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= Early detection of Alzheimer's Disease (AD) is essential in order to initiate therapies that can reduce the
effects of such a disease, improving both life quality and life expectancy of patients.

= Among all the activities carried out in our daily life, handwriting seems one of the first to be influenced
by the arise of neurodegenerative diseases. For this reason, the analysis of handwriting and the study of
its alterations has become of great interest in this research field in order to make a diagnosis as early as
possible.

= |n recent years, many studies have tried to use classification algorithms applied to handwriting to
implement decision support systems for AD diagnosis. A key issue for the use of these techniques is the
detection of effective features, that allow the system to distinguish the natural handwriting alterations
due to age, from those caused by neurodegenerative disorders.

= |n this context, many interesting results have been published in the literature in which the features have
been typically selected by hand, generally considering the dynamics of the handwriting process in order
to detect motor disorders closely related to AD. Features directly derived from handwriting generation
models can be also very helpful for AD diagnosis.
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It should be remarked, however, that the above features do not consider changes in the shape of
handwritten traces, which may occur as a consequence of neurodegenerative diseases, as well as the
correlation among shape alterations and changes in the dynamics of the handwriting process.

Moving from these considerations, the aim of this study is to verify if the combined use of both shape
and dynamic features allows a decision support system to improve performance for AD diagnosis.

To this purpose, starting from a database of on-line handwriting samples, we generated for each of them
a synthetic off-line colour image, where the colour of each elementary trait encodes, in the three RGB
channels, the dynamic information associated to that trait.

Finally, we exploited the capability of Deep Neural Networks (DNN) to automatically extract features
from raw images, following the Transfer Learning approach.

The experimental comparison of the results obtained by using standard features and features extracted
according the above procedure, confirmed the effectiveness of our approach.
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The architecture of the whole system
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to trace a circle with a diameter of 6 cm (Task1)

the protocol consists / continuously for four times.

of two tasks to trace a circle with a diameter of 4 cm (Task2),
N continuously for four times.

Our dataset includes 154 subject ' 79 patients
each performing both the two tasks. 75 healthy controls

Handcrafted features E—) Dlr.ectly derived from X, Y coordlnates .of each ach.ured
point together with pressure information (z coordinate)

Non handcrafted features  mmmmm) Perived trough the use CI\I.N.s appliegl to synthe’FiF
images generated from original on-line handwriting.
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Handcrafted features v
. . . ’
features are computed for each on paper stroke, defined as the piece of traits /
between a pen down and the following pen up, or a change of direction on the y axis v

features are also computed for each on air stroke , defined as the pen tip \
trajectories produced without touching the sheet, but keeping the pen tip close to
the sheet (within the maximum allowed distance)

(x2; y2)

For each stroke we extracted 22 features grouped in two categories, namely static and dynamic.

Static features includes Duration, Vertical dimension, Horizontal dimension, Inclination from the initial point
to the final point, Loop surface, Absolute size, etc.,

Dynamic features includes Vertical speed peak, Peak of vertical acceleration, Jerk, Pen pressure etc. (note
that in case of OnAir traits only 21 features are extracted, since the pressure is equal to zero).

Summarizing, the final feature vector includes a total number of features equal to 47 (22 features

averaged over on paper traits, 21 features averaged over on air traits and 4 features relative to personal
information).
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Non handcrafted features

LY o
N

]

[}
\z
%

3

rj?:’ / t_ :-;é{_ !
Dy, ,f: =5

E

SOL PER
NOCTEM

Ay

i

Starting from the same row coordinates used for handcrafted feature extraction, we generated the colour

images to be submitted to the CNN networks.

For each stroke S;, we considered the following dynamic information: velocity v, jerk jiand pressure z..

The values of the triplets (z;, vi, ji) have been
normalized into the range [0, 255] in order to match
the standard 0-255 color scale, and associated to the
corresponding stroke in the generated image.

These images were used as input for the CNNs, which
provided the final set of features in the Convolutional
Layer
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Non handcrafted features

* Four CNN models have been considered: VGG19, ResNet50, InceptionV3, InceptionResNetV2

* The training phase was conducted by using a validation set in order to reduce or avoid over-fitting of the
network on training set.

» A 5-fold validation strategy has been considered where, for each fold used as test set (composed of 20% of
images), we included 70% of images in the training set and 10% of images in the validation set.

