordinates (X,y,2) Cluster Size

Preserved Cluster > Impaired Cluster

Middle Frontal Gyrus, Superior Frontal
Gyrus, Superior Temporal Gyrus, Medial
Frontal Gyrus, Cingulate Gyrus, Right

00-2

p(FDR)<0.001, T=8.43
4, k=201778
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Cerebellum, Left Cerebellum, Precuneus,
Precentral Gyrus, Inferior Frontal Gyrus,
Anterior Cingulate, Insula, Parahippocampal
Gyrus, Left Fusiform Gyrus, Hippocampus,
Lingual Gyrus, Amygdala, Thalamus

Cuneus, Middle Occipital Gyrus 18-93 14 p(FDR)=0.001, T=4.28, k=645
Right Fusiform Gyrus, Inferior Temporal
Gyrus, Middle Temporal Gyrus 47 -59 -14 p(FDR)=0.001, T=4.02, k=559

Table S7. Results of VBM Comparison between clusters

Table S8. Results of VBM comparison between clusters and HC

Comparison

Cluster Peak Voxel MNI

Coordinates (X,y,2)

P Value, Peak Intensity,

Cluster Size

HC < Cluster 1

Bilateral Cerebellum, Left Lingual Gyrus,

Fusiform Gyrus -8 -54 -18 p(FDR)<0.001, T=4.01, k=1164
Bilateral Cerebellum -2-63 -30 p(FDR)=0.011, T=4.05, k=491
HC > Cluster 2
Superior Temporal Gyrus, Right Insula, Right
Superior Temporal Gyrus, Middle Temporal
Gyrus, Parahippocampal Gyrus, Right
Hippocampus, Inferior Frontal Gyrus, Right
Amygdala, Fusiform Gyrus 536-3 p(FDR)<0.001, T=5.46, k=9134
Anterior Cingulate, Medial Frontal Gyrus,
Left Rectal Gyrus -942 -3 | p(FDR)<0.001, T=5.03, k=10983
Precuneus, Middle Temporal Gyrus, -26 -68 27 p(FDR)<0.001, T=4.78, k=1376
Left Superior Temporal Gyrus, Left Insula,
Left Inferior Frontal Gyrus, Left
Hippocampus, Left Claustrum -36 -9 14 p(FDR)<0.001, T=4.74, k=7684
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Bilateral Precuneus, Cingulate Gyrus,

Posterior Cingulate 11-5129 p(FDR)<0.001, T=4.54, k=1390
Superior Frontal Gyrus, Medial Frontal Gyrus 17579 p(FDR)<0.001, T=4.36, k=1605
Bilateral Thalamus 0-12-5 p(FDR)=0.009, T=4.17, k=405

Right Postcentral Gyrus, Right Precentral
Gyru 26 -41 47 p(FDR)=0.010, T=4.12, k=386

(b)

Figure S2. GMV decreases between Impaired cluster and Preserved cluster (a) and between

Impaired cluster and HC (b).
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Figure S3. CV ratio of Feature Weights of SVM Classification between the Two Clusters
Using Symptom Measures (a), cognitive variables (b)*, and blood-based biomarker data (c).
Features in blue denote importance in impaired cluster classification and features in yellow

denote importance in preserved cluster classification.
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*The cognitive variables included in the model were (from top to bottom/most important to

least important):

GAVLT_Delayed_repetition_out_of list_words_list A_TO

GROCF _Score_element_ 09 TO

GROCF_Score_element_05 Delayed _TO

GPVF_Correct 00 15 letter 1 TO

GFDS_Maxdigitsstringlengthcorrect_reminded_at_least o TO

GDSST_Score_symbol_matchings_TO

GDSST_Correct_number_symbol_matchings_TO

GROCF _Score_element_13 TO

GAVLT_ImmedirepeatedwordslrepetitionlistA_TO

GSVF_Correct_45 60 _category 1 TO

SOPT_Maxcorrectresponsesbeforeerr10elem02_TO

GPVF_Repetition_15 30 letter 1 TO

GSVF_Error_45 60 category 1 TO

GROCF _Score_element_07_Immediate_TO

CPTIP_Number_error_filler_stimuli_200 trials_TO

SOPT _Perseveration_Errors_10_elements_03_TO

GROCF_Score_element_18 Delayed_TO

GROCF_Time_TO0
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CPTIP_Number_error_distracting_stimuli_50 _trials_TO

Age

GAVLT_Immedioutoflist_wordslrepetitionlistA_TO

GPVF_Repetition_00_15 letter 1 TO

CPTIP_Reaction_times_error_distracting_300_trials TO

GAVLT_Immedioutoflistwords5repetitionlistA_TO

GTMB_2 Errors_TO

GROCF _Score_element_ 06 _TO

GSVF_Correct_30_45 category 1 TO

SOPT _Errors_10 elements_02_TO

GSVF_Repetition_30_45 category 1 TO

SOPT _Perseveration_Errors_6_elements 03 TO

GROCF_Score_element_16 _Immediate_TO

GAVLT Interference_Immediate_6_repetition_list A_TO

GSVF_Repetition_00_60_category 1 TO

CPTIP_Number_correct_250 trials_TO

GAVLT _Immediate 5 repetition_list A_TO

SOPT_Maxcorrectresponsesbeforeerréelem01_TO

GAVLT_Immedirepeatedwords3repetitionlistA_TO

GTMA_1 Time_of execution_TO
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GROCF _Score_element_02_TO

GSVF_Repetition_15 30 category 1 TO

GROCF _Score_element_15 Immediate_TO

SOPT_Maxcorrectresponsesbeforeerr8elem01_TO

CPTIP_Number_error_filler_stimuli_100_trials_TO

GAVLT_Immedirepeatedwords2repetitionlistA_TO

GPVF _Error_45 60 letter 1 TO

CPTIP_Number_error_filler_stimuli_250 trials_TO

GROCF _Score_element_10 Immediate_TO

CPTIP_Reaction_times_error_distracting_100 _trials_TO

GSVF_Correct_15 30 _category_1 TO

GAVLT_Immedirepeatedwords4repetitionlistA_TO

GROCF_Score_element_14 Immediate_TO

GSAT _objects_rt_mean_TO

SOPT_Maxcorrectresponsesbeforeerr8elem03_TO

GROCF_Score_element_17 Immediate_TO

CPTIP_Number_error_distracting_stimuli_250 trials_TO

GPVF_Repetition_45 60 _letter 1 TO

GROCF _Score_element_06_Delayed TO

GTMA_3 Violations_TO
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CPTIP_Number_error_distracting_stimuli_100_trials_TO

