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Abstract

Plasma metabolomics has identified candidate biomarkers of schizophrenia, but most studies report group differences without separating disease-
associated signals from antipsychotic exposure and symptom severity. We aimed to test whether targeted plasma metabolomics combined with
pathway and gene-network annotation could partition metabolomic variation in schizophrenia into biologically interpretable components. Plasma
from 41 inpatients with paranoid schizophrenia in acute exacerbation and 40 community controls was profiled using targeted liquid
chromatography—tandem mass spectrometry covering 171 metabolites. Group differences were assessed with false discovery rate control and
adjustment for age, sex and smoking, followed by exploratory classification, correlation-network, clinical-scale and subgroup analyses. Plasmalogen
p16:0/20:4 was the only metabolite that survived covariate-adjusted false discovery rate correction. Its single-metabolite classification performance
was close to that of multivariate models, with an area under the receiver operating characteristic curve of 0.838. Pathway enrichment and
metabolite-to-enzyme-to-gene mapping converged on glycerophospholipid metabolism and Lands-cycle enzymes, with LPCAT4, PLA2G4A and
LPCAT1 showing the highest schizophrenia association scores among mapped phospholipid-remodelling genes. Subgroup and clinical-scale
analyses suggested xanthine as a candidate severity-associated purinergic marker, whereas pyruvate, mevalonate and dimethyl-L-arginine were
more consistent with antipsychotic-exposure-associated metabolic variation. These findings support a working model in which plasma metabolomic
variation in schizophrenia can be partially partitioned into phospholipid-remodelling, antipsychotic-exposure-associated and purinergic-stress-related
components. This model warrants replication in larger, longitudinal and drug-naive cohorts.

1. Introduction

Schizophrenia (SCZ) is a heterogeneous polygenic disorder in which positive, negative, and cognitive symptom domains do not map cleanly onto
distinct biological signatures, and in which clinical response, side-effect burden and cognitive trajectory remain difficult to predict at the individual
patient level (1-4). Plasma metabolomics offers a tractable readout of this heterogeneity because the small-molecule pool integrates peripheral
metabolism, gut microbiota, antipsychotic exposure and central nervous-system neuroactive substrates without requiring invasive sampling (3-6).

Over the past three years, three convergent lines of evidence for metabolomic alterations in SCZ have emerged. First, glycerophospholipid and
plasmalogen lowering has been reported in medication-naive(1, 7, 8) chronic and treated SCZ(9, 10) early-onset disease(11) and psychiatric
comparator cohorts (1, 10, 12); the Tkachev et al. multicenter study identified 77 reproducible lipids with cross-cohort classification AUC of 0.86~
0.95(9). Second, kynurenine-pathway shifts, including altered quinolinic acid, kynurenic acid, free tryptophan and QUIN/KYNA ratio, have been
replicated in first-episode plasma (13), long-term-treated patients (14, 15), postmortem dorsolateral prefrontal cortex(16) and cerebrospinal-fluid
meta-analyses(17), with high baseline KYNA linked to antipsychotic non-response in one study (18). Third, purinergic and oxidative-stress markers,
particularly xanthine, hypoxanthine and uric acid, are repeatedly altered in SCZ blood and have been linked to xanthine-oxidase activity, glutathione
depletion and potential XO inhibitor adjunctive strategies (19-22).

These findings remain insufficient for clinical translation because three methodological gaps persist. First, disease-related signals are entangled
with antipsychotic exposure: inpatient SCZ cohorts in exacerbation are usually medicated, and antipsychotics reshape mitochondrial respiration,
electron transport chain (ETC) activity, including complex | activity, lipid biosynthesis, autophagy and the tryptophan—kynurenine axis (23-30).
Specific examples include complex-I inhibition by aripiprazole, brexpiprazole and cariprazine(26), olanzapine-related lysosomal/autophagy stress
(29), clozapine-associated AhR-tryptophan—kynurenine metabolic effects (31) and second-generation antipsychotics have been implicated in
disruption of oxidative phosphorylation, tricarboxylic acid (TCA) and glycolytic programmes (24). Second, smoking confounds the lipid signal: it is
more prevalent in SCZ and can lower phosphatidylcholine and plasmalogen levels independently of psychiatric disease. Third, metabolomic reports
rarely link altered metabolites to catalysing enzymes, gene symbols and interaction partners, although such mapping can connect metabolic findings
to schizophrenia-associated loci (32-34). This is particularly relevant for PLA2G4A, implicated by CNV data in SCZ symptom dimensions(35) and for
LPCAT enzymes involved in Lands-cycle glycerophospholipid re-acylation and ferroptosis-relevant lipid remodelling (36-40).

We address these gaps in a discovery cohort of 41 paranoid SCZ inpatients in acute exacerbation and 40 community controls profiled by hydrophilic
interaction liquid chromatography—tandem mass spectrometry with multiple reaction monitoring (HILIC LC-MS/MS MRM) using a panel of 171
unique metabolites after quality control (QC) filtering. Rather than pre-selecting a shortlist, we combine FDR-controlled univariate testing with
covariate adjustment, regularised multivariate classification, within-group correlation networks, KEGG/SMPDB enrichment against the panel-
detectable background, metabolite — enzyme — gene STRING mapping with Open Targets SCZ annotation(33), partial correlations with clinical
scales and chlorpromazine-equivalent dose (CPZeq), and explicit case-vs-case deconfounding contrasts. The aim is not to propose a deployable
diagnostic biomarker panel, but to test whether plasma metabolomics can separate disease-related, antipsychotic-related and severity-related
signals and map them onto plausible biochemical mechanisms.

