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Psychosis is a symptomatic endpoint with many causes,
complicating its pathophysiological characterization and
treatment. Our study applies unsupervised clustering
techniques to analyze metabolomic data, acquired using 2
different tandem mass spectrometry (MS-MS) methods,
from an unselected group of 120 patients with psychosis.
We performed an independent analysis of each of the 2
datasets generated, by both hierarchical clustering and
k-means. This led to the identification of biochemically dis-
tinct groups of patients while reducing the potential biases
from any single clustering method or datatype. Using our
newly developed robust clustering method, which is based
on patients consistently grouped together through dif-
ferent methods and datasets, a total of 20 clusters were
ascertained and 78 patients (or 65% of the original cohort)
were placed into these robust clusters. Medication expo-
sure was not associated with cluster formation in our study.
We highlighted metabolites that constitute nodes (cluster-
specific metabolites) vs hubs (metabolites in a central,
shared, pathway) for psychosis. For example, 4 recurring
metabolites (spermine, C0, C2, and PC.aa.C38.6) were
discovered to be significant in at least 8 clusters, which
were identified by at least 3 different clustering approaches.
Given these metabolites were affected across multiple bio-
chemically different patient subgroups, they are expected
to be important in the overall pathophysiology of psychosis.
We demonstrate how knowledge about such hubs can lead
to novel antipsychotic medications. Such pathways, and
thus drug targets, would not have been possible to identify
without patient stratification, as they are not shared by all
patients, due to the heterogeneity of psychosis.
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Introduction

The heterogeneity of psychiatric conditions renders
their pathophysiological characterization and treatment-
optimization rather challenging. For example, previous
studies have considered schizophrenia (SCZ) to be a
common symptomatic endpoint resulting from the com-
bination of a variety of brain dysfunctions, suggesting
that many patients with SCZ are unlikely to possess the
same disease etiopathology.!? The difficulty to predict
how SCZ patients will respond to certain antipsychotic
treatments underscores this heterogeneity, as up to 30%
of patients with SCZ do not respond to conventional
antipsychotic medications.* Additionally, given that the
current diagnostic criteria, outlined by the Diagnostic
and Statistical Manual of Mental Disorders fifth edi-
tion (DSM-5),* rely mainly on the patient’s self-reported
symptoms, adequate identification of homogeneous
groups of patients at the pathophysiology level is not
possible. This, in turn, hinders the elucidation of the
different underlying pathways affected and the identifi-
cation of novel candidate drugs for patients with psychi-
atric disease.’

Metabolomics focuses on the identification
and quantification of the small molecules, called
metabolites, produced from metabolic pathways in the
body. It relies on high-throughput technologies, such as
mass spectrometry (MS), which are capable of rapidly
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surveying hundreds of metabolites at once. Given that
metabolites are the products of metabolism, they are
the downstream functional markers of combinations
of complex environmental, genomic, and proteomic
changes in an individual. Metabolomics can, therefore,
be used to study the chemical composition of different
body specimens, such as blood, urine, or cerebrospinal
fluid (CSF), aiming to identify specific sets of chemical
changes characteristic of any given illness. While the
use of metabolomics is becoming more mainstream in
other medical fields, only a few metabolomic studies
have been completed in patients with SCZ or psy-
chosis. All such published studies focus on biomarker
discovery for SCZ or psychosis rather than on patient
stratification.®’

This manuscript takes advantage of unsupervised
clustering techniques applied to metabolomics data for
the stratification of patients with psychosis. Our hypoth-
esis is that this approach can provide the basis for patient
stratification leading to a better understanding of the
pathophysiology of psychosis. To this end, we analyzed
urine samples in a group of unselected patients with psy-
chosis. Urine was the biological fluid of choice in this
study to facilitate clinical translation. Urine is the least
invasive sample that can be collected, is easy to store and
requires limited preparation for metabolomic analysis. Of
note, no controls were required in this study, since our
goal was not to identify biomarkers for affected vs un-
affected status, but rather to stratify patients based on
their metabolic profiles, and to characterize the different
clusters.