GSAT _animals_rt sd_TO

GROCF _Score_element_02_ Delayed TO

GSAT blue_objects_rt_mean_TO

GAVLT_Immediate_2_repetition_list A_TO

GROCF _Score_element_14 TO

GROCF_Score_element_10 TO

CPTIP_Number_error_filler_stimuli_whole_test_TO

GROCF_Time_Delayed _TO

CPTIP_Reaction_times_error_distracting_200 trials_TO

CPTIP_Number_correct_200_trials_TO

GPVF_Correct_45 60 letter 1 TO

SOPT_Maxcorrectresponsesbeforeerrdelem02_TO

GROCF_Score_element_12 Delayed _TO

SOPT _Perseveration_Errors_4 elements 01 TO

GTMB_1 Time_of execution_TO

CPTIP_Reaction_times_error_distracting_250 trials_TO

GROCF_Score_element_13 Delayed_TO

GFDS_Number_of correct_trials_TO

SOPT_Maxcorrectresponsesbeforeerrl0elem01_TO
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GROCF_Placement_whole_Delayed_TO

GROCF _Score_element_ 04 TO

GROCF_Score_element_03_Delayed_TO

CPTIP_Reaction_times_error_distracting_150 trials_TO

GSAT red_animals_vas _TO

CPTIP_Number_error_filler_stimuli_150_trials_TO

GTMB_3 Violations_TO

GROCF _Score_element_18 TO

GROCF_Score_element_08 Delayed_TO

WAIS_V_Standard_score_TO

GROCF_Score_element_11 Immediate_TO

WAIS_V_Raw_score_TO

SOPT _Errors_8 elements 02_TO

GROCF_Score_element_11 Delayed TO

GSAT _red_objects_rt_mean_TO

GAVLT _Interfelmmedioutoflistwords6rep_lis TO

CPTIP_Reaction_times_correct 50 trials_TO

GSVF_Error_00_15 category 1 TO

GROCF _Score_element_11 TO

GSAT red_objects_rt sd_TO

251



SOPT_Maxcorrectresponsesbeforeerr10elem03_TO

SOPT _Perseveration_Errors_8 elements 01 TO

SOPT_Maxcorrectresponsesbeforeerréelem03_TO

GPVF_Error_00 60 letter 1 TO

GPVF_Error_15 30 letter 1 TO

GSVF_Error_00_60_category 1 TO

GSVF_Error_30_45 category 1 TO

GBDS_Maxdigitsstringlengthcorrect_reminded_at_least o TO

WAIS_MR_Standard_score_TO

SOPT _Perseveration_Errors_4 elements 03_TO

GROCF_Score_element_16 _TO

SOPT_Maxcorrectresponsesbeforeerr8elem02_TO

GSAT _red_animals_rt sd TO

GSAT blue_objects rt sd_TO

SOPT Errors_10 elements 01 _TO

GAVLT_Immedirepeatedwords5repetitionlistA_TO

GROCF_Score_element_07_TO

SOPT Errors_6_elements 02 _TO

Sex

GSAT _red_rt_ mean_TO
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CPTIP_Number_omissions_250 trials_TO

GROCF_Accuracy_whole_TO

GAVLT _InterfelmmediwordsfromlistArepetitionlist_TO

SOPT _Errors_6_elements 03 _TO

GROCF_Score_element_04 Delayed_TO

GROCF _Score_element_17 TO

SOPT_Maxcorrectresponsesbeforeerrdelem03_TO

GAVLT_Immediate_4 repetition_list A_TO

GROCF_Score_element_14 Delayed_TO

CPTIP_Number_omissions_300 trials_TO

GAVLT _InterfelmmedirepeatwordsrepetitionlistB_TO

GROCF _Score_element_15 TO

GROCF_Placement_whole_TO

GROCF_Score_element_08 Immediate_TO

GPVF_Correct_30 45 letter 1 TO

SOPT _Perseveration_Errors 6 _elements 02_TO

CPTIP_Number_correct_300 _trials_TO

GROCF _Score_element_03 Immediate_TO

SOPT _Errors_10_elements 03 _TO

GPVF_Error_00_15 letter 1 TO
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GAVLT _InterfelmmediwordsfromlistB6repetitionlis_TO

GAVLT_Immedioutoflistwords2repetitionlistA_TO

GROCF _Score_element_12 TO

CPTIP_Number_error_distracting_stimuli_150 trials_TO

GSAT _objects_rt_sd_TO

GROCF _Score_element_ 05 TO

GAVLT Delayed_repetition_list A TO

GSAT red rt sd TO

GAVLT _Interfelmmedirepeatwords6repetitionlistA_TO

GROCF_Accuracy_whole_Immediate_TO

CPTIP_Number_omissions_50_trials_TO

GAVLT _Interfelmmedioutoflistwordsrepetitionlist_TO

GROCF_Score_element_07_Delayed_TO

SOPT _Errors_4 elements 01_TO

GPVF_Repetition_00_60_letter 1 TO

GPVF_Correct_00_60 letter 1 TO

GROCF_Score_element_10 Delayed _TO

GSAT _blue_objects_vas_TO

GROCF_Score_element_09 Delayed TO

CPTIP_Number_correct_100 trials_TO
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CPTIP_Reaction_times_correct 250 trials_TO

SOPT Errors_8 elements 03 TO

GROCF _Score_element_09 Immediate_TO

SOPT _Errors_4 elements 03 _TO

GPVF_Correct_15 30 letter 1 TO

CPTIP_Number_correct_whole test TO

GROCF_Score_whole_TO0

CPTIP_Reaction_times_error_distracting_whole_test TO

CPTIP_Reaction_times_correct 300 trials_TO

GSVF_Correct_00_15 category 1 TO

CPTIP_Number_omissions_150 trials_TO

GSAT blue_rt_ mean _TO

GPVF _Error_30 45 letter 1 TO

GSAT blue_animals_rt_mean_TO

SOPT Errors_4 elements 02 _TO

SOPT _Errors_6_elements 01_TO

CPTIP_Number_error_distracting_stimuli_300_trials_TO

GSAT _animals_rt_mean_TO

GROCF_Score_element_08 TO

CPTIP_Reaction_times_correct_whole_test TO
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GROCF_Placement_whole_Immediate_TO

