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Abstract

Early detection of dementia, particularly Alzheimer’s Disease (AD) and Mild Cognitive
Impairment (MCI), remains a significant challenge in healthcare. This dissertation inves-
tigates handwriting-based cognitive assessments as a viable alternative, leveraging off-line
(scanned images) and on-line (digitally captured) drawing tasks to enhance classification
accuracy through deep learning (DL), data augmentation, and transfer learning.
One of the central contributions of this work is the study of dataset size requirements
for AI-based dementia screening (The Magic Number), demonstrating that EfficientNet
achieves reliable performance with only half of the available data. These findings chal-
lenge the assumption that large-scale datasets are indispensable for robust screening.
Another key aspect involves a deep feature concatenation (DFC) framework (Better To-
gether), which integrates multiple handwriting sources—pentagon drawings, sentences,
and signatures—leading to a classification improvement from 60% (single-source) to 80%
(multi-source with augmentation).
A comparative assessment of drawing modalities (Blueprint of Tomorrow) establishes that
off-line handwriting analysis provides better results than on-line methods, with Efficient-
Net achieving 90% accuracy in binary classification. This investigation extends to two
studies focused on the House Drawing Test (HDT), where one examines off-line and on-
line representations independently, and the other introduces an approach that converts
and refines on-line data into off-line format. This method yields 82% accuracy (86%
AUC), reinforcing the suitability of static image-based models for automated analysis.
This investigation extends to two studies focused on the House Drawing Test (HDT),
where one examines off-line and on-line representations independently (Predicting Alzheimer’s
Disease and Mild Cognitive Impairment), and the other introduces an approach that con-
verts and refines on-line data into off-line format (Screening of Alzheimer’s Disease). The
latter achieves 82% accuracy (86% AUC), reinforcing the suitability of static image-based
models for automated analysis.
This dissertation also presents the first evaluation of data augmentation techniques for
handwriting-based dementia detection (Ink of Insight). The effects of augmentation
strategies are analyzed across classical machine learning (SVM, RF, k-NN) and DL ar-
chitectures, with EfficientNet achieving 87% accuracy (91% AUC). Further investiga-
tion (Efficient Automatic Data Augmentation) explores automated augmentation meth-
ods, demonstrating that non-learnable techniques (TrivialAugment, UniformAugment)
improve generalization by up to 15% with minimal computational demands.
These studies establish handwriting analysis as a scalable, non-invasive, and cost-effective
tool for dementia screening. By refining dataset requirements, exploring augmentation
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strategies, and integrating multiple handwriting sources, this research advances AI ap-
plications in neurodegenerative disease diagnostics and lays the groundwork for further
developments in computational healthcare.
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1.1 Introduction

Dementia is a complex clinical syndrome marked by a progressive decline in cognitive func-
tions, including memory, problem-solving, and language. This deterioration ultimately
affects an individual’s ability to carry out daily tasks and maintain independence [49, 12].
Among the various forms of dementia, Alzheimer’s disease (AD) is the most prevalent,
presenting significant medical, social, and economic challenges on a global scale [16]. As
life expectancy continues to increase, the number of people affected by AD is predicted to
grow exponentially, placing additional strain on healthcare systems and caregivers [27].
Rising life expectancy in the global population above 60 years of age, which continues
climbing without a clear limit, has introduced additional health challenges [24]. The
growing number of older adults correlates with an increased incidence of neurodegenera-
tive conditions, including AD and Parkinson’s disease (PD) [21], originally identified in
1907 by Alois Alzheimer [20]. These conditions involve amyloid plaques and tau-related
neurofibrillary tangles, as well as synaptic loss in the neocortex and limbic system. These
changes often begin before noticeable symptoms appear, affecting memory, visuospatial
skills, and other cognitive processes [47].
A related condition, Mild Cognitive Impairment (MCI), represents an intermediate stage
between normal aging and dementia [5]. Individuals diagnosed with MCI exhibit cognitive
deficits that exceed what is expected of their age and educational background, but do not
yet interfere significantly with their daily activities or autonomy [2]. Although some
individuals with MCI remain stable or regain normal cognitive function, a considerable
proportion eventually develop AD [41]. Therefore, identification and monitoring of MCI
are essential, as early intervention can help slow disease progression or allow patients and
families to prepare for future care needs [18].
Despite extensive research efforts, there is currently no definitive cure for AD, and avail-
able pharmacological treatments primarily focus on symptom management [6, 4]. As a
result, early detection has emerged as a crucial strategy, offering the potential to ex-
tend functional independence, improve treatment efficacy, and enhance overall quality of
life [13]. From a public health perspective, early diagnosis can also reduce long-term care
costs, optimize healthcare resource allocation, and mitigate the broader societal impact
of dementia care [49, 29].
The effectiveness of early detection depends on the availability of reliable, accessible, and
cost-effective methods, particularly in primary care settings and underserved communi-
ties [34]. Current diagnostic approaches typically involve clinical assessments, standard-
ized cognitive tests, neuroimaging, and biomarker analysis. While techniques such as
magnetic resonance imaging (MRI) and positron emission tomography (PET) provide
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valuable diagnostic insights, they are often expensive, invasive, and resource-intensive [7].
This highlights the need for alternative screening strategies that are noninvasive, eas-
ily deployable, and suitable for integration into routine clinical practice or community
settings [10].
Handwriting-based assessments, including drawing tasks, have gained increasing attention
in recent years due to their ability to assess multiple cognitive functions, such as visu-
ospatial processing, motor coordination, and executive function [8]. These assessments are
simple to administer and interpret, making them practical for both clinicians and patients.
Advances in technology now enable automatic analysis of handwriting data, providing ob-
jective and quantifiable metrics that can support clinical decision-making [35]. Detecting
cognitive impairments at an early stage creates opportunities for timely intervention, par-
ticipation in therapeutic trials, and improved long-term care planning, particularly in the
context of an aging population [52].
This dissertation investigates the potential of handwriting-based diagnostics for AD and
MCI. Through a series of studies, it examines advanced methodologies, including deep
feature concatenation, data augmentation, and dual-modal data integration. These ap-
proaches address key challenges in the field, such as small dataset sizes, variability in
handwriting features, and the need for robust diagnostic models. By incorporating both
offline and online handwriting data, this research enhances the diagnostic framework,
facilitating more comprehensive feature extraction, and improving classification accuracy.
The findings presented in this dissertation demonstrate that handwriting analysis, sup-
ported by Artificial Intelligence (AI), offers a promising approach to dementia diagnosis.
By providing a cost-effective, accessible, and non-invasive alternative to traditional assess-
ment methods, these advancements contribute to the development of early detection tools
that can be used in clinical and home-based environments. Beyond advancing scientific
understanding, this work presents practical applications for improving cognitive health
assessment on a global scale.

1.2 Related Work

Recent advancements in AI-driven tools for dementia diagnosis have prioritized the de-
velopment of non-invasive, scalable, and cost-effective cognitive assessment methods [1].
The Clock Drawing Test (CDT), Trail Making Test (TMT), and Pentagon Drawing Test
(PDT), long-standing neuropsychological assessments, have been central to automated
cognitive impairment detection due to their ability to evaluate multiple cognitive do-
mains with minimal patient burden [31]. AI-based tools analyzing CDT, PDT, and TMT
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have demonstrated high accuracy in detecting cognitive impairments and offer a promising
alternative to traditional paper-based tests [30].
The digitization of CDT tools has progressed significantly, with an emphasis on integrating
real-time feedback and deep learning for automated scoring [43]. Their study introduced
mCDT, a mobile application that leverages deep learning models such as U-Net and CNN
for qualitative scoring of CDT drawings. By utilizing mobile sensors, mCDT enables
real-time data capture and automated analysis of hand-drawn clock images, assessing
key parameters such as contour accuracy, number placement, clock hand positioning,
and spatial alignment. The system was validated using 159 CDT hand-drawn images
and tested on 219 subjects, achieving high sensitivity (89.33%), specificity (92.68%), and
precision (98.15%) in differentiating normal and impaired cognitive performance. Their
findings highlight the potential of mobile-based CDT assessments in reducing reliance on
subjective manual scoring while improving accessibility to cognitive screening in clinical
and community settings. The integration of mobile sensors and AI-driven analysis marks
a significant step toward scalable, cost-effective, and real-time cognitive assessment tools
that can be deployed beyond traditional clinical environments.
Kuok et al. (2024) developed a mobile application that digitizes the CDT for automated
data capture and classification of cognitive impairment. The system employs CoreML
and Vision Frameworks to process drawings on iPads, addressing errors related to con-
ceptual deficits, spatial planning, and stimulus-bound responses. By automating CDT
scoring, the application reduces subjectivity and improves accessibility for clinical use.
The study demonstrates the potential of digital CDT assessments but identifies dataset
size as a limitation. The manually curated dataset consists of 52 normal and 63 ab-
normal clock drawings, categorized into "Pass" and "Fail" classes. Data augmentation
techniques, including noise addition, blurring, cropping, and rotation, were applied to
mitigate overfitting. Despite achieving a validation accuracy of 86.7% and test accuracy
of 81%, broader dataset diversity remains necessary for improving model performance.
The model was tested on clinically validated drawings and classified common error types
with confidence scores ranging from 75% to 100%. While the findings indicate promise
for cognitive impairment screening, larger datasets and further evaluation of real-world
usability are needed. The study contributes to the development of digital tools for early
dementia detection, highlighting challenges related to model generalization and clinical
integration [33].
Similarly, Prange et al. (2021) introduced an automated cognitive assessment tool for
the TMT, utilizing digital pen input to capture dynamic pen features [45]. Their system
measured completion time and generated structured reports detailing errors, ensuring
transparent and interpretable results. Evaluated with 40 elderly participants, the system
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demonstrated high concordance with manual assessments, reinforcing the role of auto-
mated methods in enhancing reliability and transparency in cognitive test evaluations.
The use of digital pens further enhances objectivity and standardization, addressing com-
mon errors associated with human scoring biases [23]. Unlike traditional paper-based
assessments, digital pen technology allows real-time analysis of task execution, provid-
ing clinicians with quantifiable metrics such as stroke velocity, pen pressure, hesitation
time, and corrective movements. These features improve diagnostic accuracy and facil-
itate the early detection of cognitive decline by revealing subtle impairments that may
be overlooked in manual scoring. Furthermore, automated scoring systems integrated
with digital pens ensure greater reproducibility and transparency, allowing for remote
assessments and integration into large-scale screening programs [38].
Handwriting analysis has emerged as a promising method for early AD detection, lever-
aging the interconnection between cognitive and motor functions [50]. Mitra and Rehman
(2024) introduced an ensemble Machine Learning (ML) model for AD detection us-
ing handwriting kinetics. Their approach, applied to the DARWIN dataset containing
handwriting data from 174 individuals (89 AD patients, 85 healthy participants), em-
ployed stacking techniques to integrate multiple classifiers. The model achieved 97.14%
accuracy, 95% sensitivity, and 97.5% area under the receiver operating characteristic
curve (AUC), surpassing existing methods. This study reinforces the clinical potential of
machine learning-based handwriting analysis as a non-invasive and cost-effective diagnos-
tic tool [40].
Deep Learning (DL) has further advanced CDT analysis. Chen et al. (2020) [11] developed
a CNN-based CDT scoring system, achieving high diagnostic accuracy while addressing
variability in patient drawings. Chan et al. (2021) emphasized the benefits of combining
digital and traditional CDT approaches, demonstrating that CNN-based analyses can
match or exceed traditional clinical assessments in sensitivity and specificity [9].
Park et al. (2024) explored CNNs for distinguishing MCI from healthy controls using
CDT images. Their study, involving 177 CDT images (103 healthy controls, 74 a-MCI
patients), applied preprocessing and data augmentation techniques. Their CNN model
achieved an accuracy of 88.7% and an AUC of 0.886, outperforming the Korean version of
the Korean version of the Montreal Cognitive Assessment (MoCA-K). Grad-CAM visu-
alizations indicated that the model focused on key features such as clock letter placement
and hand positions, validating its interpretability and clinical relevance. This research
demonstrates the feasibility of CNN-based CDT analysis as a reliable MCI screening
tool [44].
Beyond CDT and TMT, DL has benefited other drawing-based cognitive assessments. Li
et al. (2021) developed a deep learning framework for PDT scoring, assessing visuospa-
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tial function. Their study utilized 823 PDT images, implementing two CNN-based ap-
proaches: supervised transfer learning with Inception-V3 and an object detection method
using YOLOv5m. The object detection approach significantly outperformed classification-
based methods, achieving 93.8% accuracy and an AUROC of 0.954. By improving scoring
efficiency and reliability, this work demonstrates the applicability of CNN architectures
in the automation of cognitive tests [36].
The digitization of handwriting assessments has enhanced diagnostic precision by cap-
turing temporal and kinematic data. Studies by Souillard-Mandar et al. (2015)[48] and
Davoudi et al. (2021)[14] demonstrated the effectiveness of digital CDT systems in differ-
entiating AD from MCI using stroke dynamics and pen pressure. However, these systems
often require specialized hardware, limiting accessibility. Kuok et al. (2024) [33] addressed
this challenge by developing a CDT system for consumer-grade tablets, reducing depen-
dency on proprietary medical devices. Despite this advancement, dataset limitations and
concerns over model generalizability persist.
To improve scalability, Impedovo et al. (2019) proposed a framework that integrates
digital and pen-and-paper methods while maintaining diagnostic reliability [26]. Their
approach combines handwriting tasks with digitized cognitive assessments, facilitating
broader clinical adoption. By analyzing kinematic features such as movement speed, pen
pressure, and in-air time, their study involving over 100 participants demonstrated that
handwriting-based screening could effectively distinguish between healthy individuals and
those with MCI. The results support the development of scalable handwriting protocols
that incorporate both conventional and digital methods, ensuring accessibility while pre-
serving continuity with established neurological evaluation standards.
Prange et al. (2021) advanced this field by developing an automatic scoring system for the
TMT that applies digital pen technology to cognitive assessment [45]. The TMT, widely
used to assess executive functioning and processing speed, is typically scored manually
with a stopwatch, introducing variability. Their system not only measures total com-
pletion time but also captures pen movement patterns, including spatial accuracy, pen
pressure, and in-air time. By incorporating a digital pen with the standard paper-based
TMT, the system aligns with existing clinical protocols while allowing for automated
feature extraction. The analysis detects errors such as missed connections, incorrect
sequences, and prolonged pauses, generating structured reports that provide clinicians
with both quantitative metrics and visual representations of patient performance. In an
evaluation involving 40 elderly participants, the system showed strong agreement with
manual scoring while also identifying patterns of cognitive decline through error analy-
sis. The study confirmed the relevance of in-air movement analysis, aligning with prior
handwriting-based screening research. The inclusion of explainability features also mit-
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igates concerns associated with black-box machine learning models, offering clinicians
greater transparency in decision-making. The ability to provide real-time feedback and
structured digital records enhances the practicality of this approach in clinical settings,
supporting more standardized and widely accessible cognitive assessments.
Multi-task learning methods have been applied to cognitive screening to improve diag-
nostic accuracy. Qi et al. (2024) examined the combination of handwriting-based stroke
features with gait analysis for AD detection, reporting a classification accuracy of 96.17%.
Their results surpassed models that relied solely on handwriting or gait assessments, sug-
gesting that integrating fine motor and motor coordination features provides a more com-
prehensive representation of cognitive decline. The study identified handwriting pressure,
stroke kinematics, and gait stability as predictive markers for early-stage AD [46].
Fan et al. (2024) expanded on this approach by introducing a multi-target, multi-task
learning model aimed at predicting AD progression through correlated cognitive scores.
Their method incorporated assessments such as the Clinical Dementia Rating (CDR) and
Mini-Mental State Examination (MMSE) to capture the interrelations between cognitive
domains. Unlike machine learning models designed for a single cognitive metric, this
framework considered latent connections among neuropsychological scores, which led to
improved predictive performance [17].
Liu et al. (2024) further explored multi-task learning by developing a feature-sharing deep
learning model for AD classification and MMSE score estimation. Their study, published
in Big Data Mining and Analytics, demonstrated that jointly modeling diagnostic classi-
fication and cognitive score prediction improves accuracy and clinical relevance [37]. By
incorporating structured feature-sharing modules, their model effectively captured cross-
task dependencies, achieving leading performance across multiple AD-related datasets.
These findings highlight the role of deep learning in refining neurodegenerative disease
assessment by leveraging shared representations across related tasks.

1.2.1 Off-line vs. On-line Data

A fundamental distinction in handwriting-based data collection concerns whether the
drawn content is captured as a static image (off-line) or recorded in real time (on-line),
preserving each stroke’s dynamic properties. These two modalities offer distinct advan-
tages and limitations in clinical applications. Off-line handwriting analysis, typically
based on scanned images, provides a stable format that is easily stored and processed.
However, it does not include temporal and kinematic details, which are essential for as-
sessing fine motor function [15]. In contrast, on-line handwriting captures stroke timing,
velocity, and pen pressure, allowing for a more detailed evaluation of cognitive and neu-
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romotor function. Efforts to bridge the gap between these approaches have led to the
development of techniques to reconstruct on-line handwriting trajectories from off-line
images, expanding the diagnostic potential of handwriting-based assessments [51].
Off-line data refers to static images of handwriting tasks, typically obtained from paper-
and-pencil assessments that are later digitized by scanning or photographing [15]. This
approach is widely used in clinical settings due to its simplicity and accessibility. Tra-
ditional pen-and-paper tests do not require specialized equipment, making them easy to
administer and familiar to both clinicians and patients [39]. Furthermore, off-line hand-
writing analysis is cost-effective as it does not depend on digital devices or real-time
tracking sensors, making it particularly suitable for resource-constrained environments.
Scanned or photographed images can also be processed using standard image analysis
techniques, enabling the application of deep learning models such as Convolutional Neu-
ral Networks (CNNs) to identify spatial patterns associated with cognitive decline [42].
Despite these advantages, offline handwriting analysis has notable limitations. The ab-
sence of temporal and kinematic data prevents the capture of stroke order, writing speed,
and pen pressure—key indicators of fine motor control and cognitive function [15]. In ad-
dition, scanned images can introduce noise and artifacts, including shadows, distortions,
and extraneous markings, which can hinder the accurate extraction of features and reduce
classification accuracy [22]. Recent research has attempted to recover stroke dynamics
from offline handwriting images, but these methods remain limited in capturing real-time
neuromotor features [3].
On-line data collection, in contrast, captures the dynamic aspects of handwriting in real-
time using digital devices equipped with sensors [32]. This modality provides richer in-
formation by tracking stroke velocity, hesitations, pressure, and movement sequences, of-
fering deeper insights into neuromotor function. Studies have demonstrated that on-line
handwriting metrics are valuable in distinguishing cognitive impairments, as patients with
MCI and AD often exhibit slower writing speeds and increased hesitation compared to
healthy individuals [19, 32]. Furthermore, on-line handwriting analysis supports real-time
feedback, allowing clinicians to observe and adjust assessments during data collection [52].
Despite its advantages, on-line handwriting analysis presents challenges in clinical im-
plementation. The requirement for specialized hardware, such as digitizing tablets or
sensor-equipped pens, increases both cost and logistical complexity [25]. Moreover, older
individuals or those with limited experience using digital devices may require training
before they can effectively complete handwriting tasks in a digital format [28].
Díaz et al. (2019) [15] introduced a method for embedding temporal and velocity-based
features into static handwriting representations, demonstrating that "dynamically en-
hanced" off-line images can improve classification performance in PD detection. Their
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approach retained critical dynamic features by plotting discrete points instead of linking
strokes, allowing speed variations to be visualized within a single static representation.
The inclusion of pen-up movements further contributed to identifying neuromotor control
deficits in PD patients. Their findings indicated that this hybrid representation performed
better than models relying solely on either static or dynamic handwriting features, rein-
forcing the value of incorporating kinematic information into off-line handwriting analysis.
Building on this approach, Xiong et al. (2023) [51] developed a deep learning framework
for reconstructing handwriting trajectories from static character images, addressing the
inherent limitations of off-line handwriting analysis. Their model employed an encoder-
decoder structure with two prediction streams: one dedicated to reconstructing stroke
sequences as discrete point trajectories and another generating frame-based motion rep-
resentations. A sequence consistency module was introduced to synchronize both streams
during training, allowing the model to capture complementary spatial and temporal char-
acteristics. Experimental evaluations demonstrated that this method produced handwrit-
ing trajectories closely resembling real on-line data. These results suggest that recovering
dynamic features from static handwriting could extend the scope of handwriting-based
cognitive and motor assessments. This advancement holds significance for neurodegenera-
tive disease diagnosis, particularly in settings where real-time handwriting data collection
may not be feasible, yet kinematic features remain essential for early-stage detection.

1.3 Key Scientific Contributions
This section summarizes the key publications included in the thesis, highlighting the goals,
methods, results, and overall relevance of each article to the field.

1. Paper 1: “Better Together: Combining Different Handwriting Input Sources Im-
proves Dementia Screening.”

• Aim & Significance: This study examines the impact of integrating multi-
ple handwriting tasks—including pentagon drawings, sentences, and signa-
tures—on the early detection of AD. The research aims to assess whether
diverse input sources enhance diagnostic accuracy and mitigate data limita-
tions.

• Methods: A deep feature concatenation (DFC) approach is introduced that
merges feature vectors from CNN-based submodels. The models include a cus-
tom CNN alongside state-of-the-art architectures (e.g., EfficientNet, ResNet,
DenseNet).
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• Results: The model achieved an 80% classification accuracy, revealing a 20-
point improvement after augmenting smaller subsets of scanned handwriting
data.

• Impact: The findings underscore the potential of multi-source handwriting
analysis in dementia screening, providing a cost-effective, non-invasive diag-
nostic tool. This approach reduces the reliance on single-task assessments,
offering a more holistic evaluation of cognitive decline

2. Paper 2: “The Magic Number: Impact of Sample Size for Dementia Screening
Using Transfer Learning and Data Augmentation of Clock Drawing Test Images.”

• Aim & Significance: This study systematically investigates the impact of vary-
ing sample sizes on classification performance in AD detection using CDT
images.

• Methods: A learning curve analysis was conducted on pre-trained CNN models,
including VGG-16, ResNet-152, and DenseNet-121. The study explores the
effects of training with different proportions of the dataset, both with and
without data augmentation (DA), to evaluate the feasibility of using smaller
datasets without significantly compromising model performance.

• Results: Findings indicate that approximately 50–75% of the dataset is suffi-
cient to achieve near-peak accuracy for AD classification tasks. The DenseNet-
121 model, in particular, demonstrated robust performance, reaching competi-
tive accuracy levels with as little as 50% of the data. While binary classification
(healthy vs. patient) reaches optimal accuracy with 50% of the dataset, multi-
class classification (six AD severity stages) requires around 75% for comparable
results.

• Impact: This study provides empirical guidelines on the minimum data re-
quirements for effective AD screening using DL models, making it particularly
valuable for clinical settings where data collection is challenging. The work un-
derscores the feasibility of using smaller datasets for dementia screening while
maintaining high classification accuracy, thus facilitating broader adoption of
AI-driven diagnostic tools in healthcare.

3. Paper 3: “Ink of Insight: Data Augmentation for Dementia Screening Through
Handwriting Analysis.”

• Aim & Significance: This research focuses exclusively on the design and effect
of augmentation techniques for analyzing a small set of PDT with CNN.
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• Methods: A benchmark analysis was conducted using standard geometric
transformations (flipping, rotation, and translation) with different intensity
levels. The study compares the effects of augmentation on both classic ML
models (Support Vector Machine (SVM), random forest (RF), k-nearest neigh-
bors (k-NN)) and state-of-the-art CNN architectures (VGG-16, ResNet-152,
DenseNet-121, EfficientNet, and a custom CNN).

• Results: The application of validated augmentation techniques led to a classifi-
cation accuracy improvement of approximately 10–30% in distinguishing mild
AD from healthy controls. Among the tested models, EfficientNet achieved the
highest accuracy of 87% and an AUC of 91% in binary classification, while mul-
ticlass classification (healthy, mild AD, moderate AD) reached 76% accuracy
and 77% AUC.

• Impact: The findings highlight that selective transformations (e.g., ignor-
ing color-based manipulations) can enhance performance in clinically relevant
tasks.

4. Paper 4: “Predicting Alzheimer’s Disease and Mild Cognitive Impairment with
Off-line and On-line House Drawing Tests.”

