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Abstract
Aim: The aim of this paper was to explore stroke-level handwriting dynamics as early behavioral 
biomarkers for Alzheimer’s disease (AD).
Methods: Stroke-level handwriting data were collected from 174 participants (89 probable AD or mild 
cognitive impairment; 85 cognitive healthy controls). Temporal, kinematic, and pressure features were 
extracted and aggregated. Classification performance was evaluated using Logistic Regression, Support 
Vector Machine (SVM), and Random Forest (RF) under five-fold stratified cross-validation. Random forest 
with SHapley Additive exPlanations (SHAP) was used to interpret feature contributions and temporal 
trends.
Results: Participants with AD exhibited longer and more variable in-air times, slower stroke speed, and 
higher-pressure variability. SVM achieved the highest ROC-AUC (0.923), while Random Forest 
demonstrated robust and balanced performance (accuracy = 0.844) and identified key predictive features 
(mean and variability of in-air time and pressure). Temporal analysis revealed progressive motor hesitation 
across strokes.
Conclusions: Stroke-level handwriting dynamics provide sensitive and interpretable biomarkers for early 
Alzheimer’s disease detection. Variability in in-air time and related temporal features effectively distinguish 
Alzheimer’s disease patients from cognitively healthy controls, reflecting underlying motor–cognitive 
coupling deficits. These findings highlight digital handwriting analysis as a scalable, non-invasive approach 
for early screening and monitoring, with potential to detect subtle impairments that may precede clinical 
symptoms.
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Introduction
Handwriting is a routine behavior, writing one’s name, drafting a quick note, or signing a check, but it 
reflects a complex interplay of motor control, perception, cognition, planning, and memory. Subtle changes 
in handwriting fluidity can provide early, unobtrusive indicators of neurological decline. Therein lies the 
promise of viewing handwriting as a digital biomarker, an objective, quantifiable indicator embedded in 
everyday behavior that can help detect disease early [1, 2]. When properly harnessed, these changes may 
alert clinicians to emerging cognitive impairment before overt symptoms appear, highlighting 
handwriting’s potential as a digital biomarker, an objective, quantifiable measure embedded in everyday 
behavior [3].

The ideal situation is one of early, easily accessible detection of Alzheimer’s risk. In such a scenario, we 
would have widely deployable tools ideally embedded [4] in everyday devices that could flag individuals 
who are entering the trajectory of cognitive decline [5], thus enabling timely intervention, tracking, and 
perhaps altering disease course. However, despite decades of work in neuropsychology, neuroimaging, and 
fluid biomarkers, we are still short of that goal [6]. The reality is that many cases of Alzheimer’s are only 
detected once functional decline is clear, when intervention options are more limited and less effective [7] 
current diagnostic tools such as the Mini Mental State Examination (MMSE) and Montreal Cognitive 
Assessment (MoCA) [8] depend on clinical settings, trained personnel and are influenced by education and 
effort. While neuroimaging and cerebrospinal fluid (CSF) biomarkers provide valuable diagnostic 
information, their cost, limited accessibility, and invasiveness highlight the need for non-invasive, scalable 
approaches for early Alzheimer's disease detection [9–11].

Recent research has explored digitally captured handwriting and drawing as promising alternatives. 
Online handwriting features, including speed, hesitation, pen pressure, and trajectory irregularities can 
distinguish AD patients from healthy controls [1, 2, 5] with some studies achieving up to 0.918 AUC for 
differentiating mild cognitive impairment (MCI) due to AD from healthy individuals [6]. However, these 
approaches often rely on static summary metrics (e.g., mean speed, average pressure), small sample sizes, 
limited tasks, or controlled laboratory.