GROCF_Score_element_17_Delayed_TO

GROCF _Score_element 01 TO

SOPT_Maxcorrectresponsesbeforeerréelem02_TO

CPTIP_Number_error_filler_stimuli_300_trials_TO

GAVLT_Delayed_repetition_words_from_list B_list A TO

CPTIP_Number_omissions_200 trials_TO

SOPT_Maxcorrectresponsesbeforeerrdelem01_TO

GROCF _Score_element_05 Immediate_TO

GROCF_Score_element_01 Delayed TO

GSVF_Error_15 30 category 1 TO

CPTIP_Reaction_times_correct 100 trials_TO

GROCF_Score_element_06_Immediate_TO

GSAT _total_rt mean_TO

GROCF_Score_whole_Immediate_TO

GSAT blue_animals_vas_TO

CPTIP_Number_error_distracting_stimuli_whole_test TO

WAIS_MR_Raw_score_TO0

CPTIP_Number_correct_150 trials_TO

GROCF_Score_element_13 Immediate_TO
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GAVLT_Immedioutoflistwords4repetitionlistA_TO

GSVF_Correct_00 60 category 1 TO

CPTIP_Number_error_distracting_stimuli_200_trials TO

SOPT _Perseveration_Errors 8 elements 02_TO

SOPT _Perseveration_Errors_8 elements 03 TO

CPTIP_Number_correct_50 trials_TO

GAVLT _Interference_Immediate_repetition_list B_TO

SOPT _Perseveration_Errors_4 elements 02 _TO

GROCF _Score_element_18 Immediate_TO

GSVF_Repetition_00_15 category 1 TO

GROCF_Score_element_12 Immediate_TO

GAVLT_Immediate_3_repetition_list. A_TO

GROCF_Score_element_15 Delayed TO

CPTIP_Reaction_times_correct_200_trials_TO

CPTIP_Reaction_times_correct 150 trials_TO

CPTIP_Reaction_times_error_filler_whole_test TO

CPTIP_Number_error_filler_stimuli_50_trials_TO

GROCF _Score_element_ 03 TO

GAVLT _Delayed_repetition_repeated_words_list A_TO

GBDS_Number_of _correct_trials_TO
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SOPT _Perseveration_Errors_6_elements 01 TO

GSAT blue_animals_rt sd TO

GROCF _Score_element_04 Immediate_TO

SOPT _Perseveration_Errors_10_elements_01_TO

GSAT blue rt sd TO

GROCF_Accuracy_whole_Delayed TO

GSAT _red_objects vas TO

GROCF_Time_Immediate_TO

GPVF_Repetition_30_45 letter 1 TO

GROCF_Score_element_16 Delayed TO

GSAT _red_animals_rt_ mean_TO

GDSST_Error_number_symbol_matchings_TO

GAVLT_Recognition_words_from_list A_TO

CPTIP_Number_omissions_100 _trials_TO

CPTIP_Number_omissions_whole_test TO

GAVLT_Immedioutoflistwords3repetitionlistA_TO

GTMA_2 Errors_TO

GSAT _total rt sd_TO

SOPT _Perseveration_Errors_10 _elements 02_TO

GAVLT_Immediate_1 repetition_list A_TO
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SOPT Errors_8 elements 01 TO
CPTIP_Reaction_times_error_distracting_50_trials_TO
GDANVA _Number_correct_Faces_condition_TO
GROCF_Score_element_01_Immediate_TO

GROCF _Score_element_02_Immediate_TO
GSVF_Repetition_45 60 _category 1 TO

GROCF_Score_whole_Delayed TO

1.16 Error bar graphs of univariate analyses Discovery data
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Mean PANSS_N_Total_TO

Mean PANSS_G_Total _TO

Mean SANS_Affective_Flat_TO

18.00

16.00

14.00

12.00

10.00
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1.17 ARI significance testing error bars

Impaired Cluster
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1.18 Independent Validation VBM and Univariate analyses
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cluster-level peak-level
mm mm mm
Iroreor M Punam PrwEcor  FDRoon | Zel Py
0.000  1252110.000 0.000 0.000 8.11 7.57 0.000 2 -65 23
0.000 0.000 7.56 7.12 0.000 -2 32 -17
0.000 0.000 7.34 §.93 0.000 1 -72 35
0.000 2949 0.000 0.014 0.003 5.39 5.22 0.000 -35 -89 -9
0.058 0.008 5.07 4,82 0.000 -26 -92 -8
0.378 0.032 4.53 4.42 0.000 -3% -7
0.000 1434 0.000 0.063 0.008 5.04 4.89 0.000 54 -45
0.102 0.011 4.91 4.78 0.000 59 -41 -
0.987 0.174 3.87 3.80 0.000 63 -26 -2
0.000 1850 0.000 0.075 0.009 4.99 4.85 0.000 29 -66 -38
0.482 0.042 4.44 4.34 0.000 8 -63 -30
0.663 0.060 4.29 4.20 0.000 -2 -§2 -28
0.000 1362 0.000 0.094 0.010 4. 4.80 0.000 -27 -68 -38
1.000 0.392 3.0 3.49 0.000 -42  -5§ -45
1.000 0.772 3. 3.21 0.001 -32  -54 -3%
0.000 830 0.000 0.260 0.024 4. 4.53 0.000 42 -50 -18
0.977 0.155 3. 3.85 0.000 3s -33 -12
1.000 0.294 3.66 3.60 0.000 38 -38 -5
0.004 290 0.002 0.718 0.066 4.25 4.16 0.000 -62 -12 -14
0.004 307 0.001 0.981 0.161 3.90 3.83 0.000 20 -78 -11
0.003 326 0.001 0.996 0.205 3.80 3.73 0.000 14 -44 -23

Impaired<Preserved VBM Comparison

Cluster Peak Voxel MNI

Coordinates (X,y,2)

2 -6523

Medial Frontal Gyrus, Precuneus, Cingulate Gyrus, Precentral Gyrus,

Insula, Superior Frontal Gyrus, Middle Frontal Gyrus, Superior
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Temporal Gyrus, Inferior Frontal Gyrus, Left Precuneus, Postcentral
Gyrus, Right Precuneus, Anterior Cingulate, Thalamus,

Parahippocampal Gyrus

-35-89 -9 Middle Occipital Gyrus, Inferior Occipital Gyrus, Left Lingual Gyrus
54 -452 Middle Temporal Gyrus, Superior Temporal Gyrus

29 -66 -38 Right Cerebellum

-27 -68 -38 Left Cerebellum

42 -50 -18 Fusiform Gyrus

-62-12 -14 Middle Temporal Gyrus

20-78 -11 Right Lingual Gyrus

14 -44 -23 Right Cerebellum Anterior Lobe

t-test for Equality of Means

95% Confidence Interval of
the Difference

Mean Std. Error

t df Sig. (2-tailed) Difference  Difference  Lower Upper
GF_S_ 1 _Current_TO -1.179 222 .240 -.263 .223 -.701 176
GF_R_1_Current_TO -.497 222 .620 -.138 279 -.688 411
IFN-y (pg/ml) .136 141 .892 .14891 1.09096 -2.00784 2.30566
IL-1ra (pg/ml) 711 141 478 57.61485 80.99184 -102.50047 217.73016
IL-4 (pg/ml) -.528 141 .599 -.40099 .76014 -1.90373 1.10175
S100B (pg/ml) 432 141 .667 4.82937 11.18814 -17.28882 26.94756
IL-1B (pg/ml) .702 141 484 14544 .20713 -.26405 .55493
IL-2 (pg/ml) .369 141 713 14793 .40105 -.64491 .94078
IL-6 (pg/ml) 1.025 141 .307 15718 .15336 -.14601 46037
TNF-a (pg/ml) -.221 141 .826 -.05614 .25430 -.55888 44660
CRP (pg/ml) 1.707 141 .090 523068.11532 306451.25281 -82765.01609 1128901.2467