2. Materials and methods

2.1 Participants and clinical characterization

Forty-one inpatients with schizophrenia (ICD-10 F20.0) in acute exacerbation were recruited at the Republican Clinical Centre of Psychiatry and
Narcology, Ministry of Health of the Kabardino-Balkarian Republic, Nalchik, Russian Federation. Forty community controls were recruited from the
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same region. At the time of sampling, all patients with schizophrenia were receiving stable antipsychotic therapy. The study protocol was approved
by the Local Ethics Committee of the Medical Academy of Kabardino-Balkarian State University named after H.M. Berbekov (expert conclusion No.
02.012, February 2, 2026). The study was conducted in accordance with the Declaration of Helsinki. Written informed consent was obtained from all
participants and/or their legal representatives before enrolment.

Eighteen of 41 patients were female (44%); 30 of 40 controls were female (75%; Fisher's exact p = 0.0065). Mean age was 45.3 + 11.4 years in SCZ
and 39.3 +13.1 in controls (Welch's t = 2.20, p = 0.031). Both imbalances are imperfectly matched by design and are explicitly modelled as covariates
in all confirmatory analyses (Section 2.5). For SCZ patients we recorded the Positive and Negative Syndrome Scale (PANSS)(41); the Brief
Psychiatric Rating Scale (BPRS) (42); the Montreal Cognitive Assessment (MoCA) (43); the Montgomery—Asberg Depression Rating Scale (MADRS)
(44); the Snaith—Hamilton Pleasure Scale (SHAPS) (45); chlorpromazine-equivalent daily dose (CPZeq); antipsychotic class (typical vs. atypical);
clozapine status (yes/no); polytherapy (yes/no); age of onset; illness duration; therapy duration and treatment response, assessed by the treating
psychiatrists based on clinical judgement and documented improvement during inpatient treatment. The full clinical summary is presented in Table
S1

2;2 Sample preparation and LC-MS/MS analysis

Plasma sample preparation was carried out according to Li et al. (46). Briefly, 400 pL of a chilled MeOH-ACN mixture (1:1, v/v) was added to 100 pL
of blood plasma, vortexed, shaken for 15 min, and centrifuged at + 4°C and 16,000 rpm for 15 min. The supernatants were transferred to plastic vial
inserts and analysed by targeted LC—MS/MS; each sample was injected twice. Chromatographic separation was performed on a perfectSil 100 NH2
column (250 x 4.6 mm, 5 pm) under HILIC conditions using an LC-20AD Prominence system (Shimadzu, Kyoto, Japan) with a SIL-20AC autosampler
thermostated at 10°C. Mass spectrometric detection was performed in MRM mode with positive/negative ion polarity switching on an API 6500
QTRAP (AB SCIEX, Framingham, MA, USA) equipped with an ESI source. The precursor and fragment ion transitions were partially adapted from Li
et. al (46) and partially established in-house by direct infusion of pure reference standards. Full sample preparation details, LC-MS/MS parameters
and MRM transition tables are provided in Supplementary methods S1-S2; sample identifier reconciliation is described in S3.

2.3 Pre-processing and QC

Raw transitions were filtered as follows: (1) median QC relative standard deviation (RSD) < 30%; (2) per-feature missingness < 20% across samples;
(3) merging of MRM transitions to the same compound; (4) k-nearest-neighbour (k = 3) imputation of remaining missing values within group. After
preprocessing, the dataset comprised 171 unique metabolites across 81 plasma samples. Two parallel scaled tables are retained: a QC-normalised
table (per-feature mean = 1, used to report effect sizes on the natural scale) presented in Table S2 and a Pareto-scaled table (mean-centred, divided
by vSD, used for all multivariate and network analyses) presented in Table S3.

2.4 Univariate testing

For each of the 171 metabolites we computed: (1) Welch's t-test, (2) Mann—Whitney U as a non-parametric robustness check, (3) Bayes factor BF;,
(Rouder's default Cauchy prior on standardised effect, zero-centred Cauchy distribution with a scaling parameter of v2/2), (4) Cohen's d with
bootstrap (5,000 iterations) 95% confidence interval, (5) Benjamini—-Hochberg (BH) FDR over all 171 tests separately for the Welch and the Mann-
Whitney statistics. To control for the sex—age—-smoking imbalance between groups, every metabolite was additionally entered into a linear model
[metabolite ~ group + age + sex + smoking] and the adjusted group coefficient B plus a BH-corrected adjusted FDR was retained.

2.5 Multivariate analysis and classification

Principal component analysis was performed on the Pareto-scaled matrix; score and loading plots were generated for the PC 1 — PC 4 components.
PLS-DA and classifiers were trained on the 153-metabolite classification panel after dropping features with = 20% missingness and within-group
KNN imputation (k = 3); R2Y and a 5-fold cross-validated Q2Y were evaluated against a 1,000-permutation null distribution of the group label. For
classification, we trained (1) a LASSO logistic regression with two regularisation regimes — default (A chosen by the 1-SE rule; ~65 features retained
on median) and sparse (A pushed down to retain ~ 32 features), (2) a Random-Forest classifier with 500 trees, both under stratified 5-fold cross-
validation. AUCs are reported as mean + SD across folds. Observed AUCs were compared with a 1,000-permutation null distribution of group labels.

