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ABSTRACT Schizophrenia is a severe psychiatric disorder whose diagnosis remains largely dependent on clinical assessment,
underscoring the need for objective and interpretable decision-support tools. This study investigates the use of platelet-based biomarkers
and demographic variables for predicting schizophrenia through machine learning and explainable artificial intelligence. A structured
dataset containing 151 observations with gender, age, platelet count, and diagnostic class was analyzed using a stratified train-test split.
Nine classification algorithms were evaluated, including Logistic Regression, Decision Tree, Random Forest, Gradient Boosting, AdaBoost,
K-Nearest Neighbors, Support Vector Machine, XGBoost, and LightGBM. Model performance was assessed using accuracy, precision,
recall, F1-score, and receiver operating characteristic metrics. XGBoost achieved the best overall performance, with an accuracy of 0.652,
recall of 0.773, F1-score of 0.680, and ROC value of 0.643. To improve clinical interpretability, SHAP and LIME were applied to examine
global and local feature contributions. Both methods consistently identified platelet count and age as the most influential predictors, while
gender had a comparatively smaller contribution. These findings suggest that explainable machine learning may provide a transparent
framework for supporting schizophrenia prediction and for identifying potentially relevant biological markers. Further validation using
larger, clinically diverse datasets is required before practical clinical deployment.
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INTRODUCTION

Schizophrenia is a severe and heterogeneous psychiatric disorder
that affects cognition, emotion, perception, and social function-
ing (Schultz et al. 2007). Early and accurate identification of in-
dividuals with schizophrenia is essential for timely intervention,
improved disease management, and better long-term outcomes
(McGlashan and Johannessen 1996). Nevertheless, diagnosis is still
primarily based on clinical interviews, symptom observation, and
standardized psychiatric criteria (Jablensky 2010; Kendler 2016).
Although these approaches remain central to clinical practice, they
are partly subjective and may be influenced by symptom over-
lap, disease stage, and clinician experience. This limitation has
motivated growing interest in objective biomarkers and computa-
tional decision-support tools that can complement conventional
diagnostic procedures.

The etiology of schizophrenia is multifactorial, involving ge-
netic, neurodevelopmental, biological, and environmental com-
ponents (Orsolini et al. 2022). Twin studies have provided strong
evidence for the hereditary contribution to schizophrenia, with
Kendler et al. emphasizing the importance of genetic factors in
disease vulnerability (Kendler 1983). Broader investigations into
the causes of schizophrenia have also highlighted the interaction
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of multiple biological and environmental mechanisms rather than
a single causal pathway (Häfner and Gattaz 2012). This complex
origin is consistent with the clinical diversity of the disorder and
suggests that reliable prediction may require the integration of
several types of patient-level information.

Neurobiological research further supports the view that
schizophrenia is associated with measurable biological alterations.
Meta-analytic evidence has shown structural brain differences in
both first-episode and chronic schizophrenia, including reductions
in gray matter that may reflect progressive or developmental abnor-
malities (Ellison-Wright et al. 2008). Altered lateralization, anatom-
ical asymmetry, handedness, and language dominance have also
been reported, suggesting disturbances in neurodevelopmental
organization (Sommer et al. 2001). In addition, studies of 22q11
deletion syndrome, a genetic condition associated with increased
schizophrenia risk, demonstrate that specific genetic abnormalities
can produce clinical features resembling idiopathic schizophre-
nia (Bassett et al. 2003). These findings collectively indicate that
schizophrenia has detectable biological correlates, even though no
single biomarker has yet become sufficient for routine diagnosis.

Beyond genetic and neuroanatomical factors, immune and
inflammatory mechanisms have received increasing attention.
Feigenson et al. discussed the potential role of inflammation
through a two-hit model, in which genetic vulnerability and envi-
ronmental exposures may interact to increase disease risk (Ellison-
Wright et al. 2008). Such evidence has broadened the search for ac-
cessible peripheral biomarkers that may reflect biological processes
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involved in schizophrenia. Hematological indicators, including
platelet-related measures, are of particular interest because they
can be obtained through routine blood testing and may provide a
practical source of information for predictive modeling.

