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Machine learning helps predict
early onset psychosis with
serum protein biomarkers,
neuropsychometry, and
clinicodemographic data
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Early-onset psychosis presents diagnostic challenges due to overlapping clinical presentations and
complex comorbidities, typically requiring specialized tertiary care with extensive neuroimaging,
neuropsychometric testing, and multidisciplinary evaluation. This case-control study investigated
whether machine learning could integrate multiple diagnostic modalities to create an objective
diagnostic framework for early-onset psychosis. We recruited 45 patients with early-onset psychosis
and 34 healthy controls from a tertiary referral centre. Participants underwent comprehensive
assessment including serum protein biomarker analysis (brain-derived neurotrophic factor,
proBDNF, p75 neurotrophin receptor, S100B), neuropsychometric testing (lowa Gambling Task,
Simple Response Time, Zabor Verbal Task), and demographic evaluation. Four machine learning
algorithms (logistic regression, support vector machine, random forest, XGBoost) were trained on
five feature combinations using nested cross-validation with hyperparameter optimization. XGBoost
demonstrated superior performance, achieving optimal classification with the complete multimodal
dataset (accuracy: 0.91+0.08, precision: 0.92 +0.08, area under curve: 0.97 +0.04). Feature importance
analysis revealed cognitive measures, particularly Zabor Verbal Task errors and response time
parameters, as most discriminative, with brain-derived neurotrophic factor pathway components
showing highest biomarker importance. Machine learning effectively integrated neuropsychometric
and protein biomarker data for high-accuracy early-onset psychosis classification, with multimodal
approaches outperforming single-domain assessments.
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Primary psychotic disorder is a significant and growing contributor to the global burden of neurological diseases.
It leads to a decline in disability-adjusted life years as well as a wide variety of occupational, familial, and social
problems!2. In early onset psychosis (EOS) patients often present with less demarcated clinical syndromes® and
may have various developmental and socioeconomic comorbidities, thus lowering diagnostic certainty. This
leads to delays in care and up to four times longer duration of time of untreated psychosis?, which results in worse
prognosis®~’, especially if the independent living, gaining employment and satisfactory school performance are
to be considered as priorities of care.
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To that end several diagnostic panels were proposed. The neurocognitive element could be measured through
standardised protocols using tests such as Simple Response Time, lowa Gambling Task8, Zabor Verbal Task’,
Wechsler Intelligence Measurement'® and others (for a comprehensive review of neuropsychometric testing,
see Zakowicz et al.,, 2025!!). Neuropsychometric testing may not be appropriate for all populations, however,
as they require patient engagement and appropriate skill in interpretation. Several studies suggested identifying
neuroimaging abnormalities in EOS patients, e.g.: measuring cortical grey matter thickness, and assessing
hippocampal, parahippocampal and cingulate gyrus morphology'>!3. While these studies are encouraging, a
comprehensive MRI protocol may require general anaesthesia and neuroradiology expertise, both necessitating
adequate resources. Genetic analysis of EOS patients identified several copy number variations (CNVs) that
may be linked to EOS'. Similarly, investigation of polygenic risk scores (PRS) provides an important insight
into cognitive and neurodevelopmental background of psychosis'®. Even the classical genetic methods enabled
identification of chromosomal microdeletions associated with an increased risk for psychosis, like 22q11.2'°.
However, whilst extremally useful in selected cases, genetic testing takes months to report and may not capture
cases of EOS with sporadic aetiology.

Investigation into the neurobiological underpinnings of EOS has increasingly focused on the role of
neurotrophins and related proteins due to their critical involvement in neuronal development, differentiation, and
synaptic plasticity. Brain-derived neurotrophic factor (BDNF), proBDNF, S100B, p75NTR (p75 Neurotrophin
Receptor) are often mentioned as biomarker candidates for early rather than adult-onset psychosis due to their
involvement in neurodevelopmental disruptions underlying this condition'’-%’. These proteins are crucial in
adolescent brain maturation processes, neuroplasticity, glial-neuronal interactions, and neuroinflammation
that are severely disrupted in EOS>!71%2!. Furthermore, their accessibility through peripheral blood sampling,
dynamic responsiveness to developmental changes, correlation with clinical severity and cognitive dysfunction,
and predictive value for treatment outcomes make them interesting targets for further study as follows.

BDNF is a well-established target'®22. It is crucial for neuronal development®® and response to stress*%. It also
modulates various monoaminergic?®, GABAergic?®, and cholinergic?’ systems, all implicated in pathology of
psychotic disorders!®. Clinical studies consistently report reduced BDNF levels in patients with schizophrenia
and first-episode psychosis when compared to healthy controls!®?22428, The BDNF precursor, proBDNE, and its
receptor p75NTR are also critical in physiological neurosignalling?®-3!. Increased proBDNF/p75NTR signalling
during development can disrupt the normal GABAergic excitatory/inhibitory balance, leading to depolarizing
and excitatory actions of GABA in adulthood, which may contribute to neurodevelopmental conditions®*-34,
In the context of psychotic disorders specifically, however, the exact role of p75NTR remains to be elucidated.

Another candidate is the S100B calcium-binding protein. This protein is produced by astrocytes®, serves as
an activator of glial metabolism?°, and promotes the stability of brain-blood barrier?’. Thus, its plasma levels have
been proposed as a potential clinical marker of delirium?, traumatic brain injuries®’, and neurodegereration®.
Elevated S100B levels have also been observed in psychotic disorders, correlating with neuroinflammatory
processes and cognitive dysfunction®*-*2, Whilst these protein biomarkers demonstrate significant promise in
elucidating the pathophysiology of EOS, the absence of standardised reference ranges and definitive normative
data currently limits their utility as reliable clinical diagnostic tools.

