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Plasma proteomic biomarkers hold significant promise for enhancing clinical assessments and improving early detection of psychosis
conversion; however, concerns about their reproducibility and generalizability persist. Previous studies, largely conducted in Caucasian
cohorts, have identified proteomic biomarkers predictive of psychosis conversion in individuals at ultra-high risk (UHR) of psychosis. In
this study, we acquired plasma proteomics data from an Asian UHR cohort, the Longitudinal Youth at Risk Study (LYRIKS). We established
a robust machine learning framework, through which we developed and evaluated prediction models for psychosis conversion. We
showed that proteomic signatures previously identified in a predominantly Caucasian UHR cohort generalized to the LYRIKS cohort (best
AUC = 0.81). Furthermore, we developed three prediction models using the LYRIKS dataset that demonstrated superior performance
(best AUC = 0.96). Through these models, we identified novel proteomic signatures with high predictive performance. Despite the
differences in individual protein composition between Asian- and Caucasian-derived signatures, functional convergence was observed
across key pathways and protein families, namely the complement and coagulation cascade, apolipoproteins, inter-alpha-trypsin
inhibitor heavy chain proteins, and serine protease inhibitors. Although current literature is divided on the utility of blood plasma
biomarkers in psychiatric diagnosis, our study supports their use by demonstrating cross-population generalizability of Caucasian-
derived signatures and deriving signatures with high predictive value from an Asian cohort that converge functionally.
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INTRODUCTION
Mental illnesses, including schizophrenia, major depressive
disorder and generalized anxiety disorder, rank among the
leading global health challenges, significantly contributing to
morbidity and economic burden [1]. Current clinical diagnoses of
these conditions primarily rely on interviews and behavioural
assessments, which are inherently subjective and prone to
variability [2]. The integration of objective molecular biomarkers
into psychiatric evaluation holds promise for enhancing diagnostic
precision, enabling early detection, improving prognostication,
and optimizing resource allocation through risk stratification.
Previous studies have highlighted the potential of blood
proteomic biomarkers in predicting transition to psychosis. For
instance, Mongan et al. [3] developed machine learning (ML)
models incorporating blood proteomic biomarkers that achieved
remarkable predictive performance with an area under the
receiver operating characteristic curve (AUC) of 0.95. Despite
these findings, the use of blood proteomic biomarkers for
prognosis and diagnosis of mental illnesses remains contentious
due to concerns regarding reproducibility and generalizability [4].
This inconsistency underscores the need for further investigation
into the reliability of blood proteomic biomarkers for prediction of
psychosis conversion in ultra-high risk (UHR) individuals, who are

at elevated risk of developing psychosis as well as other mental
ilinesses such as depression. Moreover, most studies have been
conducted in predominantly Caucasian cohorts, and the general-
izability of their reported signatures to Asian populations has not
been examined.

In this study, we acquired plasma proteomics data from an
Asian cohort of individuals at UHR for psychosis — the Longitudinal
Youth at Risk Study (LYRIKS) - using the Orbitrap Astral mass
spectrometer. From these data, we established a robust ML
framework through which we developed and evaluated prediction
models for psychosis conversion. Through these models, we
addressed three key questions:

1. To what extent do previously published signatures devel-
oped in predominantly Caucasian cohorts [3] generalize to
an Asian population?

2. What is the performance of prediction models developed on
the LYRIKS dataset, and which proteins constitute novel
signatures derived from these models?

3. Which biological pathways and protein families are shared
between previously published and LYRIKS signatures, and
what insights do they provide into the molecular mechan-
isms underlying psychosis development?
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Participant stratification and longitudinal blood sampling of participants in the LYRIKS cohort with available proteomic data. A:

Stratification of participants from the LYRIKS cohort with available proteomic data. Ultra-high risk (UHR) positive participants are divided into
converters (blue) who developed their first episode of psychosis (FEP) within the two-year study period and non-converters (orange). Machine
learning models were trained to predict transition to psychosis among UHR positive participants. B: Clinical follow-up assessments were
conducted for all participants at six-month intervals over the two-year study period, with blood samples collected at each visit. For converters,
blood samples were collected from baseline up to the point of FEP, at which time a final blood sample is collected. All available blood samples
from converters were retrieved for proteomic analysis. For non-converters and healthy controls, only blood samples from baseline and at
yearly intervals were retrieved for proteomic analysis. Syringe and computer icons denote blood collection and proteomic analysis,

respectively.

