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Abstract - The detection of schizophrenia (SZ) and
bipolar disorder traditionally relies on expensive imaging
techniques such as MRI, which can limit accessibility and
patient compliance. To overcome these challenges, this
study proposes a cost-effective handwriting-based
analysis approach that leverages motor abnormalities
commonly associated with these disorders. The
DataRepository SAV dataset from Figshare is used,
containing handwriting-derived features for
classification.

Data preprocessing includes robust feature selection
using Recursive Feature Elimination (RFE) and handling
class imbalance through cost-sensitive learning with class
weighting. Several machine learning models are
implemented, including XGBoost, Logistic Regression,
Linear Discriminant Analysis (LDA), Naive Bayes, K-
Nearest Neighbors (KNN), and Support Vector Machines
(SVM with linear and RBF kernels). An ensemble Voting
Classifier combining XGBoost and Logistic Regression
is also developed to improve predictive performance.
Model evaluation is conducted using accuracy, precision,
recall, F1-score, Matthews Correlation Coefficient
(MCC), and confusion matrix. The ensemble model
achieves the highest test accuracy. For interpretability,
SHAP-based Explainable Al (XAI) techniques are
applied to identify key contributing features. Finally, the
optimized model is deployed through a Flask-based web
application for real-time and transparent patient
classification.

Key Words: Handwriting analysis, Schizophrenia
detection, bipolar disorder classification, Machine
learning, Explainable Artificial Intelligence, Cost-

sensitive learning.

1.INTRODUCTION

Schizophrenia (SZ) and bipolar disorder are chronic
psychiatric conditions characterized by impaired
perception of reality, disorganized thinking, emotional
dysregulation, and abnormal social behavior [1]. The
diagnosis of these disorders traditionally relies on
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structured clinical interviews and standardized guidelines
such as the Diagnostic and Statistical Manual of Mental
Disorders (DSM-5) [2]. Clinical assessment tools,
including the Positive and Negative Syndrome Scale
(PANSS), are widely used to evaluate symptom severity
and disease progression in patients with schizophrenia [3].
However, these conventional diagnostic procedures are
inherently subjective. Patients may underreport or
inconsistently describe symptoms, while clinicians often
face challenges in distinguishing schizophrenia from other
psychiatric or affective disorders with overlapping
features. Similarly, the manual diagnosis of bipolar
disorder is time-consuming, highly dependent on
practitioner expertise, and prone to diagnostic variability.
These limitations highlight the need for more objective,
reliable, and data-driven diagnostic techniques.

With rapid advancements in artificial intelligence,
machine learning (ML) has emerged as a powerful tool for
disease detection and classification across healthcare
domains. Automated ML systems have demonstrated
promising results in diagnosing conditions such as
Parkinson’s disease [4], heart failure [5], breast cancer [6],
and stroke [7], offering improved accuracy and scalability.
In psychiatric research, Winterburn et al. applied logistic
regression, linear discriminant analysis, and support
vector machines to MRI datasets, achieving up to 73.5%
accuracy in distinguishing schizophrenia patients from
healthy controls [8]. Similarly, Messinger et al. reported
92.9% accuracy using ensemble models such as random
forests [9]. Although these studies validate the feasibility
of ML in psychiatric diagnostics, neuroimaging-based
approaches remain costly and difficult to scale in clinical
practice.

High operational expenses, limited equipment
availability, and strict patient compliance requirements
restrict the widespread use of neuroimaging techniques.
Patients with schizophrenia or bipolar disorder may
experience agitation or restlessness, affecting imaging
quality. Consequently, there is growing interest in
affordable, noninvasive, and easily deployable
alternatives. Handwriting analysis has emerged as a
promising behavioral biomarker. Research by Gawda
demonstrated significant differences in handwriting
density and spatial characteristics among schizophrenia
patients, bipolar patients, and healthy individuals [10].
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Motor abnormalities and cognitive impairments
associated with these disorders are reflected in
handwriting dynamics, including variations in velocity,
pressure, rhythm, and spatial organization. These
measurable motor signatures provide valuable insights
into underlying neurological dysfunction.

In response, the present study proposes a handwriting-
based machine learning framework for accurate and
scalable detection of schizophrenia and bipolar disorder.
By integrating robust feature selection, cost-sensitive
learning, ensemble classification, and explainable
artificial intelligence, the system aims to enhance
diagnostic accuracy while ensuring transparency and
clinical interpretability, thereby supporting objective
decision-making and early intervention.