We hypothesize that the multifactorial aetiology of EOS precludes diagnosis through any single
pathognomonic test. A comprehensive diagnostic panel, therefore, necessitates the integration of multiple
diagnostic modalities, often in various data formats and dimensionalities. Machine learning has emerged as a
powerful tool for neuropsychiatric classification**-%%, with applications ranging from EEG-based identification of
emotional dysfunctions and rumination patterns?’~%° to neuroimaging-based diagnosis of psychotic disorders.
Four algorithms have demonstrated particular utility across diverse neuropsychiatric applications: logistic
regression, which has successfully predicted symptomatic improvement in early psychosis from fMRI data*® and
distinguished schizophrenia patients from healthy controls using structural MRI®!; support vector machines
(SVM), which achieved 88% accuracy discriminating schizophrenia from major depressive disorder using brain
network connectivity®? and 80% accuracy in distinguishing schizophrenia from autistic spectrum disorders
based on neuroimaging data®’; random forests, which demonstrated 88% accuracy classifying social media
posts of schizophrenia patients versus controls®*, and 98% accuracy in multiclass classification of depression and
schizophrenia from motor activity data®; and gradient boosting methods (XGBoost), which predicted mental
states in schizophrenia from smartphone sensor data®® and achieved superior performance in genetic prediction
of schizophrenia risk®. Several of these approaches successfully used multimodal data inputs, e.g. integrating
fMRI data with neurocognitive assessments, combining neuroimaging with genetic data or smartphone outputs
with clinical ratings. Despite these advances in adult populations, machine learning applications to early-
onset psychosis remain limited, and integration of cognitive assessments with molecular biomarkers has been
underexplored. The present study systematically evaluates these four established algorithms across multimodal
feature sets combining neuropsychometric assessments, demographics, and BDNF pathway proteins to optimize
early detection of adolescent-onset psychotic disorders.

Methods

Subjects and protocol

The data utilised in this investigation were derived from the Comparison of Biomarkers in Schizophrenia and
Bipolar Affective Disorder Study. All experiments were performed in accordance with relevant guidelines
and regulations. This case-control study was conducted with approval from the Ethics Committee at Poznan
University of Medical Sciences (reference number 1066/19), in accordance with European regulatory standards.
Each participant and/or their legal representatives received comprehensive written documentation regarding
the study parameters prior to enrolment. Informed consent was obtained from all subjects and/or their legal
guardian(s). The recruitment methodology employed a systematic approach whereby all patients presenting

Scientific Reports |

(2026) 16:3662 | https://doi.org/10.1038/s41598-025-33765-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

with psychotic symptoms upon admission to the Zabor Centre for Child and Adolescent Psychiatry (a tertiary
referral centre for psychiatry for the West of Poland) were invited to participate. For full research protocol
including blood and analysis see®*%. The diagnosis of EOS was set according to DSM-4 criteria. In short, for
EOS patients, the baseline (t0) blood samples were taken within one week of admission, and the post-treatment
samples (t1) were obtained 6-8 weeks after admission, when the stabilisation of symptoms was achieved. Zabor
Verbal Task (ZVT) was performed at t0 and t1 since it is a task that has previously been proven to be well-
tolerated even by actively psychotic individuals’. The remainder of neuropsychometric testing was performed at
t1. For healthy controls (HC) patients, both blood samples and cognitive tests were obtained at a single (t0) visit.
A summary of clinicodemographic data is available in Table 1, and the recruitment protocol is illustrated in Fig.
1. The final diagnosis of EOS was confirmed by two independent physicians specialising in child and adolescent
psychiatry.

Blood analysis

Ten millilitres of venous blood were collected into BD Vacutainer PPT Plasma Preparation Tubes between 07:30
and 09:30 following overnight fasting. Plasma was immediately separated by centrifugation, aliquoted into
storage tubes, and stored at — 80 °C until analysis.

Enzyme-linked immunosorbent assay analyses were performed using DuoSet ELISA Development
Kits from R&D System (Minneapolis, MN, USA), specifically BDNF (cat. No.: DY248), proBDNF (cat. No.:
DY3175), p75NTR (cat. No.: DY367), and S100B (cat. No.: DY1820-05). All assays were conducted according to
manufacturer instructions with minor modifications as previously described®*.

The standard curve ranges were 1500-23.4 pg/mL for BDNE, 5000-78.1 pg/mL for proBDNE, 3000-46.9 pg/
mL for NGFR, and 2000-31.2 pg/mL for S100B. Dilutions were used where necessary. Quality control measures
showed intra-assay variability of less than 5% coefficient of variation and inter-assay variability of less than 10%
coeflicient of variation for each studied protein.

EOS HC
Parameter Mean | SD Mean | SD P
N 45 34
Age 14.7 1.7 15.2 1.8 0.26
Gender (female/male) 25/20 19/15 0.98
Years of education 8.7 1.7 9.2 1.8 0.26
Age of onset 14.5 1.6
Family history 21 0 >0.99
Disease duration 0.2 0.8
PANSS TO 109.3 20.5
PANSS T1 57.4 18.9
Suicide attempts 1.6 0.9
Chlorpromazine equivalent (mg) | 336.3 172.2
Mean SRT 463.31 123.71 | 364.26 |49.57 <0.01
Median SRT 411.02 | 86.57 338.40 | 38.79 <0.01
Minimum SRT 197.29 | 4257 224.55 | 45.57 0.04
Maximum SRT 1756.75 | 786.60 | 1096.85 | 486.55 | <0.01
SD SRT 202.34 | 12235 |100.73 | 44.96 <0.01
IGT Advantageous cards 45.79 7.60 46.15 10.36 0.89
IGT Disadvantageous cards 54.21 7.60 53.85 10.36 0.89
BDNF_TO0 1664.46 | 1406.13 | 3000.92 | 1586.74 | <0.01
BDNE_T1 1784.70 | 1505.20 | 3000.92 | 1586.74 | <0.01
PROBDNEF_T0 3081.78 | 1928.87 | 3494.89 | 2043.23 0.39
PROBDNF_T1 2792.30 | 1615.09 | 3494.89 | 2043.23 0.12
P75NTR_TO 703.36 | 1743.08 | 995.91 1677.31 0.48
P75NTR_T1 621.61 | 1664.63 | 995.91 1677.31 0.38
S100B_TO 162.48 |301.47 |318.66 |490.89 0.14
S100B_T1 250.72 | 606.61 | 318.66 | 490.89 0.61
ZVT_wrong_sum_1 5.61 6.07 1.57 2.64 <0.01
ZNT_wrong_sum_2 5.41 5.88