Currently, in other medical fields, stratifying patients
with a common diagnosis into subgroups, also known
as endotypes, through the use of metabolomic data and
clustering methods is becoming more routine in the re-
search of other heterogeneous conditions such as breast
cancer, asthma, and Alzheimer’s.>'© However, to our
knowledge, no similar studies have been completed in
psychosis or SCZ.

What is needed clinically is not a test for the pres-
ence or absence of psychosis; this is usually quite ob-
vious to the clinician. In our opinion, what is really
needed, for both clinical and research purposes, is a
basis for distinguishing types of psychosis. Knowledge
of the differences and similarities between such distinct
groups of patients could advance our understanding of
the heterogeneous concept of psychosis and potentially
lead to novel antipsychotic medications for patients
with a specific type of psychosis, or for psychosis in
general.

Methods

Participant Recruitment

The study protocol was approved by the Research Ethics
Board of the Douglas Mental Health University Institute
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(DMHUI). One hundred twenty consecutive, unselected
patients with a history of psychosis, between the ages
of 20 and 75, were recruited from the outpatient and
inpatient services at the DMHUI. As per our inclusion
criteria, adults with a clinical diagnosis of psychosis, as
confirmed by a psychiatrist in accordance with the DSM*
and the Positive and Negative Syndrome Scale (PANSS), !
were included in this study. Patients who had not been
evaluated by a psychiatrist, patients whose clinical his-
tory was not available (ie, cases, where neither the patient,
nor the caregiver was capable of providing the patient’s
medical history and the information could not be derived
from the patient’s chart), and patients who did not speak
English or French, were excluded from this study.

Study Procedures

Consenting patients were asked to complete a self-re-
port clinical questionnaire, designed based on the clinical
features of inborn errors of metabolism (IEM) known
to be associated with psychosis.!> The self-report ques-
tionnaire inquired about the patient’s family history, past
medical history, and current physical symptoms. Study
participants also underwent a physical examination,
which evaluated the patients for pertinent neurological
abnormalities, as well as abnormalities in the patients’ ab-
domen, skin, muscles, and skeleton.!> A trained research
assistant helped participants with the questionnaire and
performed the physical exam.

Approximately 10-15 ml of urine was then collected
from each participant and kept on ice until frozen
at —80°C. The urine samples were shipped on ice to
The Metabolomics Innovation Centre (TMIC) at the
University of Alberta in Edmonton, Canada, where they
underwent a targeted analysis on the DI/LC-MS/MS
(direct injection/liquid chromatography tandem mass
spectrometry) chemical analysis platform. The targeted
analysis involved the measurement of a specified list
of metabolites, as already established by the TMIC."
This list of metabolites was compiled and validated by
TMIC, a leading institution in the field of metabolomics,
and consists of all metabolites that can be detected and
quantified in urine in humans. A recent systematic re-
view on metabolomics of psychosis provides support that
the metabolites targeted in our current study capture the
most important metabolites identified as biomarkers in
previous studies for psychosis.” For each patient, 2 dif-
ferent data sets were generated, one using LC-MS/MS
and the other based on DI-MS/MS analysis. DI-MS/
MS works by directly injecting the samples into the
mass spectrometer for analysis, while LC-MS/MS works
by running the samples through a column that helps to
separate the molecules of interest using various chem-
ical properties (eg, polarity, ionization capabilities) and
solvents to extract the molecules. Thus, the metabolites
identified by each of these techniques are different. Two
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different unsupervised clustering methods were then used
to analyze each of these data sets, as described below.

Unsupervised Clustering Methods

The raw metabolite values of the 38 metabolites targeted
by LC-MS/MS and the 109 metabolites targeted by
DI-MS/MS were first standardized using a z-score ap-
proach. Calculating the z-score for a given metabolite of
a specific patient involved taking the patient’s value for
the metabolite targeted, subtracting it from the mean of
that same metabolite across all the patients, then dividing
the result by the standard deviation of that same metab-
olite across all the patient values. The z-score itself is rep-
resentative of how many standard deviations away from
the mean the value of the metabolite in question is for a
given patient.