Why don’t they solve the problem? First, many studies summarize handwriting behavior using static 
metrics such as mean speed and average pressure, which removes the temporal dynamics inherent in the 
writing process [12]. Second, experiments are often limited by small sample sizes, limited device types, 
controlled laboratory settings rather than real-world conditions, and typically focus on a restricted set of 
tasks (e.g., drawing a clock or writing a sentence), which limits generalizability and scalability [7]. Third, 
although some research investigates online or digital handwriting, comprehensive multi-feature temporal 
modelling, capturing how writing dynamics evolve over time, how features interact and how trajectories 
might predict cognitive decline rather than merely classify a single timepoint remains largely unexplored 
[1, 2]. Finally, although advanced machine-learning models can achieve high diagnostic accuracy, their 
increasing complexity may create challenges for interpretation and clinical implementation [3].

The consequences of these gaps are substantial. In the absence of sensitive, scalable, and non-invasive 
screening tools, individuals at the early stages of cognitive decline may remain undetected until irreversible 
neuropathological damage occurred [4]. Such delays in detection hinder timely intervention, exacerbate 
healthcare system burdens and associated costs [9, 10], and highlight the need for accessible, non-invasive 
approaches capable of identifying Alzheimer's disease at earlier stages [11, 13, 14].

This study addresses the gaps by systematically modeling multi-feature temporal dynamics of 
handwriting, capturing stroke-by-stroke, and pause-by-pause evolution of kinematic, spatial, temporal, and 
pressure features. Our approach differs in three keyways: (1) fine-grained temporal segmentation of 
handwriting (individual strokes, in-air vs. on-surface movements, pause durations); (2) integration of 
multiple features into a rich behavioral fingerprint; and (3) interpretation focused on early detection of AD, 
including pre-clinical and MCI populations [2, 7]. Conceptually, our framework emphasizes motor-cognitive 
coupling, recognizing that distributed brain systems (motor, visuo-spatial, executive, memory) contribute 
to handwriting, and subtle impairments manifest in temporal dynamics.
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Unlike previous studies that rely on aggregated handwriting metrics, we examine stroke-by-stroke 
temporal dynamics, enabling finer resolution of motor-cognitive deficits. Integrating interpretable machine 
learning with these temporal features allows us to identify specific behavioral markers associated with 
early AD.

Specifically, this study aims to: (a) extract and quantify temporally resolved handwriting features 
during a standardized task; (b) construct and validate machine-learning models predicting AD risk; (c) 
identify features and temporal patterns most predictive of early cognitive advance understanding of 
handwriting as a digital biomarker, provide methodological innovation in temporal modeling, and support 
scalable, community-based screening for earlier therapeutic intervention.

Materials and methods
Data source

The handwriting data used in this study were obtained from the DARWIN (Diagnosis Alzheimer with 
Handwriting) dataset, which comprises handwriting recordings from 174 participants, including 
individuals with Alzheimer’s disease (AD) and cognitively healthy controls, as described by Cilia et al. [15, 
16]. Participants were recruited according to clinical and cognitive assessment criteria, including standard 
neuropsychological tests such as the Mini Mental State Examination, Frontal Assessment Battery (FAB), and 
Montreal Cognitive Assessment. Healthy controls were selected to match demographic and educational 
characteristics and were screened to exclude medications that could affect cognitive performance.

The experimental protocol includes 25 handwriting tasks performed on A4 sheets placed over a 
digitizing graphic tablet (Wacom Co., Ltd., Japan) which recorded pen position (x–y coordinates), pen 
pressure, timestamps, and in-air movements. The tasks were designed to evaluate different cognitive and 
motor functions and were arranged in increasing order of difficulty. The tasks include graphic drawing 
tasks (lines, circles, shapes), copy and reverse-copy tasks (letters, words, numbers), memory-based writing 
tasks, dictation tasks, functional writing tasks (e.g., postal order copying), the Clock Drawing Test, and 
paragraph copying. These tasks were designed to capture motor control, spatial organization, working 
memory, semantic processing, and motor planning abilities.

From the recorded tablet signals, stroke-level handwriting features were extracted. A stroke was 
defined as a continuous pen trajectory between a pen-down event and the subsequent pen-up event. From 
each stroke, temporal, kinematic, and pressure features were computed, including stroke duration, in-air 
time, velocity, acceleration, jerk, and pressure variability. These stroke-level features were subsequently 
aggregated and engineered to generate participant-level feature representations used for machine learning 
modeling.