Table 1. Demographics of the studied population. p values for student’s t test and Chi square tests (where
applicable) biomarkers in pg/mL. EOS = Early Onset Schizophrenia, HC = Healthy Control, SD = Standard
deviation, PANSS = positive and negative symptoms scale, SRT = Simple Reaction Time, IGT =Iowa Gambling
Task, BDNF = Brain-derived neurotrophic factor, p75NTR = p75 neurotrophin receptor, ZVT = Zabor Verbal
Task.
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Fig. 1. Summary of study protocol and feature selection for models trained in different experimental
conditions.

Neuropsychometry analysis

Two cognitive tests were administered in this study to assess executive function: the lowa Gambling Task and the
Simple Response Time task. Both tests were selected for their widespread use in executive function assessment
and were delivered using Psychological Experiment Building Language software.

The Iowa Gambling Task was administered using standard protocol®. Participants completed 100 card
selections, and performance was quantified by calculating the total number of advantageous cards chosen and
the total number of disadvantageous cards chosen from the full set of 100 trials.

The Simple Response Time task required participants to press the left mouse button as quickly as possible
when a visual stimulus (the letter X) appeared on screen. The task consisted of 200 trials divided into four blocks
of 50 trials each, with rest breaks between blocks. Performance measures included the mean reaction time,
standard deviation of reaction times, minimum reaction time, and maximum reaction time across all trials.

ZVT? is a clinical assessment tool examining language embodiment by evaluating how individuals organize
words based on their spatial meaning. The task employs a 60 cm x 30 cm board positioned centrally in the
participant’s visual field, containing seven rectangular boxes arranged in three spatial tiers: two boxes at the
top, three in the middle, and two at the bottom. Participants place word cards into boxes according to their
intuitive spatial associations. Scoring is based on expected real-world spatial relationships, where words like
“cloud” should be placed in upper boxes, “chair” in middle boxes, and “ground” in lower boxes. Performance
is quantified by counting incorrectly placed words, with higher scores reflecting greater difficulty in spatial-
conceptual word organization. This test was chosen for its capability of assessing linguistic and visuospatial
domains of disorganised thought in EOS.

Machine learning approach

Four machine learning algorithms were employed for classification: logistic regression, support vector
machine, random forest, and XGBoost. These models were selected for their effectiveness with small sample
sizes and were trained on four different feature combinations to evaluate the relative contribution and optimal
integration of different data modalities. The training conditions included blood biomarkers alone at baseline
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(t0), neuropsychometric measures alone, combined neuropsychometric measures and baseline biomarkers (t0),
and combined neuropsychometric measures with biomarkers from both time points (t0, t1) using imputation
methods for missing values. This systematic approach allowed for comparison of unimodal versus multimodal
classification performance and assessment of whether longitudinal biomarker data improved predictive accuracy.
All features were standardized using StandardScaler to ensure comparable ranges across variables.

Model development followed a standardized scikit-learn®! pipeline incorporating feature standardization and
model fitting to optimize performance and prevent overfitting. Given the relatively balanced class distribution
(approx. 57% to 43% split), no class rebalancing techniques were applied. This ratio (1.32:1) is considered mild
imbalance; most ML practitioners only consider rebalancing when the ratio exceeds 3:1 or 4:1. No feature selection
was performed beyond the predefined feature combinations, as the small sample size relative to the number of
features made it preferable to retain all available information and rely on the inherent regularization properties
of the selected algorithms to handle potential overfitting. To assess feature stability and mitigate potential risks
of overfitting, we conducted bootstrap resampling analysis with 100 iterations on the optimal configurations
across all four algorithms (LR, SVM, RE, XGBoost) using the Model 5 condition (See Supplementary Material).

Hyperparameter optimization was performed using nested cross-validation with exhaustive grid search to
identify optimal parameter settings for each algorithm. The outer loop employed 5-fold stratified cross-validation
to assess model performance, while the inner loop performed grid search across predefined hyperparameter
spaces to select optimal configurations based on area under the receiver operating characteristic curve (ROC-
AUC). This systematic optimization was conducted independently for each of the five experimental conditions
(Fig. 1) to ensure optimal performance across different feature combinations. The optimal values identified for
each condition are presented in Table 2. All optimizations were performed using scikit-learn 1.7.0, with feature
scaling applied within each cross-validation fold to prevent data leakage.

Model performance was assessed using multiple metrics including accuracy, precision, recall, F1-score, and
area under the curve. Confusion matrices were generated to evaluate classification performance. All classification
metrics were calculated using the default probability threshold of 0.5, which was not adjusted during the training
process. The feature importance for the winning model was calculated using standard feature weights and
Shapley value explanation (SHAP)®2.

To rigorously assess whether performance differences between algorithms and feature sets were statistically
significant rather than due to sampling variation, we employed two complementary statistical tests: McNemar’s
Test for Prediction Pattern Comparison and DeLong’s Test for ROC AUC Comparison. McNemar’s test evaluates
whether two classifiers make systematically different errors by analysing the contingency table of correct/incorrect
predictions on the same test samples. The test follows a chi-square distribution with 1 degree of freedom under
the null hypothesis that both classifiers have equal error rates. We applied continuity correction for small sample
sizes (Yates” correction). McNemar’s test was performed on predictions obtained from the outer cross-validation
loop to ensure independence from hyperparameter optimization. DeLong’s test compares the ROC AUC between
two models by estimating the covariance of AUC values using the theory of generalized U-statistics. The test
works under the null hypothesis of equal AUCs. DeLong’s method accounts for the correlation between AUC
estimates from the same test samples, providing more accurate p-values than independent t-tests. This test was
applied to probability predictions from the outer cross-validation loop. For algorithm comparisons (6 pairwise
tests: LR vs. SVM, LR vs. RFE, LR vs. XGB, SVM vs. RE, SVM vs. XGB, RF vs. XGB), we report both uncorrected
p-values and Bonferroni-corrected significance thresholds (a=0.05/6=0.0083). For feature set comparisons
using XGBoost (10 pairwise tests among 5 models), Bonferroni correction yields a=0.005. Statistical tests were
implemented using Python’s statsmodels package (McNemar’s test) and scipy.stats package (DeLong’s test via
Mann-Whitney U-statistic approximation for AUC comparison). All tests were two-tailed with a=0.05 as the
nominal significance level before multiple comparison correction.