The standardized values of the metabolites across
all patients were then used to perform clustering anal-
ysis using 2 well-recognized techniques for unsupervised
clustering: k-means and hierarchical clustering (HC). For
each technique, patients were placed into 1 of 10 clusters
based on the similarity of their metabolite profiles. The
optimum number of clusters for the k-means anal-
ysis was determined based on the Elbow method,'* and
consequently, a similar number of clusters were then
identified for the HC analysis. We also developed an ad-
ditional method for subgrouping patients, which is based
on converging clustering of patients (namely, the “robust
clustering approach”).

Robust Clustering Method

Our “Robust Clustering” method identifies the patients
clustering together based on all 4 combinations of the
different methods from the ones described above. The
robust clustering method consisted of comparing the
cluster that each patient was placed in for the (1) HC and
(2) k-means analysis. Given that we analyzed each data
set (LC-MS/MS vs DI-MS/MS) separately, for patients
to be grouped in the same robust cluster, they needed
to have been grouped into the same clusters based on 4
approaches (the HC (1a) and k-means (2a) analysis of
the DI-MS/MS data, as well as, the HC (1b) and k-means
(2b) analysis of the LC-MS/MS data). Patients grouped
into the same clusters for each of these 4 clustering
approaches constituted the new, robust clusters (supple-
mentary table S1).

Permutation Analysis of Robust Clustering Results. We
performed a permutation analysis to verify the statistical
significance of the overlaps observed in the clustering
results from the different datasets (LC-MS/MS vs
DI-MS/MS). Specifically, the adjusted Rand score (ARS)
between the clustering assigned to each individual from
k-means clustering of the LC-MS/MS and DI-MS/MS
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datasets was calculated. Next, to calculate the statistical
significance of obtaining the observed result, we calcu-
lated the ARS between the k-means clustering of LC-MS/
MS dataset and a random clustering result generated by
permuting the clustering result from k-means clustering
of DI-MS/MS data. We repeated the permutation pro-
cedure for 100 000 iterations to derive the distribution of
ARS based on random clustering. The P-value was then
defined as the percentage of ARS values that were higher
than the observed result. The standard P-value cutoff of
.05 was used to denote significance.

The above procedure was also repeated for the HC
clustering of LC-MS/MS and DI-MS/MS datasets.

Consensus Clustering Method

Consensus clustering is an unsupervised clustering
method that uses algorithms to sample a dataset through
multiple iterations, in order to represent the consensus
of any discovered clusters, providing information on the
number of clusters and the membership within them.'
Using the ConsensusClusteringPlus package in R!® and
the z-scores calculated from the raw metabolomic data
(see Unsupervised Clustering Methods for greater de-
tail on this calculation), the consensus clustering was
performed (agglomerative HC over 1000 iterations, with
each iteration randomly sub-sampling 80% of the co-
hort). Euclidean distance measure was selected, along
with Ward for both innerLinkage and finalLinkage.
Using the Elbow method,'* k& was then chosen to be 6,
based on the data from the change in area under the cu-
mulative distribution function (CDF) graphical output.

Characterization of the Clusters

Once the patients had been successfully stratified into
groups, different strategies were implemented to further
characterize each cluster, as described below.

Biochemical Characterization of the Clusters. To bio-
chemically characterize a cluster, we used an approach
that we termed the ratio-of-means approach. The ratio-
of-means approach is centered on the idea that the
metabolites with values falling more than 2 SDs away
from the mean would be expected to contribute to the
clustering effect (supplementary figure S1).

It is important to highlight that we are comparing the
value of a given metabolite in a cluster to the value of that
metabolite corresponding to the remaining patients in
our cohort. Our focus is on determining what makes each
cluster distinct, rather than on identifying biomarkers for
diagnosing patients with psychosis from controls (supple-
mentary methods).

Pharmacological and Clinical Features Characterization
of the Clusters. To explore if any medications might
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be influencing the clustering results, a Fisher’s exact
test was performed to determine whether the ratio
of patients taking a medication in a cluster was sta-
tistically different from patients outside of a cluster.
Furthermore, the Fisher’s exact test was also used for
clinical features to determine whether any clusters were
associated with specific features. Lastly, as age can be a
contributing factor in regard to metabolomic changes,
t-tests with FDR adjustment were performed for pa-
tient age of each cluster compared to the age outside
the cluster.