METHODS

Participants and study design

The Longitudinal Youth at Risk Study (LYRIKS) was a two-year prospective
observational study conducted in Singapore investigating the social,
clinical, and biological risk factors associated with youths at ultra-high risk
of developing psychosis [5]. Youth participants aged between 14 to 29
were recruited between 2009 to 2012 from outpatient clinics at the
Institute of Mental Health, community mental health agencies, educational
institutions, or through self-referral [6]. Exclusion criteria were predefined
in the study protocol and included individuals with a history of psychosis,
active substance use, intellectual disability, use of antipsychotics or mood
stabilizers, or medical conditions associated with psychosis. Recruitment
and assessments were conducted by trained research psychologists. This
study received ethics approval from the National Healthcare Group
Domain Specific Review Board (Approval Number: 2009/00167). Informed
consent was obtained from all participants, or from a legally authorized
representative for minors under the age of 21. All methods were
performed in accordance with relevant institutional guidelines and
regulations.

UHR positive participants were ascertained on the Comprehensive
Assessment of At-Risk Mental State (CAARMS) instrument [7]. These
participants were further evaluated for comorbid psychiatric disorders
through the Structured Clinical Interview for DSM-IV Axis | disorders (SCID-
1) [8]. Controls were UHR negative participants with no psychiatric disorder
and no family history of psychosis. Follow-up clinical assessments were
conducted for all participants at six-month intervals over the two-year
study period, during which psychometric assessments were administered
and blood samples were collected at each visit.

In this study, we investigated plasma proteomics data acquired via mass
spectrometry from 135 participants in the LYRIKS cohort. Sixty-five out of
the 135 participants were UHR positive. Of these, 13 developed their first
episode of psychosis (FEP) within the study period and are termed as
converters (Fig. 1A). Among the 52 remaining UHR positive participants
(non-converters), 30 remitted to become UHR negative over two years.

Blood samples were collected at baseline and at six-month intervals for
all study participants into standard EDTA tubes (BD Vacutainer®),
centrifuged at 3000 rpm for 10 min for plasma collection and stored at
—80°C. Sample collection and processing was performed on-site and
plasma stored rapidly to minimize ex-vivo proteolytic activity, in
accordance with established plasma proteomics protocols [9]. Protease
inhibitors were not used during plasma collection to avoid the potential
introduction of technical variability and additional cost. This is consistent
with plasma proteomics practices adopted in other large-scale cohort
studies [3, 10]. For converters, blood samples were collected from baseline
up to the point of transition to psychosis, at which time a final blood
sample is collected. All available blood samples from converters were sent
for proteomic analysis. For non-converters and healthy controls, only blood
samples at baseline, 12 months and 24 months were retrieved for
proteomic analysis (Fig. 1B).
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Sample preparation and mass spectra acquisition and analysis
Plasma samples were depleted of high-abundance proteins using the
ThermoFisher Scientific™ High-Select™ Top14 Abundant Protein Depletion
Resin, which removes the top 14 abundant proteins that constitutes
approximately 95% of all plasma proteins (Supplementary Table 1).
Subsequently, proteolytic digestion using trypsin (Promega, V5280) was
performed. Both steps were done to improve protein detection. Protein
concentration and quality were assessed using the Bradford Assay and
SDS-PAGE, respectively. Subsequently, 200 ng of each sample was injected
into a Vanquish Neo Ultra-High Performance Liquid Chromatography
system coupled to a ThermoFisher Scientific™ Orbitrap™ Astral™ mass
spectrometer. Mass spectra were acquired using the Orbitrap Astral mass
spectrometer in Data-Independent Acquisition (DIA) mode and analysed
using DIA-NN [11], with peptide identification and quantification
performed against the UniProtkKB/Swiss-Prot Homo sapiens database
(release dated 2024-07-26).

Data processing

Each sample was normalized according to standard procedure as follows.
Total protein intensity was first computed by summing all reported protein
intensities within a sample. The maximum total intensity among all
samples was used to compute a scaling factor for each sample, defined as
the ratio of the maximum total intensity to the total intensity of the given
sample. All protein intensities in a sample were then scaled by this factor.
To facilitate compatibility with parametric statistical analyses, normalized
protein intensities were log,-transformed.