While the original DARWIN dataset includes 25 tasks, not all tasks are equally discriminative for early 
Alzheimer’s detection. In this study, we focused on task-derived stroke-level features that were shown to be 
informative in prior work and aggregated these features from each task for subsequent analysis. The 
DARWIN dataset used in this study is publicly accessible via the UCI Machine Learning Repository [17].

The stroke-level data were then preprocessed, aggregated, and engineered to extract metrics such as 
in-air time, stroke speed, acceleration, jerk, and pressure variability. All experiments involving human 
subjects were conducted in accordance with the Declaration of Helsinki (2013). The original data collection 
received approval from the relevant institutional ethics committees, and all participants provided informed 
consent. Any limitations or unavailable details are explicitly acknowledged to support transparency and 
reproducibility. The dataset provides detailed stroke-level handwriting recordings.

Data preprocessing

For this study, sequential stroke-level features were analyzed and aggregated to capture temporal 
handwriting dynamics across writing sequences rather than task-specific performance alone. Stroke-level 
features provide higher temporal resolution and allow analysis of motor planning and execution dynamics 
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that may not be captured by aggregated task-level handwriting measures. To ensure data quality, we 
conducted the following steps:

Outlier handling

Stroke-level features were inspected for extreme values. Observations identified as extreme, but 
informative were retained, while others were winsorized to the 1st and 99th percentiles to mitigate undue 
influence. Negative values of in-air time reflect standardized (z-score normalized) feature values rather 
than raw time measurements. These values indicate deviations from the population mean rather than 
absolute time durations.

Long-format construction

Stroke-level features were extracted from all recorded strokes across the 25 handwriting tasks and 
reshaped into a long-format Data Frame to enable analysis of temporal dynamics across strokes for each 
participant. For temporal alignment and modeling consistency, a subset of sequential strokes (e.g., the first 
25 strokes per participant) was analyzed.

Feature aggregation

Baseline features were aggregated per participant using standard descriptive statistics. Aggregated features 
include in-air time, mean writing speed, pressure, and total pen lifts.

Feature engineering

Temporal features capture stroke-level variability, including in-air duration, stroke speed trends, and 
pressure dynamics, enabling high-resolution analysis of motor-cognitive behavior.

We derived two sets of features:

Enhanced aggregated features: Capturing stroke-level variability and dynamics, e.g., standard 
deviation of in-air time, trend of stroke speed, and jerk-pressure interactions.

•

Baseline Features: Conventional aggregated metrics (mean in-air time, mean speed, mean pressure, 
total pen lifts).

•

All continuous features were standardized using z-score normalization prior to analysis to ensure 
comparability across variables. Consequently, values presented in the analysis (e.g., in-air time) are 
expressed in standardized units, where negative values reflect observations below the population mean 
rather than physically negative time durations. Data processing was performed using Python (version 3.11) 
with the pandas (v2.1.0) and NumPy (v1.26.0) libraries.

Model development

Three classifiers were evaluated:

Logistic Regression (LR): Linear model for baseline comparison.1.

Support Vector Machine: Evaluated for non-linear decision boundaries.2.

Random Forest: Ensemble tree-based models used for feature importance analysis and comparison 
between baseline and temporal feature sets.

3.

To ensure robust and unbiased evaluation, all models were assessed using five-fold stratified cross-
validation. The dataset was split into five equally sized folds while preserving the proportion of AD and 
control participants in each fold. In each iteration, four folds were used for training and the remaining fold 
for testing. Performance metrics (accuracy, ROC-AUC, sensitivity, and specificity) were averaged across all 
folds and reported as mean values.

Evaluation metrics

Performance was quantified using standard classification metrics:
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Accuracy: Is the most used metric to evaluate the quality of a classification model. It measures the 
proportion of correctly classified cases (true positives (TP) and true negatives (TN)) relative to the total 
number of cases. However, this metric does not capture all aspects of classification performance. When the 
classes are imbalanced, accuracy may not provide a reliable assessment of the model’s effectiveness.

