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Abstract: Parkinson’s disease is a progressive neurodegenerative condition whose prevalence has
significantly increased. This work proposes the development of a severity index to classify patients
from symptoms, mainly motor ones, using an Artificial Neuronal Network (ANN) trained by the
Self-Organizing Maps (SOMs) algorithm. The FOX Insight database was used, which offers data in the
form of questionnaires answered by patients or caregivers from all over the world, with information
regarding this pathology. After pre-processing the data, a set of 597 questionnaires containing
28 defined questions was selected. The symptoms were individually analyzed after mapping and
divided into four classes. In class 1, most symptoms were not present. In class 2, the presence of
certain symptoms demonstrated early milestones of the disease. In class 3, symptoms related to
the patient’s mobility, in particular pain, stand out among the most reported. In class 4, the intense
presence of all symptoms is observed. To test the tool, data were used from some of these patients,
who answered the same questionnaire at different times (simulating medical appointments). The
presented severity index to classify patients allowed identifying the current stage of the disease
allowing the follow-up. This Al-based decision-support tool can help medical professionals to predict
the evolution of Parkinson’s disease, which can result in longer life quality of patients, in terms of

symptoms and medication requirements.
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1. Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative condition that impacts the
motor system, manifesting in distinctive symptoms such as resting tremor, bradykinesia,
muscle rigidity, and impaired postural reflexes. The World Health Organization (WHO)
reports that the prevalence of this condition significantly increases with age, affecting 1% of
the population over 60 years old and up to 4% of those over 80 years old. This represents a
staggering number of more than 8.5 million people worldwide, and the figure is expected
to continue growing due to the rising life expectancy of the global population [1,2].

PD poses numerous challenges, with early diagnosis being particularly crucial. While
clinical examinations can aid in disease classification, they often fail to provide precise
indications, primarily due to the existence of various PD subtypes. This heterogeneity
complicates the clinical framework and early diagnosis, making it difficult to establish a
specific and personalized initial treatment, which is essential for enhancing patients” quality
of life [3,4]. Artificial Neural Networks (ANNSs) have gained widespread use in the medical
field, showing promising results in diagnosing and classifying various diseases, including
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Alzheimer’s disease [5], cancer [6], chronic kidney disease [7], tuberculosis [8], and many
others. Techniques such as Convolutional Neural Networks (CNNs) [9], Recurrent Neural
Networks (RNNs), and Long Short-Term Memory (LSTM) [10] enable rapid processing of
large datasets, empowering healthcare professionals to identify patterns and relationships
among variables, leading to more effective diagnostic and treatment decisions. Within
this context, machine learning techniques have emerged as valuable tools for predicting
Parkinson’s disease [11], allowing models to learn from data and identify relevant patterns
to distinguish between healthy individuals and those with the disease. Classification algo-
rithms such as Support Vector Machines (SVMs) [12,13] have been particularly instrumental
in discriminating between patients with PD and healthy controls based on clinical, imaging,
or specific biomarker characteristics.

A promising approach for predicting and detecting Parkinson’s disease (PD) at an
early stage involves the use of a machine learning technique known as Self-Organizing
Maps (SOMs). These are unsupervised Artificial Neural Networks (ANNSs) comprising uni-
or bidimensional neurons capable of adjusting their synaptic weights through competitive
learning. This enables the SOM to organize patient data into similar groups or clusters
without requiring pre-labeled data [14,15].

In this study, we propose using the SOM in conjunction with a clustering algorithm
to develop a severity score for PD, considering not only the neurological aspects that are
typically addressed in other scales or indices, but also including symptoms from other
organs and systems that play a crucial role in disease staging. By incorporating this
comprehensive data analysis, clinicians gain access to accurate information, facilitating
informed decision-making for appropriate medical interventions and, in turn, improving
the overall quality of life for patients affected by this disease.

2. Materials and Methods

This study is observational, cross-sectional, and descriptive in nature. The primary
objective is to develop a PD severity index by observing data from a population exhibiting
characteristics of Parkinson’s disease (PD) [16]. The index is created through individualized
analysis of symptoms reported by patients who have not yet received a formal diagnosis
from a qualified healthcare professional at the time of data collection.