2

TGF -B (pg/ml) 1.013 141 313 8729.78934 8621.03783 -8313.41182 25772.99049
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BDNF (pg/ml) .298 141 .766 281.49427 94493808  -1586.58357 2149.57211

PANSS_P_TO_Total 2.452 213 .015** 2.51082 1.02398 49240 4.52924
PANSS_N_TO_Total 1.586 212 114 1.54603 .97489 -.37568 3.46774
PANSS_G_TO_Total 2.114 212 .036 2.95492 1.39794 .19928 5.71056
SANS_Affective_Flatte 3.017 215 .003* 3.98277 1.31990 1.38117 6.58436
ning_TO

SANS_Alogia_TO 3.066 215 .002* 2.27507 74191 81271 3.73743
SANS_Auvolition_TO .510 215 .611 .39708 77870 -1.13777 1.93194
SANS_Anhedonia_TO0 .259 210 .796 .29330 1.13028 -1.93486 2.52146
SANS_Attention_TO 3.415 197 .001* 1.72847 .50614 .73031 2.72663

*False Discovery Rate corrected p values: 0.021

**False Discovery Rate corrected p value: 0.078
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1.19 9 month remission between group comparison

98
109

Remission
Remitted Unremitted Total
Cluster Preserved 33 65
Impaired 41 68
Total 74 133

207

Chi-Square Tests
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Asymptotic
Significance  Exact Sig. (2- Exact Sig. (1-
Value df (2-sided) sided) sided)

Pearson Chi-Square 3492 1 555

Continuity Correction® .198 1 656

Likelihood Ratio .349 1 554

Fisher's Exact Test .565 328
Linear-by-Linear 347 1 .556

Association

N of Valid Cases 207
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Immune Subtypes of Schizophrenia and their Associated Brain Structure: a Semi-

Supervised Machine Learning Examination of Inflammatory Heterogeneity.
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Supplementary Methods and Results

1.1 External Dataset and Blood-Based Biomarker Data Storage and Analysis

We used data from 199 patients who had participated in the Benefit of Minocycline on
Negative Symptoms of Psychosis: Extent and Mechanism (BeneMin) trial for exploration of
our clusters in an external dataset. This is described in full in Deakin et al. (2018) but in brief,
the participants had a mean age of 25.6 [S.D 5.2], were within 5 years of onset of symptoms
judged sufficient to meet (DSM-I1V) diagnostic criteria for a first episode of schizophrenia,
schizophreniform, or schizoaffective psychosis, and 27% were female. Here, we use the
demographic, clinical, cognitive and blood-based biomarker data from BeneMin acquired at

entry to the trial.

ASRB: Serum samples were thawed at 4 °C and centrifuged at 14009 to remove any
aggregate protein. The supernatant was then transferred to a fresh low-binding microfuge
tube and diluted 1:2 in assay buffer according to the manufacturer’s instructions. A 10-point
standard curve with serial dilutions of 1:4 was generated using reconstituted stock standards
supplied by the manufacturer; quality controls (QCs) supplied by the manufacturer were also
used to determine assay accuracy. The data were generated against a 5-parameter logistic
standard curve and corrected for background readings using Millipore Analyst Software
(Merck Millipore, Billerica, MA, USA). Samples were run randomly across a total of
eighteen 96-well plates in singles, and a pooled serum sample was used as an internal control
on all plates. The average coefficient of variance for duplicate values (n = 160) across

analytes was minimal (0.75%).

Serum was removed and stored frozen until sent to a central repository and inventoried,
aliquoted, and stored at —80°C. Samples were sent to the Schizophrenia Research Lab in

Sydney, where eight cytokines (IFN-y, IL-10, IL-12(p70), IL-1p, IL-2, IL-6, IL-8, and TNFa)
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from the Human High Sensitivity T-Cell panel (HSTCMAG-28K, Merck Millipore) were
assayed using a Luminex Magpix-based assay (Luminex corporation) and reported in
picograms per millilitre (pg/ml). CRP was measured from serum by a high-sensitivity
enzyme-linked immunosorbent assay (ELISA) according to the manufacturer’s instructions

(IBL-international, Hamburg,Germany).

BeneMin: Bloods for plasma inflammatory markers were aliquoted and frozen within 4 h.
hs-CRP was measured with the Cormay anti-CRP antibody (PZ Cormay SA, Lomianki,
Poland) sensitised to latex particles. Interleukin 6 (IL-6) was assayed with Meso Scale
Discovery V-PLEX sandwich immunoassays (Rockville, MD, USA). Assays were done at

King's College London.

1.2 MRI Data Acquisition and Processing

The T1-weighted (MPRAGE) images consisted of 176 1 mm thick sagittal slices per brain
without gap; field of view = 250° - 250 mm; repetition time/echo time = 1980/4.3 ms; data
matrix size = 256°-256; voxel dimensions = 1.0°-1.0°-1.0 mm. All scans underwent quality
control and those with movement artefacts and/or brain lesions were excluded. The images
were processed using the open-source CAT12 toolbox (version r1155;
http://dbm.neuro.uni.jena.de/cat12/) (see supplementary methods 1.2). Whole-brain GMV

measures were used.

The details of the MRI processing steps can be found in the CAT12 toolbox manual

(http://www.neuro.uni-jena.de/cat12/CAT12-Manual.pdf) In short these steps consist of:

(1) A 1%t denoising step based on Spatially Adaptive Non-Local Means (SANLM) filtering.
(2) An Adaptive Maximum A Posteriori (AMAP) segmentation technique, which models
local variations of intensity distributions as slowly varying spatial functions and thus

achieves a homogeneous segmentation across cortical and subcortical structures.
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(3) A 2" denoising step using Markov Random Field approach which incorporates spatial
prior information of adjacent voxels into the segmentation estimation generated by
AMAP.

(4) A Local Adaptive Segmentation (LAS) step, which adjusts the images for white matter
(WM) inhomogeneities and varying gray matter (GM) intensities caused by differing
iron content in e.g. cortical and subcortical structures. The LAS step is carried out
before the final AMAP segmentation.