Pathway and Candidate Drug Analysis. Using the
“Pathway analysis feature” in MetaboAnalyst 4.0, a
biochemical pathway analysis was conducted for all
the significant metabolites identified from the different
clusters. The pathways highlighted by the different
clustering approaches were identified. Our hypothesis
was that if a pathway was highlighted in multiple pa-
tient clusters, it must play a more central role in the
pathophysiology of psychosis. Thus, prior evidence
for a link with psychosis was explored for pathways
identified by at least 3 different clustering approaches

and identified to be significant for at least 15 different
clusters. DrugBank 5.0,"® a database containing bio-
chemical and pharmacological information on various
drugs, was searched for candidate drugs targeting these
pathways.

Results

Patient Demographics

The demographic information of our patients, along
with the medical findings, are summarized in table 1. All
patients, with the exception of one, were receiving anti-
psychotic medication at the time of urine collection (sup-
plementary table S2).

Unsupervised Clustering Outcomes

Ten clusters were obtained from the k-means and HC
analysis of our 2 datasets (see Unsupervised Clustering
Methods), capturing all patients. Using our newly devel-
oped robust clustering method, which is based on patients
consistently grouped together through different methods
and datasets, a total of 20 clusters were ascertained and

Table 1. Demographics and Clinical Features of Patients With Psychosis

Psychosis Group (N = 120)

Mean (SD) N (%)
Age (y) 42.9 (11.45) Neurological features
N (%) School problems 69 (58)
Demographics Progressive neurological deterioration 8(7)
Male 79 (66) Movement difficulties 33(28)
Female 38 (32) Paralysis 10 (8)
Undisclosed 3(3) Sensory problems 12 (10)
Family history Confusion 36 (30)
Consanguineous parents 3(3) Neuropathy 45 (38)
Early death 24 (20) Seizures 11(9)
Recurrent pregnancy loss 9(8) Stroke 8(7)
Psychiatric illness 81 (68) Balance problems 31 (26)
Heart problems 16 (13) Cardiovascular features
Tachycardia 22 (18)
Hypertension 23 (19)
Heart problems 8(7)
Dietary and gastrointestinal features
Food aversion 19 (16)
Constipation 26 (22)
Diarrhea 14 (12)
Abdominal cramps 18 (15)
Vomiting 20 (17)
Catabolic crises 12 (10)
Other clinical features
Kidney problems 10 (8)
Dark urine (possible rhabdomyolysis) 4(3)
Recurrent infections 15(13)
Skin problems 31 (26)
Diabetes 24 (20)
Eye problems 85 (71)

Note: N, Number, %, Percentage.
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Table 2. The Metabolites That Were Discovered to be Significant From the Ratio-of-Means Analyses of all Clusters

Number of Clusters That Identified a Metabolite as Being Significant for a Given Clustering

Approach

Total Number of

k-Means
of LC-MS/
MS

HC of LC-MS/

Metabolite Name MS MS

HC of DI-MS/

k-Means
of DI-MS/
MS

Clusters That
Identified the
Metabolite

Robust Clustering
by k-Means and HC

4-Hydroxyproline 2
Carnosine 1
Citrulline -
Glutamic Acid 1
Proline 1

4

2

Spermidine
Spermine?
C0?

Cl4.1 - -
C22 - -
C3 - -
lysoPC.a.C20.4 - -
PC.aa.C34.1 - -
PC.aa.C34.2 - -
PC.aa.C34.3 - -
PC.aa.C36.2 - -
PC.aa.C36.3 - -
PC.aa.C36.4 - -
PC.aa.C38.3 - -
PC.aa.C38.4 - -
PC.aa.C38.5 - -
PC.aa.C38.6% - -
PC.ae.C30.1 - -
SM.C20.2 - -
SM.C22.3 - -
Hexose - -

TR DN = —

—l = RN WA INPRNDWNNDE =N WY

'
LI NS IS I

AP, UNO0VOITUNTATNPRWWLWANANOROOOWI RS

LW = RO — == = PN = !
NP WRNODN= =)D, WR! AR

Note: HC, Hierarchical clusters; DOPA, Dihydroxyphenylalanine; PC, Phosphatidylcholine; LysoPC, Lysophosphatidylcholine; SM,
Sphingomyelin; SM (OH), Hydroxysphingomyelin; a, acyl; aa, diacyl; ae, alkyl-acyl; LC-MS/MS, Liquid chromatography tandem mass
spectrometry; DI-MS/MS, Direct injection tandem mass spectrometry. All metabolites seen in the table above were identified to be sig-
nificant (2 SDs away from the mean) by the ratio-of-means analysis. Due to the large number of metabolites identified, only metabolites
identified in 3 or more clusters are listed in this table. Four metabolites (spermine, C0, C2, and PC.aa.C38.6) were identified by 3 or more
clustering approaches and were identified by a total of at least 8§ clusters.