Data for this study were obtained from the FOX Insight longitudinal database ded-
icated to researching PD-related health and lifestyle routines [17]. FOX Insight contains
over 53,000 data points in the form of monitors answered by patients or caregivers around
the world, providing a wide range of information about motor and non-motor symptoms
associated with PD. After data pre-processing, a methodology was used to categorize pa-
tients into different classes. The classification maintained all the gains of the modified scale
by Hoehn and Yahr [18], serving as a reference to maintain the heterogeneity of the results.
Three groups of questions were selected, focusing on motor and non-motor symptoms, each
with a specific disability. Group 1 consisted of questions related to the patient’s daily life,
well-being, and self-care. Group 2 involved questions related to the patient’s mobility and
typical activities during the previous week. Group 3 addressed issues related to motricity
and self-care, which are related to “permanent disabilities”, where the patient has been
living with it for a long time and causes a greater impact on their quality of life, as it is
associated with the loss of autonomy of this patient. A detailed presentation of these data
is available in Table 1.
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Table 1. Presents the description of the questions selected to compose the input data of the ANN, as

well as the group to which they correspond.

Groups Designation Description of Questions
Group 1 MtrScrnRiseChair Having trouble getting up from a chair?
MtrScrnWriteSmall Is your handwriting smaller than before?
MtrScrnVoiceSoft Do people say that your voice is softer than before?
MtrScrnBalancePoor Is your balance poor?
MtrScrnFeetStuck Do your feet ever seem to stick to the ground?
MtrScrnLessExpres Does your face seem less expressive than before?
MtrScrnLegShake Do your arms or legs shake?
MtrScrnTrbleButton Do you have trouble buttoning buttons?
MtrScrnShuffleFeet Do you drag your feet and/or take small steps when walking?
MtrScrnMoveSlowAge Do you move slower than other people your age?
Group 2 MoveSpeech In the last week, have you had problems with your speech?
M . In the past week, have you usually had a lot of saliva when you were awake
oveSaliva
or asleep?
In the past week, have you generally had trouble swallowing pills or eating meals?
MoveChew Do you need your pills chopped or crushed or your meals softened, chopped, or
mixed to prevent gagging?
In the past week, have you generally had trouble handling your food and using
MoveEat cutlery? For example, do you have trouble handling snacks or using forks, knives,
spoons, or chopsticks?
In the past week, have you generally had trouble getting dressed? For example,
MoveDress are you slow or do you need help buttoning, zipping, putting on, or taking off
clothes or jewelry?
MoveHygiene In the past week, have you been generally slow or need help washing, showering,
shaving, brushing your teeth, combing your hair, or doing other personal hygiene?
MoveWrite In the past week, have people generally had trouble reading your handwriting?
MoveHobby In’the past wgek, haye you generally had trouble doing your hobbies or other
things you enjoy doing?
MoveSleep In the past week, have you usually had trouble turning over in bed?
MoveTremor During the past week, have you usually had tremors?
M During the last week, have you usually had difficulty getting out of a bed, a car
oveUp .
seat, or a deep chair?
MoveWalk During the last week, have you usually had problems with balance and walking?
MoveFreeze During th.e last week, on your usual day of walking, do you suddenly stop or
freeze as if your feet were glued to the ground?
Group 3 Mobility Having trouble getting around?
Self-care Do you have difficulty washing or dressing yourself?
Activities Do you have difficulties carrying out your usual activities?
Pains Do you have pain or discomfort?
Anxiety Are you anxious or depressed?

2.1. Coding of the Data

Group 1 comprises direct questions with binary responses, where participants an-
swered either “Yes” or ‘No’, subsequently coded as 0 for ‘No” and 1 for “Yes’. In group 2,
negative responses (‘No’) and affirmative responses with mild or soft intensity were coded
as 0, whereas affirmative answers with moderate or severe intensity were coded as 1. For
group 3, negative responses (‘No’) and affirmative responses with mild intensity were
coded as 0, while affirmative answers with moderate, severe, and very severe intensity
were coded as 1. The coding scheme is detailed in Table 2 for reference.
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Table 2. Coding of the questions.

Groups Answers Codification
0—No 0
Group 1 1—Yes 1
0—No
1—Slight 0
Group 2 2—Smooth
3—Moderate 1
4—Severe
0—No 0
1—Slight
Group 3 2—Moderate
3—Serious 1

4—Extremely serious

2.2. Included and Excluded Data

Initially, a total of 65 questions were carefully selected, based on their alignment with
the scientific literature, which identifies these symptoms as significant clinical features
present in the disease. Therefore, the included questions are extensively documented in
medical literature as indicative of the disease, encompassing various aspects of daily life,
such as difficulties in performing movements (right/left side), dressing, washing, and
experiences related to both motor and non-motor symptoms (e.g., depression, anxiety).
This process resulted in a dataset of 36,000 patients.