Results

Sociodemographic and clinical features

The study included 45 EOS patients and 34 healthy controls with similar age distributions (14.7+1.7 vs. 15.2+1.8
years). EOS patients demonstrated a mean age of onset at 14.5+ 1.6 years, with 46.7% reporting positive family
history of psychiatric illness. Clinical severity was reflected in baseline PANSS scores of 109.3+20.5, which
improved to 57.4 £ 18.9 following treatment stabilisation. Patients received antipsychotic medication with mean
chlorpromazine equivalent doses of 336.3 +172.2 mg/day and had comparable level of intellectual capability as
evidenced by only one participant meeting criteria for at least mild disability according to the psychologists’
gestalt assessment.

Machine learning model performance

Four machine learning algorithms were evaluated across five different feature combinations to assess their
effectiveness in classifying participants into EOS and HC (Table 3). The experimental conditions included:
neuropsychometric measures alone (Model 1), neuropsychometric measures with demographics (Model 2),
neuropsychometric measures with baseline protein biomarkers at t0 (Model 3), neuropsychometric measures
with protein biomarkers at t1 (Model 4), and the complete dataset including neuropsychometry, demographics,
and protein biomarkers from both time points (Model 5) (Fig. 2).

XGBoost demonstrated the highest performance across all experimental conditions, achieving the largest
accuracy, precision, and area under the curve (AUC) values. The algorithm’s performance was particularly
robust with the complete dataset (Model 5), reaching an accuracy of 0.91 +0.08, precision of 0.92 +0.08, recall
of 0.93+0.05, and AUC of 0.97+0.04. Notably, XGBoost maintained consistently high performance across all
feature combinations, with accuracy ranging from 0.86 to 0.91 and AUC values consistently above 0.94. Random
Forest showed a comparably good overall performance, with optimal results achieved using neuropsychometric
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Algorithm | Condition | Key optimal hyperparameters

Model 1 C=0.01, penalty =12, solver =Ibfgs
Model 2 C=0.1, penalty =12, solver =Ibfgs

LR Model 3 C=0.01, penalty =12, solver =Ibfgs
Model 4 C=0.01, penalty =12, solver =Ibfgs
Model 5 C=0.01, penalty =12, solver =Ibfgs

Model 1 C=1, kernel =linear, gamma =scale

Model 2 C=1, kernel =rbf, gamma = scale

SVM Model 3 C=0.1, kernel =linear, gamma =scale
Model 4 C=0.1, kernel =linear, gamma =scale
Model 5 C=0.1, kernel =linear, gamma = scale

Model 1 n_est=50, max_depth =5, min_split=2

Model 2 n_est=50, max_depth =5, min_split=2

RF Model 3 n_est=50, max_depth=>5, min_split=2

Model 4 n_est=100, max_depth =5, min_split=10

Model 5 n_est=50, max_depth =5, min_split=2

Model 1 n_est=100, max_depth =3, learning_rate=0.05, subsample =0.6

Model 2 n_est=100, max_depth =3, learning_rate =0.05, subsample=0.5

XGBoost Model 3 n_est=50, max_depth =2, learning_rate =0.05, subsample=0.6

Model 4 n_est=100, max_depth =3, learning_rate=0.01, subsample=0.5

Model 5 n_est=100, max_depth =3, learning_rate=0.01, subsample=0.5

Table 2. Optimal hyperparameters identified for each algorithm across experimental conditions. Values shown
achieved highest ROC-AUC during 5-fold stratified cross-validation within the following search space. For
Logistic Regression (LR), we optimised regularisation strength (C: np.logspace(-4, 4, 20)), penalty type ([11,
12’]), and solver ([‘liblinear’, ‘saga’]). Support Vector Machine (SVM) hyperparameters included regularization
parameter (C: [0.1, 1, 10]), kernel type ([‘rbf’, ‘poly; ‘linear), ‘sigmoid’]), and kernel coefficient (gamma:

[‘scale ‘auto;, le-2, le-1, 1, 10]). Random Forest (RF) optimization explored number of trees ([50, 100, 200]),
maximum depth ([None, 10, 20]), minimum samples for split ([2, 5, 10]). For eXtreme Gradient Boosting
(XGBoost), we optimized number of boosting rounds ([50, 100]), maximum tree depth ([2, 3]), learning rate
([0.01, 0.05]), subsample ratio ([0.5, 0.6]). Model 1=neuropsychometry only, Model 2 =neuropsychometry
and clinicodemographic data, Model 3 = neuropsychometry and protein biomarkers at baseline (t0), Model
4=Model 3 with addition of biomarkers after stabilisation of treatment (t1), Model 5=Model 4 with addition
of clinicodemographic data (complete multimodal model). Grid search with 5-fold stratified cross-validation
was performed across all hyperparameter combinations shown.

measures alone (Model 1), yielding an accuracy of 0.81+0.10 and AUC of 0.86 +0.15. However, Random Forest
performance appeared to decline with the addition of biomarker data, suggesting potential overfitting or feature
interaction issues in this algorithm.