(5) A Partial Volume Segmentation algorithm that is capable of modeling tissues with
intensities between GM and WM, as well as GM and cerebrospinal fluid (CSF) and is
applied to the AMAP-generated tissue segments.

(6) A high-dimensional DARTEL registration of the image to a MNI-template generated
from the MRI data of 555 healthy controls in the IXI database

(http://www.braindevelopment.orqg).

(7) The GM maps were then multiplied with the Jacobian determinants that were obtained
during registration in order to produce GM volume maps.
(8) The Quiality Assurance framework of CAT12 was used to check the quality of the GMV

maps.

1.3 Statistical Significance

We created a null distribution of ARI by randomly assigning HC samples (h=600) to an HC

group and pseudo-patient group and performing a HYDRA analysis 100 times using the

aforementioned repeated hold-out cross-validation strategy.

SigClust tests the null hypothesis that the data are from a single Gaussian distribution by using

a test statistic called the cluster index (Clustl). The Clustl is defined as the sum of within-class

sums of squares about the mean divided by the total sum of squares about the overall mean.
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The null distribution of the Clustl is approximated by simulating from a single Gaussian

distribution estimated from the data.

1.4 Cluster Solution Generalizability SVM Details

We trained a repeated nested pooled cross-validation (CV) multi-class SVM model with 10
outer CV2 permutations, 10 outer CV2 folds, 10 inner CV1 permutations, and 10 inner CV1
folds to predict subgroup membership of patients in the ASRB sample in the clusters
identified by HYDRA using the 9 cytokines/CRP. Secondly, this trained SVM model was

applied to the BeneMin participants.

The machine learning analysis of pre-processed data was performed using NeuroMiner
(version 1.0; https://github.com/neurominer-git). Prior to the machine learning analysis the
following preprocessing steps were completed: a) every feature was scaled from 0 to 1 and
completely non-finite features were zeroed-out; b) any feature that had infinite values was
pruned; ¢) missing values were imputed using KNN Euclidean distance median replacement
using 7 nearest neighbours. For each missing value of a given CV1 or CV2 subject, a subset
of cases that had values for the given variable and had values in all other variables which
were non-empty were identified. Subjects in the source subset were sorted according to their
similarity with the target subject using the Euclidean distance. Then, the median of the given
variable was computed using the 7 nearest neighbours. The original, non-imputed training
matrix was used at all times. d) The data was scaled again. The model performance criterion
that was used was balanced accuracy and the learning algorithm that was chosen was
LIBLINEAR L2-regularized L2-loss SVC. Imbalanced learning was corrected for by
increasing the C value in the minority class by multiplying it by the inverse ratio of the
training class sizes (weighting the hyperplane). A linear kernel was used with 11 C values

(0.0156, 0.0312, 0.0625, 0.1250, 0.2500, 0.5000, 1, 2, 4, 8, and 16) to optimize the choice of
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C value and create an ensemble of predictive models to be applied to the CV2 data to produce
a single average robust prediction. Balanced accuracy (BAC) regularized by SVM model
complexity was used as a criterion for the hyperparameter optimization. For hyperparameter

optimization, we computed

nrn.

n . . -
BAC,, = Xi=1( L) /2 at given parameter combination across all k CV1
& nrp;tNEN;  NTN;TNEP;

TP;

partitions with nyp, /nrp npy, being Sensitivity and nry, /nry +npp, being Specificity, and
the fraction of the training population serving as support vectors in the i CV1 partition. Our
optimization technique’s aim was to find a combination of Tg, PCs and the SVM’s
regularization parameter C [range: 2!~ *&"*!that maximized BAC,, within a 3 (Ts) x 5 (PC)
x 8 (C) hyperparameter cube. The optimized ensemble was then applied to the CV> validation
data to produce a mean decision score (D,,,s) and majority voting-based class membership
probabilities (P.,,s) for each CV2 validation subject. This produced a mean decision score
((D_ens) ) and majority voting-based class membership probabilities (P_ens) for each CV2
validation subject.. In order to assess the models’ statistical significance we performed
permutation analysis to create an empirical null distribution of weights for each feature and
then compare the observed weight to this distribution. The models were retrained in the
cross-validation framework using the respective label subsets obtained from the observed-
label analyses 100 times. For each permutation the predictions were accumulated into a
permuted ensemble prediction for each CV2 subject. In that way a null distribution of out-of-
training classification performance for the prediction models was produced. The significance
of the observed out-of-training classification performance was calculated as the number of
events where the permuted out-of-training classification performance was higher or equal to
the observed classification performance divided by the number of permutations performed.

Then the significance of the model was determined according to a p threshold of p<0.05.
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Furthermore we applied a sign-based consistency algorithm to calculate the number of times
that the sign of each feature (positive or negative) was consistent within an ensemble
multiplied by the number of times that the feature was non-zero. The measure is between 0 to
1, with 1 representing perfect consistency within the ensemble and 0 if the weights are
equally positive and negative or when the feature is omitted with a zero weight. A p-value
was then calculated by defining a hypothesis test for the importance score with a null
hypothesis of 0. A z-score was calculated as the importance divided by the square root of the
variance of the importance scores. A standard p-value was then calculated using a normal
cumulative distribution function to choose the right-tailed significance. P-values were then

corrected using the false-discovery rate.

1.5 Cluster Significance Testing

Permutation testing is a robust tool for assessing statistical significance of machine learning
models(Golland & Fischl, 2003; Nichols & Holmes, 2001). We performed permutation
testing by randomly assigning HC samples (n=275) to a HC group and pseudo-patient group
while maintaining the HC to patient ratio that was observed in the original data and
performed HYDRA analysis 1000 times using a repeated hold-out cross-validation strategy
(i.e., 10 repetitions with 80% of the data for training in each repetition)(Chand et al., 2020;
Kaczkurkin et al., 2020). We also permuted HYDRA 1000 times using the original data using
a repeated hold-out cross-validation strategy (i.e., 10 repetitions with 80% of the data for
training in each repetition) to obtain an observed ARI distribution. We compared the null
distribution ARI results to the observed distribution ARI results. The ARI for the 8-cluster
solution was statistically significantly higher in the observed distribution compared to the null
distribution (pfdr<0.001). we also assessed whether the data could be explained with clusters
or if it could be better explained by a single Gaussian distribution by employing SigClust

(1000 simulations) (Huang et al., 2015) (https://github.com/pkimes/sigclust?). SigClust tests
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the null hypothesis that the data are from a single Gaussian distribution by using a test
statistic called the cluster index (Clustl). The Clustl is defined as the sum of within-class
sums of squares about the mean divided by the total sum of squares about the overall mean.
The null distribution of the Clustl is approximated by simulating from a single Gaussian

distribution estimated from the data.