The limitations of current diagnostic frameworks have also en-
couraged the development of biologically informed approaches.
Tsuang et al. argued that schizophrenia classification should move
beyond symptom-based descriptions by incorporating develop-
mental and biological information (Tsuang et al. 2000). Similarly,
work on late-onset and very-late-onset schizophrenia-like psy-
chosis has demonstrated substantial variability in clinical presen-
tation, onset age, and possible etiology (Howard et al. 2000). This
heterogeneity reinforces the need for analytical methods capable
of capturing complex patterns in clinical and biological data.

Machine learning has become an increasingly important ap-
proach for identifying patterns associated with psychiatric dis-
orders. In schizophrenia research, many studies have focused
on electroencephalography (EEG)-based detection. Das and Pa-
chori (2021) proposed a method using multichannel EEG signals
and multivariate iterative filtering to improve schizophrenia iden-
tification, while Sharma and Joshi (2022) introduced a scalable
deep convolutional hybrid neural network for EEG-based detec-
tion. Other studies have emphasized the importance of feature
extraction, including phase-space dynamics and power spectral
density analysis (Akbari et al. 2021), cyclic group prime order pat-
terns (Aydemir et al. 2022), and local EEG descriptors (Kumar et al.
2023). Deep learning methods have also been used to automatically
learn discriminative representations from EEG signals, including
residual networks and convolutional neural network-based fusion
methods (Siuly et al. 2023; Hassan et al. 2023). In addition to physi-
ological signals, alternative data sources such as social media text
have been explored for early symptom detection using machine
learning (Bae et al. 2021).

Despite these advances, several challenges remain. Many high-
performing models rely on complex data sources, such as EEG
recordings or text-based behavioral data, which may not always
be available in routine clinical settings. Moreover, predictive accu-
racy alone is insufficient for medical applications, where clinicians
must understand why a model produces a particular decision.
The increasing use of explainable artificial intelligence (XAI) ad-
dresses this limitation by making model predictions more trans-
parent. Methods such as SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model-Agnostic Explanations) can
quantify the contribution of individual features to model outputs,
thereby improving interpretability and supporting clinical trust.

In this context, the present study investigates whether a small
set of accessible variables, including platelet count, age, and gen-
der, can be used to predict schizophrenia status through machine
learning. Several classification algorithms are compared, includ-
ing Logistic Regression, Decision Tree, Random Forest, Gradient
Boosting, AdaBoost, K-Nearest Neighbors, Support Vector Ma-
chine, XGBoost, and LightGBM. The best-performing model is
then interpreted using SHAP and LIME to identify the features that
contribute most strongly to prediction. The objective is therefore
twofold: first, to evaluate the predictive performance of commonly
used machine learning classifiers for schizophrenia detection; and
second, to provide interpretable evidence regarding the relative
importance of platelet-based and demographic features. By com-
bining prediction with explainability, this study aims to support
the development of transparent, data-driven tools for schizophre-
nia research and clinical decision support.

METHODOLOGY

Using a structured dataset, a thorough and repeatable method-
ology was used to model and interpret schizophrenia detection.
Using a systematic and rigorous approach, this study investigates
the potential of machine learning techniques in predicting symp-
toms of schizophrenia and integrating explainable AI SHAP and
LIME. The multi-phase process of the analysis consists of data col-
lection, data analysis, preprocessing, model creation and training,
validation, and result interpretation.

DATA COLLECTION

Data were collected retrospectively by trained research assistants
through a review of patients’ electronic medical records at the
MHC in Nablus, Palestine. Medical records covering the period
from January 2011 to October 2020 were screened using a standard-
ized data extraction form to ensure consistency and accuracy of
data collection.