2.6 Correlation network and differential correlation

Within-group Spearman correlation matrices were computed separately for the SCZ and control groups. Edge significance was assessed by BH FDR
over all pairs. We retained edges with within-group |p| = 0.5 and FDR < 0.05. Differential-correlation analysis compared the Fisher z-transformed
correlations between groups, and edges were classified as SCZ-only, control-only or shared according to which group(s) they were significant in.
Louvain community detection was performed on the union network using v. 0.16 python-louvain library (modularity-maximising partition; seven
communities retained).

2.7 KEGG/SMPDB enrichment

Each metabolite was mapped to KEGG compound IDs and HMDB IDs via automated parsing followed by manual curation of ambiguous lipid species
(notably the phosphatidylcholine / phosphatidylinositol / plasmalogen species, for which we used the headgroup-level identifier when the precise sn-
1/sn-2 mapping was ambiguous). Over-representation was tested by hypergeometric distribution against the panel-detectable background (n =126
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metabolites mapped to > 1 KEGG pathway), not against the full human metabolome - a correction intended to avoid spurious pathway-enrichment
hits that avoids spurious "all lipid pathways significant” hits. Permutation-based pathway enrichment (1,000 permutations of metabolite labels)
provided an additional empirical FDR.

2.8 Metabolite, enzyme and gene STRING network

For each significantly altered metabolite (n = 17 across BF_AND_d, combined_any, and disease_only labels) we extracted the catalysing enzymes by
EC number from KEGG REACTION and HMDB protein associations. The EC numbers were expanded to human gene symbols (HUGO) by KEGG hsa
mappings, yielding 116 enzyme records collapsing to 99 unique HUGO gene symbols. Gene—gene interactions were queried in STRING v12 with a
high-confidence threshold (score > 0.7), yielding a 455-edge subnetwork clustered by Leiden modularity (ModularityVertexPartition, seed = 42). All
genes were annotated with (a) the direction of change of the connected metabolite, (b) the Open Targets schizophrenia association score (if
available), and (c) the Leiden module membership.

2.9 Continuous clinical-scale correlations

Within SCZ only, Spearman correlations were computed between each of the 171 metabolites and each of PANSS_total, PANSS_positive,
PANSS_negative, PANSS_general, BPRS_total, MoCA_total, MADRS_total, SHAPS_total, CPZeq dose, age and illness_duration. BH FDR was applied
per scale and an alternative global FDR was reported for transparency. Partial Spearman correlations with the same scales were then computed,
adjusting for sex, age, smoking and (where appropriate) CPZeq dose, so that a finding labelled "PANSS-associated" survives controlling for drug
dose.

2.10 Subgroup deconfounding

Twelve case-vs-case contrasts within the SCZ arm were run with FDR over the 171 metabolites and with covariate adjustment: smoking (Yes vs No),
antipsychotic class class (Typical vs Atypical), clozapine (Yes vs No), polytherapy (Poly vs Mono), CPZeq dose (High vs Low tertile), response (Yes
vs No), onset (Early vs Late), and four symptom-domain bins (PANSS-high vs PANSS-low, BPRS-high vs BPRS-low, MoCA-impaired vs normal,
MADRS-severe vs mild) and a positive vs negative-symptom contrast. The metabolite x subgroup signed effect-size matrix (Fig. 3) was hierarchically
clustered to expose which signals are shared across subgroups vs subgroup-specific.

2.11 Software and reproducibility

All analyses were performed in Python 3.11 (pandas 2.2, scikit-learn 1.5, scipy 1.13, statsmodels 0.14, networkx 3.3, matplotlib 3.9, seaborn 0.13).
KEGG queries were performed against KEGG REST as of 2025-Q4. STRING (v12.5) was queried via the public REST API. OpenTargets was queried via
the public GraphQL API with the schizophrenia MONDO ID = MONDO_0005090. A reproducibility note, full parameter values and software versions
are deposited in the Supplementary methods.

3. Results
3.1 Cohort, panel and quality control

Forty-one patients with schizophrenia in acute exacerbation and 40 community controls passed sample QC and contributed to the analysis. Clinical
characteristics are summarized in Table S1. The SCZ arm had a higher proportion of males than the control group (56% vs 25%; Fisher’s exact p =
0.0065), and mean age differed by 6.0 years (45.3 + 11.4 vs 39.3 + 13.1 years; Welch’'s t = 2.20, p = 0.031). Smoking was more frequent in SCZ than in
controls: 15/41 patients (37%) versus 6/40 controls (15%; Fisher’s exact test, OR = 3.27, p = 0.0415). These variables were therefore included as
covariates in adjusted models.

Of the 215 raw MRM transitions, all retained adequate QC across the 81 plasma samples. Merging of quantifier/qualifier transitions reduced the
panel to 171 unique metabolites. Median per-feature missingness was below 5%; nine metabolites with 5-20% missingness were imputed by within-
group KNN (k = 3). The cleaned 171-metabolite panel formed the analytic dataset for all subsequent analyses.

3.2 Univariate FDR-controlled differential metabolites

After BH correction over all 171 metabolites, five metabolites passed the BH-FDR < 0.05 threshold in unadjusted Welch testing (Table 1; Fig. 1a,b).
These were dominated by glycerophospholipid-related and lipid-associated signals, with the strongest effect observed for plasmalogen (p16:0/20:4)
(d=-1.19,95% Cl - 1.66 to - 0.79, BF10 = 1.3 x 10*4), followed by phosphatidylcholine (16:0/18:2), phosphorylcholine, 2-octenoylcarnitine and
cholesterol.
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Table 1
Top 20 differential metabolites in SCZ compared with controls: raw Cohen's d, BF,o, BH-FDR over 171 metabolites, and age-, sex- and smoking-
adjusted; adjusted B and FDR.