1.6 Further Inflammatory differences

The low inflammation cluster showed lower IL-10 levels (26.3 pg/ml (20.8) compared to
cluster 7, p<.001); lower IL-12p70 levels (5.9 pg/ml (3.3) compared to HC, the CRP cluster,
and clusters 3 and 7, p<.001); lower IL-2 levels (2.2 pg/ml (1.8) compared to HC, the CRP
cluster, and clusters 3 (p<.001) and 7 (p=.038).; lower IL-6 levels (52.5 pg/ml (185.7)
compared to cluster 4, p<.001; and lower IL-8 levels (529.8 pg/ml (683.0)) compared to

cluster 4, p<.001.

The classic inflammation cluster showed elevated levels of CRP (2.6 pg/ml (2.8) compared to

HC (p=.019) and the low inflammation (p=.006) and IFN-g (p<.001) clusters.

The IFN-y showed elevated 1L12p70 levels (14.9 pg/ml (12.5)) compared to HC and all other
clusters apart from cluster 7, p<.001, and elevated IL-2 levels (6.5 pg/ml (5.2) compared to

HC, the low inflammation cluster, and cluster 4, p=.001).

The anti-inflammatory cluster showed elevated levels of IL-2 (4.7 pg/ml (1.8) compared to

the low inflammation cluster, p=.038.

1.6 Further VBM differences

The low inflammation cluster exhibited GMV decreases in areas such as the parahippocampal
gyrus, inferior temporal gyrus, right hippocampus, middle temporal gyrus, fusiform gyrus,

right amygdala, right inferior temporal gyrus, left hippocampus, and left amygdala when
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compared to the HC. The anti-inflammatory cluster exhibited GMV decreases in the bilateral
insula and the rectal gyrus when compared to the HC. Finally when all identified
inflammatory clusters were compared with each other, decreases in the inferior temporal
gyrus were observed in the CRP cluster when compared to the low inflammation and IFN-y
clusters; dorsolateral superior frontal gyrus GMV decreases were found in the CRP cluster
when compared to the IFN-y cluster; postcentral GMV decreases were seen in the CRP and
classic inflammation clusters when compared to the IFN-y cluster; and finally superior frontal
gyrus GMV loss was observed in the classic inflammation cluster when compared to the IFN-

vy cluster.
1.7 Neurocognitive Post-Hoc Comparisons

Post hoc analyses using the Tukey HSD post hoc criterion for significance indicated that
patients in the IFN-y cluster achieved greater scores on the RBANS language (p=.007) and
attention (p=.011) tasks than patients in the combined low inflammation cluster and greater
scores in the RBANS attention task compared with patients in the CRP (p=.021) cluster.
Patients in the IFN-y cluster had higher scores in the LNS task and also had better premorbid
functioning (WTAR) than patients in the combined low inflammation cluster (p=.036 and
.047 respectively). No other differences in neurocognitive performance were observed (see

supplementary Table S5).

1.8 Cluster Solution Generalizability SVM Performance

Patients in the CRP cluster were distinguishable from HC with a balanced accuracy (BAC) of
85.4% and area under the curve (AUC) of 0.93. Patients in the low inflammation cluster were
separable from HC with a BAC of 68% (AUC: 0.77). Patients in the IFN-y cluster could be
separated from HC with a BAC of 69.6% (AUC: 0.72). BAC when separating HC from

patients in the classic inflammation cluster was 84.7% (AUC 0.93) and 69.8 (AUC 0.70)
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when separating them from patients in the anti-inflammatory cluster. Patients were
distinguishable among different groups; CRP cluster-No Inflammation Cluster (BAC 87%,
AUC 0.95); CRP cluster-IFN-y cluster (BAC 95.4%, AUC 0.98); CRP Cluster-Classic
Inflammation Cluster (BAC 89.9%, AUC 0.96); CRP Cluster-Anti-Inflammatory Cluster
(BAC 90.4, AUC 0.97); Low Inflammation Cluster- IFN-y cluster (BAC 93.7, AUC 0.98);
Low Inflammation Cluster-Classic Inflammation Cluster (BAC 93.7, AUC 0.98); No
Inflammation Cluster-Anti-Inflammatory Cluster (BAC 92.6, AUC 0.96); IFN-y cluster-
Classic Inflammation Cluster (BAC 96.3, AUC 0.98); IFN-y cluster-Anti-Inflammatory
Cluster (BAC 79.4, AUC 0.86); Classic Inflammation Cluster -Anti-Inflammatory Cluster

(BAC 93.6%, AUC 0.96).

1.9 BeneMin Detected Clusters Inflammatory Details

Using the three clusters detected in the external BeneMin dataset (low inflammation cluster,
CRP cluster, and anti-inflammatory cluster) and employing univariate ANOVAs, we found
that there was a significant effect of cluster on cytokine expression which followed the

patterns observed in the ASRB dataset, F(2,196) = 101.01, p<.001.

Post hoc analyses using the Tukey HSD post hoc criterion for significance indicated that
mean CRP pg/ml levels were higher in the CRP cluster compared to the low inflammation
cluster (p<.001) and the anti-inflammatory cluster (p=.001). Mean IFN-y pg/ml levels were
higher in the CRP cluster compared to the low inflammation cluster (p=.003) and lower
compared to the anti-inflammatory cluster (.001). The low inflammation cluster exhibited
lower IFN-y pg/ml levels compared to the anti-inflammatory cluster (p<.001). IL-12 mean
pg/ml levels were lower in the low inflammation cluster compared to the anti-inflammatory
cluster (p=.025). IL-6 mean pg/ml levels were higher in the CRP cluster to the low

inflammation cluster (p<.001). The CRP cluster also exhibited higher TNFo mean pg/ml
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levels compared to the low inflammation cluster (p=.002) and lower compared to the anti-
inflammatory cluster (p-.038). TNFa mean pg/ml levels were also lower in the low
inflammation cluster compared to the anti-inflammatory cluster (p=.003). The IFN-y cluster
was excluded from the ANOVA analysis due to having only one patient assigned to it.

However, that patient had the highest IFN-y pg/ml levels (59.17) in the whole dataset.

1.10 BeneMin Detected Clusters Neurocognitive Details

When comparing the CRP cluster to the low inflammation cluster in neurocognitive domains,
the patterns observed in the BeneMin dataset were similar to those found in the ASRB
dataset, with patients in the CRP group exhibiting significantly lower current 1Q (p = .028),
lower premorbid 1Q (p =.005), and worse performance on a processing speed task (WAIS

digit symbol substitution task) (p = .003).