*Metabolites identified by 3 or more clustering approaches in a total of 8 or more clusters.

78 patients (or 65% of the original cohort) were placed
into these robust clusters (supplementary table S2). Based
on permutation analysis of the clustering results, we were
able to determine that the overlap/similarity between the
clustering results was significantly higher than random
chance. For k-means, the ARS between the clustering
obtained from the DI-MS/MS dataset and the LC-MS/
MS dataset was 0.132 (P-value = 0). Correspondingly for
HC, the ARS was 0.109 (P-value = .00026).

Following consensus clustering of all the metabolite
data, it was determined that 85% of patients, who were
grouped together following robust clustering, were also
grouped together in the consensus clusters.

The analysis of the medications taken by patients in
each of the robust clusters suggested that the medications
were not contributing to clustering as none of the p-values
from the Fisher’s exact test were significant. There was
no significance in cluster formation for clinical features
or age.

The recurring metabolites that were discovered
to be significant from the ratio-of-means analyses
of the different clusters are summarized in table 2.
Four metabolites (spermine, CO, C2, and PC.aa.
C38.6) were highlighted in at least 8 clusters, which
were identified by at least 3 different clustering
approaches.

Table 3 summarizes the metabolites that were identified
as being significant in multiple clusters and highlights the
corresponding clustering method.

Pathway Analysis Findings for Significant Metabolites
Identified From the Different Clustering Approaches

Table 4 highlights the recurrent pathways, ie, the
pathways identified based on different clusters, and
approaches, using MetaboAnalyst. Arginine and pro-
line metabolism, beta-alanine metabolism, glutathione
metabolism, and glycerophospholipid metabolism
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Table 3. Metabolites Identified as Being Significant for Multiple Clusters Within a Clustering Method

HC of
LC-MS/
Metabolite MS

k-Means of
LC-MS/MS

HC of
DI-MS/ k-Means of
MS DI-MS/MS

Robust Clustering
by k-Means and HC

4-Hydroxyproline v -
Aspartic Acid - -
Carnosine -
Citrulline -
DOPA -
Glutamic Acid -
Methionine
Proline
Putrescine
Spermidine
Spermine
CO0

Cl4.1 -
C14.1.0H

x ]

l\\ll
NN

C6.(C4.1.DC) - -
C8 - -
C9 - -
lysoPC.a.C20.4 - -
PC.aa.C30.2 - -
PC.aa.C32.3 - -
PC.aa.C34.2 - -
PC.aa.C34.3 - -
PC.aa.C36.2 - -
PC.aa.C36.3 - -
PC.aa.C36.4 - -
PC.aa.C38.3 - -
PC.aa.C38.4 - -
PC.aa.C38.5 - -
PC.aa.C38.6 - -
PC.aa.C40.1 - -
PC.aa.C40.2 - -
PC.aa.C42.4 - -
PC.ae.C30.0 - -
PC.ae.C30.1 - -
PC.ae.C42.0 - -
SM.C20.2 - -
SM.C22.3 - -
SM.C26.0 - R
SM.C26.1 - -
Hexose - -
Total 3 5

AN N NN N

1 1 I\I I\\\\\I 1
AN NN N N N

SENENENE

NN NN NN
IENENEE N NN

R N NN NO NN NN

Note: HC, Hierarchical clusters; DOPA, Dihydroxyphenylalanine; PC, Phosphatidylcholine; LysoPC, Lysophosphatidylcholine; SM,
Sphingomyelin; a, acyl; aa, diacyl; ae, alkyl-acyl; LC-MS/MS, Liquid chromatography tandem mass spectrometry; DI-MS/MS, Direct in-

jection tandem mass spectrometry.