Metabolite mean mean Cohen's d BF1o Welch p BH-FDR B.gj- Padj. FDR,gj
scz Control (uncorr.) (univariate)
(95% CI)

(P;i\zrg?lz%gz)n -243.8 231.6 (1116?6 13x10*4  1.4x10°6 0.000 -376.62 1.8x10-4 0.030
-0.79)

PC (16:0/18:2) -604.8 619.9 -1.06 18x10*3  12x10-5  0.001 -992.08  79x10-4 0.067
e

Phosphorylcholine -562.4 449.9 -0.91 13x10*2  1.8x10°% 0.010 -753.89 6.7x10"3 0.285
)

2-Octenoylcarnitine -236.1 242.0 -0.75 25 1.3x10°3 0.048 -413.59 1.0x10-2 0.351
Gy

Cholesterol -166.6 136.7 -0.78 23 1.4x10°3 0.048 -246.84 1.7x10-2 0.381
)

PI(38:4) -232.1 2321 -0.71 15 23103 0.064 -367.01 24x10"2 0.381
sy

Xanthine 108.5 111.2 0.65)(0.31, 8.7 48x70-% 0118 21124  15x10-2 0.381
1.04 ' '

Tryptophan -285.0 292.1 -(0.63 6.4 6.5x10"3 0.140 -519.82 27x10-2 0.381
-1.07, : :
-0.20)

PI (38:3) -97.6 85.4 -0.60 4 12x10-2 0213 113307 goxjo-2 0.562

Asparagine 3519 360.7 -0.58 3.8 13x10-2 0213 -564.09 g ex10-2 0.562

Indole 2104 2156 -0.56 3.5 14x10-2 0213 36621  g5oy1p-2 0.562

Nicotinic acid -35.1 36.0 -0.54 2.8 1ox10-2  0.261 -75.79 2 5x10-2 0.381

SAH 49.8 -53.7 0.52)(0.09, 2.4 9ox10-2  0.261 56.55 2 ax10-1 0718
1.00 ' '

1-Methylnicotinamide ~ 192.3 -197.1 0.52)(0.37, 2.5 2ox10-2  0.261 42432 53,90-2 0.381
1.11 ' :

Hypoxanthine 208.1 2133 0.51)(0.30, 2.4 2 ax10-2  0.261 629.82  51x10-3 0.119
0.81 ' '

Purine -87.2 89.4 -0.50 2.1 2.7)(10-2 0.261 -159.18 7.3x10—2 0.562

Pl (36:2) -57.9 401 -0.54 2.1 2gx10-2  0.261 -54.2 2ex10-1 0718

L-Tryptophan -1174.3 1203.7 -0.50 2 2.8x1072 0.261 -2021.19 9.2x1072 0.562

L-Threonine -186.0 190.7 -0.49 1.9 3.0)(10-2 0.261 -264.5 1.6X10_1 0.644

Abbreviations: BF10 — the Bayes factor, BH-FDR - the Benjamini-Hochberg False Discovery Rate correction, FDRadj — sex/age/smoking-adjusted
False Discovery Rate corrected p-values, PC — phosphatidylcholine, Pl — phosphatidylinositol, SAH — S-Adenosyl-L-homocysteine.
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Metabolite mean mean Cohen's d BF Welch p BH-FDR B.gj- Padj. FDR,q;

SCz Control (uncorr.) (univariate)
(95% ClI)
Creatine -1619.9 1660.4 -(0.49 1.9 3 1x-|0-2 0.261 -2169.94 1 8)(10_1 0.696
-0.93, ' ’
-0.09)

Abbreviations: BF10 — the Bayes factor, BH-FDR - the Benjamini-Hochberg False Discovery Rate correction, FDRadj — sex/age/smoking-adjusted
False Discovery Rate corrected p-values, PC — phosphatidylcholine, Pl — phosphatidylinositol, SAH — S-Adenosyl-L-homocysteine.

After adjustment for age, sex and smoking, only plasmalogen p16:0/20:4 survived panel-wide FDR correction (Badj. = -377, adjusted FDR = 0.030;
Table 1; Fig. 1a,b). Hypoxanthine had an adjusted FDR < 0.15, whereas PC(16:0/18:2), phosphorylcholine, PI(38:4) and other lipid hits attenuated
after covariate adjustment. Xanthine showed a positive disease effect at the uncorrected level (8 = +211, p = 0.015) but did not survive panel-wide
FDR (FDRadj. = 0.38).

3.3 PCA, PLS-DA and cross-validated classification

The first principal component of the Pareto-scaled matrix captured 39.8% of total variance and correlated strongly with the per-sample row sum (r =
0.96; Fig. 1c), consistent with a non-biological global-signal axis. Group separation was instead driven by PC4 (6.3% of variance; group r = - 0.40;
Fig. 1d). Two-component PLS-DA on the 153-metabolite panel showed supervised group separation (R?Y = 0.476, Q2Y = 0.315; 1,000-permutation p <
0.001 for both metrics; Fig. 1e and Fig. 2b).