1.11 Supplementary Discussion

Studies of cytokines in schizophrenia have produced many inconsistent findings with
cytokines reported as elevated in some studies but reported as normal in others(B. J. Miller &
Goldsmith, 2019). This may be due to several factors, including the existence of
inflammation subgroups that are variably sampled in different cohorts. Studies investigating
adjunctive NSAID and tetracycline antibiotic treatment with anti-inflammatory properties in
schizophrenia have so far produced heterogeneous results, with a potential explanation being
that depending on the specific inflammatory subgroups enrolled, some cohorts may contain
more potentially responsive people (inflammed people) than others(B. J. Miller & Goldsmith,
2019). If replicable inflammatory subgroups exhibiting differential inflammatory pathways
can be demonstrated in schizophrenia, these could improve targeted novel treatments and
help develop strategies of inflammatory stratification for the future design of randomized

control trials(Khandaker et al., 2015).
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Comparison

Cluster Peak Voxel MNI

Coordinates (X,y,z)

P Value, Peak Intensity,
Cluster Size

HC > Classic Inflammation Cluster

Middle Frontal Gyrus, Inferior Frontal Gyrus,
Superior Frontal Gyrus, Rectal Gyrus, Right
Inferior frontal gyrus triangular part, Anterior

Cingulate, Bilateral Insula 560-21 | p(FDR)<0.001, T=6.06, k=15435
Middle Temporal Gyrus, Superior Temporal
Gyrus, Inferior Temporal Gyrus, Bilateral
Hippocampus 63 -15 -27 p(FDR)<0.001, T=5.62, k=9519
Middle Temporal Gyrus, Inferior Temporal
Gyrus, Fusiform Gyrus -57-24 -14 p(FDR)<0.001, T=6.06, k=5485
Superior Temporal Gyrus, Inferior Frontal
Gyrus -45 23 -23 p(FDR)<0.001, T=4.75, k=868
Left Insula -4430 p(FDR)<0.001, T=4.86, k=842
Superior Frontal Gyrus -35-922 p(FDR)=0.004, T=4.55, k=367
Inferior Parietal Lobule -48 -45 45 p(FDR)<0.001, T=4.68, k=1568
Right Inferior Parietal Lobe 44 -47 56 p(FDR)=0.002, T=4.36, k=424

Table S1.

Comparison

Cluster Peak VVoxel MNI

Coordinates (x,y,z)

P Value, Peak Intensity,
Cluster Size

HC > CRP Cluster

Parahippocampal Gyrus, Inferior Temporal
Gyrus, Right Hippocampus, Middle Temporal

Gyrus, Fusiform Gyrus, Amygdala 32-17-18 p(FDR)<0.001, T=5.96, k=9726
Bilateral Thalamus -14 -11 -30 p(FDR)<0.001, T=5.51, k=6027
Left Fusiform Gyrus -62 -23 -26 p(FDR)<0.001, T=5.49, k=2410
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Inferior Frontal Gyrus -832-24 p(FDR)<0.001, T=4.84, k=3029

Right Insula 54 17 -3 p(FDR)<0.001, T=4.74, k=1909

Left Lingual Gyrus -5-78 -11 p(FDR)<0.001, T=4.72, k=1278

Superior Temporal Gyrus -41 20 -27 p(FDR)<0.001, T=4.39, k=768

Left Superior Frontal Gyrus -26 56 9 p(FDR)<0.001, T=3.98, k=743

Left Insula -39170 p(FDR)<0.001, T=4.13, k=680

Inferior frontal gyrus, opercular part Right 48 8 42 p(FDR)<0.001, T=4.34, k=653
Right Superior Frontal Gyrus 30516 p(FDR)<0.001, T=4.24, k=529

Right Lingual Gyrus 23-53-9 p(FDR)=0.001, T=4.13, k=476

Inferior Parietal Lobule, Angular Gyrus 45 -47 56 p(FDR)=0.001, T=4.38, k=459
Inferior frontal gyrus, orbital part Left -3238-14 p(FDR)=0.002, T=4.42, k=389
Inferior frontal gyrus, opercular part Left -41 11 27 p(FDR)=0.006, T=3.89, k=311

Table S2.

Comparison

Cluster Peak Voxel MNI

Coordinates (x,y,z)

P Value, Peak Intensity,
Cluster Size

HC > Low Inflammation Cluster

Parahippocampal Gyrus, Inferior Temporal

Gyrus, Right Hippocampus, Middle Temporal

Gyrus, Fusiform Gyrus, Right Amygdala 30-17 -18 p(FDR)<0.001, T=5.99, k=7143
Inferior Temporal Gyrus Right 513-30 p(FDR)<0.001, T=4.24, k=1947
Left Hippocampus, Left Amygdala -27 -20 -17 p(FDR)<0.001, T=4.85, k=2222
Inferior Frontal Gyrus 63 -26 -5 p(FDR)<0.001, T=4.87, k=1016
Left Lingual Gyrus -5-75-11 p(FDR)=0.006, T=4.66, k=326
Middle Occipital Gyrus -35-922 p(FDR)=0.001, T=4.47, k=490
Right Superior Temporal Gyrus 48 -33 17 p(FDR)=0.003, T=4.39, k=393
Precuneus -30 86 41 p(FDR)=0.002, T=4.36, k=424
Inferior Parietal Lobule -47 -44 A8 p(FDR)<0.001, T=4.93, k=1115
HC < Low Inflammation Cluster
Right Pallidum -18 -6 2 p(FDR)=0.052, T=4.79, k=140
Left Pallidum 21 -6 -2 p(FDR)=0.052, T=3.72, k=102
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Table S3.

Comparison

Cluster Peak Voxel MNI

Coordinates (X,y,z)

P Value, Peak Intensity,
Cluster Size

HC > IFN-y Cluster

Parahippocampal Gyrus, Left Hippocampus -22 -21-15 p(FDR)=0.020, T=4.32, k=365
Parahippocampal Gyrus, Right Hippocampus 20-15-12 p(FDR)=0.023, T=3.76, k=251
Middle Temporal Gyrus -62 -29 -2 p(FDR)=0.023, T=3.53, k=278
Inferior Parietal Lobule -47 -39 50 p(FDR)=0.023, T=3.72, k=255

HC < IFN-y Cluster
Precentral Gyrus -38-2172 p(FDR)<0.001, T=4.35, k=681

Table S4.