were all pathways that were highlighted by at least 2
different metabolites and were significant for at least
15 different clusters, which were identified by at least 3
different clustering approaches. Comparing the results
of the pathway analysis from the consensus clusters
revealed all of the aforementioned pathways, as well
as arachidonic acid, which was also identified through
robust clustering, and tryptophan metabolism (supple-
mentary table S3).
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Discussion

Clusters of Patients With Psychosis and
Characterization

No correlation was found between the DSM-V based
diagnoses and the clusters identified (supplementary
table S2). This was expected, given the heterogeneity of
each DSM diagnosis. Analyzing each of the 2 datasets
generated (LC-MS/MS vs DI-MS/MS dataset), by both
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Table 4. Summary of Pathways Identified by 3 or More Clustering Approaches and That Were Significant for At Least 15 Different

Clusters

Number of Clusters That Identified the Pathway for a Given Clustering

Approach
HC of k-Means HC of k-Means Total Number of
LC-MS/ of LC-MS/ DI-MS/ of DI-MS/ Robust Clustering Clusters That
Pathway Name MS MS MS MS by k-Means and HC Identified the Pathway
Alpha-linolenic acid - - 4 4 9 17
metabolism
Arginine and proline 8 7 - - 5 20
metabolism
Beta-alanine metabolism 5 4 - - 7 16
Glutathione metabolism 7 7 - - 3 17
Glycerophospholipid - - 4 4 7 15
metabolism
Linoleic acid metabolism - - 4 4 10 18

Note: HC, Hierarchical clustering; LC-MS/MS, Liquid chromatography tandem mass spectrometry; DI-MS/MS, Direct injection tandem

mass spectrometry.

HC and k-means, led to significant overlap of how the
patients clustered together. As discussed above, the
patients who were consistently grouped together through
different clustering methods and datasets formed the ro-
bust clusters (supplementary table S1). This method of
patient stratification reduces the potential biases from
any single clustering method or datatype, as it takes ad-
vantage of multiple clustering methods applied to mul-
tiple feature spaces (in this case, 2 independent lists of
metabolites). 85% of patients grouped together into a ro-
bust cluster were also grouped together in a consensus
cluster, which increases the confidence of our patient
clusters.

When examining the clusters obtained from the robust
clustering method, we found that 65% of our original co-
hort could be placed into a robust cluster. Medication ex-
posure, age, and clinical characteristics were not associated
with cluster formation in our study. This finding is com-
patible with the possibility that each cluster corresponds
to a subtype of psychosis with different pathophysiology.
Each of these distinct groups of patients could represent
a different type of psychosis, secondary to a specific com-
bination of genetic and environmental factors. Given the
symptomatic endpoint across the different clusters is the
same (namely, psychosis), one would also expect some
overlap across the distinct pathophysiology of different
clusters (albeit, not across all clusters).

Based on the ratio-of-means approach undertaken to
identify significant metabolites for each cluster, several
recurrent metabolites (ie, important for different clusters)
were identified (table 2). Pathway analysis, of the signif-
icant metabolites identified for each cluster of patients,
found that lipid, amino acid, and energy metabolism may
be altered in patients with psychosis, as supported by our
literature review. The 4 most robust metabolites identified

in this study were spermine, carnitine (C0), acetylcarnitine
(C2), and phosphatidylcholine diacyl C38:6 (PC.
aa.C38.6). Some of these metabolites have published evi-
dence for a link with psychosis. For example, spermine is
a polyamine that has been shown to target the N-methyl-
D-aspartate (NMDA) receptor, dysregulation of which
is thought to provoke psychosis.”” Antipsychotic-naive
first-episode psychosis patients have higher levels of sper-
mine in their serum, and treatment with an antipsychotic
drug results in the levels normalizing to a range similar
to control subjects.?*?!' It should be highlighted that any
biomarkers or significant metabolites that are determined
using the methods described herein, are merely reflective
of the cluster in question (ie, what makes it distinct from
the other clusters). They have been ascertained through
comparison to the entire cohort, and we do not claim that
they would be useful in the diagnosis of psychosis from
those without disease.