Classifier performance is summarized in Fig. 2a,c. Random Forest achieved the highest 5-fold cross-validated AUC (0.858), followed by PLS-DA
(0.852), LASSO logistic regression and the single-metabolite plasmalogen p16:0/20:4 model (AUC = 0.838). Feature stability and Random-Forest
rankings are provided in Table S4. Given the modest sample size, these models are reported as discovery-phase discrimination analyses rather than
deployable diagnostic classifiers.

3.4 Correlation rewiring across metabolic axes and subgroup deconfounding

We next compared within-group Spearman correlation structures between schizophrenia and controls to test whether altered metabolites also
showed disease-associated network rewiring (Fig. 3a—f). Within the disease-associated phospholipid axis, 8 of 66 pairwise correlations were
stronger in schizophrenia than in controls at uncorrected p < 0.05, and all eight showed positive Ap. No pair survived FDR correction across the 66
tests, but the concordant direction of effects supported tighter phospholipid co-regulation in schizophrenia (binomial p = 0.004). The strongest
examples included PC(16:0/18:2)-PI (36:2) (pSCZ =+ 0.95, pCtrl =+ 0.82, Ap =+0.12, p=0.013) and PI (38:3)—-PI (36:1) (Ap =+0.28, p=0.015;
Fig. 3e,f).

Cross-axis correlations pointed to coupling between phospholipid and mitochondrial-fuel signals. PI(38:5) gained a positive correlation with pyruvic
acid in schizophrenia (pSCZ = + 0.47, pCtrl = - 0.32, Ap = +0.79, p = 0.002; Fig. 3a), while mevalonic acid and L-acetylcarnitine became more strongly
coupled in schizophrenia than in controls (pSCZ = + 0.55, pCtrl = + 0.03, Ap = +0.52, p = 0.036; Fig. 3c). Conversely, xanthine and pyruvic acid showed
weaker coupling in schizophrenia than in controls (pSCZ =+ 0.21, pCtrl =+ 0.68, Ap = -0.48, p = 0.007; Fig. 3b), and the 1-methylnicotinamide—
allantoin association was also reduced (pSCZ =+ 0.09, pCtrl =+ 0.68, Ap = -0.59, p = 0.043; Fig. 3d).

Subgroup deconfounding within the schizophrenia arm further supported separation of disease-associated, antipsychotic-exposure-associated and
severity-associated signals (Fig. 3h). Across the 5,779 edges in the union network, panel-wide differential-correlation analysis yielded five edges at
differential-correlation FDR < 0.05. The strongest was a gain-of-edge allantoin—PI(38:5) correlation in schizophrenia (pSCZ =+ 0.79, pCtrl = - 0.36,
diff-FDR =4 x 10 - 6), linking oxidative-damage and phospholipid- remodelling signals. Full edge-level results, subgroup contrasts and hub-
metabolite statistics are provided in Table S3.

3.5 Metabolite — enzyme — gene network with OpenTargets schizophrenia overlay

Pathway over-representation was tested against the panel-detectable KEGG background (n = 126 mapped metabolites). The leading signal was
glycerophospholipid metabolism (KEGG map00564), with 5 of 13 panel-detectable members represented among the altered metabolites:
PC(16:0/18:2), PI(38:3), PI(38:4), PI(36:2) and phosphorylcholine (fold enrichment = 4.85, hypergeometric p = 0.0010, hypergeometric FDR = 0.012;
Table 2; Fig. 4a). Choline metabolism in cancer (map05231) was the second strongest pathway-level signal, driven by PC(16:0/18:2) and
phosphorylcholine (2/3 members, fold enrichment = 8.4, hypergeometric p = 0.016; Table 2; Fig. 4a). Lower-ranked but biologically coherent hits
included tryptophan-related pathways, arachidonic-acid metabolism and caffeine metabolism, the latter driven by xanthine.
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Table 2

Pathway enrichment analysis (KEGG, panel-detectable background, n = 126): hypergeometric p, hypergeometric FDR, 1,000-permutation p and FDR.
Full information provided in Table S3, «Pathway Enrichment» sheet.

KEGG ID Pathway Metabolites  Hits / Fold Hypergeom. Hypergeom. Perm Perm Presented
FDR

in pathway expected enrich. p p FDR metabolites
map00564  Glycerophospholipid 13 5/1.03 4.85 0.001 0.012 0.002 0.110 PC(16:0/18:2);
metabolism
Pl (38:3);
Pl (38:4);
Pl (36:2);

Phosphorylcholine

map05231  Choline metabolism 3 2/0.24 8.4 0.016 0.304 0.000 0.000 PC(16:0/18:2);
in cancer Phosphorylcholine
map00996  Biosynthesis of 4 2/0.32 6.3 0.031 0.387 0.006 0.220 Cholesterol;
various alkaloids Tryptophan
map00400  Phenylalanine, 7 2/0.56 3.6 0.096 0.605 0.031 0.682 Indole; Tryptophan
tyrosine and
tryptophan
biosynthesis
map00380  Tryptophan 9 2/0.71 2.8 0.151 0.605 0.076  0.782 Indole; Tryptophan
metabolism
map00901 Indole alkaloid 2 1/0.16 6.3 0.153 0.605 - - Tryptophan
biosynthesis
map00590  Arachidonic acid 2 1/0.16 6.3 0.153 0.605 - - PC (16:0/18:2)
metabolism
map00984  Steroid degradation 2 1/0.16 6.3 0.153 0.605 - - Cholesterol
map00232  Caffeine 2 1/0.16 6.3 0.153 0.605 - - Xanthine
metabolism
map00999  Biosynthesis of 11 2/0.87 2.29 0.212 0.605 0.114 0.782 Indole; Tryptophan
various plant
secondary
metabolites
map05143  African 3 1/0.24 4.2 0.221 0.605 0.025 0.682 Tryptophan

trypanosomiasis

map00120  Primary bile acid 3 1/0.24 4.2 0.221 0.605 0.079 0.782  Cholesterol
biosynthesis