Following data pre-processing, which involved excluding questionnaires with incom-
plete or uncertain answers (e.g., “I prefer not to answer”), only the first available question-
naire from each respondent was retained. This final step yielded 28 pertinent questions
and a dataset of 597 patients.

2.3. Selection of the Data Processing Methodology

The Self-Organizing Maps (SOMs) method was selected for this study, which consists
of an unsupervised Artificial Neural Network (ANN) composed of uni- or two-dimensional
neurons. These neurons can adapt their synaptic weights through a competitive learning
process, forming prototypes or clusters with similar data [14].

In the context of ANN learning, data are grouped into various categories. The winning
neuron is determined based on the assigned input values, which are calculated using the
Euclidean distance metric. This distance represents the shortest straight-line path between
two points. Once the winning neuron is identified, a neighborhood is defined around it,
allowing the winning neuron to interact with neighboring neurons and reinforce synaptic
connections, establishing a cooperative network. By reinforcing these synaptic cooperations,
the response of the winning neuron improves whenever the network receives patterns like
those it was trained on [19].

The Self-Organizing Map (SOM) technique groups similar events together. In this
study, the elements represent PD-related questions directed at patients diagnosed with the
disease or those suspected of having it. SOM functions by transforming high-dimensional
information into a two-dimensional representation, creating a mapping from R" to R2.
Initially, a two-dimensional grid of neurons (m x n) was developed. These neurons are
activated by the inputs of the neural network and can undergo movement within the grid,
causing them to become proximate to each other during training. Each neuron is associated
with coordinates in the space provided by the weight vector (W).

To initialize the weights of each neuron, we assign values corresponding to the severity
levels generated by the responses to each question in the database. After the creation and
initialization of the grid, an event from the database is applied to all neurons. Subse-
quently, the Euclidean distance between the event and each weight (neuron) in the grid is
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calculated [20]. For illustration, Figure 1 presents an example of a two-dimensional map
of neurons.

Winning neuron

Figure 1. Two-dimensional map.

The winning neuron serves as the center of the neighborhood function radius, which
updates the vectors (W) throughout the training of the ANN. As SOM activates different
areas of the map corresponding to similar input patterns, it produces a non-linear map
based on the provided input information, generating a two-dimensional representation of
the achieved neighborhood [21].

For this study, a map size of 8 x 6, comprising a total of 48 neurons, was defined.
Subsequently, the map was associated with the K-means algorithm to form prototype
vectors for the input space and obtain the desired classes [22]. The unified distance matrix
(U-Matrix) generated by the SOM calculates the distance between the weights (W) of
neuron j and those of neighboring neurons. The result is a visual representation where
rhombuses indicate the calculated distances. This proximity is then evaluated on a color
scale, where dark colors (black) indicate proximity (i.e., many inputs activated these
neurons), and light colors (yellowish) represent greater distance (i.e., few inputs activated
these neurons). Figure 2a displays the U-Matrix visualization.

(a) (b)
Figure 2. (a) U-Matrix; (b) classes formed by the K-means method.

Following the U-Matrix analysis, the K-means method was employed to create the
data classes, as depicted in Figure 2b.

The numbering assigned to the map generated by K-means follows the order of
intensity classification defined through individualized symptom analysis. The system
randomly selects colors to differentiate one class from another.
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The modified Hoehn and Yahr intensity scale is recognized for representing five
distinct stages of PD [18,23]. However, stages 4 and 5 are considered advanced stages of the
disease, characterized by severe debilitation and the need for full-time care and assistance.
Therefore, for the K-means method, we chose to utilize four classes.

The index categorized patients into four classes based on their severity: class 1 as very
mild, class 2 as mild, class 3 as moderate, and class 4 as severe. These severity classes were
determined by the intensity of each symptom presented within each class.

3. Results

One study indicated that 75% of PD diagnoses occur in individuals over the age of
60, and the prodromal period of the disease can extend up to 10 years before a definitive
diagnosis is made [24].

The first step in the analysis involved performing descriptive statistics on the ages
of patients within each class. Figure 3 graphically presents the age distribution (in years)
of patients for each class, along with the corresponding statistical data. Remarkably, all
classes (class 1, class 2, class 3, and class 4) exhibited ages well below the typical onset age
reported in the literature for PD.