Sensitivity (recall for AD):

Accuracy = TP + TN
TP + TN + FP + FN

Specificity:

Sensitivity = TP
TP + FN

The (ROC-AUC) summarizes classifier performance across all thresholds, capturing how accurately AD 
cases can be distinguished from controls.

SHapley Additive exPlanations (SHAP) feature importance analysis

To interpret the model, SHAP was used to quantify each feature’s contribution to the RF predictions. SHAP 
values provide local and global interpretability, allowing identification of the most predictive handwriting 
features (e.g., in-air time variability, mean in-air time, pressure metrics) that drive the model toward AD 
classification.

Model comparison and validation

To evaluate the contribution of stroke-level temporal features, we compared a baseline model using four 
simple aggregated features with an advanced model incorporating 14 features, including temporal, 
kinematic, and pressure metrics. All models were evaluated using five-fold stratified cross-validation, 
preserving the proportion of AD and control participants in each fold. Performance metrics (accuracy, ROC-
AUC, sensitivity, and specificity) were averaged across folds and reported as mean ± standard deviation. An 
ablation comparison was performed to assess the added value of temporal features relative to baseline 
aggregated features.

Among the classifiers, SVM achieved the highest ROC-AUC and specificity and was designated as the 
primary model for reporting classification performance. Random Forest demonstrated balanced sensitivity 
and specificity and was used for feature importance and interpretability via SHAP analysis. Linear 
regression served as a baseline comparator.

Overview of the predictive pipeline

The overall study workflow is illustrated in Figure 1.

Results
This section presents the results from our investigation into handwriting-based digital biomarkers for early 
Alzheimer disease detection. We evaluated the performance of a Random Forest classifier trained on multi-
feature temporal dynamics and compared it against traditional approaches.

Model performance and comparative analysis

Model performance is summarized in Figure 2. Figure 2 compares the performance of three machine 
learning models LR, SVM, and RF trained on temporal and kinematic handwriting features to classify 
Alzheimer disease patients and healthy controls. Model evaluation was conducted using five-fold stratified 
cross-validation, and performance metrics (accuracy, ROC-AUC, sensitivity, and specificity) are reported as 
mean ± standard deviation across folds.

Across models, the Support Vector Machine achieved the highest overall performance, with the largest 
ROC-AUC (0.923) and highest accuracy (0.856), indicating strong discriminatory ability between Alzheimer 
disease patients and cognitively healthy controls. SVM also demonstrated the highest specificity (0.884), 
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Figure 1. Overview of the predictive pipeline. Stroke-level features were extracted from the DARWIN dataset, aggregated, 
and used in baseline (4 features) and advanced (14 features) models. Model evaluation metrics were assessed, followed by 
SHAP analysis to interpret feature Contribution.

suggesting a strong ability to correctly identify healthy individuals, while maintaining competitive 
sensitivity (0.830).

Random Forest exhibited robust and well-balanced performance (accuracy = 0.827; ROC-AUC = 0.912; 
sensitivity = 0.801; specificity = 0.853) and was additionally leveraged for feature importance analysis due 
to its capacity to capture nonlinear relationships and feature interactions. Logistic regression showed 
stable but comparatively lower performance (accuracy = 0.798; ROC-AUC = 0.899; sensitivity = 0.788; 
specificity = 0.808), supporting its role as a transparent baseline classifier.

All performance metrics are reported as mean values across five-fold stratified cross-validation, with 
error bars in Figure 2 representing standard deviation, reflecting variability across folds.

Temporal feature analysis using Random Forest

Figure 3 compare baseline (4 aggregated features) and advanced (14 features including temporal, 
kinematic, and pressure metrics) models using five-fold stratified cross-validation. Metrics are reported as 
mean ± standard deviation.
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Figure 2. Cross-validated performance comparison of Logistic Regression, SVM, and Random Forest. Bars represent 
mean values, and error bars indicate standard deviation across five-fold stratified cross-validation.