• Aim & Significance: This study introduces our new dataset capturing House
Drawing Test (HDT) in both scanned images (off-line) and digitized pen strokes
(on-line) for AD screening.

• Methods: Compares CNNs models for images vs. Recurrent Neural Networks
(RNNs) models for sequences, with different augmentation strategies.

• Results: The findings show that RNNs outperform CNNs in multi-class clas-
sification (distinguishing AD, MCI, and healthy participants), whereas CNNs
perform better in binary classification tasks.

• Impact: The study demonstrates the complementary nature of off-line and on-
line handwriting data and provides insights into optimal classification strategies
for different diagnostic settings.

5. Paper 5: “Screening of Alzheimer’s Disease and Mild Cognitive Impairment Through
Integrated On-line and Off-line House Drawing Tests.”

• Aim & Significance: Continues exploring house drawing tasks, but investi-
gates a pipeline that merges the dynamic and static data representations for
improved detection.



12 Introduction and Related Work

• Methods: The approach uses CNNs for off-line images and RNNs for on-
line stroke data. Data augmentation techniques, including standard geometric
transformations and the All Variability Chain (AVC), were applied.

• Results: The combination of on-line and off-line handwriting data improved
classification performance compared to using either data type alone, with a 10%
increase in multi-class classification accuracy. The BiGRU model achieved the
best results for on-line data, while EfficientNet showed the highest accuracy
for off-line images.

• Impact: The findings suggest that using both handwriting data formats to-
gether enhances cognitive impairment detection. This study supports the de-
velopment of clinical tools that capture both real-time stroke patterns and
static handwriting details to improve early diagnosis of AD and MCI.

6. Paper 6: “Blueprint of Tomorrow: Contrasting Off-line and On-line Drawing Tasks
for Alzheimer’s Disease Screening.”

• Aim & Significance: More in-depth analysis of the advantages and disadvan-
tages of on-line vs. off-line data collection.

• Methods: Studies both clock drawing and pentagon drawing tasks, each cap-
tured off-line or on-line, and compares classification performance under identi-
cal conditions.

• Results: The analysis indicates that off-line images of clock and pentagon
drawings outperform their on-line counterparts, particularly in tasks requiring
the differentiation of mild and moderate AD cases. EfficientNet achieved the
best results, with 90% accuracy in binary classification and 82% accuracy in
multi-class classification. The on-line models, particularly RNNs, struggled
with the small dataset and the inherent variability of stroke patterns.

• Impact: The results emphasize the potential of simple, image-based models
for clinical applications, especially when datasets are small and variability in
stroke dynamics is high.

7. Paper 7: “Efficient Automatic Data Augmentation of CDT Images to Support
Cognitive Screening.”

• Aim & Significance: Explores new “automatic” data augmentation (AutoDA)
algorithms (e.g., RandAugment (RA), TrivialAugment (TA), UniformAugment
(UA)), comparing them to classical/manual augmentation on multiple CDT
benchmarks.
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• Methods: Evaluates the computational overhead, classification accuracy, and
AUC under different training conditions using state-of-the-art CNN architec-
tures.

• Results: The findings show that non-learnable augmentation methods (TA
and UA) perform as well as or better than RA in many cases, particularly on
smaller datasets. The best-performing setup, TA with EfficientNet, improved
classification accuracy by up to 15% compared to the baseline (no augmenta-
tion). TA and UA consistently boosted model performance across all datasets,
while RA demonstrated inconsistent gains and higher computational costs.

• Impact: The study highlights that simple, non-learnable AutoDA methods can
effectively improve the accuracy and generalization of clinical models without
computationally intensive policy learning.

1.4 Summary and Thesis Organization
This introduction has provided a rationale for focusing on handwriting-based AD screen-
ing, highlighted the gaps in the current literature, and explained how each paper in this
cumulative thesis addresses these critical issues. The broad approach applies advanced
DL methods and curated data augmentation, with an emphasis on small-scale clinically
relevant data.
The subsequent chapters delve into each research direction in detail. Figure 1.1 presents
an overview of the thesis structure, highlighting the key topics explored:

• Chapter 2 (Deep Learning with Small Data): This chapter analyzes the impact of
sample size on CNN models using the CDT dataset, emphasizing that larger datasets
lead to better model performance. Given the limitations of small datasets, the
chapter explores the combination of different handwriting input sources to enhance
classification accuracy. Papers:

1. HealthCom’23: The Magic Number: Impact of Sample Size for Dementia
Screening Using Transfer Learning and Data Augmentation of Clock Draw-
ing Test Images

2. eScience’23: Better Together: Combining Different Handwriting Input Sources
Improves Dementia Screening

• Chapter 3 (On-line and Off-line Handwriting): This chapter investigates the use of
both off-line and on-line handwriting data for AD screening. It compares the effec-
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tiveness of these modalities and reveals that off-line data consistently outperforms
on-line data for small-scale datasets. Papers:

1. IDEAL’24: Blueprint of Tomorrow: Contrasting Off-line and On-line Drawing
Tasks for Alzheimer’s Disease Screening

2. AC’24: Screening of Alzheimer’s Disease and Mild Cognitive Impairment through
Integrated On-line and Off-line House Drawing Tests

3. eScience’24: Predicting Alzheimer’s Disease and Mild Cognitive Impairment
with Off-line and On-line House Drawing Tests

• Chapter 4 (Data Augmentation): This chapter focuses on practical and affordable
data augmentation techniques to improve model performance in clinical settings.
Non-learnable methods like TA and UA are highlighted for their effectiveness in
addressing small, imbalanced datasets. Papers:

1. ICHMI’24: Ink of Insight: Data Augmentation for Dementia Screening through
Deep Learning

2. ICAART’25: Efficient Automatic Data Augmentation of CDT Images to Sup-
port Cognitive Screening

Figure 1.1: Structural outline of the thesis, highlighting the key topics and corresponding
published works.
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The concluding chapter (Chapter 5) offer cross-paper reflections, unify the distinct find-
ings into a coherent perspective, and propose an outlook on the future of digital and
AI-assisted medicine.
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2 Deep Learning with Small Data

Dementia screening, particularly in the early identification of ADs, faces two significant
challenges. The first challenge is the reliance of DL models on extensive data collections, a
demand that is rarely met in clinical settings due to the logistical and financial constraints
involved in acquiring and annotating drawing tasks. The second challenge concerns the
predominant focus on single-source handwriting assessments, leaving unexplored the po-
tential benefits of incorporating a variety of handwriting samples.
The HealthCom’23 study examines the interplay between dataset size and model perfor-
mance in the context of dementia screening using CDT images. A systematic evaluation
of convolutional neural networks on this task reveals that model performance attains a
plateau beyond a certain data threshold. This result indicates that, when paired with
appropriate image modification techniques and precise parameter tuning, DL models can
yield dependable outcomes even in data-scarce conditions.
In contrast, the eScience’23 study addresses the scarcity of data by merging multi-
ple handwriting sources—including pentagon drawings, personal sentences, and signa-
tures—through a method that concatenates features extracted from different neural net-
work architectures. This approach aims to capture a more complete profile of cognitive
function by integrating heterogeneous handwriting inputs. Empirical results demonstrate
that the fusion of these varied sources, in combination with specialized image processing
procedures, enhances classification performance and alleviates the limitations inherent in
small sample sizes.
Collectively, these investigations reveal an important gap in current research on computer-
aided dementia detection. They illustrate that DL models in this domain may operate
effectively without vast data repositories and that a diversified approach to handwriting
analysis can improve the discriminative capacity of diagnostic systems. This work es-
tablishes a basis for developing clinically pertinent screening tools, thereby refining early
intervention strategies in dementia care.
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2.1 The Magic Number: Impact of Sample Size for
Dementia Screening Using Transfer Learning and
Data Augmentation of Clock Drawing Test Images

Abstract†

Dementia is a disease characterized by memory impairment and a gradual disability in per-
forming daily activities. Automated screening for early detection of dementia can lead to more
adequate and timely treatment. Our work focuses on predicting various stages of dementia
severity using pre-trained Deep Learning (DL) models and a public Clock Drawing Test (CDT)
dataset. However, the relationship between sample size and model performance is not yet well
understood. This may lead to an overreliance on a large number of samples for model training,
which may eventually deter reliable outcomes. We found that the classification performance of
DL models tends to plateau once a certain number of samples is reached, therefore, it is possible
to work on a small data regime with DL models in this task. This research not only advances
the field of medical image analysis for dementia screening but also offers broader implications for
DL applications in healthcare. Ultimately, the understanding of how sample size affects model
performance can guide future research and support more intelligent and efficient utilization of
DL models in addressing complex health-related challenges.

Intex Terms
Sample size estimation; Clock Drawing Test; Deep Learning; Alzheimer’s disease

2.2 Introduction
Dementia is a progressive neurological disorder that causes memory loss and cognitive
decline, critically impairing an individual’s ability to perform daily activities. The preva-
lence of dementia is increasing, with Alzheimer’s disease (AD) being identified as the
most common form, accounting for the majority of cases [27]. Despite substantial re-
search progress, a cure for dementia continues to remain out of reach, highlighting the
need for research and development of innovative interventions [27]. The impact of this

†N. Hosseini-Kivanani, C. Schommer, and L. A. Leiva, “The Magic Number: Impact of Sample
Size for Dementia Screening Using Transfer Learning and Data Augmentation of Clock Drawing Test
Images,” in Proceedings of the 2023 IEEE International Conference on E-health Networking, Applica-
tions and Services (Healthcom’23), 2023, pp. 101–106. DOI: 10.1109/Healthcom56612.2023.10472399

https://doi.org/10.1109/Healthcom56612.2023.10472399
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disease extends beyond the affected individuals, including their families, caregivers, and
healthcare systems. According to current estimates, the global cost of dementia reaches
one trillion dollars annually and is expected to increase in the future [2].
Detecting dementia typically requires a variety of cognitive tests for neuropsychologi-
cal impairment [21], among which the Clock Drawing Test (CDT) is a widely used
tool. Specifically for the study of AD, the CDT has demonstrated a high diagnostic
efficiency [23, 26], especially among the elderly [7, 22]. It assesses the cognitive health of
patients through a simple yet revealing task: drawing a clock set to a specific time (usu-
ally ten minutes after eleven). The simplicity, non-invasiveness, and intuitiveness of this
test make it an accessible tool for assessing cognitive health across diverse populations,
including those with limited literacy or physical disabilities.
The evaluation of CDT images involves analyzing the quality of the drawings, specifically
the positioning of the numbers and the clock hands. Clinicians use different scoring sys-
tems for their assessments, which help determine the severity or progression of dementia.
In this paper, we rely on the well-established Shulman six-point scale [32] to classify CDT
images with Deep Learning (DL) models.
Recently, significant advancements have been made with regard to the analysis and inter-
pretation of CDT images. Jimenez-Mesa et al. [20] introduced a computer-aided diagnosis
system based on DL for automated diagnosis. Similarly, [30] developed a deep neural net-
work (DNN) model using 40000 CDT drawings. Their model achieved an accuracy of
90% in binary classification (impaired vs. control participants), and up to 77% accuracy
in identifying individuals with probable dementia. Nevertheless, their research primarily
centered on the binary classification problem. In another study by [39], a DNN-based
prediction model was designed to detect cognitive decline, effectively distinguishing be-
tween cognitively impaired and control participants. All these previous works aimed at
automating the scoring process for CDT images, specifically targeting their use for screen-
ing purposes, and mostly focusing on binary classification tasks.
A current limitation of the state of the art, as discussed in the next section, is the lack
of systematic and comprehensive understanding of the optimal sample size required for
DL models, particularly in the context of dementia diagnosis, and the absence of focused
studies on the nuanced effects of varying sample sizes on model performance. This is
important because it is often assumed that DL requires a large number of samples for
model training. At the same time, collecting and labeling CDT images is time-consuming.
Therefore, it would be a quite feat if DL models could provide reliable outcomes with small
data.
This work concentrates on optimizing the sample size used for DL model training with
CDT images. By exploring various sample sizes and their effects on model performance,
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we aim to improve the efficiency and effectiveness of diagnostic processes for dementia.
Our findings shed light on the important topic of sample size in DL model performance,
providing a practical roadmap for researchers, clinicians, and practitioners dealing with
limited data availability.

2.3 Related Work

The growing body of research supports the potential of DL models for early and accurate
dementia detection, facilitating more timely and effective treatment for patients [4]. For
example, previous work has shown promise in the diagnosis of neurological disorders [24]
and the prediction of early-stage dementia [5].
Recent research proposed the use of automatic scoring systems as alternatives to tradi-
tional manual evaluation techniques [3, 12]. Notably, Chen et al. [12] aimed to automate
the CDT scoring process using DL models, reporting an accuracy of 96.65% for binary clas-
sification and 72.2% for multi-class classification based on the six-point Shulman scale [32],
which categorizes drawings from perfect clock representations to those that are severely
disorganized and unidentifiable as clocks (see Figure 2.2).
However, the process of collecting a large quantity of high-quality data for DL models
is both time-consuming and expensive. This represents a significant challenge, especially
in medical research where data collection involves strict ethical regulations and privacy
concerns [35]. Nonetheless, the relationship between sample size and DL performance is
poorly understood. While larger datasets can potentially lead to improved model per-
formance, the results are not guaranteed. Therefore, determining an appropriate sample
size is vital, as it significantly affects the robustness, reliability, and generalizability of a
model’s predictions.
Knowing the adequate amount of training data is essential [35], but few studies have
systematically evaluated the impact of sample size on model accuracy [6]. Althnian et
al. [1] showed that smaller sample sizes when combined with careful feature selection,
can enhance the performance of machine learning (ML) classifiers. This lack of a clear
rule emphasizes the need for further research on how the quantity of data influences the
performance of ML models in the medical field. Our study aims to contribute to this
ongoing topic, examining the influence of data size on the effectiveness of DL models in
dementia diagnosis.
Several studies have investigated the impacts of dataset size on the classification perfor-
mance in the medical domain [6, 34]. For example, Varma and Simon [36] used a dataset
comprising only 40 samples and examined the performance of models using two different
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Cross-validation (CV) approaches for data selection. Their study primarily focused on
the choice of validation method. In contrast, Combrisson et al. [14] varied the sample
size and used K-fold CV exclusively. Their study reported that with smaller sample sizes,
classification accuracy was above the chance level 62.5% with the p-value < .05 (in a
2-class or 4-class classification problem). In another study in the medical domain, Alth-
nian et al. [1] prepared three subsets of different sizes and employed a range of metrics
to compare the performance of six classic ML models. They concluded that a set of
10 features and a smaller amount of data could enhance the performance of classifiers.
Meanwhile, Han et al. [16] took a slightly different approach and investigated the optimal
number of feature sets using a random forest classifier. They suggested that optimal data
can vary from one dataset to another if no specific pattern is defined. Hence, to address
this, they proposed using an out-of-bag error and ‘SearchSize’ exploration, leading to an
improvement in accuracy.
Finally, various studies have tackled the challenge of small datasets by augmenting training
sets; see e.g. [11]. However, most of this research has predominantly focused on increasing
the data size, with little attention given to examining the impact of the sample size on
performance. Mostly, existing research has concentrated on the extent to which the
dataset size can affect the classification performance in different domains (e.g., [8, 40]).
In sum, this paper addresses a gap in the current research on using DL models in the
clinical domain, in particular for dementia diagnosis. The paper investigates the optimal
sample size required for DL models, exploring its impact on model performance. By
clarifying the optimal data requirements, this study paves the way for more efficient
dementia diagnostic processes, even in settings with limited data resources.

2.4 Materials and Methods

Our focus is to investigate whether using an optimal dataset size for DL model training can
achieve similar, or even improved, classification performance levels for dementia screening,
as compared to using the full dataset. Therefore, we sought to develop DL models capable
of predicting different stages of dementia severity using an optimal sample size. To achieve
this, our approach builds on and replicates the study conducted by Chen et al. [12], who
previously demonstrated the efficacy of training DL model on a public CDT dataset.
Given the characteristics of the CDT dataset (small size and imbalanced classes), we
used data augmentation techniques, which have been proven effective in generating new
training samples, by applying various transformations to the original images [37] to see
how the model performance with and without augmentation in different sample sizes will
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change. This approach is two-fold. Firstly, it helps balance the dataset by generating a
range of inputs from which the model can learn. Secondly, it acts as a robust regular-
ization technique, ensuring that the model generalizes well to new data and preventing
overfitting [25, 31].

2.4.1 Dataset

The CDT dataset we used in this work has 1375 images. The participants’ age varied
from 18 to 98 years, with an average age of 69.8 years±14.7 years. Based on the Shulman
scoring system, the images have been classified into six categories, each representing
different stages of dementia severity. The scores ranged from 1 to 6, each indicative of
increasing dementia severity, with 1 indicating low severity and 6 indicating high severity.
A score of 0 represents healthy subjects (Figure 2.1).
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Figure 2.1: Total number of drawings for screening and scoring. Score 0 refers to healthy
subjects. Score 6 refers to subjects who are unable to draw anything related
to a clock.

During data acquisition, participants were presented with a piece of paper containing a
pre-printed circle. They were then instructed to draw the clock numbers from 1 to 12
and to set the clock hands to point to “11:10 o’clock.” As illustrated in Figure 2.2 (with
a Shulman Score 0), the clock hands should be positioned on ’11’ and ’2’ to accurately
represent this time.
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(a) Score 0 (b) Score 1 (c) Score 2 (d) Score 3 (e) Score 4 (f) Score 5 (g) Score 6

Figure 2.2: Sample drawings of the CDT dataset that was used in this work, scored ac-
cording to Shulman’s scale.

2.4.1.1 Data pre-processing

The paper-and-pencil drawings of both patients and healthy participants were scanned
in 256-bit grayscale PNG format at 849×1168 px, which were resized to 224×224 px,
according to the expected input size of our pre-trained DL models, as explained in the
next section. We manually revised all images and removed 20 low-quality images, mostly
due to bad scanning and noisy images.
As mentioned before, the dataset is highly imbalanced and not very large for today’s stan-
dards in DL, so we use data augmentation to address this issue in our study. However,
note that not all data augmentations apply in our case. For example, mirroring CDT
images would destroy the semantics of the drawings. Similarly, changing the hue or satu-
ration has no effect on those images since they are grayscaled. Therefore, we applied the
following operations: scaling, rotation, and translation. These operations produce new,
transformed images that help to increase the size and diversity of the training data with-
out compromising its clinical validity [18]. The resulting dataset was perfectly balanced,
comprising 448 CDT images per class, or 3136 images overall.
Further, to quantify the quality of the augmented data, we computed the structural sim-
ilarity index measure (SSIM) [38] of all augmented images against the original images.
As shown in Figure 2.3, the SSIM values are overall between 0.65 to 0.85 with the high-
est frequency range from 8 to 10, which indicates that the augmented images are not
near-duplicates of the original data. Rather, they are new images that, as shown later,
eventually helped to improve model performance.

2.4.2 Deep learning models

We employed transfer learning to leverage the power of pre-trained DL models in our ex-
periments. Transfer learning is an approach that enables the use of neural network models
that have been previously trained on a representative dataset, such as ImageNet [15], to
be used as a starting point for solving a related problem by fine-tuning the model on a
new dataset [28]. This method helps reduce the need for large computational resources
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Figure 2.3: SSIM distributions. Dashed plots correspond to the results considering all the
augmentation (All aug.) techniques collectively. The selected augmentation
techniques are Rotation, Scaling, and Translation offset.

and extensive labeled data, yet still allows us to achieve high performance on the target
task.
We fine-tuned three Convolutional Neural Networks (CNNs) for binary (healthy vs. non-
healthy) and multi-class (six Shulman scores) classification tasks. Binary classification
provides a fundamental understanding of the model’s capability to differentiate between
normal and abnormal cognitive functioning. Conversely, the multi-class classification task
aims to distinguish among the six stages of dementia severity according to Shulman’s scale,
which enables a more detailed understanding of dementia progression, as reflected in the
CDT drawings. In the following, we delve into the specifics of the CNN architectures
used:

• VGG-16 [33]: It comprises 16 CNN layers with a 3x3 kernel and three subsequent
Fully Connected (FC) layers, was designed by the Visual Geometry Group (VGG)
at Oxford University. It has garnered recognition due to its straightforward archi-
tecture and efficiency in extracting features.
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• ResNet-152 [17]: It comprises 152 CNN layers, providing flexibility and a smaller
parameter count compared to models like VGG. It effectively minimizes the error
rate to 3.5% and owes its remarkable performance to the use of skip connections.

• DenseNet-121 [19]: It comprises 121 CNN layers, ensuring that every layer has a
direct connection to the outputs of all the layers preceding it. It also comprises
DenseBlocks interconnected by transition layers.

2.5 Sample size analysis

The size of a dataset plays a central role in ML, enabling the effective training and testing
of predictive models. A frequent question that often arises is how much data is sufficient
or required for model training, and this remains an open challenge [9]. The answer to
this question is not straightforward, as it involves finding a balance influenced by various
factors. These include the complexity of the task, the diversity present within the data,
and the sophistication of the chosen model. Further, small-scale studies carry a higher
likelihood of committing either type I or II errors, thereby reducing the probability of
identifying true effects [10].
Therefore, it is critical to identify and apply strategies that can reduce data requirements
without excessively compromising the model performance. How to effectively use smaller
datasets is especially beneficial for researchers with restricted access to large datasets.
We aim to demonstrate how these strategies can be effectively applied to deal with the
limitations imposed by smaller datasets while ensuring robust model performance. We
will report the usual model performance metrics to assess the efficacy of our approach:
classification accuracy and area under the Receiver Operating Characteristic curve AUC.
These metrics will provide a comprehensive understanding of the model’s capacity to
correctly classify and distinguish between different stages of dementia severity.

2.5.1 Learning Curves

A learning curve (LC) is a graphical representation that illustrates the performance of a
model over time [29]. The LC serves beyond merely visualizing the current performance of
the model. It can also be used as a predictive tool. Once the LC has been established, we
can extrapolate to estimate the accuracy of the model if it is to be trained on the entirety
of the available training data. This allows us to predict the potential performance using
additional data.
In this work, we generated LCs for accuracy and AUC to visually assess the model’s
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improvement and to identify any potential areas where performance may decline. This
can help researchers to use data wisely, e.g. to decide whether to stop or continue model
training based on the observed performance over different data splits.

2.5.2 Model Training
We selected training subsets corresponding to splits of 10%, 25%, 50%, 75%, and 95% of
the entire dataset for our study. A training split of 10% was fixed in each case, except
for the 95% training split where the test split was set to 5%. For each of the selected
subsample splits, the model was trained from scratch. We repeat this procedure five
times, using different initialization seeds for each split to verify the validity of our results
and consider any variability that may occur during individual training iterations.
To ensure consistency, we used the experimental setup outlined in the study conducted
by Chen et al. [13]. Our CNN models were trained using the Adam optimizer algorithm,
with learning rate values ranging from 0.0001 to 0.1, while maintaining a fixed batch size
of 16. Additionally, the cross-entropy loss function was used in the training process to
measure the performance of a classification model.
Additionally, the recorded performance metrics facilitated the plotting of the LC in the
subsequent stages of our experiment. This analysis enables us to effectively analyze,
interpret, and optimize the performance of our models. This also helps us understand
the trade-off between computational cost and model performance, thereby allowing us to
maximize the efficiency of our model given the available data.

2.6 Results and Discussion

Table 2.1: Best and second-best Accuracy and AUC results overall, relative to the total
size of the CDT dataset.

Binary Classification Multi-class Classification

Classifier Accuracy @ Sample size Accuracy @ Sample size

VGG-16 0.97 @ 100% 0.95 @ 95% 0.68 @ 100% 0.68 @ 95%
ResNet-152 0.97 @ 100% 0.88 @ 95% 0.71 @ 100% 0.71 @ 95%
DenseNet-121 0.98 @ 100% 0.98 @ 95% 0.77 @ 100% 0.77 @ 95%

The results for both binary and multi-class classification can be found in Table 2.1.
DenseNet-121 performed the best, with almost 98% accuracy for binary classification,
even with the small sample size of 1585 images (50% of the data, after data augmenta-
tion). For multi-class classification experiments, ResNet-152 achieved an accuracy of 88%
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for binary classification using 95% of the data. These results suggest that these models
can provide competitive performance when fine-tuned on small data samples.