Note: Hypergeometric p, hypergeometric FDR, 1,000-permutation p, and 1,000-permutation FDR are presented. Full information provided in Table
S3, «Pathway Enrichment» sheet. Abbreviations: KEGG ID — the Kyoto Encyclopedia of Genes and Genomes (KEGG) identifier, FDR - False
Discovery Rate correction, PC — phosphatidylcholine, Pl = phosphatidylinositol.

The altered metabolites were then mapped to catalysing enzymes and human genes using KEGG and HMDB annotations. This yielded 116 enzyme
records collapsing to 99 unique HUGO gene symbols. STRING analysis at a high-confidence threshold (score > 0.7) generated a 455-edge interaction
subnetwork (Fig. 4b). When annotated with Open Targets schizophrenia association scores, the highest-ranking glycerophospholipid-pathway genes
were LPCAT4, PLA2G4A and LPCATT, all linked to phosphatidylcholine remodelling. This convergence is consistent with independent CNV evidence
for PLA2G4A involvement in schizophrenia symptom dimensions(35) and with recent literature on Lands-cycle re-acylation (36—40). Full pathway-
enrichment and gene-network results are provided in Table S3.

3.6 Continuous clinical-scale correlations

Within the schizophrenia group, partial Spearman correlations were computed between each of the 171 metabolites and clinical variables, adjusting
for sex, age, smoking and, where appropriate, CPZeq dose (Fig. 3g). Across 2,052 metabolite-scale tests, no association survived global FDR
correction. At the exploratory level, 143 associations had uncorrected p < 0.05, and three associations reached FDR < 0.10 within individual scales:
glutamic acid with therapy duration (p = -0.52, FDR = 0.085), pyruvic acid with age (p = -0.52, FDR = 0.073) and cytidine monophosphate with age (p
=+0.53, FDR =0.073).

Among PANSS-positive correlations, the strongest exploratory signals were positive associations with acylcarnitines, including 2-octenoylcarnitine (p
=+0.47), pimelylcarnitine (p = +0.44), L-acetylcarnitine (p = +0.42) and octanoylcarnitine (p = +0.42). This pattern is consistent with reported
antipsychotic-related shifts in fatty-acid B-oxidation [10, 46]. Across the SHAPS anhedonia scale, the dominant exploratory negative correlations
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involved phospholipid-related species, including PI(36:4), P1(38:4), PC(16:0/18:2), nicotinamide riboside and myristoylcarnitine. These exploratory
patterns are shown in Fig. 3g and detailed in Table S3.

4. Discussion

In this discovery cohort of 41 schizophrenia inpatients in acute exacerbation and 40 community controls, FDR-controlled and covariate-adjusted
analysis of 171 plasma metabolites identified a concise and biologically interpretable metabolomic pattern. Plasmalogen (p16:0/20:4) was the only
metabolite that survived panel-wide FDR correction after adjustment for sex, age and smoking, and its single-metabolite AUC approached that of
multivariate classifiers. Metabolite-to-gene network analysis converged on glycerophospholipid-cycle enzymes, particularly LPCAT4, PLA2G4A and
LPCAT1. Subgroup deconfounding further suggested that the broader metabolomic signal could be partially partitioned into putative disease-related,
antipsychotic-exposure-related and severity-related components.

4.1 A disease-related axis dominated by glycerophospholipid loss and PLA2/LPCAT
remodelling

The most robust finding of the study, lower plasmalogen p16:0/20:4, is consistent with recent evidence that glycerophospholipid and plasmalogen
loss represents one of the more reproducible peripheral metabolic findings in schizophrenia (1,9, 10, 48, 49). This includes the three-cohort
lipidomic study by Tkachev et al., which reported reproducible decreases in PC and plasmalogen species across Russian, Chinese and German-—
Austrian cohorts (9), erythrocyte lipidomic data linking PC/PE plasmalogen loss to elevated PLA2 and LPCAT activity (36), cognitive associations of
PE-plasmalogens in PsyCourse (49), cross-diagnostic lipidomic concordance across BD and schizophrenia (10), and
glycerophospholipid/sphingolipid signatures in drug-naive schizophrenia (8).

The main mechanistic contribution of the present study is the gene-level convergence. Mapping altered metabolites to catalysing enzymes
generated a 99-gene STRING subnetwork in which LPCAT4, PLA2G4A and LPCAT1 were among the highest Open Targets-ranked schizophrenia-
associated enzymes and converged on phosphatidylcholine remodelling. This is consistent with the Lands cycle, in which PLA2-mediated
deacylation and LPCAT-mediated re-acylation remodel the sn-2 fatty-acyl chain of glycerophospholipids[35-39]. Increased PLA2/LPCAT activity has
been linked to phospholipid turnover, lipid peroxidation, ferroptosis and membrane stress (37, 39, 40). Independent CNV evidence implicating
PLA2G4A in schizophrenia symptom dimensions[34], evolutionary and isozyme-level PLA2 analyses (38, 50), and the observed lowering of
PC(16:0/18:2) and plasmalogen p16:0/20:4 together support PLA2/LPCAT remodelling as a plausible disease-related axis. These findings support
targeted follow-up of a small phospholipid panel and motivate experimental testing of PLA2/LPCAT-linked mechanisms in schizophrenia-relevant
cellular models (39, 40).