Figure 3. Cross-validated performance of Random Forest on baseline versus enhanced aggregate handwriting 
features. (A) Accuracy and (B) ROC-AUC are reported as mean ± standard deviation across five-fold stratified cross-validation. 
The enhanced feature set outperforms the baseline model, demonstrating the added discriminative value of richer stroke-level 
feature representations for early Alzheimer’s disease detection.

As shown in Figure 3, the advanced model outperformed the baseline across all evaluation metrics:

Baseline model: accuracy = 0.799 ± 0.040, ROC-AUC = 0.887 ± 0.051•

Advanced model: accuracy = 0.844 ± 0.055, ROC-AUC = 0.914 ± 0.041•
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This corresponds to an approximate 4.5% absolute improvement in accuracy and a 2.7% increase in 
ROC-AUC, demonstrating that incorporating richer stroke-level feature representations enhances 
predictive performance beyond simple aggregated measures.

Feature importance and key biomarkers

Analysis of feature importance using SHAP revealed that temporal dynamics of in-air movement dominated 
the predictive model. As shown in Figure 4, the mean and variability of in-air time, followed by pressure-
related metrics, were among the most predictive features for distinguishing Alzheimer’s disease patients 
from healthy controls. This indicates that early motor-cognitive deficits are primarily reflected in motor 
planning rather than execution.

Figure 4. Top predictive handwriting features for early Alzheimer’s detection based on Random Forest feature 
importance. In-air time variability and mean _in-air time and pressure metrics are among the most influential features.

The most important features were:

Mean in-air time (air_time_mean)1.

In-air time standard deviation (air_time_std)2.

Mean pressure (pressure_mean_mean)3.

Pressure variability (pressure_mean_std)4.

Minimum in-air time (air_time_min)5.

Temporal dynamics of handwriting features

Visualization of stroke-level temporal patterns (Figure 5) provides direct evidence of the behavioral 
manifestations underlying model performance. Participants with Alzheimer’s disease exhibited 
systematically prolonged and more variable in-air times, along with less stable on-paper speed, across 
sequential strokes. These fine-grained temporal patterns are not captured by aggregated metrics, 
supporting the utility of temporally resolved handwriting features.
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Figure 5. Distribution of stroke-level handwriting features across 25 sequential strokes for Alzheimer’s disease patients 
and healthy controls. Boxplots represent the interquartile range (25th–75th percentile), with median values indicated by 
horizontal lines. All features are standardized (z-scores). (A) In-air time shows greater variability and higher median values in 
Alzheimer’s disease, indicating motor planning deficits. (B) Writing speed distributions indicate reduced stability and increased 
variability in Alzheimer’s disease. (C) Pressure distribution shows comparatively minor differences in pressure variability 
between groups.

According to Figure 5, the Air time distribution (Figure 5A) demonstrates greater variability and higher 
median standardized values in the Alzheimer’s disease group compared to healthy, indicating consistent 
motor planning deficits. In the writing speed distribution (Figure 5B), Alzheimer’s disease group exhibits 
reduced stability and greater dispersion in on-paper speed, reflecting impaired motor execution. Pressure 
distribution (Figure 5C) was comparatively subtle but still contributed to group differentiation.

Model interpretability via SHAP analysis

SHAP analysis confirmed the dominant role of in-air time dynamics in Random Forest model decision 
process as shown in Figure 6. Features, with higher SHAP values consistently correspond to stroke with 
prolonged in-air times durations and greater pressure variability, providing an interpretable link between 
handwriting behavior and the model’s predictions for Alzheimer’s disease.

These results provide both validation of our feature importance results and clinical interpretability for 
the model’s decision-making process. The primacy of in-air time dynamics provides compelling evidence 
that motor planning deficits precede the execution of impairments in early Alzheimer’s pathology.