Exploratory analysis revealed significant batch effects associated with
sample extraction dates (Supplementary Figure 1). To account for this
during missing value imputation, samples were split by batch and proteins
with more than 50% missing values in any batch were excluded, retaining
a total of 605 of 1,757 proteins for subsequent analysis. Of these, 340
proteins contained missing values ranging from 0.2 to 46.5% per protein,
representing 7.1% of total measurements. Subsequently, missing values
were imputed for each batch independently using the k-nearest
neighbours (k-NN) algorithm (k =5) implemented in the impute (version
1.72.3) package [12] in R (version 4.2.1) [13]. The choice of imputation
method and parameter was guided by systematic evaluation of imputation
accuracy (Supplementary Figure 2). Imputed data for all batches were then
combined and corrected for batch effects using ComBat [14] from the sva
(version 3.46.0) package [15] (Supplementary Figure 3).

Machine learning modeling and evaluation

Five psychosis conversion prediction models were trained and evaluated
on the LYRIKS dataset (Supplementary Table 2). Two models were trained
on published biomarkers from the European Network of National
Schizophrenia Networks Studying Gene-Environment Interactions (EU-
GEl) study [16], while the remaining three models were developed from
the LYRIKS dataset.

Translational Psychiatry (2026)16:219
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Fig.2 Framework for developing and evaluating psychosis conversion prediction models. A: Framework used for training and evaluating
the EU-GEI (ANCOVA), EU-GEI (SVM) and LYRIKS (ANCOVA) prediction models. Benjamini-Hochberg adjusted ANCOVA P-values were
consolidated across four cross-validation splits to identify proteomic biomarkers predictive of psychosis conversion in the LYRIKS (ANCOVA)
model. B: Framework used for training and evaluating the LYRIKS (elastic net) and LYRIKS (SVM) model. For the LYRIKS (elastic net) model,
elastic net coefficients from inner splits were consolidated across outer splits to identify biomarkers predictive of psychosis conversion.

Psychosis conversion biomarkers were identified based on model
coefficients or feature selection statistics from the LYRIKS models. Elastic
net logistic regression was used as the primary prediction algorithm, with
default hyperparameters fixed a priori (C=1, L1 ratio = 0.5) across models.
When support vector machines (SVMs) were employed, default hyperpara-
meters were likewise used (linear kernel, L2 penalty, C=1). In models
where the same ML algorithm was employed for both feature selection
and prediction, identical hyperparameter settings were used at both
stages. To ensure that models were not biased toward the majority class,
samples were weighted inversely proportional to their class frequencies
using the standard class weighting implementation in scikit-learn.
Hyperparameter optimization was not performed, as the additional data
partitioning required would have decreased the effective training sample
size and increased the risk of overfitting. All models were implemented
using the scikit-learn (version 1.2.2) library [17] in Python (version 3.11)
[18], and performance was assessed using the area under the receiver
operating characteristic curve (AUC).

The five prediction models are described below; each is named
according to its originating study, with the feature selection method
indicated in parentheses.

EU-GEI (ANCOVA) model. Thirty-five proteins were identified as differen-
tially expressed between baseline samples of converters and non-
converters in the EU-GEl dataset using analysis of covariance (ANCOVA)
with multiple testing correction (Supplementary Table 3). Of these, 33
proteins were quantified in the LYRIKS dataset and were subsequently
validated using elastic net logistic regression (L1 ratio = 0.5) via stratified
4-fold cross validation (Fig. 2A).

EU-GEI (SVM) model. This model was based on a previously published
signature comprising 10 proteins predictive of psychosis conversion in
the EU-GEI dataset (Supplementary Table 4). These proteins were
selected based on the coefficients of a SVM model trained on 162
quantified proteins. We validated these 10 proteins using the same
experimental and validation framework as described for the EU-GEI
(ANCOVA) model.

Translational Psychiatry (2026)16:219

LYRIKS (SVM) model. This model was developed largely based on the
protocol of Mongan et al. [3], albeit with a more robust evaluation
framework. Instead of evaluating model performance on a single hold-out
test set, we performed nested cross validation with four outer folds and
three inner folds (Fig. 2B). Within each outer split, feature selection was
performed using coefficients of SYM models fitted on the inner splits
(Supplementary Table 5). A separate SVM model was independently
trained on the selected proteins for final prediction.