Having said this, one of the major advantages of our
study is that, through patient stratification, it allows us
to identify recurrent metabolites (eg, spermine, carnitine,
acetylcarnitine, and phosphatidylcholine diacyl C38:6),
affected across multiple biochemically different patient
subgroups, and thus deemed to be important in the path-
ophysiology of psychosis, in general. Due to the hetero-
geneity at the pathophysiology level, it would not have
been possible to identify these biomarkers if the entire
heterogeneous population of patients with psychosis was
analyzed as a whole. As described in the introduction, not
all patients with SCZ have the same pathophysiology and
our hypothesis is that by subgrouping patients into bi-
ochemically distinct clusters, one can learn more about
the metabolites that constitute nodes (cluster-specific
metabolites) vs hubs (metabolites in a central, shared,
pathway) for SCZ. Identification of hubs, and pathways
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of hubs, can improve our understanding of the patho-
physiology of psychosis and lead to novel antipsychotics.

Literature Review for the Recurrent Pathways Identified

Pathway analysis of the significant metabolites (table 2)
revealed several metabolic pathways which may be
implicated in the pathophysiology of psychosis (table 4).
As per table 4, 4 pathways were identified by at least 2
metabolites, based on 3 or more clustering approaches,
and in more than 15 clusters. These included arginine
and proline metabolism, beta-alanine metabolism, glu-
tathione metabolism, and glycerophospholipid metab-
olism. Our hypothesis is that since these pathways were
shown to be important in several different subgroups of
patients, they may be more central to the development of
SCZ (hubs). The findings from the literature review of
these significant pathways support this point and high-
light how our approach can potentially lead to the devel-
opment of novel therapeutics.

There is evidence for Glutathione (GSH) being a pri-
mary vulnerability factor in the development of SCZ.*
Interestingly, spermine (discussed above) has previ-
ously been shown to prevent the release of GSH in
the mitochondria of rat livers,” and may have similar
implications in brain mitochondria. Studies have also re-
ported reduced levels of GSH in the brain and blood of
early psychosis and chronic SCZ patients.?*?

Beta-alanine is synthesized from spermine. It is
considered to be a direct precursor of pantothenic acid,
a water-soluble B vitamin involved in the synthesis of
coenzyme A (CoA)* that has implications in the path-
ogenesis of SCZ.”” Beta-alanine can also be reversibly
converted to carnosine, an antioxidant and antiglycation
agent co-localized and released with glutamate, and pre-
liminary research on this di-peptide as adjuvant to tradi-
tional therapies for SCZ seems to be effective in treating
some of the executive dysfunction symptoms common to
SCZ.%

Aberrations in arginine and proline metabolism have
been implicated in the pathophysiology of psychosis, SCZ
and other neuropsychiatric disorders.”3! Arginine and
proline metabolism also includes the metabolism of pu-
trescine, which is an intermediate in the conversion of ar-
ginine to spermidine and ultimately spermine, a precursor
in GSH and beta-alanine biosynthesis, as mentioned
above.*? The polyamines, spermine, spermidine, and pu-
trescine are also linked to neurotransmitter systems, and
thus SCZ, via their implication in regulating the NMDA
receptors.'®333 Studies have shown that the expression of
genes involved in the synthesis of polyamines is reduced
in the brains of schizophrenic patients.* Many studies
show an accelerated glycerophospholipid metabolism in
drug-naive schizophrenic patients.’*3¥ Human brain de-
velopment, including synaptic remodeling, learning and
memory processing, has been shown to be disturbed by
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abnormal glycerophospholipid metabolism*** and could
help to explain some of the symptomatology that is con-
sistent with SCZ.#!