Discussion
The present study demonstrated that temporally resolved handwriting features show promising 
discriminative power for early Alzheimer’s detection compared with traditional aggregated metrics. SVM, 
used as the primary classifier, achieved high performance (ROC-AUC = 0.923; accuracy = 0.856), and 
provided interpretable feature importance rankings via SHAP analysis (AUC = 0.914), classified as excellent 
under standard diagnostic thresholds. Previous studies have also demonstrated the potential of digital 
handwriting biomarkers for community-based early Alzheimer’s screening [4]. This indicates that temporal 
dynamics, particularly stroke-level timing, in-air transitions, and pressure variability, capture subtle motor-
cognitive variations that may reflect early deficits not apparent in summary measures.

Consistent with the study objectives:

Objective (a): Extraction and quantification of temporally resolved handwriting features•

Stroke-level analyses (Figure 5) revealed systematically prolonged and more variable in-air times in 
participants with AD, suggesting potential differences in motor planning and execution. These temporally 
resolved features provide a richer behavioral fingerprint than aggregated metrics, but further validation in 
independent datasets is required.

Objective (b): Construction and validation of machine-learning models•
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Figure 6. SHAP summary plot showing the contribution of handwriting features to the Random Forest model’s 
classification of Alzheimer’s disease. Each point represents an individual sample, with color indicating the magnitude of the 
standardized feature value (blue = low, red = high, purple= midrange standardized feature value). Inair time mean and inair time 
variability show the strongest SHAP contributions, highlighting their dominant role in distinguishing Alzheimer’s disease from 
healthy controls.

Evaluation of LR, SVM, and RF models demonstrated robust performance within the DARWIN dataset. 
SVM served as the primary model for reporting classification metrics due to its highest ROC-AUC, while RF 
provided interpretable feature importance rankings, highlighting key predictive features such as in-air time 
variability and pressure metrics (Figures 2–4). LR served as a baseline comparator.

Objective (c): Identification of the most predictive features and temporal patterns•

SHAP analysis indicated that variability and mean values of in-air time were the dominant contributors 
to model decisions, followed by pressure metrics. Temporal visualizations supported these findings, 
showing prolonged and unstable in-air intervals across the writing sequence in participants with AD.

Objective (d): Assessment of longitudinal progression potential•

Stroke-by-stroke temporal trends (Figure 5) suggest systematic motor hesitation, characterized by 
prolonged and variable in-air times along with less stable on-paper speed. While these findings indicate 
potential for longitudinal monitoring, this study’s cross-sectional design prevents confirmation of 
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predictive utility for disease progression. Future longitudinal studies are needed to validate these temporal 
features as early indicators of cognitive decline.

Clinical interpretation of model-discriminative patterns

To further illustrate the clinical relevance of the SHAP findings, representative feature patterns were 
examined. Participants in the AD group consistently exhibited elevated in-air time variability (air_time_std), 
increased pressure variability (pressure_mean_std), and greater stroke duration variability, indicative of 
irregular motor execution. In contrast, non-AD participants showed lower in-air-time dispersion, more 
stable pressure profiles, and consistent stroke timing. These patterns align with disruptions in motor 
planning, visuomotor coordination, and fine motor control reported in early Alzheimer’s disease. Mapping 
model predictions to observable handwriting behaviors enhances the interpretability of our framework and 
supports its potential utility as a non-invasive digital motor biomarker.

Comparative and literature context

To place our findings in context, we compared our approach to recent studies using the DARWIN dataset 
and other handwriting-based AD detection methods (Table 1). While deep learning approaches such as 
Convolutional Neural Network, Long ShortTerm Memory networks, and hybrid transformers have achieved 
high accuracy and F1-scores, our study emphasizes interpretable machine learning with stroke-level 
temporal features. Unlike black-box deep learning models, our method provides direct insights into which 
handwriting dynamics contribute most to early AD detection, supporting both predictive performance and 
explainability.

Table 1. Performance comparison of recent DARWIN-based studies on early Alzheimer’s detection.

