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We investigate the use of handwriting data as a means of predicting early symptoms of Alzheimer’s disease (AD). Thirty-six subjects
were classi�ed 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 di�erent data augmentation (DA) techniques. Our �ndings 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 (E�cientNet) achieved a classi�cation accuracy of 87% and an area under the receiver operating characteristic curve
(AUC) of 91% for binary classi�cation (healthy or AD patients), whereas for multiclass classi�cation (healthy, mild AD, or moderate
AD) accuracy was 76% and AUC was 77%. These results underscore the potential of DA as a simple, cost-e�ective 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.tempate
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1 INTRODUCTION AND RELATEDWORK

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 a�ected 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 problems (such as an object or face recognition [8]), visual impairments, and de�cits in
spatial perception [21], despite relatively normal visual acuity values and intact visual �elds [23]. Recent research has
shown that assessing visuospatial function, in addition to brain scanning, can aid in the early detection of impairments.
E�ective 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.
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Drawing tests, frequently used in dementia screening, can re�ect 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 signi�cant indicators of cognitive
decline. This means that no single scoring system is reported as the most e�ective and reliable evaluation method
(e.g., [12]). 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 e�ectiveness of cognitive screening tools.

Recent advancements in arti�cial intelligence (AI), particularly in deep learning (DL), have signi�cantly impacted
healthcare, especially when it comes to diagnosing neurodegenerative diseases like AD (e.g., [6, 12, 24]). 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 re�ning DL models for dementia screening and emphasizing the
importance of data augmentation (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, 6, 11, 14].

Relevant studies (e.g., [6, 11]) have highlighted the precision of DL models, particularly convolutional neural networks
(CNNs). However, the e�ectiveness of these models is often limited by the small size of available datasets. Maruta et
al. [19] demonstrated that the �ne-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 improvement over conventional visual assessment methods.
Jiménez-Mesa et al. [16] proposed a CNN-based method for diagnosing cognitive impairment through the Clock Drawing
Test (CDT), e�ectively 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 arti�cial biases.

Summary of Contributions

Our research builds upon signi�cant advancements in ML for cognitive impairment screening, 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 re�ne 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.

2 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 scienti�c 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
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to the original data or too distorted for the models to learn e�ectively from it (e.g., [25]). This study compares classic
ML models (SVMs, RFs, :-NNs) and DL models (CNNs) in the context of classifying binary (healthy vs. patient) and
multiclass (healthy, mild AD, and moderate AD) classi�cation tasks, both with and without applying DA.

2.1 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 characteristics of individuals at high risk of dementia. Subjects
were categorized according to the guidelines of the National Institute of Neurological and Communicative Disorders and
Stroke-AD and Related Disorders Association (NINCDS-ADRDA) [20] and the Statistical Manual of Mental Disorders V
(DSM V) [9]. Based on these guidelines, the subjects were classi�ed 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 informed 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
signi�cant di�erences in age were observed among the healthy group, mild AD, or moderate AD based on ?-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 Mini-Mental State Examination (MMSE)
scores between 25 and 17.

2.2 Image Preprocessing and Data Augmentation

Participants were given a blank A4-sized paper and asked to copy a �gure of two overlapping pentagons with an
interlocking shape (as shown in Figure 1a). The paper-and-pencil drawings were converted from PDF �les to image
format (PNG format) (Figure 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 1c). The resulting images were
resized to standard dimensions (224×224 px). Any nonrelevant information, such as the original printed images from
the clinicians, that appeared on the top side of the original �le (Figure 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 1d). Low-quality and noisy
images (in total, 14 images from the healthy group) were manually �ltered out.

ML (and, particularly, DL) models perform better when trained on large datasets; however, obtaining such large-scale
datasets is really challenging in clinical �elds. To address this, DA techniques can be used to arti�cially increase the size
of the dataset. By generating additional images from the input images, these techniques can help reduce the risk of
over�tting and increase the model’s generalizability, leading to better overall performance. These techniques include
applying geometric transformations (such as �ipping, 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 potentially 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 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 di�erences in terms of luminance,
contrast, and structure. SSIM is a widely used measurement tool because of its low computational complexity and
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Fig. 1. Example of the preprocessing steps for Pentagon Drawing Test (PDT) images: prompting pentagon (A) on top with participants’
drawings at the bo�om; image processing (B, C); and final image (D) for model input.

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 di�erent. 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.

After DA, as shown in Figure 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 di�erent than the original images, which is not desirable in our research.