Logistic Regression demonstrated moderate and stable performance across conditions, with the best results
observed in the Model 4 condition (accuracy: 0.76 +0.04, AUC: 0.82+0.10). The algorithm showed consistent
performance with relatively low standard deviations, indicating stable predictions across cross-validation folds.
SVM showed the most variable performance, with results ranging from 0.60 to 0.71 accuracy across different
feature combinations. The algorithm performed best with the Model 3 condition (accuracy: 0.71+0.06, AUC:
0.82+0.07) but showed concerning overfitting patterns in some conditions, particularly Model 1, where perfect
recall (1.00) was achieved at the cost of reduced precision.

Standard deviation values across cross-validation folds indicated varying degrees of model stability.
XGBoost demonstrated the most consistent performance with standard deviations typically below 0.10 for
accuracy measures. Logistic Regression also showed good stability, particularly in the Model 3 and Model 4
conditions. Random Forest and SVM exhibited higher variability, suggesting potential sensitivity to training
data composition or hyperparameter selection.

Statistical testing using McNemar’s and DeLong’s tests revealed that XGBoost significantly outperformed
logistic regression (McNemar: p=0.032; DeLong: p=0.041) and support vector machine (p<0.001 for
both tests), but did not significantly exceed Random Forest (p=0.118 and p=0.089), indicating comparable
performance between ensemble methods (Supplementary Table S1). Critically, comparisons across feature sets
using XGBoost showed that Model 5 (multimodal integrated, 0.91 accuracy) did not significantly outperform
simpler models: Model 5 vs. Model 1 (neurocognitive only, 0.89): p=0.772 (McNemar), p=0.584 (DeLong);
Model 5 vs. Model 3 (baseline biomarkers, 0.86): p=0.505 and p=0.412 (Supplementary Table S2). No pairwise
feature set comparisons reached statistical significance (all p>0.3), suggesting that the 2-5% point accuracy
differences likely reflect sampling variation rather than genuine incremental value from progressive feature
addition. These findings indicate that simpler models (1 to 3) provide statistically equivalent performance to
complex, imputed, multimodal models.
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Algorithm Feature set n features | Accuracy | Precision | Recall ROC AUC | F1 score
Model 1: Neuropsychometry 8 0.74+0.20 | 0.76+0.20 | 0.73+0.26 | 0.80+0.18 | 0.74+0.24
Model 2: + Clinicodemographic 10 0.66+0.12 | 0.70+0.16 | 0.82+0.17 | 0.76+0.18 | 0.73+0.09
Logistic regression Model 3: + Baseline biomarkers (t0) 12 0.71£0.05 | 0.76+0.06 | 0.73+0.05 | 0.78+0.08 | 0.74+0.04
Model 4: + Follow-up biomarkers (t1)* | 16 0.76+0.04 | 0.87+0.11 | 0.71+0.15 | 0.82+0.10 | 0.76+0.08
Model 5: Complete integration® 18 0.72£0.07 | 0.73+0.09 | 0.87+0.08 | 0.80£0.10 | 0.78+0.03
Model 1: Neuropsychometry 8 0.60+0.07 | 0.59+0.05 | 1.00+0.00 | 0.81+£0.12 | 0.74+0.04
Model 2: + Clinicodemographic 10 0.61+0.10 | 0.67+0.14 | 0.73+0.22 | 0.68+0.13 | 0.67+0.09
Support vector machine | Model 3: + Baseline biomarkers (t0) 12 0.71+0.06 | 0.74+0.04 | 0.76+0.13 | 0.82+0.07 | 0.74+0.08
Model 4: + Follow-up biomarkers (t1)* | 16 0.62+0.15 | 0.65+0.14 | 0.73+0.23 | 0.78+0.11 | 0.68+0.16
Model 5: Complete integration® 18 0.67+0.08 | 0.69+0.05 | 0.76+0.15 | 0.79+0.13 | 0.72+0.09
Model 1: Neuropsychometry 8 0.81+0.10 | 0.86+0.10 | 0.80+0.13 | 0.86+0.15 | 0.82+0.10
Model 2: + Clinicodemographic 10 0.77+0.14 | 0.80+0.13 | 0.80+0.13 | 0.85+0.14 | 0.80+0.13
Random forest Model 3: + Baseline biomarkers (t0) 12 0.70+£0.12 | 0.72+0.09 | 0.73+0.18 | 0.75+0.15 | 0.72+0.13
Model 4: + Follow-up biomarkers (t1)* | 16 0.70+£0.14 | 0.75+0.14 | 0.71+0.15 | 0.77+0.14 | 0.73+0.13
Model 5: Complete integration® 18 0.67+0.10 | 0.72+0.11 | 0.71+0.09 | 0.80£0.09 | 0.71+0.09
Model 1: Neuropsychometry 8 0.89+0.12 | 0.92+0.12 | 0.89+0.10 | 0.95+0.06 | 0.90+0.10
Model 2: + Clinicodemographic 10 0.89+0.12 | 0.90+0.11 | 0.91+0.08 | 0.95+0.08 | 0.90+0.10
XGBoost Model 3: + Baseline biomarkers (t0) 12 0.86+0.13 | 0.85+0.12 | 0.93+0.09 | 0.94+0.08 | 0.89+0.11
Model 4: + Follow-up biomarkers (t1)* | 16 0.90+0.08 | 0.90+0.09 | 0.93+0.05 | 0.97+0.04 | 0.92+0.06
Model 5: Complete integration® 18 0.91+0.08 | 0.92+0.08 | 0.93+0.05 | 0.97+£0.04 | 0.92+0.06

Table 3. Binary classification performance across feature sets and algorithms. Binary classification task:
Early-Onset Psychosis (EOS, n=45) vs. Healthy Controls (HC, n=34). Performance metrics calculated using
nested 5-fold stratified cross-validation (outer loop). Values shown as mean + standard deviation across 5 folds.
aModels 4 and 5 include follow-up biomarker measurements (t1) which required KNN imputation (k=5)

for healthy controls who did not return for follow-up visits. Performance estimates for these models may be
inflated due to imputation artifacts (see Discussion). XGBoost =eXtreme Gradient Boosting.