Figure 2.4: LC for binary classification (two leftmost plots), and multi-class classification
(two rightmost plots), showing model accuracy and AUC results vs. training
sample size. The dashed orange lines represent the performance of a random
classifier.

The LCs in Figure 2.4 are aligned with common trends observed in previous studies
(e.g., [14]), where a swift performance enhancement was noticeable with the expansion of
the training set size. For sample sizes larger than 50%, the performance of the DenseNet
model stabilized and reached the second-highest accuracy when using the whole dataset
(Table 2.1).
In terms of binary classification accuracy, our analysis did not reveal any statistically
significant differences when using DenseNet and 25% of the dataset compared to using
more data. This was confirmed by a chi-squared test of proportions (χ2(4, N = 417) =
13.13, p > .05). Similarly, for multi-class classification accuracy, no significant differences
were noted when employing 50% of the dataset compared to higher data splits (χ2(4, N =
834) = 2.28, p > .05). These findings suggest that using all the available data may not
always be crucial to obtain the best performance results. For architectures like VGG and
ResNet, a minimum of 75% of the dataset seems necessary to attain peak performance.
In contrast to previous studies, that employed ML models using all the available data,
our experiments examined the role of sample size and model performance across varying
sample sizes. In a nutshell, if the performance of a classifier is good enough with only a
subset of the dataset, then such a classifier can be used in conditions where limited data
is present, which is quite frequent in clinical domains.
Although the emphasis in previous research has been on how increasing data size improves
the ability of CNNs (e.g., [9]), there is a big gap in studies regarding the optimized sample
sizes. Our results showed that with 75% of the data we reached to the highest accuracy
in all CNN models but DenseNet required only 50% of the data to achieve statistically
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similar results as when using all the data. Until now, it was expected that adding more
labeled data would improve model performance, but we have shown that we do not need
as much data.
The advantage of applying DL on a small dataset is quite apparent, given that CNNs are
highly data-dependent and usually necessitate more computational costs than traditional
ML models. Although our findings are specific to a public CDT dataset and a handful
of state-of-the-art CNN models used in a previous study (i.e. [13]), we believe that our
results provide valuable insights into the understanding of selecting the optimum sample
size for the development of improved DL models.

2.7 Conclusion and future work
We have investigated the impact of sample size and the performance of DL models (state-
of-the-art CNN classifiers). Our findings indicate that classification accuracy and AUC
tend to plateau once a certain number of samples are reached. Therefore, we do not really
need to use all the available data for training. For multi-class classification, results suggest
we may need a larger portion of the dataset, even though the results shown in Tables 2.1
report very similar figures. Future research should explore other datasets together with
other DL architectures. This way, further improvements could be achieved in terms of
predictive capabilities for the early detection of dementia.
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2.8 Better Together: Combining Different Handwriting
Input Sources Improves Dementia Screening

Abstract†

Alzheimer’s disease (AD) is a cognitive disorder, marked by memory loss and impaired reasoning,
that requires early detection methods to better manage and potentially slow down the disease’s
progression. Recent advances in machine learning have offered new possibilities for AD detection
using handwriting analysis, however previous work has considered only one type of input source,
e.g. clock or pentagon drawings. Here we propose to develop an efficient method for detecting
AD’s early symptoms using Deep Feature Concatenation (DFC) models considering multiple
handwriting sources: pentagon drawings, self-reported sentences, and signatures. Substantial
performance improvements were observed when considering all input sources together with data
augmentation techniques. For example, classification accuracy increased from 60% (best model,
without data augmentation) to 80% (DFC and data augmentation). Our findings show that
the use of diverse input sources can lead to an efficient and cost-effective method for early
AD detection. Looking forward into the future, our study highlights the potential of DFC
in supporting home-based healthcare diagnoses which is a crucial step in integrating artificial
intelligence into healthcare practices.

Intex Terms
Deep Learning; Convolutional Neural Networks; deep feature concatenation; dementia;
image processing.

2.9 Introduction and Related work
Dementia is a condition primarily characterized by a gradual and irreversible decline in
cognitive ability, which results in memory loss and language impairment that negatively
affect the daily lives of the elderly [8]. The loss of neurons in various regions of the nervous
system causes this neurodegenerative disorder, among which Alzheimer’s disease (AD) is
the most prevalent form.

†N. Hosseini-Kivanani, E. Salobrar-García, L. Elvira-Hurtado, I. López-Cuenca, R. de Hoz, J.
M. Ramírez, P. Gil, M. Salas, C. Schommer, and L. A. Leiva, “Better together: Combin-
ing different handwriting input sources improves dementia screening,” in Proceedings of the 2023
IEEE 19th International Conference on e-Science (eScience’23), 2023, pp. 1–7. DOI: 10.1109/e-
Science58273.2023.10254799
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Since currently there is no known cure for AD, the importance of an accurate and timely
diagnosis of dementia cannot be overstated, as it is the cornerstone for implementing
effective treatment and providing necessary support for patients and their families. Tra-
ditional diagnostic methods, on the other hand, can be subjective and time-consuming,
since they require multiple tests, including expensive imaging techniques such as magnetic
resonance imaging, invasive tests such as serological or cephalorachidian fluid analysis, and
neuropsychological tests by a highly trained professional.
In light of these challenges, the development of automated, objective screening methods
for dementia is a priority in the quest for efficient and precise diagnosis of dementia.
Notably, the most beneficial methods would be non-invasive and user-friendly in order to
minimize any additional burden on the individuals undergoing the diagnosis.
In digital medicine, there is growing interest in using DL models, in particular Convolu-
tional Neural Networks (CNNs), to automatically score cognitive impairment tests instead
of traditional manual methods. More concretely, transfer learning has been shown to en-
hance the performance of pre-trained CNNs in image classification tasks [21, 18], thus
suggesting its potential for clinical applications.
Recent studies [12, 11, 26] have demonstrated the effectiveness of CNNs in analyzing
patients’ cognitive function assessment over various popular tests, including e.g. the
PDT [13], the Clock Drawing Test (CDT) [1, 5, 3], and the Rey–Osterrieth Complex
Figure Test-copy Rey–Osterrieth Complex Figure Test-copy (RCFT) [26]. Recent work
proposed a CNN-based method for the automatic diagnosis of cognitive impairment based
on CDT drawings [11] that were classified into healthy and non-healthy categories, demon-
strating its potential for implementation in hospitals and clinics, particularly in resource-
limited settings.
The ability of CNNs to learn complex image features and patterns associated with cog-
nitive functioning makes these algorithms promising tools for developing objective and
efficient diagnostic methods for dementia screening. Despite the drawing tests’ proven
ability to accurately predict cognitive impairment, they are not sufficient on their own to
provide a comprehensive assessment of the user’s overall cognitive state.
Despite the substantial progress made in this field on single input sources (e.g. CDT [11,
5] and PDT [12, 13]), to our knowledge, concatenation-based models (i.e. models consid-
ering multiple input sources) have not been considered so far in AD screening contexts.
Concatenation-based models have primarily been used in clinical work that involves the
analysis of medical images such as Functional magnetic resonance imaging (fMRI) [16].
However, handling multiple input sources present unique challenges due to their variabil-
ity in terms of styles, shapes, etc. Additionally, they may contain irrelevant or noisy
information that could affect classification accuracy. It is therefore essential to develop
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Figure 2.5: Final output of image preprocessing which shows in the blue box (left side):
a) prompting pentagon on top with participants’ drawings at the bottom; b)
final images after preprocessing. Structure of the proposed method on the red
box (right side).

methods for effectively extracting and combining relevant features from these images in
order to ensure accurate classification.

In response to this need, we propose a deep feature concatenation (DFC) method which
enables the efficient combination of features derived from various CNN models. Addi-
tionally, since clinical datasets are typically very small for DL standards, we propose
simple data augmentation techniques to handle various handwriting data sources, and
the use of the Structural Similarity Index Measure (SSIM) [25] to quantify the quality
of the augmented data. Our experiments show significant improvements in classifica-
tion performance in several scenarios, as presented and discussed later. Taken together,
our contributions represent a potential pathway to assist practitioners in better detect-
ing early symptoms of AD using handwriting data, potentially reducing the variability
linked to human subjectivity when interpreting clinical data, and ultimately supporting
home-based healthcare diagnosis.
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2.10 Method
We studied state-of-the-art DL models (pre-trained CNNs and a custom CNN) for clas-
sifying AD disease according to various handwriting tasks. Building on previous work
that showed the effectiveness of DFC in other medical domains [24, 15], we studied this
approach in the context of handwriting. Figure 2.5 summarizes our method. In a nutshell,
we use various CNN models to automatically extract features from handwritten images
and then concatenate those features via DFC. The concatenated feature vectors are finally
classified via a softmax function that predicts a probability distribution, followed by the
argmax operation that selects the class with the highest probability.

2.10.1 CNN architectures
CNNs have been remarkably successful across a range of image-based classification tasks,
particularly in the healthcare domain(e.g., [6]). Transfer learning, particularly feature
transfer wherein features are extracted from pre-trained models, is a common approach
for adopting these models for specific tasks [27]. For our study, we selected four pre-
trained models that have proven their efficacy in the medical domain [17]. Further, to
broaden the versatility of our approach, we also added a custom CNN model that we
describe below.

• VGG-16 [20]: Developed by the Visual Geometry Group (VGG) in Oxford, VGG-
16 is a deep neural network comprising 16 CNN layers with a 3x3 kernel, followed
by three fully connected (FC) layers. Noted for its simplicity and effectiveness in
feature extraction.

• ResNet-152 [9]: This is a deep architecture, with 152 CNN layers. It achieves
an error rate of 3.5% and uses skip connections between CNN layers to achieve its
excellent performance [9].

• DenseNet-121 [10]: This is a 121-layer deep CNN model that uses a “dense”
connectivity pattern between layers. This configuration allows each layer to have
direct access to the output of all preceding layers. The architecture includes CNN
layers with 7x7 kernels and DenseBlocks containing interconnected CNN layers with
1x1 and 3x3 kernels.

• EfficientNet [22]: This is a CNN architecture that employs a scaling technique
to harmonize depth, width, and resolution, leading to improved performance and
efficiency. With its ability to outperform with fewer parameters, EfficientNet is
frequently chosen for applications with limited computational resources [22].
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• Custom CNN: It comprises five CNN layers, each with 32 filters of size 5, followed
by a pooling layer, an FC layer, and Rectified Linear Unit (ReLU) layers for all
layers except the output layer, which uses linear activation. To avoid overfitting, a
dropout rate of 0.1 was implemented after each CNN layer. We explored various
model configurations during our research, however, most of them did not show
satisfactory results. For example, removing one or two layers did not result in better
performance, it even led to overfitting issues, which we resolved by introducing the
Dropout layers.

2.11 Experiments

2.11.1 Participants

We recruited 85 participants from the Memory Unit of the Hospital Clinico San Carlos
(HCSC) in Madrid. The participants’ ages ranged from 61 to 88 years, with a mean of
73.92 ± 6.78 years. Statistical analysis revealed no significant differences in age between
the healthy group, the mild AD group, and the moderate AD group (p > .05). The study
included 35 female and 50 male participants.

Table 2.2: Demographics of Study Participants (mean±SD).

Attr. Healthy Mild AD Moderate AD

Pentagon 30 3 3

Sentence 30 3 3

Signature 29 22 15

Total 89 28 21

Age 72.4 ± 6.07 81.33 ± 4.62 81.66 ± 2.32

MMSE 28.17 ± 2.15 23 ± 2.65 19 ± 2.01

Gender Female = 35, Male = 50

Following the National Institute of Neurological and Communicative Disorders and Stroke
(NINCDS), the Alzheimer’s Disease and Related Disorders Association (ADRDA) work-
group [14], and the Statistical Manual of Mental Disorders V (DSM V) guidelines [7],
cognitively impaired patients were divided into two groups: mild AD and moderate AD.
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The demographic information, which included age and gender, along with the clinical in-
formation for each participant and Mini-Mental State Examination (MMSE) [23] scores,
is presented in Table 2.2.
Participants with MMSE scores above 26 were considered cognitively healthy. The MMSE
scores for participants diagnosed with cognitive impairment ranged from 25 to 17. Follow-
ing standard practice [19], we excluded participants with a medical history of neurological
or psychiatric disorders, serious medical conditions, or systemic disorders affecting vision.
Additionally, we excluded those with ophthalmological conditions such as glaucoma or
suspected glaucoma, media opacity, or retinal diseases to avoid biases caused by the vi-
sion problems of the participants.

2.11.2 Datasets

During the cognitive assessment tests, neuropsychologists used various tools to evaluate
the cognitive performance of the participants. Among these, we rely on the PDT subtest
of the MMSE results, which assessed visuoconstructional skills and cognitive impairment.
The total number of collected images is 138, of which 30 images from the pentagon and
sentence parts were removed from the healthy group because of the very low quality of
the scanned images (see Figure 2.6).

(a) Pentagon

(b) Sentence

Figure 2.6: Example of badly scanned images.

Following the PDT protocol, participants were instructed to copy two overlapping pen-
tagons with interlocking shapes to form a rhombus. In order to gain a more holistic
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understanding of the participants’ cognitive abilities, the cognitive assessment incorpo-
rated further handwriting data (e.g., sentence and signature) from the same participant.
Below each pentagon drawing, participants were requested to write a sentence of their
choice and provide a signature on an A4-size blank paper (see Figure 2.5a).
The paper-and-pencil drawings of both healthy subjects and patients were scanned in
PDF format and saved as PNG files. Subsequently, we converted the PNG images to
grayscale format, resized them to the standard dimensions of 224×224 pixels, and removed
noise using the “pad” (to get them in the same shape) and “canny” (for edge detection
of images) operations as provided by the OpenCV library (see Figure 2.5b). We then
removed low-quality images by manual inspection and the remaining images were labeled
as either ’healthy’, ’mild AD’, or ’moderate AD’. The last two categories correspond to
AD patients, which allows us to conduct two kinds of experiments: binary (patient vs
healthy) and multiclass (healthy vs mild AD vs moderate AD) classification tasks.
One of the challenges in clinical settings is the lack of large datasets, which may potentially
hinder the success of DL models. To address this limitation, we used the Albumentations
open-source toolkit [4] to augment the handwritten images for model training and eval-
uation. We applied the following data augmentation techniques: elastic transformations,
grid distortions, horizontal flipping, translation, and rotations to the image (see Fig-
ure 2.7). Note that not all data augmentations make sense in our data, given the nature
of our grayscale handwritten images. For example, changing hue or inverting colors would
do more harm than good.

Figure 2.7: Examples of applying selected data augmentation techniques on different input
sources. From left to right: Horizontal Flip, Elastic transform, Rotation, Grid
distortion, and Translation offset.

The resulting dataset, after data augmentation, was partitioned into the train, validation,
and test splits using stratified sampling, to ensure that each partition reflects the same
data distribution as in the original dataset. The total size of our dataset increased to 240
images: 120 corresponding to healthy individuals and 120 to patients, among whom 66
represented mild AD and 54 moderate AD.
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We used SSIM [25] to measure the quality between original and augmented images. This
method uses sliding windows to compare structural distortions between two images. An
SSIM value of 1 indicates that the two images are identical, whereas a value of 0 indicates
that the two images are completely dissimilar. In our case, a high SSIM value between
the original and augmented images implies that the augmentation process has successfully
preserved the original images’ structural information and visual quality. In contrast, a
low SSIM value would suggest that the augmented image differs significantly from the
original image and may not be of sufficient quality for the intended use.
As shown in Figure 2.8, our results reported SSIM values between 0.6 and 0.8, suggesting
that the augmented images were reasonable variants (not near-duplicates) of the original
data. In contrast, when using all available augmentation techniques provided by the
Albumentations toolkit, the distribution of SSIM values is comprised of values between
0.1 and 0.7, indicating that the augmented images are much more different than the
original images, which is not desirable in our research.

Figure 2.8: SSIM distributions. Dashed plots correspond to the results considering all the
augmentation techniques collectively (All aug.). The selected augmentation
(Sel. aug.) techniques are Elastic transform (e), Rotation (r), Grid distortion
(g), Horizontal flip (f), and Translation offset (t). We used e+g+r+f+t for
Pentagon, e+g+t for Sentence, and e+t for Signature.

As hinted previously, it is important to note that not all data augmentation techniques
will provide advantages. Each technique has its own strengths and weaknesses, and its
utility often depends on the specific dataset and the task at hand. As illustrated in
Figure 2.8 some augmentation methods produce images that correlate better with the
original images. This usually enhances the learning process and potentially leads to more
accurate and generalizable models [2]. Conversely, other methods might introduce noise
or misleading patterns into the data, confounding the learning process and potentially
leading to poorer performance. This shows that the chosen augmentation positively in-
fluences model learning and performance, while simultaneously reducing the likelihood of
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adverse or neutral impacts.

2.11.3 Model training

All models were trained on the training set for 100 epochs, using early stopping with
10 epochs as a form of regularization. Early stopping prevents overfitting, maintaining
the optimal model weights before the model starts memorizing the training data. We
used the popular Adam optimizer with variable learning rates (see next section) and
categorical cross-entropy as a loss function in multiclass classification experiments. For
binary classification experiments, we used the binary cross-entropy loss function.

2.11.4 Evaluation

The performance of our models was measured using two metrics: Accuracy and area under
the receiver operating characteristic curve (AUC). On the one hand, Accuracy refers to
the ratio of correctly classified patients to the overall number of participants. It serves as
a straightforward measure of the overall performance of the classification models. On the
other hand, AUC illustrates the relationship between sensitivity (the true positive rate)
and specificity (the true negative rate) for any given classification model. High AUC
values indicate that the model possesses a strong discriminatory capacity between classes
(e.g., healthy subjects vs patients).
Continuing our discussion about the selected metrics, it is essential to note that each
of them brings forth unique insights into the performance of our models. While Accu-
racy offers a general view of the model’s capability to differentiate between classes, AUC
provides a deeper understanding of the model’s reliability across various classification
thresholds, proving invaluable in scenarios where the cost of misclassification can be sub-
stantial. Hence, the integration of these two metrics serves as a comprehensive approach
to evaluating and interpreting the performance of our models in a robust manner.

2.12 Results and Discussion
We discuss the experimental results for both binary and multiclass classification settings.
The results are based on CNN models that were trained with the following hyperparam-
eters: number of epochs (100), batch size (16), dropout (0.1), weight decay (0.01), and
learning rate (0.0001 to 0.1).
Figure 2.9 and Table 2.3 show the results for different model combinations. We use the
following nomenclature: “model A + model B” to indicate that “model A” was used to
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Figure 2.9: Accuracy and AUC results before and after data augmentation considering all
input sources (pentagon, sentence, and signature), both for binary (2 classes,
leftmost plot) and multiclass (3 classes, rightmost plot) classification experi-
ments. Dashed lines denote the performance of a random classifier, as a way
to illustrate the empirical lower bound in classification performance.

process Pentagon images and that “model B” was used to process both sentences and
signatures. As can be observed, it is clear that our DFC approach of concatenating all
input sources is significantly superior to any model that considers fewer input sources; see
Table 2.3.
Overall, most of our DFC models are considered to improve substantially after data
augmentation, except VGG-16 for both binary and multiclass classification, as observed
in Figure 2.9. On the other hand, we can see that the combination of our custom CNN (for
processing Pentagon images) and EfficientNet (for processing sentences and signatures)
is the one that achieves the highest accuracy: 93% and 80% for binary and multiclass
classification, respectively. In terms of AUC, the combination of EfficientNet models
(EffNet+EffNet) is the best performer, although it is only 6 percentual points higher
than our Custom+EffNet model.
Our results show that concatenated-based CNN models with augmented data outper-
form previous studies that did not use concatenated-based models with augmentation
(e.g., [13]). These findings suggest that the combination of custom CNN and EfficientNet
(Custom + EffNet) is a promising option for automatically evaluating handwriting tasks.
Overall, our findings have the potential to improve the accuracy of AD detection and
treatment outcomes. Importantly, our DFC model does not need a large number of data,
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which means that we can reach a robust classifier for detecting AD patients. These findings
underline the substantial role data augmentation plays in boosting model performance and
further demonstrate the benefits of using diverse input sources in the performance of the
models.

Table 2.3: Performance results of other input source combinations before and after
data augmentation: Pentagon+Sentence (abbreviated as Pen+Sen), Pen-
tagon+Signature (Pen+Sig), and Sentence+Signature (Sen+Sig). We use the
following nomenclature: “model A + model B” to indicate that “model A” was
used to process the first input source (e.g. Pentagon) and “model B” was used
to process the second input source (e.g. Sentence).
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2.13 Conclusion and future work
We have successfully developed a robust and efficient model, capable of accurately classi-
fying handwritten images into healthy individuals and AD patients ranging from mild to
moderate severity. Our research primarily focused on evaluating the potential improve-
ment in classification performance through the incorporation of handwriting data from
diverse sources and feature concatenation. Our findings put forward the efficacy of the
combination of DFC and data augmentation techniques in developing more holistic and
precise models for AD screening.
The potential implications of our study are manifold, with particularly important implica-
tions within clinical settings. The developed DFC model enhances healthcare providers’
decision-making capabilities, especially for untrained professionals, fostering improved
patient care and mitigating the likelihood of unnecessary procedures or subjective diag-
noses. As a screening method, it can be used anywhere from primary care settings to
daycare facilities. Looking forward, we suggest future research should focus on creating
a smartphone app, grounded in the established framework, that can collect and analyze
handwritten data on the go. This app could potentially integrate multiple models (e.g.
binary and multiclass classifiers) in order to account for different practitioners’ needs.
Furthermore, our methodology exhibits promising potential for the classification of other
handwriting tasks, such as CDT or RCFT drawings. Hence, future work should focus on
exploring and validating the model’s proficiency in these tasks.
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3 On-line and Off-line Handwriting

Handwriting and drawing assessments are being scrutinized as non-invasive methods for
diagnosing neurodegenerative conditions such as ADs and MCI. These tasks require indi-
viduals to conceive, coordinate, and execute fine motor actions, thereby exposing subtle
cognitive and motor deficiencies at early stages. A central issue under investigation is
whether static imagery or dynamic trajectory data convey superior diagnostic insight.
Three recent studies—IDEAL’24, AC’24, and eScience’24—have examined this question
by contrasting static representations (scanned images) with dynamic recordings (discrete
point sequences), both in isolation and in combination, to screen for AD and MCI.
IDEAL’24 examines two drawing tasks (pentagon and clock) using both static (scanned
images) and dynamic (discrete point sequences) modalities. This study evaluates binary
classification—differentiating Alzheimer’s disease from healthy individuals—and multi-
class classification—delineating mild Alzheimer’s disease, moderate Alzheimer’s disease,
and healthy subjects—using CNNs for static data and RNNs for dynamic data. The find-
ings reveal that, in contexts of limited data, static imagery tends to yield superior accuracy
compared to dynamic trajectories, with binary classification accuracies approaching 90%
versus 60% and multi-class accuracies of approximately 82% versus 53%.
AC’24 centers on the Hand-Drawing Test (HDT) and involves 58 participants categorized
into AD, MCI, and healthy control groups. Each drawing is recorded in two formats: as
a scanned static image and as a digitally captured dynamic trace. Comparative analyses
between models using a single modality and those that amalgamate spatial and temporal
features reveal that a multimodal approach enhances classification performance. Data
expansion strategies are used to mitigate the limitations of small sample sizes, and the
outcomes indicate that the combined features distinguish MCI from normal aging more
reliably than either modality alone.
eScience’24 builds upon the focus on the HDT by introducing an “OnOff-line” approach
in which dynamic recordings are supplemented and converted into static images. This
method takes advantage of the intricate movements inherent in dynamic data while capi-
talizing on CNN architectures designed for image analysis. The results indicate that this
hybrid method frequently outperforms both conventional static and dynamic pipelines,
particularly in binary classification scenarios (distinguishing healthy individuals from pa-
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tients). Such findings suggest that converting and integrating data modalities may coun-
teract the shortcomings of direct dynamic modeling, especially in studies constrained by
limited participant numbers.
Collectively, these investigations articulate two pivotal themes. The appropriateness of
static versus dynamic data is contingent upon factors such as sample magnitude, task
complexity, and model architecture. Furthermore, the conversion or fusion of data types
may counterbalance the inherent limitations of any single modality. The remainder of this
chapter elucidates the methodological underpinnings of each study, detailing data prepro-
cessing, model architecture selection, and classification strategies, while also addressing
approaches to overcome small sample challenges and the implications for diagnostic ap-
plications in clinical and community settings.
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3.1 Blueprint of Tomorrow: Contrasting Off-line and
On-line Drawing Tasks for Alzheimer’s Disease
Screening

Abstract†

Alzheimer’s disease (AD) is the leading cause of dementia. Although there is currently no cure
for AD, early detection of cognitive decline can help clinicians mitigate its impact. Recently,
Machine Learning (ML) approaches have been developed to automatically analyze handwriting
and hand-drawing tasks to support the early diagnosis of AD. In this paper, we study pentagon
and clock drawing tests using both off-line (scanned image pixels) and on-line (discrete point se-
quences) data as input to several ML models (i.e., DensNet, ResNet, EfficientNet, RNN, LSTM,
and GRU). Our study is the first to determine the most effective modality (on-line vs. off-line)
and drawing tasks to distinguish healthy controls from AD patients (binary classification) as
well as two stages of AD severity (multi-class classification). Our results suggest that, contrary
to other domains, the off-line modality outperforms the on-line one, sometimes by a large mar-
gin: 90% vs. 60% accuracy in binary classification and 53% vs. 82% accuracy in multi-class
classification. This suggests that, for drawing tasks and small-scale datasets, image-based rep-
resentations may be more effective in predicting AD than those relying on more complex data
representations.