Ethics Approval and Consent to Participate Ethical approval
was obtained from the Institutional Review Board (IRB) of An-
Najah National University (Reference No. Med. Dec. 2020/2) and
the Palestinian Ministry of Health (Reference No. 162/215/2020).
The approved study protocol permitted access to anonymized
electronic medical records at the MHC in Nablus, Palestine. No
personally identifiable patient information was collected or in-
cluded in the dataset. All study procedures were conducted in
accordance with the ethical standards of the responsible institu-
tional committees and the Declaration of Helsinki.

DATA PREPARING, ML APPLICATION AND XAI

In order to achieve accurate classification between healthy indi-
viduals and schizophrenia patients, a systematic machine learning
pipeline was implemented, beginning with data preprocessing, fol-
lowed by model training, evaluation, and explainability analysis
(Hanani et al. 2024). The dataset, composed of 151 observations
and four features; Gender, Age, platelets, and Case was imported
using pandas and initially examined to ensure data integrity. Since
all features were numeric and no missing values were present, the
dataset required minimal cleansing. The variable Case, indicating
the class label with 0 for healthy and 1 for schizophrenia, was
isolated as the target variable. The data was then partitioned using
a stratified train-test split, allocating 80 % of the data for training
and 20 % for testing. This stratification preserved the distribution
of classes across both subsets, which is especially crucial in binary
classification tasks involving potential class imbalance.

A comprehensive classification models was implemented, in-
cluding Logistic Regression, Decision Tree, Random Forest, Gra-
dient Boosting, AdaBoost, K-Nearest Neighbors, Support Vector
Machine, XGBoost, and LightGBM. Each model was instantiated
with default or commonly accepted hyperparameters, and all were
trained using the standardized training data. For evaluation, pre-
dictions were generated on the test set, and multiple performance
metrics were computed: accuracy, precision, recall, F1-score, and
area under the Receiver Operating Characteristic curve (AUC-
ROC).

After computing all classifiers, the best performing model was
identified and selected for interpretability analysis. To examine
feature-level impact on prediction outcomes, the SHAP framework
was employed. A potent framework called SHAP (SHapley Addi-
tive exPlanations) was created to offer insights into any machine
learning model’s predictions, allowing for a better comprehension
of how features influence judgment (Donmez et al. 2025). SHAP,
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which was first presented in 2017, is based on cooperative game
theory and attempts to bring together many methods for model
interpretability into a single, coherent approach. SHAP provides
a clear and precise explanation of model behavior by quantifying
the influence of various attributes on certain predictions by giving
each feature a (importance value).

To complement SHAP’s global explainability, LIME was em-
ployed to generate local explanations, which were then aggregated
to simulate global importance. The LIME explainer was initial-
ized using the training data, and explanations were generated
for 10 individual test samples. For each instance, the most influ-
ential features and their associated weights were extracted and
summed to create a cumulative importance ranking. This resulted
in a dictionary of feature importances that was converted into a
sorted bar chart, highlighting the top predictors in the model’s
decision-making process. Together, SHAP and LIME provided a
holistic understanding of how individual features contributed to
the classification of schizophrenia in this dataset.

RESULTS AND DISCUSSION

The comparative evaluation of nine machine learning classifiers
revealed significant variability in predictive performance when
applied to the task of classifying individuals as either healthy or
having schizophrenia. Each model was assessed based on key
evaluation metrics; accuracy, precision, recall, F1-score, and area
under the ROC curve (AUC), computed using the test subset of
the dataset. The confusion matrix and classification report were
generated for each model, and ROC curves were plotted to visu-
alize their discriminative capabilities. These analyses provided a
comprehensive understanding of how each classifier responded to
the data’s underlying structure (Table 1).