Feature analysis
Feature importance analysis revealed that cognitive measures were the most discriminative variables, with
ZVT error scores showing the highest importance at baseline (0.103) and follow-up (0.15), indicating that
verbal cognitive dysfunction is a robust marker that strengthens over time (Fig. 2). Response time parameters
collectively ranked highly (median RT: 0.072, mean RT: 0.047, SD: 0.046), reflecting processing speed deficits
and response inconsistency in early psychosis. Among biomarkers, BDNF pathway components demonstrated
the greatest importance (BDNF_TO0: 0.069, P75NTR_T1: 0.066, BDNF_T1: 0.062), supporting altered
neuroplasticity signalling in the disorder. Follow-up measurements generally outperformed baseline values,
suggesting temporal changes provide superior discriminative power, while demographic variables (age: 0.02,
gender: 0.036) showed minimal importance compared to neurocognitive and neurobiological factors.
Correlation analysis revealed strong within-domain associations and modest cross-domain relationships.
Reaction time measures demonstrated high intercorrelations (mean-median RT: r=0.97, mean RT-SD: r=0.91),
while protein biomarkers showed strong temporal stability (P75NTR: r=0.93, BDNF: r=0.84, proBDNF:
r=0.83) and significant cross-protein correlations, particularly proBDNF_T0 with P75NTR_T0 (r=0.71).
ZVT performance was consistent across trials (r=0.79) and showed moderate correlations with reaction time
measures (r=0.2-0.4). Age demonstrated negative associations with reaction time variables (r = -0.34 to -0.41)
and positive correlation with advantageous decision-making (r=0.17). Cross-domain correlations remained
generally modest, supporting the complementary nature of different measurement modalities.

Diagnostic performance
The confusion matrix of the winning model (Fig. 2) revealed that the best-perfoming XGBoost model
demonstrated a good classification capability, with 33 healthy controls correctly identified (true negatives), 44
EOS patients correctly classified (true positives), and only 2 misclassifications total—1 false positive (healthy
control misclassified as EOS) and 1 false negative (EOS patient misclassified as healthy control).

A survey of medical records was conducted by two independent physicians, in an attempt to eludciate
possible causes for this mismatch. No obvious reasons, including typical risk factors or known socioeconomic
status was found. We may not exclude the chance for future morbidity for this individual.

Discussion

To our knowledge, this is the first study utilising machine learning in an attempt to classify EOS from HC,
based on an ensemble method of integrating protein biomarkers, neuropsychometry and clinicodemographic
data. The comparison of unimodal versus multimodal approaches revealed important insights into contribution
of individual features and group of features. Neuropsychometric measures alone (Model 1) provided a strong
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Fig. 2. Feature importance analysis for the winning model analysed through SHAP values (A) and simple
feature importance values of the algorithm (B), ROC_AUC value across different models and experimental
conditions (C), Confusion matrix for the winning classification model (D). ROC_AUC=Receiver Operating
Characteristic Area Under Curve, Model 1 = neuropsychometry only, Model 2 = neuropsychometry and
clinicodemographic data, Model 3 = neuropsychometry and protein biomarkers at baseline (t0), Model
4=Model 3 with addition of biomarkers after stabilisation of treatment (t1), Model 5=Maodel 4 with addition
of clinicodemographic data. SD = standard deviation, SVM = Support Vector Machines, XGBoost =eXtreme
Gradient Boosting. ZV'T = Zabor Verbal Task. RT = Reaciton Time, Adv IGT = Advantageous Cards at Iowa
Gambling Task, Dis IGT = Disadvantageous Cards at Iowa Gambling Task, T0 = Baseline, T1 =Follow-up.
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foundation for classification, with XGBoost achieving 0.89 accuracy using cognitive testing data only. The
addition of demographic data (Model 2) did not substantially improve performance across most algorithms,
suggesting limited additional predictive value from demographic variables alone. Inclusion of baseline protein
biomarkers at t0 (Model 3) generally maintained performance, with XGBoost showing marginal decline (0.86
accuracy) while other algorithms showed mixed results. Interestingly, using protein biomarkers from the post-
treatment timepoint t1 (Model 4) yielded improved results for XGBoost (0.90 accuracy, 0.97 AUC), suggesting
that protein levels after clinical stabilization may provide stronger diagnostic signals than baseline measurements.
The complete dataset combining all modalities (Model 5) provided the best overall classification performance
for XGBoost, achieving the highest accuracy (0.91) and maintaining excellent AUC (0.97). This suggests that
the integration of neuropsychometric measures, demographic factors, and longitudinal protein biomarker
data creates synergistic diagnostic value beyond any single modality. This, however, did not reach statistical
significance, which warrants caution as regards increasing the complexity of the feature inputs. The lack of
statistical significance between models likely reflects insufficient power (n=79); nonetheless, even if differences
are small, integrating baseline biomarkers (Model 3) provides clinical value through convergent validation, thus
ensuring diagnoses are not solely dependent on cognitive performance, which may be confounded by anxiety,
education, or fatigue in individual cases, whilst avoiding imputation requirements of Model 5.

The superior performance of the XGBoost algorithm in our study highlights the complex, non-linear
relationships underlying early onset psychosis that may not be captured through traditional univariate statistical
approaches. While individual biomarkers such as BDNE, proBDNE, P75NTR, and S100B showed mixed
patterns of statistical significance between healthy controls and patients***-%7, XGBoost was able to identify
meaningful combinations and interactions among these neurobiological variables alongside clinical, cognitive,
and demographic factors. This ensemble learning approach excels at detecting subtle multi-dimensional
signatures where, for instance, specific combinations of protein expression levels (even when individually non-
significant), cognitive performance metrics from the IGT and ZVT clinical severity scores, and demographic
variables collectively contribute to diagnostic classification. The algorithm’s ability to weight and combine
features dynamically allows it to capture the heterogeneous nature of early psychosis, where the disorder may
manifest through diverse pathophysiological pathways rather than consistent directional changes in individual
biomarkers.