Keywords

Alzheimer disease; Off-line handwriting; On-line handwriting; Deep learning; Data aug-
mentation; Classification.

3.2 Introduction

Neurodegenerative disorders are among the primary causes of disability worldwide, marked
by an irreversible loss of neurons that culminates in progressive neurological decline, man-
ifesting as motor and cognitive impairments. Alzheimer’s disease (AD) and Parkinson’s

†N. Hosseini-Kivanani, E. Salobrar-García, L. Elvira-Hurtado, M. Salas, C. Schommer, and L. A.
Leiva, “Blueprint of Tomorrow: Contrasting Off-Line and On-Line Drawing Tasks for Alzheimer’s
Disease Screening,” in Intelligent Data Engineering and Automated Learning – IDEAL 2024, Lecture
Notes in Computer Science, vol. 15346, V. Julian et al., Eds. Cham: Springer, 2025, pp. 422–433.
DOI: 10.1007/978-3-031-77731-8_38
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disease (PD) are particularly notable for their widespread prevalence, which affects ap-
proximately 50 million and 10 million individuals, respectively. AD, in particular, is
closely linked with cognitive deficits, affecting memory, attention, language comprehen-
sion, and spatial awareness [32]. The global demographic trend toward an older population
underscores the critical need for early AD detection and intervention as the most preva-
lent form of dementia. However, the present diagnostic landscape reveals a concerning
trend, with an estimated 75% of dementia cases worldwide going undiagnosed and rates of
early-stage detection being considerably lower [10]. Enhancing screening methodologies
in accessible settings, particularly in primary healthcare, emerges as a strategic response
to improve diagnostic rates [8]. Research indicates that primary healthcare practitioners
face substantial challenges in the early detection of dementia and in the timely referral of
patients to specialized care [10]. Thus, the development and implementation of accessible
and efficient screening tools for use in primary healthcare or by individuals at home are
crucial steps toward closing the diagnostic gap, potentially leading to improved detection
rates of AD.
Handwriting and hand-drawing tasks‡ entail the coordination of fine motor movements
and cognitive processes, making them popular as a psychometric tool to evaluate and
diagnose AD [35], leveraging the correlation between declining drawing abilities and the
onset of AD. Deterioration in handwriting skills, characterized by inconsistencies in size,
spacing, and letter formation, indicates a progression of the disease [7]. Recent studies
(e.g., [19, 23]) have shown the potential of handwriting-related tasks to reveal specific
cognitive deficits indicative of AD. Researchers have explored various automated methods,
including drawing tasks [19], neuroimaging [31], and gait assessments [11], to capture
cognitive impairments across multiple domains. However, the current need for healthcare
professionals’ reliance on manual analysis highlights a significant bottleneck. This puts
forward the importance of developing automated tools to make the AD screening process
easier, quicker, and more affordable, particularly in non-specialist settings.
Our contributions are straightforward yet significant. Firstly, we gathered handwriting
data from both AD patients and healthy individuals. The data includes two types of
drawings—pentagons and clocks—captured simultaneously in two formats: off-line, as
scanned images, and on-line, as sequences of discrete points. This dual-method collection
allows us to: (i) Compare how different hand-drawing tasks perform in classification
tests, (ii) Assess various machine learning models to see which best classifies the data,
and (iii) Examine the differences in using static images versus dynamic, point-by-point
data in model performance.

‡We consider ‘handwriting’ and ‘hand-drawing’ synonymous because both tasks involve the same neu-
rophysiological and peripheral processes involved in motor control.
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Secondly, our experiments focus on distinguishing AD (mild AD and moderate AD) pa-
tients from healthy controls using state-of-the-art neural network models. We used pre-
trained convolutional neural networks (CNNs) for analyzing the off-line data and RNNs
for the on-line data. Additionally, we used data augmentation techniques to enhance the
models’ ability to generalize. Interestingly, our findings reveal that the off-line modality
consistently outperformed the on-line one, achieving higher accuracy in both binary (90%
versus 60%) and multi-class (53% versus 82%) classification tasks. This suggests that
simpler, static image-based approaches may be more effective for tasks like drawing anal-
ysis in AD research than those relying on more complex, temporal data, at least when
working with small-scale datasets.

3.3 Related Work

Technological advancements in ML and computer vision have significantly enhanced the
efficiency and objectivity of remote patient monitoring systems by providing real-time
data for improved care beyond conventional healthcare settings [6]. Handwriting analysis
has been shown to be effective in detecting cognitive decline and changes in motor skills
in AD, thus serving as an effective diagnostic tool [18]. However, despite these advances,
there is no research aimed at comparing model performance using both off-line and on-line
data from identical patient/healthy cohorts [5, 29].
Recent studies have used CNNs (e.g., [17, 18, 3]) and RNNs (e.g., [17, 2, 6]) for early
detection of AD, showing that Deep Learning (DL) models can significantly enhance the
accuracy of diagnosing AD in its early stages. We can find notable works that studied
each modality separately (cf. off-line [19, 15, 3] and on-line [6, 23, 21]), suggesting that
on-line data are preferred over off-line data, given that on-line handwriting provides a
feature-rich representation, including, e.g., temporal and spatial sequences of discrete
points that are not available in the off-line representation. Collectively, these studies
highlight the potential of ML technologies not only to revolutionize AD diagnosis but also
to enable more personalized and timely therapeutic interventions, ultimately improving
patient outcomes. Most of these studies have relied on some form of data augmentation,
given the limited number of samples in clinical datasets. In this regard, Dao et al. [6]
used Generative Adversarial Networks (GANs) as an alternative to data augmentation,
and trained AD classifiers with RNNs that achieved 89% accuracy. However, GANs
require a significant amount of data to begin with, which is often not available in most
cases.
Finally, we should mention relevant studies that have compared different drawing symbols
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for AD screening, such as clocks drawngs [1] using CNN models, which achieved an AUC
score of 81%. By combining clock drawing with age and education using logistic regres-
sion, their model improved to 91%. Pentagon drawings [26] reached an accuracy of 93%
using GoogLeNet for binary classification, distinguishing between correct and incorrect
pentagon drawings from patients only. Another study focused on letters [6], and obtained
high accuracy by using DL models for detecting and classifying early-stage of ADs pa-
tients based on on-line handwriting loop patterns. In sum, it remains unclear which is
the most adequate input modality for AD screening and also what the most adequate
drawing symbols are to achieve competitive performance.

By systematically addressing this gap in the research literature, our study paves the
way for a more holistic understanding of AD classification models, opening promising
directions to more accurate AD screening approaches in the future. For example, [23]
reported that combining multiple drawing tasks improves detection accuracy by capturing
different cognitive impairments, achieving a classification accuracy of 75.2%.

3.4 Materials and Methods

3.4.1 Participants

Thirty-three individuals were recruited from the Memory Unit of the Hospital Clinico
San Carlos (HCSC) in Madrid between January 2023 and January 2024. The group
consisted of 22 patients and 11 healthy controls (HCs), all aged between 70 and 89. Par-
ticipants were asked to both clocks and pentagons, which are well-established symbols
in cognitive assessment tasks [9]. All participants had normal vision and hearing. They
underwent a neuropsychological assessment of their drawing tasks in a clinical setting to
minimize distractions and reduce background noise. Each participant was individually
assessed, beginning with an informed consent form. Cognitive status was evaluated us-
ing the Mini-Mental State Examination (MMSE) [39]. Patients with AD were classified
into mild AD and moderate AD, based on guidelines from the National Institute of Neu-
rological and Communicative Disorders and Stroke (NINCDS), the Alzheimer’s Disease
and Related Disorders Association (ADRDA) workgroup [28], and the Diagnostic and
Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) [13]. Statistical analy-
sis (ANOVA test, after verification of normality and homoscedasticity) confirmed that
there were no significant age differences between the healthy, mild AD, and moderate AD
groups (F (2, 55) = 2.04, p > .139).
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Table 3.1: Demographics and the Number of Drawing Tasks of this Study.
Drawing Task Num. of drawing HC Mild AD Moderate AD

Pentagon 33 11 8 14
Clock 33 11 8 14

Total 66 22 16 28

Gender (F & M) 8F, 3M 5F, 3M 12F, 4M
Age (Mean ± SD) 82.64±2.46 76.5±5.75 78.94±4.78
MMSE (Mean ± SD) 29.9±0.83 25.33±1.21 22.37±3.58

3.4.2 Drawing tasks and preprocessing

Participants were instructed to draw the pentagons and clocks using a Repaper tablet
(size: 10.9-inch) § with a blank sheet attached and a regular pen that had an accelerometer
connected to the Repaper app via Bluetooth for data capturing (see Figure 3.1). This
setup was designed to provide a familiar pen-and-paper experience to participants while
being able to capture on-line and off-line data simultaneously. The participants were
asked to draw each symbol from memory. We collected 66 drawings in total.
The on-line data (discrete point sequences) were stored as SVG files (as per the Repaper
app) and then converted to JSON format, comprising sequences of {x,y,t} points. The
off-line data (image pixels) were stored as PDF files (scanned with the HP Color LaserJet
Pro scanner) and then converted to PNG images and resized to square size (224×224 px)
as this is standard for CNN models. We applied the canny edge detector to enhance the
quality of the scanned images.

3.4.3 Data augmentation

We created synthetic samples to make the models more robust and generalizable [12].
For off-line data, we applied the usual geometric transformations, where suitable:¶ For
on-line data, jittering, scaling, and warping have been proposed [22]; however, more re-
cently, Maslych et al. [27] found that an “All Variability Chain” (AVC) of transforma-
tions (gaussian, frame-skip, spatial, perspective, rotate, scale) provided a significant boost
in classification performance with RNNs, achieving state-of-the-art accuracy in gesture
recognition. Therefore, we adopt the AVC approach to augment our on-line data; see
Figure 3.1. After data augmentation, we concluded to a dataset consisting of 300 images
(off-line data) and 300 point sequences (on-line data), where all groups were balanced up

§https://www.iskn.co/eu
¶For example, pentagons can be flipped in horizontal or vertical axes, whereas clocks cannot be flipped

because it would destroy their semantics.

https://www.iskn.co/eu
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Figure 3.1: Example of pentagon drawing on a tablet (left) and drawing samples in off-line
and on-line version (right), before and after applying data augmentation.

to 100 observations; e.g., 92 variations of the 8 pentagons from the Mild AD group were
created; see Figure 3.2.

Figure 3.2: Class distribution of Pentagon drawings before and after data augmentation.

To evaluate the quality of the augmented data, we used the Structural Similarity Index
Measure (SSIM) [41] for off-line data and Dynamic Time Warping (DTW) [34] for on-line
data. We use SSIM to compare augmented data against original images to ensure that key
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structural details are preserved even as variations are introduced. This balance is critical
since, while the augmented data are inherently different, maintaining structural similarity
ensures that the variations remain realistic and relevant for training robust models. By
using SSIM, we can confirm that the augmentation process does not distort the data
to the extent that it loses its representative characteristics. In this sense, structural
similarity is beneficial, as it ensures that the augmented data faithfully represents the
original data. SSIM values range from 0.7 to 0.8 (M=0.75, SD=0.03), whereas DTW
values range between 123 and 5678 (M=2000, SD=850), indicating that augmented images
are not near-duplicates of the original data but rather new images that eventually should
help improving model performance.

3.4.4 Models

3.4.4.1 Convolutional Neural Nets

We use three state-of-the-art pre-trained CNNs for analyzing the off-line data: ResNet50 [14],
DenseNet121 [20], and EfficienNet [37]. ResNet and DenseNet use residual connections,
which are instrumental to train very deep models. While ResNet performs an element-
wise addition to pass the output to the next layer, DenseNet connects all layers directly
to each other through concatenation. However, EfficienNet uses a uniform compound
scaling technique that achieves the same performance as state-of-the-art CNNs but with
much better efficiency. These CNNs were trained on the large ImageNet dataset, and we
fine-tuned them to our AD dataset by transfer learning [42].

3.4.4.2 Recurrent Neural Nets

Since transfer learning for on-line data is not currently possible, as there are no public
pre-trained models available, we train three RNNs from scratch: Vanilla RNN, LSTM [16],
and GRU [4]. LSTM is an improvement over vanilla RNNs by adding long-term memory,
making them ideal for complex sequences. GRU is a simplification of LSTM while retain-
ing the same performance, making them ideal for cases where computational efficiency
is crucial. These RNN models include a hidden layer of 100 units with hyperbolic tan-
gent activation and 0.1 dropout, followed by a softmax output layer. We experimented
with other combinations of layers and different hidden units, but we did not observe
improvements with regard to this configuration.
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3.4.4.3 Training and evaluation

All CNNs and RNNs are trained with the popular Adam optimizer, with a learning rate
of 0.001 and decay rates β1 = β2 = 0.99. The loss function is categorical cross-entropy,
consistent with our binary and multi-class classification tasks. All models use a batch
size of 32 (images or sequences) and use up to 50 epochs for training with early stopping
(patience of 10 epochs) to prevent overfitting. We train each model on 80% of the data
and test on the remaining 20% of both on-line and off-line data. We then used stratified
5-fold cross-validation on the training set only, ensuring that each fold was representative
of the whole by maintaining approximately the same percentage of samples of each class
as in the training subset. We computed the classification accuracy (Acc) and Area Under
the ROC curve (AUC) to assess model performance.

3.5 Results and discussion

Figure 3.3 summarizes the results of our experiments, depicting the differences between
CNN classifiers (top row) for off-line data (ResNet, DenseNet, and EfficienNet) and RNN
classifiers (bottom row) for on-line data (vanilla RNN, LSTM, and GRU). These results
are instrumental for assessing the efficacy of binary (distinguishing AD patients from HC)
and multi-class classification (distinguishing HC, mild AD, and moderate AD) tasks in
the context of AD screening using hand-writing tasks (i.e., pentagon and clock).
In binary classification of pentagon drawings, the before-augmentation scenario showed
modest performance across models. After-augmentation, however, there was an increase
in classifier accuracy, particularly with EfficienNet, which improved substantially, from
60% to 90%. A similar trend was observed in the classification of clock drawings, where
the after-augmentation results underscored the effective impact of our data augmentation
strategies on model performance.
For multi-class classification, the differential impact of data augmentation was again sig-
nificant. EfficientNet was the best performer, especially for pentagon drawings, confirming
the model’s ability to differentiate between various stages of AD severity. The trend of
improved after-augmentation accuracy was consistent across other models, although the
degree of improvement varied.
Our results indicate that off-line data, when enhanced through strategic data augmen-
tation, provides a more stable and consistent basis for AD classification compared to
on-line data. This stability can be attributed to the static nature of off-line data, which,
unlike on-line data, is less affected by the variabilities introduced by the temporal and
dynamic components of on-line drawing. In non-clinical domains, researchers have shown
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Figure 3.3: Experiment results. CNN classifiers for off-line data (Res: ResNet, Den:
DenseNet, Eff: EfficienNet) are depicted in the top row, whereas RNN classi-
fiers for on-line data (vanilla RNN, LSTM, GRU) are depicted in the bottom
row. The dashed lines represent the performance of a random classifier, illus-
trating the empirical lower bound.

that on-line data is preferred over off-line data (e.g., [38, 24]), given the rich patterns
and movement dynamics involved [25]. In our experiments, however, we observed that
pre-trained CNNs outperformed RNNs trained from scratch due to the size and variability
in online data that our RNNs were not able to capture as effectively as the CNNs. This
variability also seems to affect tasks differently; for example, more cognitively demanding
drawing tasks allowed for an easier distinction of AD patient handwriting from HCs; see
e.g., Figure 3.3.
Our study builds upon previous research that focused on one drawing type for AD screen-
ing [18, 3]. However, our findings suggest that both pentagon and clock drawings are
suitable for AD screening, with EfficientNet achieving the highest performance in binary
classification (90% accuracy, 92% AUC) and in multi-class classification settings (75%
accuracy, 79% AUC) for using pentagons, followed by clocks (Binary classification: 82%
accuracy and 79% AUC, multi-class classification: 70% accuracy and 75% AUC), high-
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lighting the effectiveness of these simple tasks.
Our results also indicate that the performance gap before and after data augmentation
differs across tasks, with larger differences in off-line data. Previous results by Maslych
et al. [27] reported improved performance of an RNN model in several handwriting tasks
using AVC for data augmentation, although all the tasks were focused on gesture recogni-
tion and a specific dataset. In any case, it seems clear that data augmentation is necessary
for both off-line and on-line drawing tasks.
Without data augmentation, most models behaved like a random classifier; see the dashed
lines in Figure 3.3. After data augmentation, however, we observed a significant improve-
ment in model performance across all tasks for both binary and multi-class classification
scenarios. These improvements were more apparent for CNN models, which somehow
disagrees with previous findings in AD screening that reported similar performance for
RNNs [2, 30].
Interestingly, Souillard-Mandar et al. [36] found that the digital Clock Drawing Test had
superior diagnostic performance compared to traditional paper-and-pencil methods for
differentiating healthy individuals from cognitive impairment subjects (only binary classi-
fication), using traditional ML models without any data augmentation. Previous studies
have demonstrated the effectiveness of various augmentation strategies in similar contexts
for off-line data [19, 33]. In our work, we designed and optimized our augmentation strat-
egy to ensure its suitability for our specific datasets. This involved iterative testing and
refinement of different augmentation techniques, such as geometric transformations.

3.6 Limitations and future work

The main limitation of our study is the small sample size of the original dataset, which
had to be augmented with suitable variations in order to fine-tune the CNN models and,
more importantly, to train the RNN models from scratch. However, we should remark
that dealing with small sample sizes is a well-known and pervasive issue among clinical
studies [21, 40]. Recruiting participants with AD is very challenging due to strict criteria
and ethical concerns. Despite our best efforts, it took us one year to recruit 33 suitable
participants. On the other hand, future work should consider different data augmentation
approaches for on-line trajectories, since we have observed that the AVC method [27] is
suboptimal for AD screening. Additionally, an interesting direction for future research
could be assessing whether simpler, custom-built CNN models can achieve comparable
or superior results with reduced complexity.Ultimately, despite these shortcomings, our
findings show promise and could lead to practical clinical applications.
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3.7 Conclusion
We have analyzed the impact of off-line vs. on-line handwriting data for AD screening
using pentagon and clock drawings with suitable data augmentation techniques. We
trained several CNNs and RNNs for binary and multi-class classification settings. Our
results show that data augmentation is always beneficial and that pentagons have better
discriminative power than clocks. Our results also show that CNNs outperform RNNs in
all settings, contradicting what was previously known in non-clinical work.
Our observed improvements in performance suggest that while our current strategy en-
hances model robustness, further optimizations could indeed yield even better results, a
possibility that we aim to explore in future work. We acknowledge that there are numer-
ous opportunities for additional refinement, and future work will continue to explore and
optimize these techniques to maximize their efficacy in enhancing model robustness and
accuracy. Our code and models are available upon reasonable request.
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3.8 Screening of Alzheimer’s disease and mild cognitive
impairment through integrated on-line and off-line
house drawing tests

Abstract†

Objective: Evaluate the effectiveness of machine learning (ML) algorithms in classifying mild
cognitive impairment (MCI) and Alzheimer’s disease (AD) using features derived from the House
Drawing Test (HDT). Methods: The HDT was administered to 58 participants, categorized into
AD (n = 22), MCI (n= 25), and Healthy Controls (HC, n = 11). Drawings were simultaneously
captured using an electronic pen (on-line format) and scanned (off-line format). Results: The
models achieved high classification accuracy across all groups: HC vs. MCI (67%), MCI vs.
AD (70%), HC vs. AD (76%). Our results showcase the potential of ML for early screening of
neurodegenerative diseases.

Keywords
On-Line, Off-Line, Deep Learning, Alzheimer’s Disease, Mild Cognitive Impairment,
House Drawing.

3.9 Introduction
Mild Cognitive Impairment (MCI) and Alzheimer’s Disease (AD) present significant chal-
lenges in an aging society, necessitating early diagnosis for effective disease management.
MCI, often a precursor to AD, is characterized by a cognitive decline that, while no-
ticeable, does not yet significantly impair daily activities. Identifying MCI as early as
possible is essential, as it allows for interventions that may delay the onset of AD. There
is thus an urgent demand for diagnostic tools and strategies to facilitate early detection
and intervention [31, 20].
Cognitive assessments have become a focus for early detection of MCI and AD, partic-
ularly relying on drawing tasks that assess constructional abilities [18, 29], such as the
Rey-Osterrieth Complex Figure [3], the Clock Drawing Test (CDT) [7], and the House

†N. Hosseini-Kivanani, E. Salobrar-García, L. Elvira-Hurtado, M. Salas, C. Schommer, and L. A.
Leiva, “Screening of Alzheimer’s disease and mild cognitive impairment through integrated on-line
and off-line house drawing tests,” IADIS International Journal on Computer Science and Information
Systems, pp. 37–53, 2024.
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Drawing Test (HDT) [33]. However, traditional cognitive assessments, based on pen and
paper, are often time-consuming, prompting the development of quicker, semi-quantitative
alternatives [19, 2]. Drawing tests based on electronic pens provide more quantifiable met-
rics (e.g., drawing latency or visual quality) to differentiate between individuals with and
without neurodegenerative diseases [22, 32]. Despite these advancements, little research
has compared how traditional (off-line, scanned images) and digital (on-line, time series)
drawings perform in practice. While previous work noted that on-line representations
offer richer features than off-line data [1, 8], a systematic comparison between these input
types for diagnostic accuracy is currently lacking. To bridge this gap, we investigate the
impact of data augmentation (DA) on both off-line and on-line representations for MCI
and AD screening.
We focus on HDT drawings given the test’s complexity and its demand for visuospatial
and cognitive planning abilities, as previous research has shown that more complex tasks
are more sensitive to early cognitive impairments [28]. Further, the HDT’s requirement
for participants to draw from memory, as opposed to copying, places a higher cognitive
load, making it a robust tool for early detection of conditions like MCI and AD [25].

3.10 Related work
Handwriting analysis ‡ has emerged as a cost-effective and reliable method for early de-
tection of AD and MCI. Various studies (e.g., [11]) have used handwriting-based features
to differentiate between AD, MCI, and Healthy Controls (HC). However, task effective-
ness can vary significantly; for example, symbols like the spiral may not fully capture the
fine-grained details of spatial awareness, planning, and memory, which are particularly
affected in MCI and AD patients.
[10] analyzed kinematic and pressure features of handwriting in 52 participants. The tasks
included drawing of crossed pentagons, spirals, 3D houses, and the CDT. Their study
highlighted the potential of on-line features in distinguishing between healthy subjects
and those with cognitive impairments. Supporting these findings, [30] reported significant
differences in temporal measures and pressure among AD, MCI, and HC groups.
Traditional off-line cognitive assessments have primarily focused on identifying outlines
and details using scoring systems, often overlooking the sequence of drawing actions. A
limited number of studies have employed digital tools, such as pens or tablets, to record
the drawing process (see, e.g., [7]). [24] used a digital pen to analyze continuity and sym-
metry variables, offering insights into cognitive functions beyond traditional methods.