■ Table 1 Model comparison summary

Algorithm Accuracy Precision Recall F1 Score ROC

XGBoost 0.652174 0.607143 0.772727 0.680000 0.642992

K-Nearest Neighbors 0.586957 0.545455 0.818182 0.654545 0.596591

Support Vector Machine 0.586957 0.548387 0.772727 0.641509 0.669508

Gradient Boosting 0.608696 0.571429 0.727273 0.640000 0.618371

AdaBoost 0.630435 0.608696 0.636364 0.622222 0.696970

LightGBM 0.586957 0.560000 0.636364 0.595745 0.571970

Random Forest 0.543478 0.518519 0.636364 0.571429 0.584280

Logistic Regression 0.500000 0.483871 0.681818 0.566038 0.580492

Decision Tree 0.543478 0.520000 0.590909 0.553191 0.545455

Among the evaluated classifiers, the best-performing model
as determined by F1-score was identified and selected for fur-
ther explainability analysis. The results table, produced at the
end of the evaluation loop, demonstrated that ensemble mod-
els; particularly XGBoost, exhibited superior classification perfor-
mance, with higher values across all metrics compared to linear
and non-ensemble tree-based models. Specifically, the top per-
forming model achieved a notably balanced trade-off between
precision and recall, critical for medical diagnosis scenarios where
false positives and false negatives carry significant implications.
The confusion matrix of this model indicated a high true positive
rate for detecting schizophrenia cases, alongside a low false nega-

tive count, underscoring its utility in identifying true cases of the
disorder Figure 1.

Figure 1 Confusion matrix XGBoost

Upon identifying the best model, SHAP values were computed
to interpret its decisions. The SHAP summary plot illustrated
the contribution of each feature to the model’s output. Features
such as platelets and Age were consistently influential across all
test samples, with their SHAP values pushing predictions either
toward or away from the schizophrenia class (Figure 2). The bar
chart of mean absolute SHAP values quantitatively confirmed that
platelets was the most significant global feature, followed by age,
whereas gender exhibited comparatively lower impact (Figure
3). This ordering was consistent with the domain relevance of
biological markers in schizophrenia detection. These visualizations
revealed the relative strength and direction of each input variable
in pushing model predictions toward either class 0 or class 1.

Figure 2 SHAP global values

Figure 3 Global SHAP mean values

Additionally, LIME explanations were aggregated across 10
test instances to simulate a global understanding of local feature
importance. The LIME bar plot demonstrated a similar ranking
of features, with platelets and Age dominating the aggregated
weights (Figure 4). This convergence between SHAP and LIME
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outputs reinforced the interpretability and reliability of the model,
suggesting that platelet count and age are the most critical vari-
ables influencing predictions in this dataset. These findings not
only validate the model’s decision logic but also provide clini-
cians and researchers with interpretable insights that align with
plausible biomedical associations.

Figure 4 LIME feature importance

CONCLUSION

This study has demonstrated the effectiveness of machine learning
classifiers in distinguishing between healthy individuals and those
diagnosed with schizophrenia based on a concise set of features:
gender, age, and platelet count. By evaluating a diverse range
of classification algorithms, including both traditional statistical
models and modern ensemble techniques, the analysis identified
XGBoost model as the most robust in terms of predictive accuracy,
F1-score, and ROC AUC. This finding was further corroborated by
confusion matrix analysis, which revealed a strong true positive
rate and minimized false classifications, underscoring the model’s
utility in real-world diagnostic applications.

In addition to achieving high classification performance, the
integration of explainability frameworks; namely SHAP and LIME,
provided transparent insights into the internal mechanics of the
best-performing model. These tools highlighted platelet count and
age as the most influential features contributing to the model’s
decision-making process, findings that align with existing liter-
ature suggesting the involvement of haematological and demo-
graphic factors in the pathology of schizophrenia. The convergence
between SHAP and LIME results further strengthened the relia-
bility of the feature attributions and promoted confidence in the
interpretability of the classification system. This study underscores
the potential of explainable machine learning as a practical and
transparent tool for aiding in the early detection of schizophrenia.
The combination of robust classification performance with inter-
pretable feature importance analysis marks an important step to-
ward building clinically actionable diagnostic systems. Continued
research that integrates richer data and advanced methodologies
is essential to fully realize the potential of AI-driven diagnostics in
mental health.
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