4.2 An antipsychotic-exposure-related axis involving mitochondrial fuel and
isoprenoid metabolism

The CPZeg-high versus CPZeg-low contrast suggested an antipsychotic-exposure-related axis involving lower pyruvic acid, mevalonic acid, dimethyl-
L-arginine and propionylcarnitine with increasing antipsychotic dose. This pattern is biologically coherent: pyruvate reflects mitochondrial fuel entry,
mevalonate indexes cholesterol/isoprenoid synthesis, and dimethyl-L-arginine reflects nitric-oxide pathway regulation. These metabolites are
compatible with downstream effects of mitochondrial complex-I inhibition, altered SREBP2 signalling or broader antipsychotic-associated metabolic
stress.

This interpretation is consistent with recent pharmacological literature. Aripiprazole, brexpiprazole and cariprazine have been described as off-target
mitochondrial complex-I inhibitors (26); second-generation antipsychotics disrupt ETC, TCA and glycolytic gene programmes (23, 24); aripiprazole
affects mitochondrial polarisation and G6PDH activity (26); olanzapine alters lysosomal/autophagy and SREBP2-related pathways (29); clozapine
activates an AhR-tryptophan—kynurenine—-metabolic cascade with AMPK/HIF-1-related effects (31); and mTOR has been implicated in antipsychotic
metabolic side effects (27). A registered risperidone versus aripiprazole trial measuring complex |, lactate and pyruvate will provide a prospective
test of this axis (28).

The dimethyl-L-arginine finding is also relevant because asymmetric-dimethylarginine (ADMA) is elevated in schizophrenia meta-analysis [52]. In our
cohort, dimethyl-L-arginine was not increased in the raw schizophrenia-control contrast but decreased with higher antipsychotic dose. One possible
interpretation is that antipsychotic exposure modifies an underlying disease-related arginine/notric oxide pathway disturbance, consistent with
DDAH-targeting and mGlu2/5-ADMA-NOS perspectives (52, 53). This interpretation remains exploratory and requires drug-naive and longitudinal
replication.

4.3 A putative severity-related axis dominated by purinergic stress

Xanthine showed the clearest severity-related pattern in this panel: it was higher in the PANSS-high contrast but showed near-zero effects across
smoking, antipsychotic class and CPZeq. This pattern supports xanthine as a candidate severity-associated marker rather than a diagnostic marker.
The signal is consistent with purinergic literature implicating xanthine oxidoreductase in psychiatric oxidative stress [19-21, 55], allopurinol has
been tested as an adjunctive purine-modulating strategy dies (20), dditional related evidence includes purine-salvage dysfunction and mitochondrial
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effects (55-57), and the dependence of brain purine metabolism on salvage pathways and hypoxanthine pools (58). The upward movement of
hypoxanthine in the schizophrenia-control contrast is consistent with the same xanthine-oxidoreductase axis. A small purinergic panel including
xanthine, hypoxanthine, uric acid and allantoin should therefore be evaluated prospectively as a candidate symptom-monitoring panel.

The schizophrenia-only allantoin—PI(38:5) correlation links oxidative-damage and phospholipid- remodelling signals. Because allantoin reflects uric-
acid oxidation by reactive oxygen species, this edge suggests possible coupling between purinergic stress and membrane remodelling in
schizophrenia. This hypothesis remains exploratory and should be tested in a larger longitudinal cohort.

4.4 Strengths, limitations and interpretation caveats

The main strength of this study is its structured analytical design. All 171 metabolites were tested under panel-wide FDR control; sex, age and
smoking were modelled as covariates; continuous clinical scales were analysed metabolite by metabolite; 12 case-vs-case deconfounding contrasts
were used; and metabolite hits were mapped to enzymes, gene symbols and STRING interaction partners. The principal limitations are summarized
in Table S5. The key caveats are the small sample size, sex—age imbalance, cross-sectional design, absence of a drug-naive cohort, targeted rather
than untargeted metabolomics, and residual confounding by treatment, smoking, diet or metabolic state. Therefore, classifier performance and axis
assignment should be interpreted as discovery-phase evidence, not clinical validation.

4.5 Comparison with prior studies and translational implications

Overall, our findings align with the dominant signals reported in schizophrenia metabolomics: glycerophospholipid loss in drug-naive and treated
cohorts (1, 8-10, 12, 36); kynurenine-pathway shifts in first-episode, antipsychotic-naive, long-term treated, post-mortem and review datasets (13, 14,
16, 18, 59-61); purinergic and oxidative-stress abnormalities (19-21, 23, 58); and ADMA elevation (51). What distinguishes the present study is that
these signals were not treated as one undifferentiated biomarker list but were organized into putative disease-, antipsychotic-exposure- and severity-
related axes.