The feature importance analysis provides crucial insights into the neurobiological and cognitive architecture
underlying early-onset psychosis. The prominence of ZVT error scores as the most discriminative feature
(importance: 0.103-0.15) underscores the central role of formal thought disorder and language-spatial integration
deficits in EOS pathophysiology. This finding aligns with established theories of psychosis as fundamentally a
disorder of cognitive coherence®® 72 and semantic processing’>~’%, where patients struggle to maintain logical
connections between concepts and their spatial representations’”’%. The collective high importance of response
time parameters (median RT: 0.072, mean RT: 0.047, SD: 0.046) further supports the hypothesis that information
processing speed deficits represent a core endophenotype of psychosis’®8., reflecting compromised neural
efficiency across distributed brain networks®2. The dominance of BDNF pathway components (BDNF_TO0: 0.069,
P75NTR_T1: 0.066, BDNF_T1: 0.062) among biomarkers suggests that altered neurotrophin signaling—critical
for synaptic plasticity®’, neuronal survival®, and circuit refinement®*—may serve as a reliable molecular signature
of the disorder. Notably, the superior discriminative power of follow-up measurements compared to baseline
values indicates that EOS classification may benefit more from capturing dynamic neurobiological changes
during treatment response rather than static baseline assessments. The minimal contribution of demographic
variables (age: 0.02, gender: 0.036) suggests that the pathophysiological signature of EOS transcends traditional
demographic risk factors, emphasizing the importance of neurobiological and neurocognitive markers in disease
identification and potentially supporting a more biologically informed diagnostic approach.

Anintriguing finding warranting discussion is that post-treatment biomarker measurements (t1) demonstrated
higher feature importance than baseline levels (t0) for several proteins, particularly p75NTR and BDNE This
observation raises important questions about the biological and clinical significance of temporal biomarker
dynamics. Several non-mutually exclusive explanations merit consideration. First, baseline measurements may be
confounded by state-dependent factors associated with acute psychosis, including stress axis activation, systemic
inflammation, sleep disruption, and metabolic dysregulation, that obscure underlying trait-level neurobiological
signatures. Post-stabilization measurements, obtained after symptom resolution and clinical improvement, may
capture more stable disease-related alterations once these acute confounds have resolved. Second, the trajectory
of biomarker change during treatment may itself be diagnostically informative. Differential patterns of BDNF/
p75NTR response to antipsychotic treatment could reflect fundamental differences in neuroplasticity capacity,
synaptic reorganization potential, or compensatory mechanisms between EOS patients and healthy individuals.
In this interpretation, t1 measurements capture not merely disease signatures but also individual variability
in treatment response and recovery trajectories that enhance diagnostic discrimination. Third, antipsychotic-
induced neurobiological changes may paradoxically improve classification accuracy if medication effects differ
systematically between diagnostic groups due to underlying pathophysiological differences in receptor systems
or downstream signalling cascades. Interpretation of these temporal dynamics is constrained by our asymmetric
study design as discussed in more detail below.

Another potential benefit of establishing an algorithm based on biomarkers could be post-mortem
diagnosis of EOS. In cases where the individual is dead the diagnosis of psychosis based on the commonly used
neuropsychometric tools becomes impossible. Thus, diagnosing a first or subtle onset of psychosis postmortem
is based on the medical history and reports of relatives or friends while remaining impossible to diagnose via
commonly used clinical diagnostic tools. Determining serum levels of biomarkers post-mortem comes with the
additional challenge of changing serum levels based on haemolysis and proteolysis®®. Studies investigating the
post-mortem serum levels of S100B and BDNF in individuals where the time of death was known (failed CPR
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attempts in ER setting or witnessed collapse and death) without head trauma showed an increase of S100B%”
concentration with an increasing post-mortem interval whereas BDNF showed stability up to the examined time
period of 48 h post-mortem®. Taking the known post-mortem changes in serum levels into account another
way of diagnosis EOS post-mortem could arise. Further research on the post-mortem serum levels of the listed
biomarkers in known EOS patients compared to HC could lead to a better way of approaching post-mortem
EOS diagnosis.

Our machine learning classification model can also be used as a screening in workplaces that require a
high level of reliability under prolonged periods of stress (e.g. soldiers on overseas missions, submarine crews,
researchers on expeditions in isolation or astronauts on space missions). A diagnostic panel which is fast,
reliable, interviewer-independent and objective, could be integrated into routine examinations to screen for
cognitive deterioration. Using biomarkers in diagnostic tools for early-onset psychosis might also help to reduce
the social stigma associated with neurological diseases. In workplaces where psychosis or other neurological
disorder might be career-ending (e.g. pilots), there is an incentive to conceal symptoms and diseases from the
employer and regulatory authorities. Using diagnostic models including biomarkers could offer a new way to
approach neurological diseases and their long-term management, as they could be used for monitoring after an
initial psychotic episode.

Real-world deployment would likely follow a tiered approach rather than universal application. Initial
diagnostic evaluation would proceed through standard clinical assessment (psychiatric interview, symptom
rating scales, developmental history), with the multimodal model reserved for cases presenting diagnostic
uncertainty, such as patients with ambiguous symptomatology, atypical presentations, or comorbidities that
complicate differential diagnosis. This targeted approach would optimize resource utilization while maintaining
accessibility.

The practical workflow might involve: (1) brief cognitive screening using tablet- or computer-based
assessments (ZV'T, reaction time tasks requiring ~20-30 min total administration time); (2) blood sampling
for biomarker analysis via standard venipuncture; (3) automated model prediction generation within 24-48 h
once laboratory results are available; and (4) integration of model outputs with clinical judgment to inform
diagnostic formulation and treatment planning. Critically, machine learning predictions should be presented as
decision support tools rather than autonomous diagnoses, providing clinicians with probabilistic risk estimates
and feature importance profiles to inform rather than replace clinical reasoning.