‡In this paper, we consider handwriting and hand-drawing interchangeably, as both involve similar
neurophysiological and peripheral processes involved in motor control.
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Similarly, [17] used a tablet to automatically extract stroke parameters and spatial infor-
mation. They found that AD patients produced more fragmented drawings, took longer
pauses, and demonstrated lower accuracy than individuals with normal cognition.

Our study contributes to the research literature by evaluating the effectiveness of various
computational models for detecting AD and MCI (e.g., [14, 5]). For example, digital pa-
rameters of the CDT have effectively demonstrated cognitive processes and distinguished
between patients with amnestic MCI, mild AD, and those with normal cognition [34].
However, specific drawing behaviors in MCI patients remain underexplored.

3.11 Methodology

We sought to explore cognitive and motor functions through a drawing task designed to
assess creativity and precision across different cognitive stages (HC vs. MCI, MCI vs.
AD, HC vs. AD). We recruited 58 participants from the Memory Unit of the Hospital
Clinico San Carlos (HCSC) in Madrid between January 2023 and January 2024, including
11 HC, 25 with MCI, and 22 AD. Cognitive status was assessed using the Mini-Mental
State Examination (MMSE). A Chi-square test showed no significant association between
sex distribution and diagnosis group, χ2(1, N = 47) = 2.09, p = 0.148, and a t-test
indicated no significant age differences between HC and MCI groups (t(36) = 0.65, p >

.05) (Table 3.2). However, a significant difference in MMSE scores was found, indicating
lower cognitive function in individuals with MCI compared to healthy controls (t(36) =
3.38, p < .05) (Table 3.2).

Table 3.2: Summary of user demographics (Mean ± SD) and Age-MMSE correlations.

Characteristic HC (n=11) MCI (n=25) AD (n=22) Total (n=58)

Age (years) 82.6 ± 2.5 81.4 ± 5.9 79.4 ± 4.1 80.9 ± 5.0

MMSE Score 29.9 ± 0.8 26.0 ± 2.1 23.5 ± 3.6 26.6 ± 3.3

Gender (F/M) 8/3 15/10 17/5 40/18

Age-MMSE Corr. -0.16 0.28 -0.23 0.15

p-value .170 .030 .310 .200
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3.11.1 Data Collection and Preprocessing

Participants were instructed to draw a house symbol on a Repaper tablet (dimensions:
10.9 inches)§ with a blank sheet of paper affixed and using a standard pen equipped with
an accelerometer. This setup replicated a typical pen-and-paper drawing experience while
capturing digital data via Bluetooth to the Repaper app. A total of 58 drawings were
collected. The on-line data, representing discrete point sequences, were initially saved
as SVG files and then converted to JSON format, containing multivariate sequences of
(x,y,t) points. The off-line data, captured as high-resolution images using an HP
Color LaserJet Pro scanner, were stored as PDFs, converted to PNG format, and resized
to 224x224 pixels to standardize inputs for deep learning (DL) models. This resizing aligns
with common computer vision practices for compatibility with pretrained DL models. To
further enhance image quality, the Canny edge detector was applied to highlight edges in
the scanned images.

Figure 3.4: Sample of off-line and on-line drawing with standard and AVC augmentation.

Data Augmentation: To improve model robustness and generalizability, we applied DA
techniques to both on-line and off-line versions. For off-line version, we used geometric
transformations such as rotation, translation, scaling, and flipping to increase variability
and reduce overfitting. For on-line version, we employed standard techniques such as
jittering and, based on recent findings by the AVC technique proposed by [21]. The
AVC included Gaussian noise addition, frame-skipping, spatial modifications, perspective
adjustments, and scaling. After DA, the dataset included 300 images (off-line version)
and 300 point sequences (on-line version), evenly distributed across 100 observations per
group.

§https://www.iskn.co/eu

https://www.iskn.co/eu
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3.11.2 Experimental Setup

Our study employs Convolutional Neural Networks (CNNs) and Recurrent Neural Net-
works (RNNs) to analyze handwriting for cognitive impairment assessment. CNNs are
used to analyze pixel-based images, detecting spatial patterns and textures that are indica-
tive of subtle cognitive changes. We use three CNN architectures: ResNet50 [12], which
employs skip connections to maintain information across deeper layers; DenseNet121 [15],
known for efficient feature propagation through densely connected layers; and Efficient-
Net [27], which optimizes the network’s architecture to handle diverse handwriting styles
effectively.
In addition to image-based analysis, RNNs are applied to interpret stroke sequences. This
approach captures temporal dynamics and sequential nuances in handwriting, providing
insights into the cognitive processes underlying stroke patterns. We implement three types
of RNNs: the Bidirectional Vanilla RNN (BiRNN) for straightforward sequential tasks;
Bidirectional Long Short-Term Memory (BiLSTM) [13] for retaining information across
longer sequences; and Bidirectional Gated Recurrent Unit (BiGRU) [6], which balances
computational efficiency with performance.
Training Details: All models were trained using the Adam optimizer with a learning
rate of η = 0.001 and decay rates of β1 = 0.99 and β2 = 0.999. We used binary cross-
entropy as the loss function for all binary classification tasks (HC vs. MCI, MCI vs.
AD, and HC vs. AD). We used a batch size of 32 and up to 100 training epochs, with
early stopping (patience of 40 epochs) to avoid overfitting. The augmented dataset was
split into 80% for training and 20% for testing, ensuring the test set represented unseen
data. Stratified 5-fold cross-validation was conducted on the training set to maintain class
proportions across folds. Model performance was evaluated using classification accuracy
(Acc.) and the Area Under the ROC Curve (AUC).

3.12 Results and Discussion

Our experiments are crucial for understanding the progression of cognitive decline and
distinguishing between HC, individuals with MCI, and those with AD. As highlighted
in previous research [9, 30], distinguishing MCI from HC and AD can be particularly
challenging due to overlapping characteristics.
Table 3.3 summarizes the Accuracy and AUC results for both on-line and off-line datasets,
comparing models with and without DA. The data reveal that applying DA, particularly
standard DA (StdAug), consistently improves performance across all models and settings.
Off-line Data: EfficientNet demonstrated significant performance gains across all binary
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classification tasks when standard DA was applied. Specifically, for “HC vs. MCI,”
accuracy increased from 50%|52% to 65%|66%, for “MCI vs. AD” from 49%|49% to
69%|70%, and for “HC vs. AD” from 53%|55% to 76%|77%. This indicates that off-line
data setups benefit substantially from standard DA.

On-line Data: BiGRU was the top performer for on-line data, showing marked im-
provements post-DA. In the “HC vs. MCI” task, performance increased from 51%|54%
to 67%|69%, in “MCI vs. AD” from 47%|45% to 70%|72%, and in “HC vs. AD” from
45%|47% to 75%|76%. While on-line data also benefitted from DA, results varied more
between models.

Comparison of DA Techniques: The comparison between standard DA and AVC DA
shows that standard DA generally yields higher performance gains. For example, in the
“HC vs. AD” group, GRU achieved similar results with standard DA (75%|76%) and
AVC DA (68%|70%), but overall, standard DA consistently outperformed AVC across
different settings.

Table 3.3: Binary classification results achieved before and after DA (Standard & AVC)
for different DL Models.

HC vs MCI MCI vs AD HC vs AD
Off-line On-line Off-line On-line Off-line On-line

Before StdAug Before StdAug AVCaug Before StdAug Before StdAug AVCaug Before StdAug Before StdAug AVCaug
(Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC)(Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC)(Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC) (Acc.|AUC)

R
es

42 | 48 57 | 49 N/A N/A N/A 46 | 47 63 | 65 N/A N/A N/A 51 | 50 65 | 64 N/A N/A N/A

D
en

49 | 51 61 | 63 N/A N/A N/A 49 | 50 60 | 62 N/A N/A N/A 51 | 50 73 | 77 N/A N/A N/A

E
ff

50 | 52 65 | 66 N/A N/A N/A 49 | 49 69 | 70 N/A N/A N/A 53 | 55 76 | 77 N/A N/A N/A

R
N

N

N/A N/A 50 | 51 61 | 60 56 | 59 N/A N/A 50 | 53 61 | 65 55 | 59 N/A N/A 48 | 52 72 | 75 60 | 58

L
S

T
M

N/A N/A 50 | 55 65 | 66 59 | 59 N/A N/A 47 | 49 65 | 66 60 | 57 N/A N/A 46 | 52 75 | 75 59 | 59

G
R

U

N/A N/A 51 | 54 67 | 69 59 | 60 N/A N/A 47 | 45 70 | 72 61 | 64 N/A N/A 45 | 47 75 | 76 68 | 70

The improvements observed in our study align with existing literature that suggests data
augmentation can enhance ML model performance by providing more diverse training
data, thereby improving generalization [26]. Specifically, our findings underscore that
standard DA outperforms more complex techniques like AVC DA, particularly in tasks
that require distinguishing subtle cognitive differences, such as between HC and MCI.
This suggests that simpler, well-tuned DA methods might be more beneficial for certain
medical datasets, where the quality and interpretability of data are paramount [23].
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3.12.1 Limitations and Future Work
Our study has some limitations worth of mentioning. Mainly, the small sample size,
which is a pervasive problem in medical studies [4, 16, 14], and the focus on a single
type of drawing task may limit the generalizability of our findings. Additionally, the
study’s reliance on a specific neuropsychological test (the HDT) may not fully capture
the diversity of cognitive impairments across different populations and tasks. Future
research should explore other cognitive assessment tasks to validate further our findings.
Despite these limitations, our results hold promise and could pave the way for future
clinical applications using a simple handwriting test as a non-invasive, low-cost method.
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3.13 Predicting Alzheimer’s disease and mild cognitive
impairment with off-line and on-line house drawing
tests

Abstract†

There is growing interest in developing reliable, non-invasive, and cost-effective methods for
early diagnosis of neurodegenerative diseases such as Mild Cognitive Impairment (MCI) and
Alzheimer’s Disease (AD). In this regard, handwriting-based tasks have shown potential in
differentiating MCI and AD patients from healthy controls (HCs). However, previous work has
reported mixed results when using different symbols and data representations. We address this
research gap by developing computational models (convolutional and recurrent neural networks)
to differentiate MCI and AD from HCs with off-line (scanned images) and on-line (discrete time
series) house drawings. Notably, we observed that augmenting on-line data and then converting
it to off-line format, a method we refer to as “OnOff-line”, yielded the best performance results
in binary classification tasks. These findings highlight the effectiveness of on-line representations
in capturing handwriting dynamics more accurately. Ultimately, our work opens new avenues
for future research to enhance automated diagnostic of MCI and AD from handwriting analysis.

Keywords
Mild Cognitive Impairment, Alzheimer’s Disease, Handwriting, Drawing, Deep Learning,
Classification.

3.14 Introduction
Alzheimer’s Disease (AD) is the primary cause of dementia, leading to substantial cogni-
tive and behavioral decline [1], and is expected to impact up to 152 million individuals
worldwide by 2050 [5]. The early detection and understanding of Mild Cognitive Impair-
ment (MCI), which often precedes dementia, has garnered considerable attention from
both researchers and healthcare professionals, as it represents a pivotal phase between
healthy aging and AD. MCI is characterized by mild cognitive symptoms (e.g., memory

†N. Hosseini-Kivanani, E. Salobrar-García, L. Elvira-Hurtado, M. Salas, C. Schommer, and L. A.
Leiva, “Predicting Alzheimer’s disease and mild cognitive impairment with off-line and on-line house
drawing tests,” in Proceedings of the 2024 IEEE 20th International Conference on e-Science, 2024,
pp. 1–10. DOI: 10.1109/e-Science62913.2024.10678661
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and thinking skills) that do not significantly impede daily life activities. Although not all
MCI cases progress to dementia, there is an elevated risk of evolving into AD [19], partic-
ularly for people who experience memory deficits [38, 53]. Furthermore, the availability of
specific diagnostic tests can be constrained by factors such as economic limitations, health-
care infrastructure, or geographical location [28]. These restrictions can adversely affect
the prompt diagnosis and intervention for individuals with cognitive impairments. This
limitation underscores the need for alternative, patient-friendly diagnostic approaches.
Current research and technological advancements are focused on improving the accessi-
bility and accuracy of diagnostic tools. Given the challenges and inaccuracies associated
with traditional (manual) diagnosis methods for MCI and AD, there is growing interest in
using Machine Learning (ML) to enhance these processes. For example, ML can identify
biomarkers such as neurofibrillary tangles and senile plaques, which correlate highly with
specific structural changes in the brain caused by AD [48]. This shift towards technology-
driven diagnostics aims to streamline the early detection of AD and MCI, facilitating
timely interventions that could potentially slow the progression of these neurodegenera-
tive diseases.
Handwriting analysis has seen substantial growth recently, following recent advancements
in neuroscience, and in particular, it has proven useful in diagnosing AD due to its ability
to detect changes in cognitive and motor skills [20, 15, 69]. The community has acknowl-
edged handwriting-based tests‡ as a viable, non-invasive method for early detection of
cognitive decline [16, 13, 17], a necessity in light of increasing AD prevalence and an
aging population.
In the medical field, it is widely recognized that handwriting deterioration (e.g., irregular
size, spacing, and letter formation) is one of the earlier indicators of cognitive disorders.
This deterioration stems from the impact of cognitive diseases on motor skills, which in-
volve cognitive, kinesthetic, and perceptual-motor abilities. Therefore, observing changes
in handwriting can serve as a critical early sign of cognitive decline, highlighting the need
for early diagnosis and interventions to mitigate the severity of these conditions [35].
The choice of symbols for handwriting/drawing tests significantly impacts the accuracy
and utility of the results. The Clock Drawing Test (CDT), widely used for cognitive
evaluation, has been shown to require large sample sizes to yield reliable results [31]. The
Pentagon drawing test (PDT), which measures visuospatial abilities through a copy task,
is not well-suited for detecting broader cognitive impairments beyond spatial skills [33].
Sentence-writing tasks [21] are language-dependent, which poses a challenge in multilin-
gual settings or among individuals with language deficits, and handwritten signatures do

‡In this paper, we consider handwriting and hand-drawing synonymous because both tasks involve the
same neurophysiological and peripheral processes involved in motor control.
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not perform well for AD screening [32, 23].
Both the Tree Drawing Test (TDT) [59, 61] and the HDT [22] are increasingly being used
by clinicians nowadays. These tests evaluate a range of cognitive functions, including
planning, organization, spatial awareness, and motor control [22]. Despite their potential,
computational modeling using these symbols remains unexplored. The TDT, though use-
ful, presents certain challenges. Trees can vary greatly in their structure and complexity,
which may introduce variability in the interpretation of results. In contrast, the HDT
offers a more standardized and relatable symbol. Drawing a house typically involves a
combination of straight lines, angles, and geometric shapes, which can effectively assess
visuoconstructional abilities and cognitive function without the variability introduced by
more complex symbols. It is simple to administer, language independent and captures
a wide range of cognitive abilities. Given these advantages, we develop computational
models using HDT data in this paper.
Another area that remains underexplored is the use of different input representations
that can improve model performance. Namely, the vast majority of previous work uses
scanned images (off-line representations) for AD classification [36, 31, 32, 44, 10]. Only
a handful of papers have explored the use of time series data (on-line representations) in
this regard [2, 16]. We argue that on-line data can capture better handwriting dynamics;
however, in the medical domain, these kinds of datasets are really small, so ML models
tend to overfit [25]. This is arguably the main reason why previous work has only focused
on off-line data. In this paper, we explore a novel approach: convert on-line data to off-
line data. This enables the combination of fine-grained handwriting dynamics with static
image data, for which computer vision DL models have proved useful for AD classification.
In sum, this paper makes the following contributions:

• Comparison of Deep Learning (DL) models for classification of AD, MCI, and HCs
using both On-line and Off-line HDTs.

• On-line to off-line conversion: a novel approach where time series data are encoded
into (pixel-based) intensity values as images.

3.15 Related Work
ML in digital medicine has recently shown considerable promise in enhancing health-
care outcomes and improving the efficiency of the diagnostic process [2, 7, 12, 42]. ML
algorithms have been used to classify MCI, AD, and cognitive normal groups using neu-
rocognitive tests, with high area under the ROC curve (AUC) values, indicating strong
predictive performance [50]. Handwriting analysis, particularly in the context of AD and
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MCI, offers valuable insights for screening and diagnosis (e.g., [39]). Recent studies have
identified distinct patterns in the early stages of AD through handwriting, demonstrating
the efficacy of drawing skills as indicators of cognitive decline [56, 18, 69, 24].
Handwriting data can be captured either as scanned images, also known as off-line data,
or as discrete sequences of {x, y} (sometimes {x, y, t}) points, also known as on-line data.
The former has been the focus of most of the previous work in AD screening [36, 12].
The latter has gained attention only recently [2, 16], which is surprising because, in other
domains, it has been shown that on-line data representations provide richer movement dy-
namics, including, for example, detailed timing and (sometimes) pressure information [41,
49, 70, 35], which are features not available in off-line data representations.
When combined with cognitive functioning assessments, handwriting kinematic measures
can differentiate between MCI, AD, and healthy controls (HCs). The reported classi-
fication accuracy ranges from 69% to 72% in differentiating participants, although the
classification accuracy for the MCI group alone is relatively poor [69]. Müller et al. [46]
reported that the digital Clock Drawing Test (dCDT) has a higher diagnostic accuracy
for discriminating MCI patients from HCs compared to the conventional CDT (cCDT)
(81.3% vs. 62.5%). Robens et al. [58] used the digital Tree Drawing Test (dTDT), achiev-
ing 77% AUC when discriminating MCI from HCs and 90% AUC when discriminating
AD from HCs. Faundex et al. [22] used the House Drawing Test to analyze (not classify)
handwriting movements in AD patients and HCs. They noted that on-line data revealed
subtler motor impairments that traditional off-line methods would miss.
A study by Garre et al. [25] investigated handwriting and drawing copy-tasks involving
several symbols (e.g., spiral, house, or crossed pentagons) to differentiate between AD,
MCI, and HC. They found that kinematic features such as pen tip velocity and pressure
could classify participants based on their cognitive status with varying accuracy, from
63.5% (drawing of a 3D house and CDTs) to 100% (drawing of a spiral). Unfortunately,
the spiral symbol does not include considerations of fine-grained details and facets of
spatial awareness, planning, and memory, all of which are particularly affected in MCI
and AD patients.
El-Yacoubi et al. [70] tried to identify cognitive states based on handwriting characteristics
(e.g., velocity, acceleration, or stroke length) when copying predefined sentences. Their
study revealed distinct clusters that corresponded to different cognitive profiles. For ex-
ample, one cluster was dominated by HC and MCI patients, while another was dominated
by MCI and early-stage AD patients. This clustering highlighted that MCI patients ex-
hibited handwriting behaviors that were intermediate between HCs and early-stage AD
patients. Another study by Raksasat et al. [57] developed an Attentive Pairwise Inter-
action Network (API-Net) aimed at enhancing the automatic scoring of the CDT. They
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achieved 79% F1-score, slightly outperforming a convolutional neural network (ResNet-
152 by 3%) for multi-class classification.
As shown before, there is no consensus about which performance metric should be re-
ported and which handwriting task should be administered. Further, very few datasets
are available for AD and MCI screening, mostly in off-line form. To address these issues,
we collected a comprehensive dataset § featuring HDTs, drawn by MCI and AD patients
as well as HC, using both on-line and off-line data. Our dataset is, therefore, unique in the
sense that it encompassed off-line and on-line representations of the same drawing from
the same subject. Accordingly, we compare and contrast the classification performance
of various computational models (neural networks) using either off-line or on-line hand-
writing to detect MCI and AD. We also investigate a novel approach, which consists of
converting on-line data to off-line, which turned out to outperform models trained from
scratch on either on-line or off-line data. Taken together, our results provide new insights
into the performance of ML models when classifying MCI and AD patients using different
handwriting data representations.

3.16 Experimental Setup
Digital pens bring new challenges, including increased costs and a potential compromise
in handwriting input due to variations in pen grip and user familiarity with digital inter-
faces [43]. To address these concerns, we used a Repaper tablet,¶ featuring conventional
pencils equipped with a small accelerometer, which allowed us to replicate the natural
paper-based handwriting experience while at the same time capturing discrete time series
data of {x, y} points. The on-line data capture of these {x, y} points is crucial as it
provides a continuous, real-time digital record of the writing process, enabling detailed
analysis of handwriting trajectories. These trajectories are particularly meaningful in our
study as they offer insights into neuromotor control in elderly populations, helping to dif-
ferentiate between normal aging processes and specific impairments associated with MCI
and AD.
In addition to on-line data, off-line data captures static end results of the handwriting,
such as the final drawing. The key difference between off-line and on-line data is that
while off-line data provides a snapshot of the final product, on-line data captures the
process. By comparing both off-line and on-line versions from the same patient, we can
gain a comprehensive understanding of both the result and the process of handwriting,
which is essential for diagnosing and differentiating between MCI and AD.

§Available upon reasonable request.
¶https://www.iskn.co/

https://www.iskn.co/
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3.16.1 Participants

Table 3.4: Demographic information of our dataset.

HC MCI AD

(n = 11) (n = 25) (n = 22)

Gender (male + female) 3 + 8 15 + 10 5 + 17

Age (M ± SD) 82.63 ± 2.46 81.44 ± 5.89 79.36 ± 4.09
MMSE (M ± SD) 29.91 ± 0.83 27.60 ± 2.18 23.45 ± 3.57

We recruited 58 individuals aged between 70 and 89 years at the Memory Unit of the
Hospital Clinico San Carlos (HCSC) in Madrid, including 25 patients with MCI, 22 pa-
tients with AD, and 11 HC; see Table 3.4 and Figure 3.5. All individuals had normal
vision and no hearing problems. Cognitive capabilities were assessed in a clinical set-
ting optimized to minimize distractions and background noise. This assessment used the
Mini-Mental State Examination (MMSE) [63] to evaluate cognitive status. Patients were
classified into MCI or AD based on criteria from the National Institute of Neurological
and Communicative Disorders and Stroke (NINCDS), Alzheimer’s Disease and Related
Disorders Association (ADRDA) [45], and the Diagnostic and Statistical Manual of Men-
tal Disorders (DSM-5) [27]. Statistical analysis with one-way ANOVA tests revealed no
significant age differences between the three groups (F (2, 55) = 2.04, p > .139), indicating
a balanced distribution across participants. Conversely, significant differences in MMSE
scores were found among the groups (F (2, 55) = 25.64, p < .0001), with the HC group
scoring higher than the MCI and AD groups (p < .0001), as expected.

Figure 3.5 presents the distribution of (a) age and (b) MMSE scores for the three groups.
The HC group displays a broader age range with a slightly higher median age compared
to the MCI and AD groups. Notably, the statistical test indicates no significant difference
(p > .05) in age distribution among the groups, suggesting that age alone does not allow
to differentiate between these groups. The boxplots reveal a clear descending trend in
median MMSE scores from HC to AD, indicating a progressive cognitive decline. The
MCI scores lie between those of the HC and AD groups, consistent with their intermediary
diagnostic status. The difference across groups was statistically significant (p < .001).
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Figure 3.5: Data distribution of (a) age and (b) MMSE score of HC, MCI, and AD groups.

3.16.2 Procedure

Participants were tasked to draw a house with the instrumented pencil (1 drawing per
participant, totaling 58 drawings). The Repaper tablet simultaneously recorded off-line
and on-line data. The on-line data were stored as SVG files (default format in Repaper)
and then converted to JSON files for later post-processing. The off-line data were digitized
with an HP Color LaserJet Pro scanner, stored as PDF files (default format in LaserJet),
and then converted into PNG files for later post-processing. The PNG files were enhanced
with the Canny edge detector [4] and resized to a standard resolution of 224×224 px.