LYRIKS (elastic net) model. This model was trained and evaluated via
nested cross validation with four outer folds and three inner folds (Fig. 2B).
Within each outer split, an elastic net logistic regression model (L1 ratio =
0.5) was fitted to all quantified proteins in each of the three inner splits.
Feature were selected based on coefficients from the three fitted models,
and a final elastic net logistic regression model was trained on the selected
proteins. Psychosis conversion biomarkers were identified based on
coefficients from all 12 inner models (see Supplementary Table 5 for
details). These biomarkers are termed collectively as the LYRIKS (elastic net)
signature (Supplementary Table 6).

LYRIKS (ANCOVA) model. This model was trained and evaluated via
stratified 4-fold cross validation (Fig. 2A). We opted for four folds due to
the small number of converters (n = 13). Within each split, ANCOVA was
performed independently on each protein with class labels as the group
variable and age and gender as covariates. Resulting P-values were
corrected for multiple testing using the Benjamini-Hochberg (BH)
procedure, and proteins with BH-adjusted ANCOVA P-values < 0.05 were
selected as features for training an elastic net logistic regression model.
Psychosis conversion biomarkers were identified by averaging BH-adjusted
ANCOVA P-values across all splits and retaining proteins with mean values
below 0.05. These biomarkers are collectively termed as the LYRIKS
(ANCOVA) signature (Supplementary Table 7).

Negative control analysis
To assess the robustness of the predictive performance estimates and
safeguard against optimistic performance bias, we conducted a negative

SPRINGER NATURE
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Table 1. Characteristics of converters and non-converters in the
LYRIKS proteomics dataset at baseline.
Variable Converters Non- P-value
(n=13) converters
(n=52)
Age in years, mean 21.2 (3.24) 21.6 (3.16) 0.64
(SD)
BMI in kg/m?, mean 21.0 (5.05) 22.7 (4.79) 0.28
(SD)
Gender, n (%)
Male 11 (84.6) 35 (67.3) 0.31
Female 2 (15.4) 17 (32.7)
Ethnicity, n (%)
Chinese 8 (61.5) 33 (63.5) 0.51
Malay 5 (38.5) 10 (19.2)
Others 0 (0.0) 9(17.3)
Smoking, n (%)
Yes 4 (30.8) 15 (28.8) 1
No 9 (69.2) 37 (71.2)
Antidepressants / anxiolytics, n (%)
Yes 10 (76.9) 26 (50.0) 0.12
No 3 (23.1) 26 (50.0)
Comorbidities, n (%)
Yes 7 (53.8) 28 (53.8) 1
No 6 (46.2) 24 (46.2)

Group differences in continuous variables were assessed using two-sample
t-tests, while categorical variables were compared using Fisher’s exact tests.
The ethnicity category “Others” includes Indian, Eurasian, and Nepalese
ethnicities. BMI denotes body mass index. Psychiatric comorbidities were
diagnosed using the Structured Clinical Interview for DSM-IV Axis |
Disorders (SCID-I), based on both lifetime and current prevalence. Seven
converters reported comorbidities including major depressive disorder,
dysthymic disorder, social phobia, obsessive compulsive disorder, general-
ized anxiety disorder, anxiety disorder not otherwise specified, and
adjustment disorder. There were 28 non-converters reported to have
comorbidities including major depressive disorder, dysthymic disorder,
alcohol dependence, agoraphobia, social phobia, specific phobia, obses-
sive compulsive disorder, generalized anxiety disorder, anorexia nervosa
and adjustment disorder.

control analysis in which protein signatures were randomly sampled [19]
and used to train prediction models using an identical training and
evaluation framework to the LYRIKS (ANCOVA) model. A total of 1,000
random signatures, each comprising 15 proteins (matching the size of the
LYRIKS (ANCOVA) signature), were sampled from the set of 605 proteins
found in the LYRIKS dataset. An elastic net logistic regression model was
trained on each random signature and evaluated via 4-fold cross-validation
to determine the null distribution of average AUC values. A P-value for
each model is calculated as 1 - F(x) where F is the cumulative distribution
function of a normal distribution parameterized by the mean and standard
deviation (SD) of the null distribution of average AUC values [20].

Functional enrichment analysis

Functional enrichment analysis was conducted using the hypergeometric
test (with BH-correction) in the STRING web tool (https://string-db.org/) [21],
using the 605 proteins quantified in the LYRIKS dataset as the background
proteome. Specifically, analysis was performed on included pathways such
as the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways [22],
and STRING network clusters, which are smaller in size. The STRING clusters
are obtained from hierarchically clustering the full STRING network.