Cluster Peak Voxel MNI

P Value, Peak Intensity,

Comparison Coordinates (X,y,z2) Cluster Size
HC > Anti-Inflammatory Cluster
Right Insula 41170| p(FDR)<0.001, T=5.33, k=2208
Rectal Gyrus -11 26 -26 p(FDR)<0.001, T=4.34, k=660
Left Insula 38150 p(FDR)=0.026, T=4.25, k=233

Table S5.
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HC Cluster 1 Cluster 2 (CRP Cluster 3 (Classic Cluster 4 (IFN-v Cluster 5 (Anti-  ANOVA with ANOVA

(Low Cluster)  Inflammation Cluster) Cluster) Inflammatory HC Combined
Inflammation) Cluster) Clusters
t'zy2F P Value F Value P Value
Sample Sizes, No. 600 142 121 82 80 32
Age, Mean (SD) 435(13.1) 383(Q1L1) 404 (10.7) 40.1(10.8) 39.2(114) 35.7(9.5) F=673 611
Sex (Male/Female) 240/360 105/37 67/54 57125 49,31 1913 x2=113 021
Freezer Time (Days, 24279 2707.6 2497.0 2596.3 26326 25318
Mean (SD)) (332.4) (412.3) (496.2) (464.6) (466.6) (383.8) F=38 005
Site No (Percentage)
¢ Brisbane
*  Melboune e 193(313) e 440117 e 45(13.0) e 42(111) ¢ 34(9.0) e 1129
®  Perth e 178(59.9) e 40(134) e 28094 e 19(63) o 1447 e 1137
*  Newcastle o 97(68.7) e 17(126) e 12(83) * 6(42) ¢ 749 2014
*  Sydney e 5 *  16(16.6) o 11(114) e 1(L0) « 8(83) e 5(32) s
. e 25(159) e 21(133) * 14(89 e 17(10.8) . 3(19) x2=212 .168
RBANS Immediate
Memory 101.2(.6) 78.6 (1.5)* 774 (1.7)* 783 (2.0)* 792 2.1)* 773 (4.0)* F=1002 >.001 F=205 893
RBANS Constructional
93.1(.6) 85.4(1.3)* 844 (1.5)* 823 (1.9)* 388 (1.6)* 84.1(2.6)* F=227 >.001 F=201 112
RBANS
Language 1059 (4) 91.8(9)* 94.7(1.2)* 93.8(1.3)* 96.7 (1.3)* 89.5(2.M* F=56.7 >.001 F=392 005
RBANS
Attention 103.6 (6) 30.2(1.4)* 80.2 (1.6)* 81.8 (1.8)* 87.0 2.1)* 774 Q.7)* F=986 >.001 F=373 011
RBANS Delayed
Memory 98.7(4) 818 (1.9* 819 (1.6)* 779 2.1)* 80.8 (1.9)* 836 (3.0)* F=813 >.001 F=107 361
RBANS Total Score
100.9 (.5) 788 (1.2)* 79.0 (1.3)* 77.9 (1.6)* 825 (1.6)* 774 2.9)* F=1386 >.001 F=163 180
WTAR Standard Score
1038 (4) 96.5(1.2)* 93.9(1.4)* 944 (1.7)* 99.5(1.5) 948 (3.7)* F=220 =001 F=276 041
WASI
Vocabulary 58.1(.3) 475(9)* 47.9(1.0)* 48.7 (1.3)* 50.7(1.3)* 46.1(2.5)* F=522 =001 F=160 188
WAST Matrix
Reasoning 389(3) 50.6 (9)* 49.7(9)* 30.5(1.3)* 39501.0)* 493 (2.3)* F=501 >.001 F=273 043
WASI IQ Equivalent
115.0(4) 99.2(1.)* 98.7(1.4)* 100.1 (1.8)* 1045 (1.7)* 97.6 (3.3)* F=70.0 >.001 F=292 033
LNS
Score 119(.1) 86(2)* 89(2)* 92(3)* 9.7(3)* 82(6)* F=3541 =001 F=287 036

Table S6. Sample Sociodemographics. Sample Sizes, Participants per Study Site, Age, Sex, Freezer Time,
Neurocognitive Performance (Higher values represent better neurocognitive performance, F values represent
main effect of group on neurocognitive performance, asterisks represent tests which are statistically significantly
lower to HC). Abbreviations: SD=Standard Deviation, RBANS=Repeatable Battery for the Assessment of
Neuropsychological Status, WTAR=Weschler Test of Adult Reading, WASI=Weschler Abbreviated Scale of

Intelligence, 1Q=Intelligence Quotient, LNS=Letter-Number Sequencing).
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Low Inflammation Cluster CRP cluster Classic
N Mean Std. Deviation Mean Std. Deviation Mean
sans_affect_global_rating 117 1.60 1.443 1.27 1.297 1.59
sans_alogia_global_rating 118 1.24 1.482 .89 1.218 1.11
sans_asociality_global_rating 119 2.19 1.520 2.26 1.639 2.12
gaf scale_response 120 51.36 13.319 49.22 12.861 51.61
sans-avolition-global_rating 119 1.84 1.519 2.09 1.535 2.02
Table S7. SANS subscales and Global Assessment of Functioning Scores
(Low Inflammation ~ (CRP Cluster) (IFN-y Cluster) (Anti- t/z/l‘
Cluster) Inflammatory
Cluster)

Sample Sizes, No. 149 48 1 2

Age, Mean (SD) 26.9 (5.1) 26.9 (5.1) 39.2 (11.4) 39.7 (9.5) F-

Sex (Male/Female) 109/40 35/13 0/1 2/0 X2=

CRP (pg/ml) (Mean

(sD)) 1.59 (1.3) 9.39 (6.3) .80(1.3) .25 (.21) F=1

IFN-y (pg/ml) (Mean

(sD)) 3.99 (3.1) 7.79 (12.7) 59.1 (3.1) 25.3 (8.5) F=

IL-10 (pg/ml)

(Mean (SD)) .38 (.44) .36 (.26) .59 (.44) .65 (.09) F-

IL-12 (pg/ml)

(Mean (SD)) .12 (.09) .15 (.25) .12 (.09) 41 (.48) F=

IL-1B (pg/ml)

(Mean (SD)) .07 (.24) .06 (.13) .01 (.24) .01 (.00) F-

IL-2 (pg/ml)

(Mean (SD)) .26 (.25) .29 (.26) .97 (.25) .41 (.07) F-



IL-6 (pg/ml)

(Mean (SD)) .64 (.41)
IL-8 (pg/ml)
(Mean (SD)) 4.44 (3.0)

TNFa (pg/ml)
(Mean (SD)) 2.44 (.66)

1.16 (.75)

4.41(2.5)

2.79 (.48)

94 (.41)

11.9 (3.0)

3.3(.66)

52(.22)

2.94 (.16)

3.91(.81)

F

F

F

Table S8. BeneMin Clusters Inflammatory Characteristics
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Figure S1.

288