3.17 Modeling Methodology
Figure 3.6 shows the full system pipeline. As explained later, we use Convolutional Neu-
ral Networks (CNNs) to classify off-line data and Recurrent Neural Networks (RNNs)
to classify on-line data. We chose CNNs and RNNs for our tasks because of their ef-
fectiveness in analyzing complex drawing tasks such as the CDT [31, 37], HDT [22] and
PDT tasks [33], which are commonly used to assess cognitive impairment [8] for both
off-line and on-line data. CNNs are particularly effective for processing off-line data,
such as pixel-based images, where they can detect spatial patterns and intricate details
within the static drawings, essential for identifying signs of cognitive decline. On the
other hand, RNNs, especially Long Short-Term Memory networks (LSTMs) and Gated
Recurrent Units (GRUs), excel in analyzing on-line data by capturing the sequential na-
ture of stroke movements, which is critical for understanding the temporal progression in
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tasks like drawing tests. This approach allows us to capitalize on the specific strengths
of CNNs for off-line image analysis and RNNs for on-line sequential data, providing a
comprehensive assessment of cognitive function.

Figure 3.6: Full system pipeline, from data collection and preprocessing to model training
and classification.

3.17.1 Data Augmentation

Data augmentation is essential to increase the robustness and generalizability of ML
models, especially in digital medicine, where sample sizes are quite often too small for
today’s ML standards. We considered three versions of data augmentation (Figure 3.6b),
as follows.
Off-line version: We applied a series of standalone geometric transformations to the
images, such as scaling and small rotations, in a selective manner to preserve the image
semantics (e.g., no vertical flipping). For this, we used the Albumentations library.‖

On-line version: The discrete point sequences were modified according to commonly
used transformation methods for time series, such as jittering and scaling [64].
OnOff-line version: The augmented on-line data were converted to off-line data (PNG
format), following the same steps indicated in Section 3.16.2. This variant is a compromise
solution between on-line and off-line approaches; the idea is to leverage the potentially

‖https://albumentations.ai/

https://albumentations.ai/
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larger variability produced by time series transformations and combine it with the high
performance of pre-trained CNNs.
Thanks to data augmentation, we expanded our dataset to include 300 images (off-line
representations) and 300 sequences (on-line representations), ensuring a balanced repre-
sentation across categories. As an example, for the MCI category, we generated 75 unique
variations from the initial set of 25 house drawings.
While augmented data should introduce variability, it should still retain the essential
features of the original data to be useful for training. To ensure this, the quality and vari-
ability of the augmented dataset were rigorously assessed using the Structural Similarity
Index Measure (SSIM) [67] for off-line data and the Dynamic Time Warping (DTW) [60]
metric for on-line data. SSIM is a similarity metric where 0 indicates no similarity, and
1 means full similarity. SSIM is commonly used to measure the visual similarity between
images by considering changes in structural information, luminance, and contrast. DTW
is a distance metric where values greater than 0 indicate deviation from full similarity.
DTW, on the other hand, compares time-series data by aligning sequences in a way that
minimizes the cumulative distance.

Figure 3.7: Distributions of SSIM and DTW distributions across HC, MCI, and AD.
Dashed plots correspond to the results considering all the augmentation tech-
niques collectively (labeled as “All aug.”). The solid plots show the results
from the selected augmentation (labeled as “Sel. aug.”) techniques.

Note that, in this context, “similarity” refers to maintaining the structural integrity of
the original data while introducing the desired variations. The goal of using similarity
measures in the context of data augmentation is not to create augmented data identical
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to the originals but rather to ensure that the transformations do not lead to the loss of
important features or introduce unrealistic characteristics. Too high SSIM or DTW values
might indicate insufficient augmentation, whereas too high SSIM values might indicate
that the augmented data is too similar to the original, suggesting insufficient variability
and, therefore, potentially less effective augmentation. Conversely, SSIM values that are
too low might indicate excessive distortion, where the structural integrity of the data is
compromised. Similarly, higher values suggest greater deviation from the original time-
series patterns for DTW, while very low values could imply that the augmentation did not
introduce meaningful variations. Thus, both SSIM and DTW provide critical insights into
the balance between maintaining essential features and introducing sufficient variability,
ensuring that the augmented data remains valid for model training.
Figure 3.7 represents the plots for SSIM and DTW. With SSIM scores ranging between
0.7 and 0.75 (see Figure 3.7 b) and DTW ranging from 180 to 4987 (see Figure 3.7b), we
confirm that the augmented data comprise novel variations rather than mere replicas of
the originals.

3.17.2 Convolutional Neural Networks

CNNs are inspired by the hierarchical structure of the human visual cortex [40] and are
widely used for image classification tasks in digital medicine (e.g., [9]). We selected three
state-of-the-art CNNs pre-trained on the popular ImageNet dataset, which offers a vast
range of images across multiple categories:∗∗ ResNet50 [29], DenseNet121 [34], and Effi-
cientNet [62]. ResNet uses skip connections to allow gradients to flow through the network
directly, preventing the vanishing gradient problem and enabling the training of very deep
networks. DenseNet features a unique architecture where each layer is connected to every
other layer in a feed-forward fashion, significantly reducing the number of parameters and
enhancing feature propagation. EfficientNet scales up CNNs in a more structured manner
using a compound coefficient to ensure that depth, width, and resolution grow uniformly.
These models were fine-tuned to our dataset using transfer learning [68].

3.17.3 Recurrent Neural Networks

RNNs are preferred to handle sequential data, where understanding spatiotemporal dy-
namics is important [26]. Since no pre-trained RNN models for sequence classification are
currently available as open source, we designed three models from scratch, each based on
one type of RNN memory cell.
∗∗https://www.image-net.org/

https://www.image-net.org/
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Bidirectional vanilla RNN (BiRNN), (with no memory), which operates without the use
of gating mechanisms, makes it simpler and faster for tasks where long-term dependencies
are less critical. This model analyzes the sequence dynamics in a straightforward manner,
though it may struggle with longer sequences due to the vanishing gradient problem.
Bidirectional Long Short-Term Memory (BiLSTM) [30] uses LSTM units to capture long-
range dependencies within the data effectively. This model is particularly adept at han-
dling the challenges of sequence classification, where understanding across large time lags
is crucial. The bidirectional architecture enhances its capability to integrate context from
both past and future inputs, providing a robust analysis of the sequence’s temporal fea-
tures.
Bidirectional Gated Recurrent Unit (BiGRU) [11] uses GRU cells that streamline the
architecture of LSTMs while retaining their ability to manage long-term dependencies.
GRUs simplify the gating mechanism found in LSTMs, leading to faster training times
without a significant trade-off in performance. Like BiLSTM, the bidirectional approach
allows the BiGRU to glean comprehensive insights from both directions of the sequence,
enhancing its predictive accuracy in complex scenarios.
Generally, bi-directionality allows the models to analyze an input sequence in the forward
and backward directions, offering a more comprehensive understanding of the sequence’s
temporal features. Our three RNNs have one hidden layer comprising 128 neurons selected
through Bayesian optimization with the Keras Tuner library [51], hyperbolic tangent as an
activation function, and a dropout rate of 0.1 to prevent overfitting. This setup precedes
a softmax output layer, ensuring a probabilistic distribution over the classification labels
as model output (Figure 3.6d).

3.17.4 Training Procedure

We split our augmented dataset as disjoint partitions of: 80% training, and 20% testing.
The test partition simulates unseen data, as it is only used for final model evaluation.
We train our CNN and RNN models using the Adam optimizer with a learning rate of
η = 0.001 and momentums β1 = β2 = 0.99. The loss function is binary cross-entropy for
two-class classification tasks (in our case, two categories: HC and patient) and categorical
cross-entropy for multi-class classification tasks (in our case, three categories: HC, MCI,
and AD). We use a batch size of 32 and train each model for up to 100 epochs with early
stopping (patience of 40 epochs, meaning that if validation loss does not improve over 40
consecutive epochs, training stops, preserving the optimal model weights).
To ensure a consistent proportion of samples across different classes, we used a stratified
5-Fold Cross-Validation, a type of K-Fold Cross-Validation that splits the entire set into
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k number of folds. The number of folds, k, was set to 5. Consequently, the training
set–which represents 80% of the whole dataset–was split into 5 folds. The first fold was
used as the validation set, while the remaining 4 folds served as the training set. This
process was repeated 5 times to guarantee that the entire set was used for both training
and validation purposes.

3.17.5 Evaluation Metrics

To assess the performance of our models, we compute classification accuracy (Acc) and
Area Under the Receiver Operating Characteristic curve (AUC). Together, these two
metrics serve as fundamental tools in the assessment of predictive models, particularly
in applications where the balance between sensitivity (true positive rate) and specificity
(true negative rate) is crucial.
Accuracy is defined as the percentage of true cases (true positives and true negatives) that
are correctly identified relative to the total number of cases. This metric offers a straight-
forward measure of a model’s overall performance in correctly predicting outcomes. The
AUC, on the other hand, provides insight into the discriminative power of any classifier.
It is calculated by plotting the true positive rate against the false positive rate and mea-
suring the area under the resulting curve. The true positive rate quantifies the model’s
ability to correctly identify actual positives, while the false positive rate measures how
often the model incorrectly classifies negatives as positives. If AUC = 50%, the classifier
is no better than random guessing, highlighting its ineffectiveness.

3.18 Results and Discussion
We first evaluated the performance of the proposed CNN and RNN models, with and with-
out data augmentation, for the three data representations considered (Off-line, OnOff-line,
and On-line). Figure 3.8 shows that data augmentation yields notable improvements in
all cases. Without it, most models behave like a random classifier, especially when con-
sidering binary classification tasks; see the leftmost plots in Figure 3.8. This emphasizes
that data augmentation is essential to train competent computational models.
Subsequently, we found that both jittering and scaling were particularly effective in im-
proving classification accuracy for models that rely on on-line data representations. This
contradicts previous findings in PD screening, where jittering failed to improve perfor-
mance due to the introduction of noise that mimicked dyskinesia charateristics [64]. It
is important to note that time series data should not be excessively modified to avoid
significant distortions after data augmentation. Contrary to studies in PD (e.g., [64]), our



84 On-line and Off-line Handwriting

methods proved effective, suggesting that the type of data augmentation and the nature
of the disease significantly influence model outcomes.
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Figure 3.8: Classification accuracy (top row) and AUC scores (bottom row) using different
models. Dashed lines indicate the performance of a random classifier, serving
as an empirical lower bound for comparison.

Our study aims to go beyond merely achieving accurate and high-performance classifi-
cation results; it seeks to understand the effectiveness of different input data formats as
novel diagnostic methods. Overall, our CNN and RNN models succeeded in distinguishing
AD patients from HC or MCI, outperforming random guessing by a large margin. In-
terestingly, our experiments achieved the best results in binary classification tasks when
augmenting on-line (time series) data and then converting them to off-line (images) data,
referred to as OnOff-line in our experiments. To the best of our knowledge, this is the
first work to report this finding.
Conversely, RNNs, specifically BiGRU, achieved the best performance for multi-class
classification tasks. In binary classification tasks, MCI and AD patients are considered
in the same group, which may introduce some noise and ambiguities in the multi-class
case, affecting the BiGRU model’s performance. However, for multi-class classification
tasks, where HC, MCI, and AD are treated as separate classes, BiGRU models can effec-
tively use their architecture to distinguish between these groups more accurately. BiGRU
worked best for multi-class classifications and performed as well as EfficientNet for binary
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classifications, making it the most versatile model for our dataset.
CNNs have previously been recognized for their high accuracy in predicting the conversion
from MCI to AD [56, 71]. ML models have also been used to detect the progression of
AD stages. For example, Bucholc et al.[6] introduced a hybrid Random Forest model
that achieved 87.5% accuracy; however, the reported performance varied across different
measures (e.g., MRI, age, and cognitive measures). In contrast, our models deliver higher
accuracy across classification tasks and are robust across different data formats. Another
study by Piers et al.[54] used on-line data to examine neurocognitive behavior over time,
demonstrated the utility of digital pen technology in cognitive evaluation. In line with
these observations, our study shows that on-line data representations are preferred, even
when converted to off-line data.
Table 3.5 presents the classification results from various studies involving handwriting
analysis to diagnose AD, using both off-line and on-line representations and across differ-
ent datasets. Where applicable, each model’s performance is evaluated under binary and
multi-class classification scenarios. When using off-line data representations, EfficientNet
models on pentagon drawings achieved the highest binary classification accuracy. This
is followed closely by the InceptionResNetV2 models on letter drawings, which also show
robust performance. In multi-class classification, where the complexity of class differentia-
tion increases, all models generally show reduced performance, exemplifying the challenges
posed by more complex classification tasks. On-line data representations performed best
in this case.
Classification accuracy varies notably across the different drawings and formats, under-
scoring the influence of drawing complexity and data format on model performance. Our
findings suggest that simpler shapes may facilitate higher accuracy in binary classification
due to fewer complexities distinguishing ADs from HCs. However, as the task complexity
increases in multi-class scenarios, where the model must differentiate between multiple
stages or types of cognitive impairment, model performance generally declines. This is
evident in the more complex “Clock” and “Letter” drawings, which involve more intricate
details and potentially more variation in individual execution.
The MCI group showed characteristics that were intermediate between HCs and ADs,
which made it challenging to distinguish them clearly, as it was also stated in Werner
et al. work [69]. However, our study demonstrated better performance in distinguishing
MCI from HC and AD with higher accuracy in our multi-class classification task, with an
accuracy of (See Table 3.5). Compared with previous work, several factors of our study
stand out:

1. Data augmentation: Our results demonstrate that data augmentation signifi-
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Table 3.5: Classification results and comparison to the state of the art.
Drawing Models Binary Multi-class

O
ff-

lin
e

da
ta Clock [31] DenseNet-121 74% 61%

Letter [14] InceptionResNetV2 74.6% N/A
Pentagon [33] EfficientNet 87% 76%
House (Off), ours EfficientNet 76% 60%
House (OnOff), ours EfficientNet 82% 66%

O
n-

lin
e

da
ta Clock [3] DL 83.44% N/A

Signature [66] SVM 75.71% N/A
Letter [16] 1D-CNN 89% N/A
House (On), ours BiGRU 72% 61%
House (OnOff), ours EfficientNet 82% 66%

Note: All these studies used data augmentation to improve their model performance.

cantly enhances model performance, which aligns with findings by Dao et al.[16]
and Bensalah et al.[2] (see Table 3.5). Unlike their studies, which focused on GANs,
our work shows that traditional augmentation techniques like jittering and scaling
can also yield high accuracy. This highlights the versatility of these simple augmen-
tation techniques across different datasets and model architectures.

2. Model performance: Similar to Bucholc et al. [6], who reported high accuracy
with a hybrid Random Forest model, our study finds that BiGRU performs excep-
tionally well in multi-class classification tasks. This suggests that RNNs, particu-
larly BiGRU, are highly effective in capturing the temporal dynamics of handwriting
data, which is critical for distinguishing between HC, MCI, and AD.

3. Data Representations: Our findings that on-line data representations are pre-
ferred, even when converted to off-line data (here OnOff-line format), are consistent
with Piers et al. [13], who suggested that using both on-line and off-line handwriting
analysis with deep transfer learning and GANs can improve early-stage Alzheimer’s
disease detection. This underscores the importance of preserving temporal informa-
tion in handwriting data for accurate classification.

4. Digital Drawing Tools: The use of digital drawing tools, as highlighted in previ-
ous studies [58, 47, 54]), supports our approach of using on-line pen stroke data to
analyze drawing characteristics indicative of cognitive impairment. All those previ-
ous studies emphasized the potential of these tools for early dementia detection but
only a handful of them actually did some computational modeling tasks.
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3.19 Limitations and Future Work
We acknowledge that relying solely on a single type of drawing task (in our case, a
house) may limit the generalizability of our findings across different clinical settings where
other forms of cognitive assessments are used. Although, as discussed in the Introduction
section, the HDT evaluates a range of cognitive functions [22], therefore, in line with recent
work, it should become the standard task to screen MCI and AD patients. We also should
note that previous work has considered pentagons [52], clocks [31], and signatures [32,
55], achieving similar results (sometimes lower) to ours.
On the other hand, our experimental findings are drawn from a relatively small sample
size, which might limit their applicability to a broader population of patients. However,
the challenge of recruiting a large and diverse cohort is a common and pervasive issue in
digital medicine [35, 65]. Despite these limitations, our results hold promise and could
pave the way for future clinical applications using a simple handwriting test as a non-
invasive, low-cost, and accurate method.

3.20 Conclusion
Handwriting analysis has been used by neurologists assessing suspected dementia patients
in conjunction with a range of other measurements and tests. We have investigated how
neural networks can use off-line and on-line house drawings to classify AD and MCI
patients. We have observed that on-line data converted to off-line data is the most
efficient approach to distinguish patients from HC (binary classification), whereas on-
line data representations are preferred over off-line data for distinguishing AD, MCI, and
HC (multi-class classification). Taken together, our results show the potential to enhance
home-based healthcare services, using non-invasive, low-cost handwriting tests like the
one we have investigated in this paper.
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4 Data Augmentation

Data augmentation techniques are critical in ML and DL, particularly within clinical
domains where labeled samples are scarce and class distributions are uneven. In dementia
screening, handwriting and drawing assessments serve as non-invasive diagnostic tools for
early detection; yet, the limited number of annotated datasets restricts the scope of DL
models. This chapter focuses on straightforward and rapid augmentation methods that
address these constraints without imposing extra demands on data collection.
Recent research indicates that applying augmentation methods can mitigate model over-
fitting, expand the variety of training samples, and enhance predictive performance in
cognitive screening. Traditional approaches, such as geometric modifications, are widely
used in natural image processing. Their adaptation to clinical handwriting and drawing
tasks, however, requires careful calibration to preserve diagnostically pertinent features.
Here, we examine strategies that range from basic geometric adjustments to advanced
automatic augmentation techniques specifically tailored for cognitive assessment images.
Two investigations form the basis of our discussion. The first study, ICMHI’24, exam-
ines the effect of applying geometric and spatial modifications on limited handwriting
datasets for dementia classification. In this investigation, both conventional and deep
learning methods are compared to determine the improvement derived from augmenta-
tion. The second study, ICAART’25, assesses fixed and adjustable automatic augmen-
tation approaches developed for CDT images. This work contrasts methods that adjust
augmentation policies with those that rely on predetermined procedures, thereby evalu-
ating which strategies best preserve clinical content while enhancing model performance.
This chapter contributes in three significant ways. First, it provides a thorough anal-
ysis of diverse augmentation techniques and investigates their influence on models used
for dementia screening, distinguishing between conventional and automatic approaches.
Second, it considers the broader ramifications for medical image classification and out-
lines promising directions for the incorporation of augmentation strategies into artificial
intelligence–based diagnostic tools.
The ensuing sections detail the methodologies, experimental outcomes, and primary ob-
servations from these two investigations, offering a comprehensive perspective on the role
of data augmentation in refining cognitive screening models. The findings herein ad-
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vance the research on artificial intelligence in healthcare and emphasize the importance of
accessible and scalable augmentation methods in clinical machine learning applications.
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4.1 Ink of insight: Data augmentation for dementia
screening through handwriting analysis

Abstract†

We investigate the use of handwriting data as a means of predicting early symptoms of Alzheimer’s
disease (AD). Thirty-six subjects were classified based on the standardized pentagon drawing
test (PDT) using deep learning (DL) models. We also compare and contrast classic machine
learning (ML) models with DL by employing different data augmentation (DA) techniques. Our
findings indicate that DA greatly improves the performance of all models, but the DL-based
ones are the ones that achieve the best and highest results. The best model (EfficientNet)
achieved a classification accuracy of 87% and an area under the receiver operating characteristic
curve (AUC) of 91% for binary classification (healthy or AD patients), whereas for multiclass
classification (healthy, mild AD, or moderate AD) accuracy was 76% and AUC was 77%. These
results underscore the potential of DA as a simple, cost-effective approach to aid practitioners in
screening AD in larger populations, suggesting DL models are capable of analyzing handwriting
data with a high degree of accuracy, which may lead to better and earlier detection of AD.

Keywords
Alzheimer’s Disease; Screening; Pentagon Drawing Test; Data Augmentation; Image Clas-
sification; Machine Learning; Deep Learning

4.2 Introduction and Related Work
Alzheimer’s disease refers to a dementia syndrome characterized by primary impairments
of cortical cognitive functions, including memory, language, and praxis, that gradually
progress over time [15]. These impairments have a high functional impact and are often
accompanied by various neuropsychiatric symptoms [7]. As the disease progresses, the
number of damaged neurons and the extent of affected brain regions increases, leading
to a greater need for assistance from family members, friends, and professional caregivers
for daily tasks [1]. The early stages of AD are characterized by memory loss, recognition

†N. Hosseini-Kivanani, E. Salobrar-García, L. Elvira-Hurtado, I. López-Cuenca, R. de Hoz, J. M.
Ramírez, P. Gil, M. Salas-Carrillo, C. Schommer, and L. A. Leiva, “Ink of insight: Data aug-
mentation for dementia screening through handwriting analysis,” in Proceedings of the 2024 8th
International Conference on Medical and Health Informatics (ICMHI), 2024, pp. 224–229. DOI:
10.1145/3673971.3673992

https://doi.org/10.1145/3673971.3673992
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problems (such as an object or face recognition [8]), visual impairments, and deficits in
spatial perception [21], despite relatively normal visual acuity values and intact visual
fields [23]. Recent research has shown that assessing visuospatial function, in addition
to brain scanning, can aid in the early detection of impairments. Effective screening
tests can identify visuospatial dysfunction, which may manifest years before the onset
of clinical symptoms [18]. However, existing screening measures for cognitive changes
face challenges, particularly with regard to their limited intra-individual reliability, which
hinders accurate tracking of cognitive changes over time.
Drawing tests, frequently used in dementia screening, can reflect the presence of the
condition through changes in a person’s drawing ability [22]. However, the subjectivity in
scoring systems used in these tests and their limited scope in capturing a range of drawing
attributes often result in missing subtle yet clinically significant indicators of cognitive
decline. This means that no single scoring system is reported as the most effective and
reliable evaluation method (e.g., [11]). This highlights the need for more comprehensive
and objective screening methods. There is a growing interest in exploring more advanced
analytical approaches, such as the integration of machine learning (ML) techniques, to
augment the diagnostic effectiveness of cognitive screening tools.
Recent advancements in artificial intelligence (AI), particularly in deep learning (DL),
have significantly impacted healthcare, especially when it comes to diagnosing neurode-
generative diseases like AD (e.g., [11, 24, 6]). DL models have played an instrumental
role in the analysis of neuroimaging, detecting complex patterns in brain scans that are
imperceptible to the human eye. Our study focuses on refining DL models for demen-
tia screening and emphasizing the importance of DA techniques in contexts with limited
high-quality and diverse data. This approach is vital for improving model robustness,
especially in applications like automated analysis of scanned paper-based handwriting
and drawings, which are crucial in AD screening. Recent research has highlighted DL’s
transformative role in healthcare, particularly in the early detection and management of
cognitive impairments [3, 12, 6, 14].
Relevant studies (e.g., [12, 6]) have highlighted the precision of DL models, particularly
convolutional neural networks (CNNs). However, the effectiveness of these models is
often limited by the small size of available datasets. Maruta et al. [19] demonstrated that
the fine-tuned GoogleNet CNN outperforms other CNN models like VGG-16, ResNet-50,
and Inception-v3 in automatically evaluating the pentagon drawings for constructional
apraxia. Additionally, Tasaki et al. [28] conducted a study on the usage of a DL model
called PentaMind. which analyzes hand-drawn images of intersecting pentagons to extract
cognition-related features. The model was trained on 13,777 images and successfully
extracted features such as line waviness, which shows an improvement over conventional
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visual assessment methods. Jiménez-Mesa et al. [16] proposed a CNN-based method
for diagnosing cognitive impairment through the Clock Drawing Test (CDT), effectively
classifying drawings as healthy or patient, indicating its potential for hospital and clinic
use, particularly in resource-limited areas. The use of DL in cognitive impairment tests
is not without limitations, primarily due to the limited dataset sizes and variability. DA
emerges as a pivotal solution to enhance model robustness and accuracy. It involves
generating additional training data from existing datasets, increasing size, diversity, and
quality. However, challenges exist in preserving clinical relevance and avoiding artificial
biases.

Summary of Contributions

Our research builds upon significant advancements in ML for cognitive impairment screen-
ing, aiming to tackle the existing challenges. This brings us to the core objectives of our
research. Firstly, we aim to develop robust DL Models for AD screening to refine and
enhance the existing models. Secondly, our study focuses on the importance of DA in
clinical settings, emphasizing the preservation of data integrity and reliability. Thirdly, we
explore the comparative advantages of DL over classic ML in the context of AD screening,
providing a comprehensive insight into the future of digital screening in AD.