100
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oo
<
50 |
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. $
40 8
30
Statistics Class 1 Class 2 Class 3 Class 4
Average 65 66 66 71
Minimum 44 45 43 39
Maximum 80 87 86 93
Standard deviation 7 9 9 10
Kurtosis 0.32 -0.21 -0.06 0.35
Asymmetry -0.49 -0.19 -0.32 -0.64
Count 139 103 139 216

Figure 3. Descriptive statistics of the ages of the patients made up from the database.

Class 1 displayed the youngest patients, with a minimum age of 44 years, followed by
class 2 with 45 years, class 3 with 43 years, and class 4 with 39 years. Additionally, class 1
had the lowest maximum age at 80 years, followed by class 3 with 86 years, class 2 with
87 years, and class 4 with 93 years.

Regarding the average age, class 1 had an average of 65 years, while both class 2 and
class 3 had an average of 66 years, and class 4 had an average of 71 years. Classes 1, 2, and
3 displayed similar age dispersion, whereas class 4 demonstrated greater variability, with a
standard deviation of 10 years. Figure 3 provides a visual representation of these data.
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3.1. Individual Symptom Analysis

The entire study consisted of 28 questions. These questions are divided into three
groups: group 1 (ten questions); group 2 (thirteen questions); group 3 (five questions). All
groups of symptoms were distributed by the ANN in a severity index that was distributed
in four existing classes.

In the analysis of group 1, symptoms related to events from the patient’s daily life will
be presented. These symptoms do not necessarily indicate limitations but rather serve as
indicators of the onset of PD symptoms. Figure 4 illustrates the image of the symptoms
generated by SOM, where lighter colors represent the presence of symptoms, and darker
colors indicate their absence. The figures revealed a higher prevalence of signaling intensity
in classes 3 and 4, with relatively fewer class 1 and 2 neurons activated, thereby maintaining
a predominance of signaling in the moderate (class 3) and severe (class 4) categories. For
a more comprehensive understanding and data analysis, Figure 4 also displays these
symptoms alongside the cluster image generated by the K-means algorithm.

MtrScrnMoveSlowAge MtrScrnBalancePoor

MtrScrnLessExpres
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] .

MtrScrnShuffleFeet MtrScrnLegShake MtrScrnFeetStuck
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Figure 4. Group 1 symptoms referring to the patient’s daily life, well-being, and self-care.

Figure 5 displays the four classes belonging to group 1. In class 1, it is evident that less
than 1% of the patients exhibit limitations in their independence, and this is not strongly
related to the symptoms addressed by the presented question. Moving on to class 2, there
is a noticeable increase in positive responses to the presented symptoms, with percentages
exceeding 51% for some symptoms, and reaching 90% for the characteristic of decreased
handwriting in patients. As expected, classes 3 and 4 appear to be more severe, as the
symptoms in these classes are more closely associated with the patient’s limitations. In most
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symptoms, these classes present higher percentages, hovering around 82%, and reaching
as high as 98% for some symptoms in class 4. This class notably includes symptoms related
to the loss of personal mobility and difficulties in self-care.

98.1%
95.0%

0.7%

MtrScrnRiseChair

.4%
92.8%95
90.3%

7.9%

MtrScrnWriteSmall
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—
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98.6% 7.7% ¥
96.4% 95.7% 95,09 5-8% 97.8%
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88.5% 7% 87.8% 88.3
8.7% 82.7%
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59.2
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— —_ —_ — — —_ —
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Figure 5. Percentage of the presence of group 1 symptoms by class.

In group 2, symptoms are presented based on the daily difficulties faced by the patients
in the last seven days, with their intensity corresponding to the classification generated
by each individual. This classification consists of four categories: “No” for the absence of
difficulties, “Mild” for mild difficulties without the need for external help, “Moderate” for
difficulties requiring support, and “Severe” for difficulties requiring constant assistance
from another person. Figure 6 illustrates the indicators associated with group 2, show-
casing neuronal activation in several classes, particularly highlighting the exacerbation of
symptoms in classes 3 and 4 within this group.

Notably, the presence of indicators in other classes is observed. This situation arises
because, even though symptoms are related to a specific class, their intensity may vary
depending on the severity of the disease. Figure 6 demonstrates this behavior, depicting
markers that signify the intention of signaling for each class regarding a specific symptom
in group 2, such as changes in speech, which can be regarded as an early marker of PD.
Even in the early stages of the disease, vocal timbre variations can be identified through
computational analysis when compared to data from individuals without the disease.
Changes in speech may not be detectable by the patient, necessitating an acoustic analysis
test for accurate diagnosis [25]. It is estimated that over 90% of PD patients exhibit signs
of speech production and language alterations (dysprosody), as well as other speech
difficulties such as hoarseness, decreased speech volume (dysphonia), and dysarthria,
which result from impairments in the central or peripheral nervous system [26].