The gene-network convergence on PLA2/LPCAT enzymes is consistent with PLA2G4A CNV evidence (35). The antipsychotic-exposure-related
pattern fits complex-l inhibition, clozapine-related AhR—tryptophan—kynurenine effects and prospective mitochondrial readouts in antipsychotic
trials (26, 28, 31). The putative severity-related xanthine signal is consistent with broader purinergic-stress literature (19-21, 58). Two near-term
translational directions follow: targeted replication of a minimal 5-7-metabolite panel measured by HILIC MRM, and longitudinal testing of the
purinergic axis as a symptom-monitoring candidate. The analytical pipeline is also transferable to other psychiatric cohorts and is consistent with
multi-omics and network-integration strategies (32-34, 62).

5. Conclusion

Targeted LC-MS/MS profiling of 171 plasma metabolites in this discovery cohort identified three partially separable metabolomic components in
paranoid schizophrenia. The disease-related component was dominated by glycerophospholipid loss, with plasmalogen p16:0/20:4 remaining the
only metabolite that survived age-, sex- and smoking-adjusted FDR correction and converging at the gene-network level on Lands-cycle enzymes,

including LPCAT4, PLA2G4A and LPCAT1.

The antipsychotic-exposure-related component involved pyruvate, mevalonate and dimethyl-L-arginine, consistent with reports that several atypical
antipsychotics can affect mitochondrial complex | and fuel metabolism. The putative severity-related component was centred on xanthine and
related purinergic metabolites and was not primarily explained by smoking or CPZeq dose in this cohort.

Together, these findings support targeted replication of a focused metabolite panel including plasmalogen p16:0/20:4, PC(16:0/18:2),
phosphorylcholine, pyruvate, mevalonate, dimethyl-L-arginine, xanthine and hypoxanthine in larger, longitudinal and drug-naive cohorts.
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(a) Volcano plot of 171 plasma metabolites showing Cohen’s d and -log10(BH-FDR); positive d indicates higher levels in schizophrenia. The dashed
line denotes BH-FDR = 0.05. Plasmalogen p16:0/20:4 was the only metabolite surviving covariate-adjusted FDR correction. (b) Forest plot of the top
metabolites ranked by adjusted FDR, showing raw Cohen’s d with 95% bootstrap confidence intervals and covariate-adjusted standardised B. (c,d)

PCA score plots of the Pareto-scaled metabolomic matrix: PC1 explained 39.8% of variance and PC4 contributed to group separation. (e) Two-

component PLS-DA score plot for the 153-metabolite panel (R2Y = 0.476; Q?Y = 0.315; permutation p < 0.001). Orange indicates schizophrenia (n =
41) and blue indicates controls (n = 40); ellipses denote 95% group confidence intervals.
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Figure 2

Cross-validated classifier performance for schizophrenia versus control discrimination.

(a) ROC curves for Random Forest (AUC = 0.858), two-component PLS-DA (AUC = 0.852) and plasmalogen p16:0/20:4 as a single-metabolite
classifier (AUC = 0.838). (b) PLS-DA permutation test based on 1,000 label permutations for R?Y and Q?Y; both observed values exceeded the
permutation null (p < 0.001). (c) Summary of classifier performance across models, showing mean 5-fold cross-validated AUC, standard deviation
and permutation p value. Models were trained on the canonical 153-metabolite panel unless otherwise stated.
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Differential correlations between SCZ and Control groups
Spearman p; each point = one participant
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Figure 3

Differential correlations, clinical-scale associations and subgroup contrasts.

(a—f) Differential Spearman correlations between schizophrenia and control groups. Each point represents one participant; lines show group-specific
regression fits. Ap denotes pSCZ - pCitrl; p values were obtained using Fisher’s z test. (a) PI(38:5)—pyruvic acid, Ap = +0.79, p = 0.002. (b) Xanthine—
pyruvic acid, Ap = -0.48, p = 0.007. (c) Mevalonic acid-L-acetylcarnitine, Ap = +0.52, p = 0.036. (d) 1-methylnicotinamide—allantoin, Ap = -0.59, p =
0.043. (e) PC(16:0/18:2)-PI(36:2), Ap = +0.12, p = 0.013. (f) PI(38:3)-PI(36:1), Ap = +0.28, p = 0.015. (g) Partial Spearman correlations between
metabolites and clinical variables within schizophrenia, adjusted for sex, age, smoking and, where appropriate, CPZeq dose. (h) Subgroup contrasts
within the schizophrenia group, showing Cohen'’s d for selected metabolites across smoking-, treatment-, onset- and symptom-related contrasts.
Rows were hierarchically clustered by effect-size profile. *p < 0.05; **p < 0.01.
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a KEGG pathway over-representation b Metabolite-Enzyme-Gene-PPI Network
(SCZ-altered metabolites: BF1023 OR FDR<0.05 OR |d|=0.5; n=17) 9 SCz-altered metabolites, 72 connected enzymes, 386 PPI edges
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Figure 4

Pathway enrichment and metabolite-to-gene network.

(a) KEGG/SMPDB pathway over-representation analysis using the panel-detectable metabolite background (n = 126 mapped metabolites). Leading
pathways included glycerophospholipid metabolism (KEGG map00564), choline-related metabolism, tryptophan-related pathways, arachidonic-acid
metabolism and purine/caffeine-related pathways. (b) Metabolite — enzyme — gene STRING network constructed from altered metabolites. The
network included 99 HUGO genes and 455 STRING edges at score = 0.7. Gene nodes are coloured by OpenTargets schizophrenia association score.
The highest-scoring phospholipid-remodelling genes included LPCAT4 (0.339), PLA2G4A (0.303) and LPCAT1 (0.300).
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