4.3 Materials and Methods
Our goal is to improve the performance of ML models in classifying handwriting data
by implementing suitable DA techniques. Although DA has shown advantages in other
scientific domains, its application to handwriting data in clinical contexts has received
little attention. This is primarily because the augmented data is often either too similar
to the original data or too distorted for the models to learn effectively from it (e.g., [25]).
This study compares classic ML models (SVMs, RFs, k-NNs) and DL models (CNNs) in
the context of classifying binary (healthy vs. patient) and multiclass (healthy, mild AD,
and moderate AD) classification tasks, both with and without applying DA.

4.3.1 Data Collection and Tasks

The study recruited 36 subjects (13 female and 23 male) from the Memory Unit of the
(Hospital Clinico San Carlos (HCSC) for a study on cognitive and neurophysiological char-
acteristics of individuals at high risk of dementia. Subjects were categorized according to
the guidelines of the National Institute of Neurological and Communicative Disorders and
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Stroke (NINCDS), Alzheimer’s Disease and Related Disorders Association (ADRDA) [20]
and the Statistical Manual of Mental Disorders V (DSM V) [9]. Based on these guidelines,
the subjects were classified into two groups of patients (mild AD, n=3, and moderate AD,
n=3) and one group of healthy subjects (control, n=30). All the subjects provided in-
formed consent prior to participation. The participants’ ages ranged from 61 to 88 years
old, with a mean age of 73.92 ± 6,78 years old. No significant differences in age were ob-
served among the healthy group, mild AD, or moderate AD based on p-value > .05. The
study included 30 individuals aged between 61 to 84 years who were cognitively healthy
with no evidence of brain injury and had MMSE score above 26. Non-healthy participants
had MMSE scores between 25 and 17.

4.3.2 Image Preprocessing and Data Augmentation

Participants were given a blank A4-sized paper and asked to copy a figure of two over-
lapping pentagons with an interlocking shape (as shown in Figure 4.1a). The paper-and-
pencil drawings were converted from PDF files to image format (PNG format) (Figure 4.1a
and b) to be processed with our classic ML and DL models. The PNG images were then
converted from color images (three channels) to grayscale (one channel) (Figure 4.1c).
The resulting images were resized to standard dimensions (224×224 px). Any nonrele-
vant information, such as the original printed images from the clinicians, that appeared
on the top side of the original file (Figure 4.1a), was removed during the preprocessing
pipeline. Finally, images were padded to remove noise from the image and make them
in the same shape, and the canny edge detector from OpenCV library [4] was used to
improve the resulting image (Figure 4.1d). Low-quality and noisy images (in total, 14
images from the healthy group) were manually filtered out.
ML (and, particularly, DL) models perform better when trained on large datasets; how-
ever, obtaining such large-scale datasets is really challenging in clinical fields. To address
this, DA techniques can be used to artificially increase the size of the dataset. By generat-
ing additional images from the input images, these techniques can help reduce the risk of
overfitting and increase the model’s generalizability, leading to better overall performance.
These techniques include applying geometric transformations (such as flipping, cropping,
rotating, and translating), changing the color space of the images, mixing images, or
even using generative adversarial networks [25]. In this study, we only applied geometric
transformations to images for DA, carefully avoiding transformations that would poten-
tially destroy the semantics of the original image and are not suitable for our grayscale
handwritten images. Therefore, techniques commonly used in broader computer vision
applications, such as hue adjustments or color inversion, were deliberately excluded from
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Figure 4.1: Example of the preprocessing steps for Pentagon Drawing Test (PDT) images:
prompting pentagon (A) on top with participants’ drawings at the bottom;
image processing (B, C); and final image (D) for model input.

our process. Our approach was to maintain the integrity of the original handwritten
samples, ensuring that the essential characteristics of these images were preserved.

To determine the quality of the augmented data, we used the structural similarity index
(SSIM) [29]. SSIM measures the similarity between two images by considering the human
visual perception of differences in terms of luminance, contrast, and structure. SSIM is
a widely used measurement tool because of its low computational complexity and ability
to compare synthetic and original images. The SSIM method uses a sliding window to
analyze the structural distortion between two similar images. The SSIM score ranges
from 0 to 1, with a score of 1 indicating that the images are the same and a score of
0 indicating that the images are totally different. For applying DA techniques such as
elastic transformation, grid distortion, and rotation to the images in our training set, we
used the Albumentations open-source toolkit [5]. These DA techniques were applied to
the images in our training set, which resulted in an increased sample size. Crucially, we
allocated all original images from patient subjects exclusively to the test set to ensure a
robust testing protocol. The training set consisted of 60 images for healthy and 60 for
patient classes. The test set comprised 6 images for healthy and 6 images for patient
classes.
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Figure 4.2: SSIM distributions for Pentagon drawings. Dashed lines represent the SSIM
results of all augmentation techniques (All aug.), while solid lines correspond
to the selected augmentation techniques (Sel. aug).

After DA, as shown in Figure 4.2, the SSIM values ranged from 0.6 to 0.7, indicating that
the augmented images are not near-duplicates of the original data but are rather new
images. However, when all DA techniques from the Albumentations toolkit were applied,
the distribution of SSIM values was from 0.1 to 0.7, indicating that the augmented images
are much more different than the original images, which is not desirable in our research.

4.3.3 Classic ML and DL models for AD screening

We selected classic ML and DL models based on their proven strengths and applicability
to medical image analysis. Classic ML models were SVM, RF, and k-NN. They re-
quire manual feature extraction, whereas DL models automatically identify and optimize
relevant features from data.
Among DL models, CNNs are the most popular and widely used in image-related tasks [31],
due to their ability to automatically detect features by using a composition of the dif-
ferent types of layers: (i) Convolutional (CONV) are the primary building blocks of a
CNN model for extracting features such as colors, edges, and corners from the input by
applying the convolution operation through a sliding kernel, (ii) Pooling (POOL) are
used to reduce the dimensionality of the feature maps computed by the CONV layers,
and (iii) Fully-connected layers (FC) are placed at the end of the model’s architecture to
flatten the output of the previous layer and to add non-linearities to the model.
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We evaluated various state-of-the-art CNN architectures for AD screening. All models
have the same input layer (224x224 px grayscale images) and the same output layer (with
Softmax activation function):

VGG-16 [26] features 16 CONV layers with 3×3 kernels, followed by 3 FC layers before
the output layer.

ResNet-152 [10] is a deep residual network architecture with 152 CONV layers. It uses
skip connections between CONV layers, a kernel size of 3×3, and batch normaliza-
tion. The model has two FC layers before the output layer.

DenseNet-121 [13] is a deep CNN composed of 121 layers, including CONV layers with
7×7 kernels, and DenseBlocks, which are groups of CONV layers with 1×1 and 3×3
kernels interconnected through transition layers, and finally an FC layer followed
by the output layer.

EfficientNet [27] has multiple CONV layers with a mix of different kernels, followed by
corresponding POOL layers and a single FC layer before the output layer.

Custom CNN that we designed with five CONV layers with 3×3 kernels, followed by
two POOL layers and one FC layer before the output layer.

Except for our proposed Custom CNN model, the other CNNs are pre-trained on the
ImageNet dataset, which contains 1M images distributed over 1000 classes. Therefore,
we used transfer learning to finetune those architectures on our dataset. Accordingly, the
dimensionality of the output layer is reduced from 1000 classes to 2 or 3, depending on
the classification experiments. We used 2 classes in binary classification experiments and
3 classes in multiclass classification experiments.

4.3.4 Model training

To train the classic ML models (SVM, k-NN, RF), we used 5-fold cross-validation, which
involves randomly dividing the dataset into 5 groups or folds. For the SVM classifier,
a “C” value of 0.1, a “gamma” of 0.0001, and a “linear” kernel were determined to be
best. For the k-NN classifier, the “manhattan” metric with “n_neighbors” set to 3 and
“weights” configured as “distance” was used. The RF classifier, on the other hand, used
a “max_depth” of 15, “max_features” of 9, a “min_impurity_decrease” of 1e-05, and
“n_estimators” set at 70.
To train the DL models (CNNs), we used grid search to find the optimal parameters for
each model. The learning rate varied between 0.0001 and 0.1, weight decay was fixed at
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0.01, and the Adam optimization was employed. The models were trained over 50 epochs,
using a batch size of 16, and the Cross-Entropy loss function was applied to optimize
classification performance.

4.4 Results and Discussion
The efficiency of ML and DL models was evaluated using accuracy and area under the
receiver operating characteristic curve (AUC). Accuracy represents the ratio of correct
classifications to the total number of samples. AUC reports the performance of a classifier
as a trade-off between the True Positive Rate and False Positive Rate, ranging from 0.5
(indicating random performance) to 1 (indicating perfect performance).
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Figure 4.3: Accuracy and AUC values of classic ML and DL models, both before and
after DA and for both binary class and multiclass classification experiments.
Dashed lines represent the performance of a random classifier, illustrating the
empirical lower bound in classification performance.

We have explored various classic ML and DL models for binary (healthy and patients) and
multiclass (healthy, mild AD, and moderate AD) classification. The results are presented
in Figure 4.3. Both classic ML and DL models showed an increase in accuracy after DA.
This improvement was significant when compared to the baseline model (without DA).
The results obtained from the classifiers that employed EfficientNet and our custom CNN
outperformed all the other models, with 0.87 accuracy and 0.91 AUC scores for binary
classification and 0.76 accuracy and 0.8 AUC for multi-class classification. In sum, DA led
to a 10 to 30% increase in binary classification experiments and to a 10 to 20% increase
in multi-class classification experiments.
Our work showcases the ability of classic ML and DL models to accurately classify AD
patients, with a particular emphasis on integrating DA techniques. These DA methods
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were carefully selected based on their suitability in analyzing cognitive assessment tests
used in AD diagnosis, addressing the limitations of current approaches in the existing
literature (e.g., [30]). According to the SSIM results (Figure 4.2), the most appropriate
DA techniques for PDT images include elastic transformation, grid distortion, horizontal
flipping, translation offset, and rotations. Hosseini-Kivanani et al. [11] highlighted the
importance of accurately choosing the DA techniques, showing that flipping and rotation
can destroy the semantics of a CDT image. In contrast, in this work, flipping and rotation
are appropriate DA techniques for PDT images, given their symmetry.
DL models have been used in various research for different types of cognitive assessments
such as the paper-and-pencil CDT or cube drawing (e.g., [6, 2, 16, 24]). However, none
of these studies have specifically focused on the use of DA. Furthermore, while there
have been a few efforts to apply DL to automatically screen PDT images, these have not
included the use of DA, as seen in [17, 19]. Our Custom CNN model, enhanced with
DA, demonstrated exceptional proficiency in evaluating PDT images and outperformed
previous studies’ results with fewer data used in their studies.
After benchmarking our custom CNN against other state-of-the-art models, we found
that it performs better in many cases, particularly when the data has a simple underlying
pattern. The simpler structure of our Custom model allows it to learn and generalize
these patterns more effectively, leading to higher performance. This suggests that our
Custom CNN model with well-designed augmented images excels at certain tasks, such
as simple drawings by patients, and is valuable for detecting AD patients from healthy
individuals. Furthermore, it outperforms recent work that used pre-trained CNN models
in similar task [19].
Our findings underscore the transformative potential of DA in enhancing the DL model’s
performance. By artificially increasing the dataset’s size and diversity, both ML and DL
models can be trained to be more robust and accurate, ultimately leading to improved
patient outcomes in clinical settings. This research lays the groundwork for future ad-
vancements in AD treatment and care, aiming to ultimately improve the quality of life
for those affected by AD.

4.5 Conclusion

This work provides valuable insights into the effectiveness of using DA on small clinical
datasets for AD screening through handwriting analysis. Both classic ML and DL models
were able to achieve better performance than they could without DA. Our method, which
is practical for clinical use, offers a cost-effective solution to assist healthcare professionals
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in patient screening and minimizes subjectivity in interpreting clinical data, particularly
in resource-limited settings. It can have a significant impact by helping doctors make
more informed decisions and eventually provide better treatment options for patients.
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4.6 Efficient Automatic Data Augmentation of CDT
Images to Support Cognitive Screening

Abstract†

We investigate the effectiveness of learnable and non-learnable automatic data augmentation
(AutoDA) techniques in enhancing Deep Learning (DL) models for classifying Clock Drawing
Test (CDT) images used in cognitive dysfunction screening. Specifically, we evaluate TrivialAug-
ment (TA) and UniformAugment (UA), adapted for clinical image classification to address data
scarcity and class imbalance. Our experiments across three public datasets demonstrate signifi-
cant improvements in model performance and generalization. Notably, TA increased classifica-
tion accuracy by up to 15%, while UA achieved a 12% improvement. These techniques offer a
computationally efficient alternative to learnable methods like RandAugment (RA), which we
also compare against, delivering comparable (and sometimes better) results with a much lower
computational overhead. Our findings indicate that AutoDA techniques, particularly TA and
UA, can be effectively applied in clinical settings, providing robust tools for early detection of
cognitive disorders, including Alzheimer’s disease and dementia.

Keywords
Drawing; Handwriting; Cognitive impairments; Data augmentation; Neural networks.

4.7 Introduction
Data augmentation (DA) is crucial for Deep Learning (DL) models in clinical settings,
where acquiring large, labeled datasets is often challenging. By applying transformations
like rotation, scaling, and cropping, DA creates diverse training samples that reduce
overfitting and enhance model generalization [8, 30]. This is particularly vital in medical
applications where data is scarce and imbalanced, as seen in radiology and Alzheimer’s
disease (AD) screening [11, 19, 27], where DA can significantly improve accuracy. Despite
these advantages, the success of DA relies on preserving the clinical relevance of images. In
some tasks, such as object detection for medical image analysis, traditional DA techniques
have shown limitations [17]. Indeed, improper augmentation can introduce noise that

†N. Hosseini-Kivanani, I. Oliveira, S. Kilinç, and L. A. Leiva, “Efficient Automatic Data Augmenta-
tion of CDT Images to Support Cognitive Screening,” in Intelligent Data Engineering and Automated
Learning – ICAART 2025, Lecture Notes in Computer Science, vol. 3, 2025, pp. 600–607. DOI:
10.5220/0000196100003890

https://doi.org/10.5220/0000196100003890
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disrupts the learning process [18]. Therefore, while DA has demonstrated its value in
healthcare [3, 25], developing more sophisticated augmentation strategies tailored to the
unique challenges of medical data remains a priority.
Several studies have explored the use of drawing tasks to improve the detection of AD.
These tasks capture different, complementary aspects of cognitive impairments, enhancing
the automated detection of AD and mild cognitive impairment (MCI) [11, 19]. However,
there remains a gap in research focusing on customizing automatic data augmentation
(AutoDA) techniques for cognitive assessment tools like the Clock Drawing Test (CDT),
widely used in cognitive dysfunction screening. In this paper, we address this gap by
evaluating and adapting state-of-the-art AutoDA techniques for CDT images. Our aim is
to maintain clinical relevance while improving model robustness. Our key contributions
are:

• We adapt AutoDA techniques to the specific clinical requirements of CDT images,
preserving diagnostic relevance while achieving significant improvements in detec-
tion accuracy and model generalization across three public datasets.

• By comparing learnable and non-learnable augmentation methods, we provide prac-
tical insights and guidelines for applying data augmentation effectively in cognitive
dysfunction screening.

Our experimental results demonstrate that AutoDA methods achieve up to a 15% im-
provement in accuracy compared to models without data augmentation, depending on the
dataset. The results highlight the effectiveness of applying tailored AutoDA techniques
for improving the early diagnosis of cognitive impairments, such as AD and dementia.
This work supports enhanced clinical decision-making and lays the foundation for more
advanced diagnostic technologies in healthcare.

4.8 Related work
Traditional DA methods for images, such as random cropping, flipping, and color jit-
tering, require manual design and domain expertise to be effective. While these basic
transformations are straightforward to implement, they may not capture the complex vari-
ations needed for specialized tasks or datasets. Specialized methods, including Cutout [6],
Mixup [38], and CutMix [36], have been proposed to enhance model performance by intro-
ducing more sophisticated augmentation techniques. Cutout randomly masks out square
regions of input images, Mixup generates new training examples by linearly interpolating
between pairs of examples, and CutMix replaces regions of an image with patches from
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another image along with their labels. While effective for specific tasks, transferring these
methods to other tasks or datasets often requires extensive manual effort and tuning.
Recent advances have shifted towards AutoDA strategies to alleviate the manual effort
involved in designing and tuning augmentation policies. Table 4.1 summarizes the state
of the art. AutoAugment (AA) [4] uses reinforcement learning to search for optimal poli-
cies, yielding significant performance improvements at the cost of heavy computational
resources. Fast AutoAugment (Fast AutoAugment (Fast AA)) [20] reduces this com-
putational burden by leveraging Bayesian Optimization (BO), while Population-Based
Augmentation (PBA) [10] introduces an evolutionary algorithm to explore augmentation
schedules. Faster AutoAugment [9] further accelerates the process by employing differen-
tiable policy search, but this comes with some performance degradation. This enables the
selection of operations in a more efficient manner, though it comes with some degradation
in performance compared to the original AutoAugment. Despite its speed improvements,
Faster AA is less commonly used when performance is the top priority but is valuable for
environments where efficiency is critical.
RA [5], inspired by the findings of Fast AA and PBA, simplifies automated DA by re-
moving the need for an extensive search phase. It introduces only two hyperparameters:
the number of operations (N) and their magnitude (M). RA employs random sampling
from a predefined set of augmentation operations, applying them with fixed magnitudes
determined through a simple grid search. This approach reduces computational overhead
and allows for straightforward optimization. However, RA still requires a computationally
intensive offline grid search to find optimal hyperparameters.
Similar to RA, UA [21] and TA [24] also make use of randomness to simplify the augmen-
tation process. UA eliminates the search phase entirely by uniformly sampling augmen-
tation operations from a predefined set and applying them with equal probability. This
method hypothesizes that uniform sampling within an approximately invariant augmen-
tation space can achieve effective results. TA applies a single random augmentation to
each image, sampling the augmentation strength anew for each instance. Both methods
avoid the computational complexity of search-based techniques while still benefiting from
the diversity introduced by random augmentations.
The previously mentioned methods rely on randomness to enhance DA, but Augmentation-
Wise Weight Sharing (AWS) [34] takes a different approach. AWS uses Neural Architec-
ture Search (NAS) [39] for automatic augmentation search, reducing computational costs
while maintaining performance with a dynamic augmentation policy that adapts during
training. By focusing on augmentations in later training stages, AWS boosts model per-
formance. However, it still demands significant computation in the initial and fine-tuning
phases, which can be a challenge for those with limited resources. Another method, Model-
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Adaptive Data Augmentation (MADAug) [14], adjusts augmentation policies dynamically
based on model performance. It employs a policy network to select augmentations and
uses a bi-level optimization scheme to adapt augmentations throughout different stages
of training. Our work similarly explores when and what augmentations should be applied
during training to optimize performance.
BO-Aug [37] proposes a new method for automated DA by utilizing a continuous pol-
icy search space and evaluating policy groups rather than individual policies. By using
Bayesian Optimization as the search algorithm, BO-Aug achieves state-of-the-art or com-
parable performance with relatively low computational costs compared to AA and RA.

AutoDA Error (%) Non-learnable

RandAugment (RA) 15.0 No
AutoAugment (AA) 16.5 No
AWS 18.5 No
Fast AA 19.4 No
UniformAugment (UA) 19.6 Yes
MADAug 21.5 No
TrivialAugment (TA) 21.9 Yes
Faster AA 23.5 No
BO-Aug† 36.8 No

Table 4.1: Overview of AutoDA techniques for DL models, tested on ImageNet, sorted by
error rate (lower is better).
†BO-Aug used Tiny ImageNet, a subset of 100k ImageNet images.

Despite the significant amount of research focused on AutoDA strategies, there is limited
work specifically targeting medical images. MedAugment [22] is one of the few methods
designed for medical imaging. It employs two distinct augmentation spaces: pixel-level
(photometric) and spatial (geometric) transformations. MedAugment introduces a so-
phisticated sampling strategy that constrains the number of operations applied sequen-
tially, ensuring that the integrity of medical image features is preserved. Unfortunately,
MedAugment focuses on X-ray data, which differs significantly from hand-drawn data,
such as the CDT images we are studying. Additionally, MedAugment relies on ground-
truth segmentations, which are not applicable to handwriting images and require learning
a DA policy, rendering it unsuitable for real-time application in DL training pipelines.
Building on these insights, our work aims to examine DA techniques for Computer Vision
models applied to drawing tasks for cognitive impairment assessment, specifically AD.
Our approach not only addresses the limitations of existing methods but also explores
a novel domain in medical image augmentation. We focus on creating augmentation
strategies that preserve the semantic content of hand-drawn elements while introducing
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sufficient variability to enhance model performance. By avoiding extensive computational
requirements and reliance on specialized datasets, our method is suitable for real-time use
and contributes to the advancement of DL applications in medical imaging.

4.9 Methodology
Our task consists of spotting early signs of cognitive decline via hand-drawn clock images.
This is framed as a binary classification problem between healthy controls (HCs) and mild
cognitive impairment (MCI) patients. This is a really challenging and appealing task for
several reasons. First, MCIs are at high risk of progressing to dementia, although their
impairments do not severely impact daily or social functioning. In fact, MCIs might
remain stable or reverse to healthy cognition [1]. Second, the drawing abilities of HCs
and MCIs are often on par, which makes it difficult to differentiate both groups with DL
models. Third, being able to tell HCs and MCIs apart means that practitioners could
start treating the patients as soon as possible, as once they are diagnosed with AD, it is
irreversible.

4.9.1 Materials

The CDT is a paper-and-pencil cognitive screening tool that is quick to apply, well ac-
cepted by patients, easy to score, and independent of language, education, and culture. It
also has good inter-rater and test-retest reliability, high levels of sensitivity and specificity,
concurrent validity, and predictive validity [31]. In the CDT, subjects must draw a clock,
including the numbers 1 to 12, as well as the clock hands, usually pointing to “10:00”,
“11:10”, or similar. The drawing is then scored according to a normalized system, among
which the Shulman [32] and MoCA [26] scoring systems are the most popular ones.

Figure 4.4: Examples of CDT images from Ruengchaijatuporn dataset before (original
image) and after augmentation.

We used three publicly available CDT datasets for this study, each containing images
from both HCs and MCI patients. These datasets provide a rich variety of clock images,
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enabling the exploration of different augmentation strategies and deep-learning models.

1. Dataset Chen [2] 2020 dataset. It contains 1,021 images categorized as HCs (n=50)
and six patient subgroups. Images in subgroups 1 (n=164) and 2 (n=233) corre-
spond to MCIs. The average age in both HCs and MCIs is 69.8 years. There are
58% females and 42% males.

2. Ruengchaijatuporn dataset [29] 2022 dataset. It contains 918 images labeled accord-
ing to the MoCA score. We selected those of HCs (score of 26 or higher, n=550)
and MCIs (scores between 18 and 25, n=322). The median age in both groups is 67
years. There are 77% females and 23% males.

3. Raksasat dataset [28] 2023 dataset. It contains 3,108 images categorized as six user
groups. We consider group 5 (“perfect clock”, n=1623) as HCs and group 4 (“minor
visuospatial deficits”, n=1047) as MCIs. The median age in both groups is 67 years.
There are 66% females and 33% males.

To maintain consistency across all datasets, we ensured that all images had a square
aspect ratio by cropping each image to its shortest dimension. This step was essential
because DL models such as EfficientNet require square inputs to avoid distortion and
ensure optimal performance. After cropping, the images were resized to 224×224 px,
matching the input size required by pre-trained models. No additional preprocessing,
such as color normalization or denoising, was applied, as the clock images are relatively
clean.

4.9.2 AutoDA methods
We systematically evaluate two non-learnable AutoDA methods, TA and UA, which
have demonstrated state-of-the-art performance in various computer vision tasks [24, 21].
These methods are particularly appealing for real-time applications because they do not
require learning augmentation policies during training, thus reducing computational over-
head. The augmentation process in both methods follows three main steps:

• Random Sampling: A set of augmentations is randomly chosen from a predefined
list of operations, such as cropping, rotation, brightness adjustment, etc.

• Magnitude Randomization: The intensity of each selected augmentation is random-
ized within a specified range.