Statistical analysis
Sample size estimation was performed to ensure sufficient precision to
achieve a 95% confidence interval for the AUC with a width less than 0.15,

SPRINGER NATURE

assuming a true AUC of 0.75 and a 2-year incidence risk of psychosis of
15% [23]. A minimum sample size of 317 (47 converters) was required.
While recruitment fell short of the requirement due to practical constraints
of recruiting high-risk cohorts and the low rate of psychosis transition, all
available participants were included to maximize the reliability of the
estimates. Sample size was calculated using the powerROC web tool
(https://fcgrolleau.github.io/powerROC/) [24].

Assumptions for parametric tests were evaluated qualitatively through
visual inspection of data distributions using Q-Q plots and histograms.
Parametric tests were applied to variables that met normality assumptions.
Statistical analyses were conducted using two-sided t-tests for continuous
variables and the chi-squared tests for categorical variables in R (version
4.2.1) [13]. For prediction modeling and differential expression analysis,
ANCOVA and the BH procedure were performed using the statsmodels
(version 0.14.0) library [25], while paired t-tests were performed using the
scipy (version 1.10.1) library [26] in Python (version 3.11.3).

RESULTS

LYRIKS proteomics dataset

We profiled 402 blood plasma samples from 135 participants over
the two-year study period at six-month intervals (Fig. 1). Table 1
presents the sociodemographic and clinical characteristics of UHR
converters and non-converters. Overall, 18.6% of UHR participants
transited to psychosis. No statistically significant differences based
on age, body mass index (BMI), gender, ethnicity, smoking status,
antidepressants/anxiolytics use, and psychiatric comorbidities
were observed. A total of 1,757 proteins were detected, of which
605 proteins were present in more than 50% of samples in all
batches and were retained for all subsequent analyses (Fig. 3A).

EU-GEI signatures generalize moderately well to the LYRIKS

dataset

We first examined whether EU-GEI proteomic signatures could
predict transition to psychosis in the LYRIKS dataset. In the EU-GEI
dataset, 35 out of 166 proteins were identified as differentially
expressed using ANCOVA (p < 0.05). We refer to these proteins
collectively as the EU-GElI (ANCOVA) signature (Supplementary
Table 3). Of the 35 proteins in the EU-GEI (ANCOVA) signature, 33
(94.3%) were successfully quantified in our dataset. Predictive
modeling using these 33 proteins resulted in a mean AUC of 0.81
(Fig. 3B), suggesting that the EU-GEI (ANCOVA) signature
generalizes moderately well to the LYRIKS dataset. This result
was further supported by principal components analysis (PCA),
which showed that converters and non-converters are linearly
separable on the EU-GEI (ANCOVA) signature (Fig. 3Q).

We next evaluated the condensed 10-protein EU-GEI (SVM)
signature (Supplementary Table 4), which achieved a mean AUC of
0.75 (Fig. 3B), reflecting a modest but expected decrease in
performance given the reduction in signature size from 33 to 10
proteins. Altogether, these results indicate that both EU-GEI
signatures demonstrate acceptable performance on the LYRIKS
dataset.

LYRIKS signatures outperform EU-GEI signatures

To investigate the potential of a proteomic signature derived from
an Asian cohort, we developed three prediction models using the
LYRIKS dataset. The LYRIKS (ANCOVA) model showed the highest
performance among the three models, achieving a mean AUC of
0.96 (Fig. 4A). Through the model, 15 proteins with an average BH-
adjusted P-value below 0.05 across all cross-validation splits were
incorporated into a novel LYRIKS (ANCOVA) signature (Table 2 and
Supplementary Table 7). In the second model, we employed a
modeling framework similar to that of Mongan et al. [3] and
identified a set of 10 proteins through the coefficients of fitted
SVM models from all inner cross-validation splits. This alternative
approach also yielded good performance, achieving a mean AUC
of 0.90. The LYRIKS (elastic net) model likewise performed well
with a mean AUC of 0.95 (Fig. 4A). The top 10 proteins were