Study Dataset Features/Models Validation Performance
(accuracy/AUC)

Notes

Cilia et al., 2018 
[16]

Darwin 450 features, dimensionality 
reduction

Train/test 
split

Accuracy 
(N/A)/AUC/(N/A)

Identified in-air time as 
key

Demircioglu 
Diren, 2025 [1]

Darwin Dimensionality reduction + 
explainability techniques

CV Accuracy 
0.962/AUC(N/A)

High performance 
using feature selection

Kang et al., 2024 
[18]

Darwin Self-attention CV Accuracy 
0.943/AUC(N/A)

Outperformed CNNs

Gong et al., 
2025 [3]

Darwin Hybrid transformer CV Accuracy 
0.909/AUC(N/A)

Multimodal 2D + 1D 
features

Bazarbekov et 
al., 2026 [14]

Sensor-based 
Smart Pen 
dataset

Hybrid CNN-BiLSTM + Sim-
to-Real Domain Adaptation

Train/test 
split

Accuracy 0.91/AUC 
0.96

Deep learning, physics-
based augmentation

Current study Darwin 14 temporals + kinematic + 
pressure features, SVM/RF

5-fold CV Accuracy 
0.844/AUC 0.923

Interpretable, stroke-
level temporal analysis

Metrics were extracted from the original publications. Missing values are indicated as N/A. All numerical values are rounded to 
three decimal places for consistency. Bazarbekov et al. (2026) [14] used a proprietary Smart Pen dataset with sensor-based 
motion acquisition rather than the publicly available DARWIN dataset.

Neurocognitive interpretation of temporal writing dynamics

Prolonged and variable in-air times likely reflect disruptions in motor planning mediated by prefrontal 
cortex and associated prefrontal-parietal networks. Preservation of on-paper speed suggests that execution 
processes governed by primary motor areas remain relatively intact in early AD stages. This motor-
cognitive coupling deficit provides a mechanistic explanation for the observed temporal dynamics and 
supports handwriting as a non-invasive behavioral biomarker.

Generalizability

While the present study utilized the DARWIN dataset under controlled writing tasks, the results may 
generalize other handwriting tasks and digital devices. Future work should evaluate performance in real-
world settings, including home use on tablets or smartphones.
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Potential confounders

Potential confounders such as age, education, and comorbidities may influence handwriting patterns. The 
DARWIN dataset primarily includes stroke-level handwriting features and class labels but does not provide 
detailed demographic or clinical information. As a result, these factors were not explicitly controlled in the 
current analysis. Future studies should incorporate such participant characteristics to ensure that observed 
differences in handwriting dynamics are attributable to Alzheimer’s disease rather than demographic or 
health-related factors.

Limitations

Several limitations should be acknowledged. First, handwriting data were collected from the DARWIN 
dataset under standardized writing tasks, which may not fully reflect real-world writing behavior or 
generalize across different devices. Second, this study is cross-sectional; longitudinal follow-up is required 
to determine whether temporal handwriting features can reliably predict disease progression. Third, 
potential confounders such as age, education, and comorbidities were recorded but not explicitly controlled 
for. Finally, while the sample size is sufficient for exploratory analysis, generalizability across diverse 
populations remains to be established. Overall, the study should be considered an exploratory investigation 
highlighting methodological potential rather than providing definitive clinical conclusions. Overall, the 
study should be considered an exploratory investigation highlighting methodological potential rather than 
providing definitive clinical conclusions.

Practical implications and future directions

The integration of temporal dynamics with machine learning offers both high interpretability and practical 
utility. Random Forest analysis revealed key predictive features (mean and variability of in-air time and 
pressure), while SVM, the primary classifier, achieved high accuracy (0.856) and ROC-AUC (0.923), 
supporting its use for early AD detection. Future research should evaluate performance in larger, diverse 
cohorts, assess longitudinal prediction of disease progression, and explore integration with complementary 
digital biomarkers (e.g., speech, gait) to enhance early-stage detection. Evaluation across varied tasks, real-
world devices, and home-based settings will be essential to ensure clinical generalizability.
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