Candidate Drugs for Psychosis

In addition to potentially advancing our understanding
of the different pathways affected in psychosis, our
approach may also provide insight into the develop-
ment of novel antipsychotics. Searching DrugBank,
for drugs targeting the pathways identified across mul-
tiple patient clusters, highlighted different candidate
drugs for psychosis. Several of these candidates have
published evidence supporting their role in psychosis (ar-
achidonic acid,*” glycine,** icosapent,** L-arginine,*
L-cysteine,*** pyridoxal phosphate,®® and zinc® ). For
example, zinc has targets in the beta-alanine and gluta-
thione metabolic pathways and is a known inhibitor of
NMDA receptors. It has been studied widely using an-
imal models and human studies for its antidepressant-
like effects,®® and it is thought that zinc deficiency and/
or impaired release of zinc from the hippocampus may
play an important role in the pathophysiology of the
psychosis-like state and in SCZ.%

Conclusions

Our study focused on urine samples from patients with
psychosis because urine is the least invasive biospecimen,
and thus more practical for clinical translation of the
proposed approach. The independent application of dif-
ferent tandem mass spectrometry methods and unsuper-
vised clustering techniques led to the identification of
biochemically distinct groups of patients while reducing
the potential biases from any single clustering method or
datatype.

Overall, the pathways identified for each unsuper-
vised clustering approach (k-means and HC) were sim-
ilar. Moreover, although the metabolites targeted by
the DI-MS/MS and LC-MS/MS technologies are dif-
ferent, the 2 methods led to significant overlap of how
the patients clustered together: the 20 robust clusters
identified included 78 patients (ie, 65% of the entire pa-
tient population). Overall, our results indicate that our ro-
bust clustering approach constitutes a promising method
of clustering patients into biochemically distinct groups.
Thus, the approach described herein has the potential
to facilitate a pathophysiology-based stratification of
patients with psychiatric disease. The clusters of patients
identified may represent patients with similar pathophys-
iology, potentially due to distinct combinations of envi-
ronmental, genetic, and/or other medical causes.

We highlight some metabolites identified in mul-
tiple clusters in our study (namely, spermine, carnitine,
acetylcarnitine, and phosphatidylcholine diacyl C38:6),
which we conclude may play a central role for psychosis.
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Identification of such metabolites can improve our un-
derstanding of the pathophysiology of psychosis. As
described in the introduction, not all patients with SCZ
have the same pathophysiology and our hypothesis is
that by subgrouping patients into biochemically dis-
tinct clusters, one can learn more about the metabolites
that constitute nodes (cluster-specific, or else “psychosis
subtype-specific,” metabolites) vs hubs (metabolites in
a central, shared, pathway of psychosis). We argue that
the metabolites shared across several clusters represent
metabolite disturbances, which are more common in
the pathophysiology of SCZ. Hence, the pathways cor-
responding to these metabolites may constitute excellent
drug targets for the development of novel antipsychotics
for patients with SCZ in general. In contrast, pathways
highlighted by rare distinct cluster-specific significant
metabolites may be important in the development of
treatments that would be efficient only in the patients of
that cluster (precision medicine).

We demonstrate how such knowledge can lead to
novel antipsychotics. Until larger studies are available to
help categorize a large proportion of patients with SCZ
into specific subtypes, and identify/validate treatments
for each of these subtypes (precision medicine), our ap-
proach based on stratification can potentially yield new
candidate drugs for the overall heterogeneous patient
population with SCZ. This would still be following the
current “trial and error” paradigm for treatment priori-
tization but may be helpful by increasing the treatment
options available for SCZ, in general.

In conclusion, our study highlights the importance of
metabolomics and unsupervised clustering in the stratifi-
cation of patients with psychosis. It provides new insights
about how one can take advantage of these tools to ad-
dress the heterogeneity, and advance precision medicine,
in psychiatric disease.

Limitations and Future Directions

Patientsclusteringtogetherneed tobefurthercharacterized
prospectively. They may have similar complications
or similar response to specific antipsychotics. Finally,
more targeted treatments (known or novel), focused on
the pathways identified based on the metabolomic data
of patients within each cluster, could be made available
for them.

As a next step, a larger study with the same approach
that focuses on urine, blood, and CSF samples, involving
repeated collection at different time intervals for a time-
series analysis, would be recommended. Also, given the
challenges of using tandem MS®, the complementary use
of proton nuclear magnetic resonance (NMR) would be
recommended. The use of untargeted metabolic analysis
would be highly encouraged given novel or unexpected
metabolites could prove to be important in the stratifica-
tion process.

Patient Stratification Using Metabolomics

Supplementary Material

Supplementary data are available at Schizophrenia
Bulletin Open online.
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