2 Working Methodology

The proposed system is designed for the handwriting-
based detection of schizophrenia (SZ) and bipolar
disorder using machine learning techniques. The
framework utilizes the DataRepository SAV dataset
obtained from Figshare, which contains handwriting-
derived motor features associated with psychiatric
conditions. Preprocessing includes statistically robust
feature selection using Recursive Feature Elimination
(RFE) and cost-sensitive learning through class
weighting to address class imbalance. Classification is
performed using multiple machine learning algorithms,
including XGBoost, Logistic Regression, Linear
Discriminant Analysis (LDA), Gaussian Naive Bayes, K-
Nearest Neighbors (KNN), and Support Vector Machines
with linear and RBF kernels. Furthermore, a Voting
Classifier integrating XGBoost and Logistic Regression
is introduced to enhance predictive performance. To
ensure transparency and clinical interpretability,
Explainable Artificial Intelligence (XAI) based on SHAP
is employed, while deployment is facilitated through a
Flaskbased web application.
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Fig -1: Proposed Architecture

The proposed system follows a structured, sequential, and
modular pipeline, as illustrated in Fig. 1. The architecture
consists of handwriting feature acquisition, exploratory
analysis, feature selection, class imbalance handling,
ensemble classification, explainability integration, and
deployment. Each stage is carefully designed to ensure
reliability, interpretability, and real-world clinical
usability.

a) Dataset Collection (Handwriting Features Module)
The framework utilizes the SAV dataset obtained from
Figshare, comprising 98 instances with 24 attributes.
These features include demographic variables (age, sex),
clinical measures (diagnostic category, medication
dosage, PANSS scores), and handwriting-derived motor
metrics such as velocity, acceleration, stroke length,
pressure, peak count, fractal dimensions, entropy, and
lacunarity. These attributes reflect motor dysfunction and
cognitive impairment commonly associated with
schizophrenia and bipolar disorder. The dataset serves as
the foundational input to the architecture.

b) Data Visualization (Exploratory Analysis Stage)
Exploratory Data Analysis (EDA) is conducted before
model training to understand dataset characteristics.
Correlation matrices are generated to examine
relationships among numerical features and detect
multicollinearity. Outcome distribution plots are also
used to visualize class imbalance among schizophrenia,
bipolar disorder, and healthy control groups. This stage
supports informed preprocessing decisions.

¢) Feature Selection (Recursive Feature Elimination
Module)

Recursive Feature Elimination (RFE) is employed to
select the most informative features. RFE iteratively
removes less significant variables based on model
coefficients, retaining only those contributing most to
classification performance. This process reduces
redundancy, improves computational efficiency, and
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enhances interpretability. Ultimately, 11 key features are
selected, capturing discriminative motor and behavioral
patterns.

d) Class Imbalance Handling (Cost-Sensitive
Learning Module)

Class imbalance is addressed using cost-sensitive
learning through class weighting. Higher

misclassification penalties are assigned to minority
classes, ensuring balanced decision boundaries without
generating synthetic samples. This method preserves data
integrity and reduces overfitting risk. Borderline-SMOTE
is optionally used during experimentation to analyze
boundary-sensitive samples. Feature normalization using
StandardScaler ensures consistent feature contribution.
e) Training and Testing (Model Validation Stage)
The dataset is split into training and testing sets using an
80:20 ratio. A fixed random seed ensures reproducibility.
This validation strategy prevents data leakage and enables
reliable performance comparison across classifiers.

f) Algorithms (Ensemble Classification Module)
Multiple machine learning models are trained using RFE-
selected features and class weighting:

¢ RFE-CW-XGBoost: Captures complex non-
linear relationships in handwriting data.

¢ RFE-CW-Logistic Regression:
interpretable linear classification.

¢ RFE-CW-LDA: Maximizes class separability
efficiently.

e RFE-CW-Gaussian Naive Bayes:
probabilistic modeling under
assumptions.

¢ RFE-CW-KNN: C(lassifies samples based on
similarity measures.

¢ RFE-CW-SVM (Linear & RBF): Constructs
optimal decision boundaries for linear and non-
linear separability.

A Voting Classifier combining XGBoost and Logistic
Regression is implemented as the final predictive model,
leveraging complementary strengths to improve stability
and diagnostic accuracy.

Provides

Applies
independence

g) Explainability and Deployment (XAI & Web
Application Module)

Explainable Artificial Intelligence is integrated using
SHAP to provide global and local interpretability. SHAP
visualizations (summary, force, and waterfall plots)
highlight feature contributions, ensuring transparency
and clinical trust.