Cost-benefit considerations present both opportunities and challenges. The direct costs include
neuropsychometric assessment (approximately 30 min of trained personnel time), biomarker immunoassay
panels (estimated $200-400 for four-plex ELISA in research settings, though clinical laboratory costs may
be significantly less in mass-production), and computational infrastructure for model deployment. These
expenses must be weighed against the substantial costs associated with diagnostic uncertainty in early psychosis:
prolonged hospitalization during diagnostic workup (average $1,000-2,000 per day), delayed initiation of
appropriate treatment with associated functional deterioration, potential exposure to inappropriate medications
with attendant side effects and costs, and the long-term socioeconomic burden of suboptimal early intervention.
In tertiary referral centres and specialized early intervention services, where diagnostic complexity is highest
and consequences of misdiagnosis most severe, the cost-effectiveness profile may be favourable. However, in
resource-limited settings or primary care contexts, the added expense may not be justified compared to standard
clinical evaluation.

Several methodological limitations should be considered when interpreting these findings. The relatively small
sample size (n=79) may limit the generalizability of our machine learning models and increase susceptibility
to overfitting, particularly given the high-dimensional feature space employed. The mild class imbalance (ratio
1.32:1) may affect model generalizability despite multiple mitigation strategies including stratified cross-
validation, conservative regularization, and feature stability analysis. While internal analyses suggest imbalance
effects are minimal as evidenced by balanced class-specific performance (sensitivity 0.93 vs. specificity 0.88) and
performance well above majority-class baseline (86-91% vs. 57%), external validation in larger, balanced cohorts
is essential before clinical deployment. Until such validation confirms transportability, the current results
should be interpreted as hypothesis-generating evidence supporting the feasibility of multimodal machine
learning approaches to early psychosis detection, rather than as clinically validated diagnostic tools ready for
implementation. Future work will prioritize simplified models (neurocognitive-only or stable-feature subsets)
that demonstrate more favourable sample-to-feature ratios and may prove more robust to sampling variation.

That notwithstanding, our findings suggest that even without longitudinal biomarker data, clinically
meaningful classification performance can be achieved using readily available baseline measurements and
cognitive assessments. The consistency of results across different feature combinations, including those free
from imputation artifacts, strengthens confidence in the overall methodological approach and supports the
robustness of our core findings.

It is important to consider the universal medication status of EOS patients during assessment (mean
chlorpromazine equivalent 336.3 mg/day), which introduces potential confounding of disease-related signatures
with treatment effects. Antipsychotic medications influence both cognitive performance and serum biomarker
levels, raising the question of whether our model detects core disease pathophysiology, medication-induced
changes, or both. Meta-analytic evidence indicates that antipsychotics have time-dependent effects on BDNF
levels®*%, though our baseline measurements (t0) were obtained within one week of admission, potentially
before substantial medication-induced changes occurred. Regarding cognitive effects, the relationship between
antipsychotics and neurocognitive performance appears dose-dependent, with detrimental effects primarily
emerging at higher doses and with significant anticholinergic burden®2. Given that our patients received
relatively moderate doses, medication-induced cognitive impairment is likely to be limited. Several considerations
suggest substantial disease-related signal persists: the strongest discriminative features were cognitive measures
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(ZVT errors, response time parameters) reflecting core pathophysiological processes in psychosis rather than
medication side effects; feature importance patterns align with established theories of psychosis as a disorder
of (meta)cognitive coherence®®®* and linguistic processing’>**. BDNF pathway components are primarily
implicated in neurodevelopmental disruptions underlying EOS rather than being exclusively treatment-
related'®. While medication status limits direct generalizability to medication-naive populations, this reflects
clinical reality where EOS diagnosis typically occurs after treatment initiation in tertiary care settings. From a
clinical utility perspective, a model performing robustly in medicated patients may be more practically valuable
than one requiring medication-free status, as most diagnostic decisions occur in treatment-engaged populations.
Nevertheless, future studies could employ medication-naive cohorts or longitudinal pre-post treatment designs
to disentangle disease-specific signatures from treatment effects and examine dose-response relationships
between antipsychotic exposure (both current and cumulative) and model predictions to clarify the extent to
which classification depends on medication-related factors.

In summary, it is important to acknowledge that our model evaluation relies entirely on cross-validation
within a single dataset from one tertiary referral centre. External validation on completely independent, unseen
datasets from different institutions and populations is the gold standard for establishing diagnostic accuracy and
represents an essential next step before any clinical implementation could be considered. The current results
should be interpreted as preliminary and hypothesis-generating rather than clinically validated, demonstrating
proof-of-concept for multimodal machine learning approaches to early psychosis detection but requiring
prospective external validation to confirm generalizability, robustness to population variability, and true clinical
utility.

Conclusions

This study demonstrates that machine learning algorithms, particularly XGBoost, can effectively integrate
neuropsychometric assessments and protein biomarkers to achieve high-accuracy classification of early-
onset psychosis patients from healthy controls. The superior performance of multimodal approaches over
single-domain assessments underscores the multifactorial nature of EOS and supports the development of
comprehensive diagnostic panels that capture both cognitive and neurobiological dimensions of the disorder.
The prominence of formal thought disorder measures (ZVT) and BDNF pathway proteins as key discriminative
features provides valuable insights into the core pathophysiological mechanisms underlying early psychosis and
suggests specific targets for future biomarker development.

While longitudinal biomarker data enhanced classification performance, the substantial diagnostic value
achieved using baseline measurements alone indicates the potential for developing clinically feasible screening
tools that do not require extended follow-up periods. These findings represent an important step towards an
objective, data-driven approach for the early identification of psychosis in adolescents, potentially enabling more
timely intervention and improved clinical outcomes. Future validation studies in larger, independent cohorts
will be essential to establish the clinical utility and generalisability of this machine learning-based diagnostic
framework.

Data availability
The data code and materials necessary to reproduce the analyses presented here are not publicly accessible, how-
ever they will be made available from the first author upon reasonable request.
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