Translational Psychiatry (2026)16:219
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Fig. 3 EU-GEI proteomic signatures demonstrate moderate predictive performance for psychosis conversion in the LYRIKS cohort. A:
Number of proteins identified, quantified, and selected via ANCOVA in the LYRIKS and EU-GEI datasets. Quantification criteria: >50% of samples
per batch (LYRIKS) and >80% of samples (EU-GEI). Bracketed numbers indicate number of EU-GEI proteins also detected in LYRIKS. B: Mean area
under the receiver operating characteristic curve (AUC) for EU-GEI signatures evaluated on LYRIKS via 4-fold cross-validation. Error bars show
standard deviation (SD) across folds. C: PCA of baseline LYRIKS samples using 33 ANCOVA-identified biomarkers from EU-GEI show distinct
distributions between converters and non-converters. Concentric ellipses represent two and four SD intervals around each group centroid.
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Fig.4 Signatures derived from the LYRIKS proteomics dataset exhibit excellent performance in psychosis conversion prediction. A: Mean
area under the receiver operating characteristic curve (AUC) from cross-validation on the LYRIKS dataset. LYRIKS (random) refers to the null
distribution of predictive performance estimates based on the mean AUCs of 1,000 iterations of models trained on randomly selected 15-
protein signatures. Error bars indicate standard deviation (SD). B: PCA of baseline LYRIKS samples (converters vs. non-converters) using the 10-
protein LYRIKS (elastic net) signature. Concentric ellipses represent two and four SD intervals around each group centroid.

selected based on the magnitude of model coefficients from all LYRIKS and EU-GEI signatures are compositionally distinct but
inner cross-validation splits and are collectively termed as the share similar pathways and protein families

LYRIKS (elastic net) signature (Table 2 and Supplementary Table 6). We examined overlaps between the LYRIKS (ANCOVA), LYRIKS
All three models derived from the Asian LYRIKS cohort out- (elastic net) and EU-GEI (ANCOVA) signatures to assess their
performed models built on EU-GEI signatures, which achieved concordance (Supplementary Figure 4). A sizeable overlap
lower mean AUCs of 0.75 and 0.81. Performance estimates of the (Jaccard coefficient = 25%) was observed between the LYRIKS
LYRIKS (elastic net), LYRIKS (ANCOVA) and LYRIKS (SVM) models (ANCOVA) and LYRIKS (elastic net) signatures, with five shared
were stable across cross-validation splits, exhibiting percentage proteins out of the 20 proteins present in both signatures.
coefficients of variation for AUC of 4.9% (SD=0.047), 4.6% However, of these five overlapping proteins (IGKV1-5, APOB, RPSA,
(SD =0.044), and 9.4% (SD = 0.085), respectively. Notably, varia- ZNF607 and SERPIND1), only SERPIND1 was present in all three
bility in model performance across splits for all LYRIKS models signatures. Additionally, there was limited overlap of five proteins
were consistently lower than the variability in performance of (Jaccard coefficient = 10%) between biomarkers from either of the

random signature models (Fig. 4A). LYRIKS signatures and the EU-GEI (ANCOVA) signature.

Despite modest overlap in protein composition, several protein
LYRIKS signatures greatly outperform random signatures families were consistently represented across all three signatures.
As a negative control, 1,000 random 15-protein signatures were These included the inter-alpha-trypsin inhibitor heavy chain (ITIH),
sampled from the 605 quantified proteins in the LYRIKS dataset, apolipoprotein, complement, coagulation factor families, as well

and elastic net logistic regression models were trained on these as the serine protease inhibitors (SERPINs) superfamily. Most
signatures to estimate chance-level performance. All three LYRIKS overlapping proteins belonged to either the ITIH or SERPIN protein
models significantly outperformed the negative control, which families. Notably, we observed consistent downregulation of
exhibited a mean AUC of 0.66 (SD =0.123). The LYRIKS (elastic proteins across the ITIH family, viz. ITIH1, ITIH2, ITIH3 and ITIH4
net), LYRIKS (ANCOVA), and LYRIKS (SVM) models, achieved (Supplementary Figure 5), although only ITIH1 and ITIH3 were
P-values of 0.010, 0.014, and 0.024, respectively. These results identified in either the LYRIKS or EU-GEI signatures.

demonstrate that LYRIKS models can robustly identify biomarkers Functional enrichment analysis of the 15 biomarkers comprising
associated with psychosis conversion. the LYRIKS (ANCOVA) signature did not reveal significantly
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Table 2. Proteomic biomarkers comprising the LYRIKS (ANCOVA) and LYRIKS (elastic net) signatures.
UniProt ID Protein