Experimental Results

To evaluate the effectiveness of the proposed
handwriting-based classification framework, several
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standard performance metrics are employed: Accuracy,
Precision, Recall, F1-Score, and Matthews Correlation
Coefficient (MCC). These metrics provide a
comprehensive assessment of model performance,
particularly in medical diagnostic applications where
both false positives and false negatives have critical
consequences.

(1) Accuracy

Accuracy measures the overall ability of the model to
correctly classify patients and healthy individuals. It
represents the proportion of correctly predicted instances

out of the total number of samples evaluated.
P+TN

Accuracy =
TP+FP+TN+FN

e TP = True Positives
e TN = True Negatives
e FP = False Positives
e FN = False Negatives

(2) Precision

Precision evaluates the proportion of correctly predicted
positive cases among all cases predicted as positive. It
reflects the reliability of positive predictions and helps
assess how many identified patients truly belong to the

target class.
TP

Precision= —
TP+ FP

(3) Recall

Recall, also known as Sensitivity, measures the model’s
ability to correctly identify all actual positive cases. In
medical diagnosis, high recall is crucial to minimize false
negatives and avoid missed diagnoses.

Recall= —
TP+ FN

(4) F1-Score
The F1-Score provides a balanced measure by combining
precision and recall into a single metric. It is particularly

useful when dealing with imbalanced datasets.
2 x (Precision x Recall)
F1-Score =

Precision + Recall

(5) Matthews Correlation Coefficient (MCC)

The Matthews Correlation Coefficient (MCC) is a robust
metric that considers all four confusion matrix
components (TP, TN, FP, FN). It provides a balanced
evaluation even when class sizes are unequal and ranges
from —1 to +1, where +1 indicates perfect classification,
0 indicates random prediction, and —1 indicates total
disagreement.
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Fig. 2 Comparison Graph

Fig. 2 presents the comparative performance of multiple
machine learning classifiers evaluated using five metrics:
accuracy (green), Fl-score (sky blue), recall (orange),
precision (brown), and Matthews

Correlation Coefficient (MCC) (purple). The results
demonstrate that models trained using Recursive Feature
Elimination (RFE) and cost-sensitive learning (CW)
achieve consistently strong performance across all
metrics. Among the evaluated approaches, the RFE-CW-—
Voting Classifier integrating XGBoost and Logistic
Regression achieves the highest scores for all evaluation
metrics, indicating superior robustness, balanced
classification, and improved generalization compared to
individual classifiers. The comparative analysis
highlights the effectiveness of ensemble learning in
enhancing diagnostic performance for handwriting-based

detection of schizophrenia and bipolar disorder.
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Fig. 3 Upload Input Data

Fig. 3 shows the web-based user interface where
handwriting-derived features are provided as input for
schizophrenia and bipolar disorder detection.

Fig. 4 — Predicted Results

Fig. 4 presents the system output for abnormal
handwriting input, displaying the prediction result as
“Abnormal handwriting detected”, indicating potential
psychiatric motor irregularities.

Fig. 5 Upload Parameter’s information

Fig. 5 illustrates an parameter-wise reading of dielectric

pen which user will feed, Fig. 6 Shap- Waterfall Plot
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Fig. 6 displays the system with a graph of feature
contributions in the analysis,

3. CONCLUSIONS

The proposed system demonstrates that handwriting-
based analysis can serve as a reliable, non-invasive, and
accessible alternative for detecting schizophrenia (SZ)
and bipolar disorder. By addressing the limitations of
costly and less practical imaging techniques such as MRI,
the framework offers a scalable and clinically feasible
diagnostic support solution. Using the DataRepository
SAV dataset from Figshare, statistically robust feature
selection was performed through Recursive Feature
Elimination (RFE) to identify the most informative
handwriting-derived and clinical features. Class
imbalance was effectively managed using cost-sensitive
learning through class weighting, ensuring balanced
model performance without altering the original data
distribution.

Multiple machine learning algorithms—including
XGBoost, Logistic Regression, Linear Discriminant
Analysis (LDA), Gaussian Naive Bayes, K-Nearest
Neighbors (KNN), and Support Vector Machines (linear
and RBF kernels)—were implemented and evaluated. To
enhance predictive stability and performance, a Voting
Classifier integrating XGBoost and Logistic Regression
was employed, achieving superior results across
accuracy, precision, recall, Fl-score, MCC, and
confusion matrix analysis. The integration of SHAP-
based Explainable Artificial Intelligence ensured feature-
level interpretability, strengthening transparency and
supporting trustworthy clinical decision-making. The
final optimized model was successfully deployed through
a Flask-based web application, enabling real-time, user-
friendly predictions.
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