* Note that the images included in the validation set have been randomly selected from the folds not used
as test set.

e After the training phase, the CNN networks have been used on one hand for extracting non-handcrafted
features (represented by the weights of the Convolutional Layer), and on the other hand for classification
with the final Fully Connected Layer (the classifier section of the deep network).
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Classification

Using the two different feature extraction methodologies (hand-crafted and non-handcrafted) we obtained 5
different datasets:

» the first one consisting of feature vectors including hand-crafted features
* 4 datasets consisting of feature vectors including non-handcrafted features obtained through the four
considered CNNs, respectively

For the classification step, we used four different classification schemes:

* the Random Forest (RF)

* the Multi-Layer Perceptron (MLP)

» the Support Vector Machines (SVM)
* the K-Nearest Neighbors (K-NN)



Dipartimento di Ingegneria Elettrica e
dell'Informazione "Maurizio Scarano"

Experimental results

RESULTS OF CLASSIFICATION WITH HANDCRAFTED FEATURES

TASK 01 TASK 02 ALL
ACC SD ACC SD ACC SD
RF 6092 335 6815 253 6841 140
K-NN 6148 299 6453 222 6271 1.86
SVM 5440 075 5147 056 51.73 0.77
MLP 5820 358 66.15 259 6420 1.81
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Experimental results

CLASSIFICATION RESULTS WITH NON-HANDCRAFTED FEATURES

InceptionResNetV2 ResNet50
TASK 01 TASK 02 ALL TASK 01 TASK 02 ALL
ACC SD ACC SD ACC SDh ACC SD ACC SD ACC SD

RF 7206 148 6735 233 7025 1.31 RF 7265 103 69.11 294 7028 147
K-NN 6632 190 6695 291 6423 1.61 K-NN 6465 253 6192 248 6258 170
SVM 7039 189 6735 168 6975 096 SVM 7184 124 6579 229 69.13 157
MLP 6671 349 5603 259 5559 1.32 MLP 5497 097 5513 197 5459 048

InceptionV3 g VGGI19
TASK 01 TASK 02 ALL TASK 01 TASK 02 ALL
ACC SDh ACC SD ACC SD ACC SD ACC SD ACC sSD

RF 7377 205 7106 208 7248 1.21 RF 7052 168 68.68 246 6886 118
K-NN 6852 209 5990 187 6278 1.53 K-NN 6626 233 6424 234 6456 146
SVM 7210 1.72 7083 163 7149 1.30 SVM 10.97 140 6629 134 6830 0.86
MLP 6290 397 6586 3.15 68.17 235 MLP 6445 241 5987 297 5882 248
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Comparison of the best results obtained for both handcrafted and non handcrafted features.

Experimental results

TASK 01 TASK 02
Non-Handcrafted Handcrafted Non-Handcrafted Handcrafted
NET ACC sSD AL SD NET ACC sSDh ACC sD
RF Inc. V3 73.77 205 6092 335 Inc. V3 71.06 208 68.15 253
K-NN Inc. V3 6852 209 6148 299 Inc.Res. 6695 291 6453 222
SVM VGG 7097 140 5440 075 Inc. V3 7083 1.63 5147 0.56
MLP Inc. Res. 66.71 348 58.2 3.57 Inc. V3 65.86 3.15 66.15 258
ALL
Non-Handcrafted Handcrafted
NET ACC SD ACC SD

RF Inc. V3 7248 1.21 6841 140
K-NN VGG 6456 146 6271 1.86
SVM Inc. V3 7149 130 5173 0.77
MLP 1Inc. V3 68.17 235 6420 1.81
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CLASSIFICATION RESULTS WITH FULLY-CONNECTED LAYERS

InceptionV3

ACC SD

TL 67.74 940
FT 69.68 586
TL 69.08 13.54
FT 7259 1139

Incept.
ResNetV2
ACC SD
63.34 8.64
67.74 7.90
6198 1273
70.75  8.34

ResNets0
ACC SD
51.61 4.56
70.32 11.50
68.08 13.70
1517 8.63

VGGI9
ACC SD
66.45 10.35
72.26  3.68
64.76  7.33
64.76 11.92
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Discussion
= The results shows that non handcrafted features seem more promising than the handcrafted ones, reaching
the best performance in terms of accuracy with the Random Forest classifier.

= The results obtained with handcrafted features are on the average worse than those obtained with non-
handcrafted ones.

= For each task and for each classification scheme, there is always a CNN model whose features allow us to
obtain better results than those obtainable with the handcrafted ones.

= |s noteworthy that handcrafted features contain also personal information, which are missing in the non-
handcrafted ones, making the best non-handcrafted performances even more significant.

= The best result of the non-handcrafted feature is strengthened with the use of the fully connected layer
with FT, which seems to produce the best of the best results.
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Future works

e As future work we will consider the possibility to enrich the input image by using a "multispectral”
approach adding more channels associated to other dynamic information extracted from raw data.
Furthermore, personal information (like age, education, etc.) may be added to the final set of

* non-handcrafted features.

* Asecond improvement should be obtained by including more than two handwriting tasks from the
whole protocol.

* In this way should be possible to combine the classifier associated to each task with some kind of
combination rule.