P01602 Immunoglobulin kappa variable 1-5
P04114 Apolipoprotein B-100

P05546 Heparin cofactor 2

Q965K3 Zinc finger protein 607

P08865 Small ribosomal subunit protein uS2
Q9UHG3 Prenylcysteine oxidase 1

Q14624 Inter-alpha-trypsin inhibitor heavy chain H4
P00736 Complement C1r subcomponent

P19827 Inter-alpha-trypsin inhibitor heavy chain H1
Q06033 Inter-alpha-trypsin inhibitor heavy chain H3
P27169 Serum paraoxonase/arylesterase 1

P29622 Kallistatin

P00740 Coagulation factor IX

P09871 Complement C1s subcomponent

P04180 Phosphatidylcholine-sterol acyltransferase
P20742 Pregnancy zone protein

075636 Ficolin-3

P02533 Keratin, type | cytoskeletal 14

P35527 Keratin, type | cytoskeletal 9

043852 Calumenin

enriched KEGG pathways. However, among STRING network
clusters, the “complement and coagulation cascades, and
protein-lipid complex” cluster was significantly enriched
(FDR = 0.0362).

DISCUSSION

Our study substantiates previous findings that plasma proteins are
predictive of psychosis conversion in UHR individuals [3, 27-33].
Importantly, we demonstrated the generalizability of EU-GEI
plasma proteomic signatures on our cohort of Asian UHR
individuals and developed prediction models using the LYRIKS
proteomics dataset which demonstrated superior performance.
Our observation that key sociodemographic and clinical covariates
such as age, BMI, gender, ethnicity, comorbidities, antidepres-
sants/anxiolytics use and smoking status were not significantly
associated with psychosis conversion (Table 1) motivated our
decision to restrict the prediction models to proteomic features.
Taken together, these findings highlight the potential of using
plasma biomarkers for early detection of psychosis conversion.

Importance of population diversity in mental health research
The stronger performance of LYRIKS prediction models under-
scores the need to include diverse populations in mental health
research, which has been largely focused on Caucasian cohorts.
Our study provides one of the largest plasma proteomics datasets
of an Asian UHR cohort, expanding the ethnic scope of mental
health research and demonstrating that while Caucasian-derived
signatures demonstrate acceptable discriminatory performance in
an Asian cohort, population-specific models may yield more
accurate predictions.

Functional convergence of Asian- and Caucasian-derived
signatures

We identified novel proteomic signatures through the LYRIKS
prediction models. Although there was limited overlap in
individual proteins between LYRIKS and EU-GEI signatures, we
observed functional convergence across key pathways and

SPRINGER NATURE

Gene symbol Signature

IGKV1-5 Both

APOB Both

SERPIND1 Both

ZNF607 Both

RPSA Both

PCYOX1 LYRIKS (ANCOVA)
ITIH4 LYRIKS (ANCOVA)
C1R LYRIKS (ANCOVA)
ITIH1 LYRIKS (ANCOVA)
ITIH3 LYRIKS (ANCOVA)
PON1 LYRIKS (ANCOVA)
SERPINA4 LYRIKS (ANCOVA)
F9 LYRIKS (ANCOVA)
ci1s LYRIKS (ANCOVA)
LCAT LYRIKS (ANCOVA)
PZP LYRIKS (elastic net)
FCN3 LYRIKS (elastic net)
KRT14 LYRIKS (elastic net)
KRT9 LYRIKS (elastic net)
CALU LYRIKS (elastic net)

protein families. First, many constituent biomarkers in both the
LYRIKS and EU-GEI signatures were immune-related and mapped
to the complement and coagulation cascade pathway (KEGG:
hsa04610), supporting recent evidence implicating the dysregula-
tion of these pathways in schizophrenia and psychosis [34]. In
addition, previous studies have reported upregulation of the
coagulation and complement cascades and an enhanced inflam-
matory state before FEP and other mental disorders [3, 27, 28].
Second, we observed recurrent representation of proteins from
the ITIH, SERPIN and apolipoprotein families, which is consistent
with previous genome-wide association studies associating single
nucleotide polymorphisms in ITIH proteins with schizophrenia,
bipolar disorder and depression in Caucasian [35-37], Japanese
[38] and Han Chinese [39, 40] populations.