• Application of Augmentation: The selected augmentations are sequentially applied
to the image, resulting in a modified version of the original input.
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In TA, a single transformation is applied per augmented image with a randomly chosen
strength. In UA, k transformations are selected, each being applied with a probability of
0.5, with a randomly picked magnitude. Following the original paper [21], we set k = 2.
For comparison, we also evaluate RA [5], a state-of-the-art and widely used learnable Au-
toDA method that dynamically optimizes augmentation strategies during training. Unlike
TA and UA, which rely on fixed augmentations, RA introduces two key hyperparameters:
the number of augmentation operations and the magnitude, which are optimized during
the training process. This learnable approach allows RA to adapt the augmentation poli-
cies based on the dataset’s characteristics, making it particularly useful in domains such as
medical imaging, where data scarcity and class imbalance are common challenges. In our
implementation, we search the RA hyperparameters N and M over discrete sets, with N

values ranging from 2 to 3 and M values ranging from 4 to 5, as part of the optimization
process to find the best-performing augmentation combination. While learnable meth-
ods like RA can potentially improve model performance by adjusting augmentations to
the data, non-learnable methods such as TA and UA provide a computationally efficient
alternative by avoiding the complexity and overhead associated with policy optimization.

4.9.2.1 Transformation operations

A key detail in AutoDA methods is the "augmentation pool," i.e., the set of available trans-
formation operations and their ranges. Table 4.2 details the transformations considered
in the study. Only geometric transformations were applied in carefully curated ranges
so as not to destroy image semantics and thus ensure clinical relevance. Transformations
were applied using the Albumentations library‡.

Transformation Range Description

Rotation [-10, 10] degrees
Shear [0.2, 10] degrees
Scale [-0.05, 0.05] % of original size
Translation [-0.02, 0.02] % of bounding box

Table 4.2: Overview of considered augmentation operations and transformation ranges.

4.9.3 DL models

We provide classification results according to EfficientNet [33] and DenseNet [15] as a way
of establishing a common reference model for all the benchmarked AutoDA methods. Effi-

‡https://albumentations.ai/
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cientNet, a lightweight deep learning model with 5 million parameters, has demonstrated
state-of-the-art performance in various medical imaging applications. Its efficiency and
scalability make it an ideal choice for this study, particularly given the relatively small size
of the datasets involved. EfficientNet uses a compound scaling method to systematically
balance the network’s depth, width, and resolution, ensuring optimal performance across
different scales.
In contrast, DenseNet features a densely connected architecture where each layer is di-
rectly connected to every other layer, promoting efficient feature reuse and enhancing
gradient flow. This structure not only reduces the number of parameters but also im-
proves the model’s learning capacity by mitigating vanishing gradients and enabling the
extraction of richer, more detailed feature representations. DenseNet’s design is partic-
ularly advantageous for complex tasks like medical image classification, where capturing
intricate patterns in the data is critical for accurate diagnosis.
By benchmarking these two architectures, we provide a comprehensive evaluation of the
impact of non-learnable AutoDA methods on model performance, ensuring a robust com-
parison across different augmentation strategies.
The models are trained using the Adam optimizer with a learning rate of η = 0.0005.
We use a batch size of 32 images, and training is carried out for up to 100 epochs.
Early stopping is employed to prevent overfitting, with a patience threshold of 10 epochs.
This approach ensures that training halts if validation accuracy does not improve over
10 consecutive epochs, while retaining the best-performing model weights. Balanced
classification accuracy is used as the monitoring metric. Additionally, the Area Under
the Receiver Operating Characteristic (AUC) curve is used to evaluate the discriminative
power of the classifier, providing further insight into its performance.

Chen dataset Ruengchaijatuporn dataset Raksasat dataset
TA UA RA TA UA RA TA UA RA

Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC

E
ffi

ci
en

tN
et DA train only 85 85 80 80 84 84 58 58 56 56 59 59 77 77 78 78 78 78

DA train + val. 95 95 90 90 80 80 58 58 58 58 60 60 80 80 77 77 79 79
DA val. only 85 85 85 85 85 85 62 62 60 60 57 57 76 76 77 77 77 77
DA all splits 90 90 91 91 90 90 62 62 60 60 64 64 78 78 76 76 78 78
No DA 80 Acc. 80 AUC 56 Acc. 56 AUC 77 Acc. 77 AUC

D
en

se
N

et

DA train only 90 90 89 89 89 89 53 53 59 59 50 50 71 71 68 68 67 67
DA train + val. 90 90 90 90 89 89 54 54 49 49 56 56 71 71 69 69 64 64
DA val. only 88 88 78 78 83 83 57 57 54 54 61 61 69 69 72 72 72 72
DA all splits 92 92 90 90 93 93 69 69 68 68 67 67 75 75 74 74 72 72
No DA 65 Acc. 65 AUC 55 Acc. 55 AUC 67 Acc. 67 AUC

Table 4.3: Performance results on three public datasets. For each dataset, the best result
is highlighted in boldface.
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4.9.4 Procedure

We split each dataset into three randomly disjoint sets: 70% training, 20% validation,
and 10% testing. The testing set is reserved as a held-out partition that is used only after
a model is trained since it simulates unseen data. The splits are also stratified to ensure
that HC and MCI images are evenly allocated to the training/validation/testing sets.
In this work, we investigate five different DA conditions for the training and evaluation
of our models. The baseline condition, No DA, involves no DA at all, where the model
is trained, validated, and tested on the original, non-augmented data. The first aug-
mentation condition, DA train only, applies DA solely to the training set, leaving the
validation and test sets unmodified. This allows the model to benefit from augmented
samples during training while preserving the original, unaltered validation and test sets
for unbiased evaluation. The second condition, DA train + val., applies DA to both
the training and validation sets, enabling the model to generalize better by encountering
augmented samples in both phases while still maintaining a pristine test set. The third
condition, DA val. only, applies augmentation solely to the validation set, allowing the
original training and test sets to remain unaltered. Finally, in DA all splits, DA is ap-
plied to all three partitions—training, validation, and test—offering the most challenging
scenario where the model is trained, validated, and evaluated with real and augmented
data.
In each condition, DA is applied by ensuring that the majority class has 10% more in-
stances than in the original dataset and matching the number of instances in the minority
class. This way, we address both class imbalance and data scarcity issues during model
training.

4.10 Results

Table 4.3 compares the performance of various DA strategies across two deep learning
architectures (EfficientNet and DenseNet) and three benchmark datasets: Chen dataset,
Ruengchaijatuporn dataset, and Raksasat dataset. We evaluate the effects of TA, UA,
and RA under multiple augmentation regimes.
EfficientNet shows the best performance in the Chen dataset, achieving the highest accu-
racy and AUC of 95% under the DA train + val strategy. This indicates that EfficientNet
is particularly effective on smaller datasets when both training and validation data are
augmented. However, DenseNet performs better in the Ruengchaijatuporn and Raksasat
datasets, especially under the DA all splits strategy, where it achieves 69% accuracy
and AUC (Ruengchaijatuporn) and 75% accuracy and AUC (Raksasat), outperforming
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EfficientNet on these more complex datasets.

• Performance on Chen dataset: EfficientNet: The highest performance was
achieved with DA train + val, reaching 95% accuracy and 95% AUC, a significant
improvement over the baseline (No DA) of 80% accuracy and 80% AUC. Augmenting
only the training set yielded an accuracy of 85%, demonstrating that augmenting the
validation set can help mitigate overfitting and improve generalization. DenseNet:
The best performance was observed with DA all splits, reaching 92% accuracy and
93% AUC. While DenseNet performed well, EfficientNet had slightly better results
on this dataset.

• Performance on Ruengchaijatuporn dataset: EfficientNet: The most signifi-
cant improvement occurred with TA, where accuracy improved by 12% from 56%
(No DA) to 62%. However, the model struggled compared to DenseNet under
most DA strategies. DenseNet: DenseNet outperformed EfficientNet across all DA
regimes, particularly under DA all splits, where it reached 69% accuracy and AUC.
UA also led to strong results, with DenseNet achieving 68% accuracy, demonstrating
its robustness in handling this highly imbalanced dataset.

• Performance on Raksasat dataset: EfficientNet: EfficientNet: The best results
were observed with DA train + val, achieving 80% accuracy and AUC. RA, applied
to the training set only, yielded 78% accuracy, but its performance was inconsistent
across other strategies. DenseNet achieved the best performance under the DA all
splits condition with 75% accuracy and 75% AUC.

Overall, the results show that EfficientNet performs well on datasets like Chen, achiev-
ing the highest accuracy and AUC, especially with DA train + val. However, DenseNet
performs better on more complex datasets like Ruengchaijatuporn, consistently achieving
higher accuracy and AUC, particularly when using DA all splits, as seen in the Ruengchai-
jatuporn dataset (69% accuracy, 69% AUC).
Overall, the results show that EfficientNet performs well on datasets like Chen, achieving
the highest accuracy and AUC, especially with DA train + val. While DenseNet performs
better on more complex datasets like Ruengchaijatuporn, consistently achieving higher
accuracy and AUC (69% accuracy, 69% AUC), EfficientNet outperforms DenseNet on
the Raksasat dataset, with its best performance in the DA train + val. condition (80%
accuracy, 79% AUC), compared to DenseNet’s best performance of 75% accuracy, 72%
AUC under the DA all splits condition.
The improved generalization, particularly with TA and UA on imbalanced datasets like
Ruengchaijatuporn dataset, highlights the potential for these techniques to be applied in
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real-world clinical environments. Simpler augmentation strategies (like TA) performed
comparably or better than more complex approaches (like RA), emphasizing the impor-
tance of efficiency and resource constraints in clinical decision-making.

4.11 Discussion

Our results show that applying non-learnable data augmentation techniques, particularly
TA and UA, significantly boosts the performance of DL models for CDT image classifi-
cation in cognitive dysfunction screening. These findings are evident across three public
datasets—Chen, Ruengchaijatuporn, and Raksasat.
On the Chen dataset, EfficientNet demonstrated superior performance, particularly when
both training and validation splits were augmented, achieving an accuracy of 95% and
AUC of 95%. This suggests that EfficientNet is highly effective in simpler dataset struc-
tures, leveraging its architecture to maximize the benefits of DA. Conversely, DenseNet
consistently outperforms EfficientNet in handling more complex datasets such as Ru-
engchaijatuporn, where it shows up to a 14% increase in accuracy and 14% improve-
ment in AUC compared to EfficientNet. This superior performance can be attributed
to DenseNet’s capacity to reuse features more effectively across layers, which enhances
generalization in complex clinical datasets characterized by limited data and inherent vari-
ability. However, on the Raksasat dataset, the results slightly diverge. While DenseNet
achieved its best performance under the DA all splits condition with 75% accuracy and
72% AUC, EfficientNet slightly outperformed DenseNet under the DA train + val. con-
dition, achieving 80% accuracy and 80% AUC.
Our findings are consistent with prior work in medical imaging, where augmentation
strategies have been shown to enhance model performance by diversifying training data.
Dutta et al. [7] reported similar performance improvements in radiological classification
tasks using data augmentation, while Tufail et al. [35] demonstrated the role of aug-
mentation in enhancing Alzheimer’s disease detection. These results confirm the broad
applicability of TA and UA beyond CDT screening, indicating their potential utility across
clinical domains reliant on image-based diagnostics.
Moreover, the results of the Ruengchaijatuporn dataset highlight the importance of se-
lecting appropriate augmentation strategies for imbalanced datasets. TA led to a 12%
improvement in accuracy, showcasing its capability to handle dataset imbalance effectively.
UA, while achieving robust performance with a 68% accuracy, further demonstrates that
simpler augmentation strategies can be highly effective in clinical applications where data
is limited and heavily skewed. This finding echoes prior research by Shorten and Khosh-
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goftaar [30], who stressed the importance of augmentation in handling class imbalances.
Although RandomAugment (RA) provided some gains, especially in the Ruengchaijatu-
porn dataset (64% AUC for EfficientNet), its improvements were less consistent compared
to TA and UA. This reinforces the practical benefits of non-learnable methods, which offer
a better balance between computational efficiency and performance gains in clinical ap-
plications. Lim et al. [20] demonstrated that simpler augmentation methods, such as Fast
AutoAugment, can match or exceed the performance of more complex, learned strategies
while requiring significantly fewer computational resources. This aligns with our findings,
where non-learnable methods provided comparable performance to RA, but with much
lower complexity and computational costs.
Another key takeaway from our results is the effectiveness of selective augmentation strate-
gies. Applying augmentation to both training and validation sets (DA train + val.) con-
sistently yielded the best performance across all datasets for EfficientNet, while DenseNet
excelled with DA all splits in more complex datasets. Conversely, augmenting only the
training set (DA train only) delivered strong results on the Raksasat dataset for Efficient-
Net, with 80% accuracy and AUC, underscoring the efficiency of targeted augmentation.
These results suggest that over-augmenting validation and test sets can introduce noise,
as observed in Ruengchaijatuporn, where DA all splits resulted in only marginal im-
provements (69% accuracy and AUC for DenseNet), consistent with Chlap et al. [3], who
cautioned against over-augmentation in medical imaging due to potential overfitting and
biased model evaluations.
Overall, this study presents strong evidence that non-learnable augmentation methods,
such as TA and UA, are not only computationally efficient but also highly effective in
improving model performance for medical image classification tasks. By enhancing model
generalization across various datasets, these techniques hold significant promise for real-
time healthcare applications where accurate and timely decision-making is critical.

4.11.1 Limitations and Future work

One limitation is that the AutoDA techniques we selected for analysis are those suitable
for real-time (TA and UA) or near real-time (RA) processing. There are many other
approaches that are learnable and have achieved slightly better performance on common
benchmarks, such as ImageNet (Table 4.1), but unfortunately, they are too slow to be
usable in practice. Also, it remains unclear if the results achieved on ImageNet would
transfer to the medical domain. The research literature suggests otherwise [16, 23, 32].
Another limitation of our work is that we have considered only one type of drawing to
support cognitive dysfunction screening, albeit the most popular one. Future work should
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go beyond CDTs to better assess the generalizability of AutoDA methods. For example,
some drawings, like Pentagon Drawing Test (PDT) images, allow for other DA operations
such as vertical and horizontal flipping [13, 12].
Furthermore, investigating the effectiveness of AutoDA techniques across multiple do-
mains can reveal further insights into their potential for improving model performance
in other computer vision applications. Future research could explore the integration of
non-learnable methods with semi-supervised learning approaches to further improve per-
formance, particularly in scenarios where labeled data is scarce. Expanding the applica-
tion of these augmentation strategies to other diagnostic fields, such as neuroimaging and
pathology, could unlock further potential and lead to advancements in clinical diagnostics.

4.12 Conclusion
This study highlights the value of non-learnable AutoDA methods in improving the per-
formance and generalization of DL models for cognitive dysfunction screening using CDT
images. TA and UA, in particular, demonstrated significant improvements in model ac-
curacy while maintaining computational efficiency, making them well-suited for medical
image analysis. Our results indicate that augmentation strategies must be carefully tai-
lored to the input data and task at hand, particularly in the medical domain, where
preserving the integrity of diagnostic features is paramount. By addressing these chal-
lenges, our work contributes to the advancement of DL-based diagnostic tools and sets
the stage for further exploration of augmentation strategies in medical imaging.
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5.1 Summary of Main Findings

This dissertation evaluates the performance of ML and DL models in differentiating AD
and MCI from healthy individuals through handwriting-based cognitive assessments. Both
static (scanned images) and dynamic (discrete point sequences) drawing tasks were inves-
tigated, encompassing multiple input sources such as the CDT, PDT, HDT, signature,
and sentence-writing.
A principal observation is that off-line handwriting data surpasses on-line data, with bi-
nary classification reaching 90% accuracy and multi-class classification 82%. This result
contradicts earlier expectations that the temporal nuances of dynamic stroke data would
yield superior predictive value. Instead, image-based representations exhibit greater sta-
bility, clarity, and discriminative capability, especially in contexts where data are limited.
To address the challenge of data scarcity, the study investigates augmentation method-
ologies. Non-learnable DA techniques, such as TA and UA, enhance classification per-
formance by as much as 15%, with the magnitude of improvement varying in relation
to dataset intricacy and task demands. Within the DL models evaluated, EfficientNet
achieves an accuracy of 95% on well-structured datasets, while DenseNet demonstrates
superior generalization on imbalanced and more heterogeneous datasets.
The comparative analysis between static and dynamic modalities reaffirms the clinical de-
pendability of scanned handwriting samples. Although dynamic data encapsulates richer
temporal information, the resulting features tend to be noisier and less effective for clas-
sification. These outcomes highlight the necessity for feature extraction, preprocessing,
and the development of integrated architectures that combine both spatial and temporal
information.
Overall, the findings advance the field of AI-assisted cognitive screening by guiding the
selection of appropriate models, data augmentation strategies, and preprocessing protocols
for neurocognitive assessments.

5.1.1 Drawnstic: AI-Assisted Cognitive Screening through Digital
Handwriting

This study introduces Drawnstic, an AI-powered cognitive screening tool that leverages
handwriting analysis for the early detection of AD and MCI. By integrating ML models
with digital handwriting processing, Drawnstic offers a quantitative, objective framework
for assessing cognitive deterioration, supplementing traditional screening protocols with
enhanced precision and facilitating timely clinical intervention.
The system supports both off-line and on-line handwriting input, allowing users to either
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draw on a digital canvas or upload scanned paper-based tests. Deep learning models
extract critical handwriting features, including stroke pressure, velocity, and spatial pat-
terns, enabling early detection of subtle motor and cognitive impairments.

The system accommodates both off-line and on-line handwriting inputs, allowing users
to either upload paper-based cognitive tests or draw directly on a digital canvas. DL
models extract and analyze key handwriting characteristics—including spatial trajectory,
and —to identify subtle neurocognitive and motor impairments indicative of early-stage
dementia.

Designed for accessibility and scalability, Drawnstic is optimized for tablet-based touch-
screen interfaces to ensure ease of use across diverse populations. Its telehealth integration
enables remote monitoring, while seamless Electronic Health Record (EHR) interoperabil-
ity allows for real-time clinical reporting and data-driven decision-making.

5.1.1.1 System Infrastructure and Implementation

Drawnstic is implemented as a web-based framework with a Vue 3–driven front-end and a
Flask-powered back-end, ensuring scalability, modularity and cross-platform adaptability.
The front-end, constructed with JavaScript, HTML, and CSS, incorporates Pinia for state
management and is configured for larger tablet-based interfaces, touch-based interfaces
(>7 inches) to facilitate touch-based handwriting input. Accessibility features—including
screen-reader compatibility, adjustable typography, high-contrast visual modes, and se-
mantic markup—enhance usability for individuals with visual or motor impairments.

The back-end governs user authentication, session oversight, and data storage, using Ar-
gon2 encryption to fortify credential security and utilizing a SQL-based relational database
(SQLite for development, PostgreSQL for deployment). Image metadata is systematically
purged to safeguard user confidentiality, and uploaded files undergo standardization to
maintain consistency across varying hardware. A Flask-based API mediates interactions
between the user interface and the processing engine, managing image submissions, stroke
analysis, and diagnostic evaluations.

For handwriting examination, Drawnstic integrates DL architectures: EfficientNet for
static handwriting assessments, and a bidirectional GRU network for temporal data in-
terpretation. The system accommodates diverse input mechanisms—including digital
canvases, optical capture, file uploads, and drag-and-drop functionality—while a hybrid
ensemble of convolutional and recurrent networks generates classification outputs, confi-
dence estimations, and task completion metrics.
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5.1.1.2 Authentication and Patient Management

Ensuring data security and user authentication is a core aspect of Drawnstic’s infrastruc-
ture. The system implements secure login mechanisms that enable users to register, log
in, log out, or delete accounts. Authentication is session-based, using encrypted session
tokens, while credentials are securely stored using Argon2 password hashing. Patients
maintain control over their personal data, with options to inspect, modify, or expunge
records in compliance with data protection mandates.

To improve usability for elderly individuals and those with cognitive impairments, Drawn-
stic incorporates alternative authentication mechanisms, including OAuth2 third-party
authorization and biometric verification. Robust password recovery procedures ensure
continuous accessibility without compromising security. Furthermore, temporal handwrit-
ing data is anonymized—retaining only essential stroke coordinates—to uphold privacy,
while detailed access logs and security protocols mitigate unauthorized breaches.

Role-based access control allows caregivers and clinicians to manage multiple patient
records. A hierarchical authorization model ensures that only authorized users (e.g.,
doctors, nurses, or designated caregivers) can access sensitive patient data. Patients
maintain control over their personal information with options to review, update, or delete
records in accordance with GDPR regulations.

5.1.1.3 Clinical Integration and Future Enhancements

Building upon prior AI-assisted cognitive assessment platforms such as NeuroQWERTY,
DCTclock, and Visuospatial Clock Drawing Test systems, Drawnstic differentiates it-
self by incorporating unconstrained handwriting analysis, capturing a broader array of
cognitive and motor deficits. While dynamic handwriting evaluation presents inherent
challenges—primarily due to sensor limitations restricting data capture to spatial coor-
dinates—forthcoming enhancements aim to incorporate richer temporal markers, refine
augmentation methodologies, and develop hybrid architectures that integrate spatial and
temporal features more effectively.

Beyond AD screening, expanding Drawnstic’s diagnostic capabilities to PD and vascular
dementia will increase its clinical utility. Multilingual handwriting analysis, cross-cultural
dataset expansion, and adaptive AI models will ensure robustness across diverse popula-
tions. Additionally, gamification elements and cognitive engagement tasks may improve
user compliance and data quality.



Conclusion and Outlook 129

(a) (b) (c) (d)

(e) (f) (g)

Figure 5.1: Schematic of a sample drawing task in the Drawnstic application.
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5.2 Outlook

This dissertation establishes off-line and on-line handwriting analysis, particularly in dif-
ferent drawing tasks, as a robust and accessible mechanism for the early detection of
ADs. Its inherent simplicity renders it deployable in primary healthcare settings and
non-specialist environments, offering an economically viable alternative to invasive diag-
nostic procedures.
A key insight from this work is the differential diagnostic potential of off-line and on-
line handwriting data. Off-line drawing tasks, processed as static images, yield higher
classification accuracy due to their stability and structured spatial features. In contrast,
on-line handwriting captures temporal stroke dynamics, which, while rich in neuromotor
information, often suffer from noise and variability due to sensor limitations. Beyond
integrating these modalities, multimodal fusion with other diagnostic signals (e.g., speech
analysis, gaze tracking, neuroimaging, and motor coordination data) presents an exciting
direction for enhancing the specificity and sensitivity of AI-driven cognitive screening.
Another significant research direction lies in personalized AI-driven screening, as hand-
writing variability is influenced by demographic and cognitive factors such as age, ed-
ucation level, linguistic background, and motor function. The development of adaptive
diagnostic models that adjust to individual cognitive baselines could mitigate biases and
enhance generalization across diverse patient populations. Additionally, refining prepro-
cessing techniques and feature extraction strategies for both static and dynamic hand-
writing data remains an important challenge for improving model robustness.
The integration of real-time handwriting assessment tools into routine cognitive health
checkups presents an exciting avenue for early disease detection and clinical decision-
making. By combining AI-driven handwriting analysis with medical expertise, these ad-
vancements will optimize neurodegenerative disease screening, improving early detection,
patient outcomes, and healthcare resource allocation.
While this dissertation primarily focuses on AD and MCI screening, handwriting-based AI
models hold broader potential for detecting other neurological and psychiatric conditions,
such as:

• PD (micrographia detection through signature and letter-writing analysis).

• Stroke rehabilitation monitoring (tracking motor recovery via drawing tasks).

• Dysgraphia and neurodevelopmental disorders (evaluating fine motor impairments
in children and adults).
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• Cognitive decline prediction (longitudinal handwriting changes as early biomarkers
of neurodegeneration).

In conclusion, this dissertation marks a critical step toward AI-assisted cognitive diag-
nostics, yet significant work remains to bridge the gap between algorithmic innovation
and clinical utility. The next phase of research must focus on multimodal integration,
adaptive modeling, regulatory readiness, and real-world deployment strategies. By ad-
dressing these challenges, AI-driven handwriting analysis could emerge as a cornerstone of
scalable, cost-effective, and non-invasive cognitive health screening—revolutionizing early
detection and disease management in aging populations.
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