2.3 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 support vector machines (SVM), random forest (RF), and :-nearest neighbors (:-NN). They
require 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 di�erent types of layers: (i) Convolution layers (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 layers (POOL) are used to reduce the
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Fig. 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).

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 �atten the output of the previous layer and to add non-linearities to the model.

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 normalization. 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 �nally an FC
layer followed by the output layer.
E�cientNet [27] has multiple CONV layers with a mix of di�erent kernels, followed by corresponding POOL layers
and a single FC layer before the output layer.
Custom CNN that we designed with �ve 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 �netune those architectures
on our dataset. Accordingly, the dimensionality of the output layer is reduced from 1000 classes to 2 or 3, depending
on the classi�cation experiments. We used 2 classes in binary classi�cation experiments and 3 classes in multiclass
classi�cation experiments.

2.4 Model training

To train the classic ML models (SVM, :-NN, RF), we used 5-fold cross-validation, which involves randomly dividing
the dataset into 5 groups or folds. For the SVM classi�er, a “C” value of 0.1, a “gamma” of 0.0001, and a “linear” kernel
were determined to be best. For the :-NN classi�er, the “manhattan” metric with “n_neighbors” set to 3 and “weights”
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con�gured as “distance” was used. The RF classi�er, 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 �nd the optimal parameters for each model. The learning rate
varied between 0.0001 and 0.1, weight decay was �xed at 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
classi�cation performance.

3 RESULTS AND DISCUSSION

The e�ciency of ML and DL models was evaluated using accuracy and area under the receiver operating characteristic
curve (AUC). Accuracy represents the ratio of correct classi�cations to the total number of samples. AUC reports the
performance of a classi�er as a trade-o� between the True Positive Rate and False Positive Rate, ranging from 0.5
(indicating random performance) to 1 (indicating perfect performance).

SVM
:
-N

N
RF VGG-16
D
enseN

et-121
ResN

et-152
E�

cientN
et

Custom
CN

N

30
40
50
60
70
80
90
100

A
cc
ur

ac
y
(%
)

SVM
:
-N

N
RF VGG-16
D
enseN

et-121
ResN

et-152
E�

cientN
et

Custom
CN

N

30
40
50
60
70
80
90
100

Before and After DA

Binary Classi�cation Multiclass Classi�cation

SVM
:
-N

N
RF VGG-16
D
enseN

et-121
ResN

et-152
E�

cientN
et

Custom
CN

N

30
40
50
60
70
80
90
100

A
U
C
(%
)

SVM
:
-N

N
RF VGG-16
D
enseN

et-121
ResN

et-152
E�

cientN
et

Custom
CN

N

30
40
50
60
70
80
90
100

Before and After DA

Binary Classi�cation Multiclass Classi�cation

Fig. 3. Accuracy and AUC values of classic ML and DL models, both before and a�er 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) classi�cation. The results are presented in Figure 3. Both classic ML and DL models showed an
increase in accuracy after DA. This improvement was signi�cant when compared to the baseline model (without DA).
The results obtained from the classi�ers that employed E�cientNet and our custom CNN outperformed all the other
models, with 0.87 accuracy and 0.91 AUC scores for binary classi�cation and 0.76 accuracy and 0.8 AUC for multi-class
classi�cation. In sum, DA led to a 10 to 30% increase in binary classi�cation experiments and to a 10 to 20% increase in
multi-class classi�cation 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 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 2), the most appropriate DA techniques for PDT
images include elastic transformation, grid distortion, horizontal �ipping, translation o�set, and rotations. Hosseini-
Kivanani et al. [12] highlighted the importance of accurately choosing the DA techniques, showing that �ipping and
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rotation can destroy the semantics of a CDT image. In contrast, in this work, �ipping and rotation are appropriate DA
techniques for PDT images, given their symmetry.

DL models have been used in various research for di�erent types of cognitive assessments such as the paper-and-
pencil CDT or cube drawing (e.g., [2, 6, 16, 24]). However, none of these studies have speci�cally focused on the use of
DA. Furthermore, while there have been a few e�orts 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
pro�ciency 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 e�ectively, 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 �ndings underscore the transformative potential of DA in enhancing the DL model’s performance. By arti�cially
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
advancements in AD treatment and care, aiming to ultimately improve the quality of life for those a�ected by AD.

4 CONCLUSION

This work provides valuable insights into the e�ectiveness 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, o�ers a cost-e�ective solution to assist healthcare
professionals in patient screening and minimizes subjectivity in interpreting clinical data, particularly in resource-
limited settings. It can have a signi�cant impact by helping doctors make more informed decisions and eventually
provide better treatment options for patients.
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