Dysregulation of lipid-associated proteins in mental health
disorders

Functional enrichment analysis of the LYRIKS (ANCOVA) signature
revealed significant enrichment of the “complement and coagula-
tion cascades, and protein-lipid complex” STRING network cluster.
Specifically, the enzyme LCAT from the cluster was downregulated
in baseline samples of converters (Table 2 and Supplementary
Table 7); LCAT is essential for the maturation of nascent glial-
derived lipoproteins and has been shown to influence APOE and
APOA1 levels in CSF [41]. In addition, we observed down-
regulation of APOB in baseline samples of converters, which
corroborates previous findings showing negative association of
APOB with cognitive impairment [42] and negative symptoms [43]
in Han Chinese patients with schizophrenia. Similarly, the EU-GEI
(ANCOVA) signature also contains other apolipoproteins such as
APOE, consistent with earlier reports of elevated APOE and
reduced APOB, APOD, APOF, APOM in schizophrenia patients. The
consistent representation of apolipoproteins in both LYRIKS and
EU-GEIl signatures support previous literature that associate
differential levels of lipoproteins and lipids with various mental
health disorders. There is increasing evidence that brain lipids,
particularly those involved in membrane forming and signaling,
play an important role in the etiologies of mental health disorders
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[44, 45]. This underscores the value of lipidomics and multiomics
approaches in the prognosis, diagnosis, and monitoring of mental
health disorders.

Strengths and limitations

To the best of our knowledge, this study presents the largest LC-
MS proteomics dataset profiling an Asian UHR cohort to date.
Proteins were quantified using the Orbitrap Astral mass spectro-
meter, ensuring deep proteome coverage, thus enabling the
detection of previously reported signatures. Importantly, this
study makes a crucial contribution towards expanding mental
health research into Asian populations, which addresses concerns
regarding the generalizability of findings derived from predomi-
nantly Caucasian datasets and ensures the broader applicability of
proteomic biomarkers in psychiatry.

We acknowledge several technical limitations and outline the
measures taken to address them. First, the number of converters
was small (n = 13) relative to non-converters (n = 52), resulting in
class imbalance. This was mitigated through class weighting
during model training. Related concerns regarding overfitting,
model instability and biased performance estimates were
addressed through careful design choices, including nested k-fold
cross-validation, negative control analysis and constraints on
model complexity. Notably, hyperparameters were fixed across
prediction models rather than optimized. This decision was made
because hyperparameter optimization would have required an
additional layer of data partitioning, further reducing the effective
training sample size and increasing the risk of overfitting, which
could lead to optimistically biased performance estimates. This
rationale is supported by recent work demonstrating that
hyperparameter optimization in small-sample settings can lead
to severe model miscalibration, as well as by evidence that
hyperparameter optimization yields only marginal performance
gains over default hyperparameter settings [46, 47]. Hyperpara-
meters were therefore fixed to prioritize model stability and
consistency. Nevertheless, performance estimates should be
interpreted with caution and validated in external cohorts.

Second, analyses were restricted to proteins present in at least
50% of samples for all batches to ensure reliability. Although this is
consistent with standard proteomic analysis, filtering proteins with
high missingness reduces proteome coverage and may have
excluded low-abundance proteins of potential biological rele-
vance from analysis. In future work, we aim to incorporate robust
imputation and network algorithms that will allow us to
investigate low-abundance proteins and further extend our
findings. Finally, although LYRIKS and EU-GEI signatures show
functional convergence, external validation in independent
cohorts across different ethnicities remains essential to confirm
their generalizability and clinical utility.

CONCLUSION

We present the first single site plasma proteomics study of an
Asian UHR cohort for psychosis using the Orbitrap Astral mass
spectrometer. By combining deep coverage plasma proteomics
with robust machine learning frameworks, we demonstrate that
proteomic signatures derived from a predominantly Caucasian
sample generalize moderately well to an Asian dataset but are
outperformed by prediction models developed from the Asian
dataset itself. We derive proteomic signatures from the LYRIKS
prediction models, which differ in protein composition from the
Caucasian-derived signatures. However, the Asian- and Caucasian-
derived signatures consistently included members of the same
protein families with shared functions. This convergence corro-
borates existing literature associating the dysregulation of the
complement and coagulation cascade, as well as specific
members from the ITIH and apolipoprotein families, with various
mental health disorders.
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