Figure 6 shows the symptoms related to the accumulation of saliva or difficulty
swallowing in classes 1 and 2 of the disease. However, these symptoms become more
pronounced in classes 3 and 4, corresponding to the more advanced stages where the
patient’s autonomy is reduced. Similarly, symptoms related to mobility demonstrate that
the patient’s independence is a crucial factor affecting their quality of life. While there is
little signaling of independence-related symptoms in classes 1 and 2, there is a substantial
presence in classes 3 and 4, indicating the significant impact on the lives of people with PD.

In group 3, the symptoms are closely linked to the patient’s motricity and autonomy.
Analyzing the symptoms based on the reported degrees of severity, it is evident that the
weight of these issues directly influences their personal lives. The severity of symptoms is
correlated with the limitations experienced by patients when answering the questionnaire,
and the activities they can perform significantly impact their daily lives. Consequently,
these factors are carefully considered in determining the “weight” of the chosen answers.

In its advanced stage, PD leads to impairment of motor functions, with muscle stiffness,
tremors, and bradykinesia becoming more constant. In addition, the patient’s cognitive
functions may be affected, resulting in an increased risk of falls, injuries, and increased risk
of mortality [27].
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Correlated with symptoms related to self-care and mobility difficulties, motor symp-
toms significantly impact independence and the absence of primary and individual care
for patients with PD. Classes 1 and 2 do not have significant reports of patients with these
limitations, while classes 3 and 4 have more severe PD symptoms, with a greater presence
of these limitations. This pattern indicates that the severity of these symptoms tends to
increase as the disease progresses.

In the early stages of PD, patients may experience signs and symptoms of depression.
In later stages, these signs may manifest as individual episodes of various neuropsychiatric
disorders or comorbidities (e.g., apathy superimposed on cognitive impairment, depression
accompanied by impulse disorders, or psychosis). Depression usually appears early in the
disease, but being a neuropsychiatric symptom, it can be identified at any stage of PD [24].
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3.2. Validation of Results

A results validation process was carried out to validate the reliability of the ANN
predictions. The data set was divided into training, validation, and test sets. This procedure
aims to provide a model that generalizes predictions to new data, ensuring its reliability
and applicability in research.

For the validation process of the results, 27 patients and a total of 199 complete data
available on the platform were used. Among these patients, two were selected, which
will be addressed later, to exemplify the validation. At this time, the periodicity of the
responses offered was maintained, unlike what happened at the time of database training
and data filtering. Subsequent questionnaires were maintained to map the evolution of the
classes of these patients and verify the training achieved by the neural network. Figure 7
describes the organization of the ANN map. It also shows the location of each symptom in
its class. Finally, the classes are shown by colors, as generated by the K-means algorithm:
blue corresponds to class 1, green to class 2, light blue to class 3, and yellow to class 4.

Mobility Care Pain
1 » .
o8 1°® {os
0s 06 06
o4 04 04
02 02 02
0 o 0
Active Anxious
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108 108

s 0s

o8 o8
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Figure 7. Group 3 symptoms related to motricity and patient autonomy.

The ANN was constituted of a total of 48 neurons (see Figure 8), established by the
choice and observation of the classifiers generated, each with its activations belonging to a
dominant class, generated according to the activation and approximation obtained through
the neuron. Validation tests were performed.

35 36 37 38
43 44 45 46 47 48

Figure 8. This figure represents the organization of the ANN ap and the location of symptoms in the
severity classes of Parkinson’s disease, highlighting the arrangement of neurons that represent the
symptoms associated with the pathology.
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In Figure 9, the path taken by patient 1 on the map is observed. Initially, at the age of
61 years and 8 months, he was already classified with a severe severity index (class 4). In a
second screening, approximately 1 year later, he showed a decline in the evolution of his
condition and was classified with a moderate severity index (class 3). After 5 months, the
severity index returned to the initial stage (class 4), having activated the same initial map
neuron. At 63 years and 8 months, the patient was still in class 4, but with activation of a
neuron further away from class 3. The brief regression of the disease from class 4 to class 3
may be due to poorly reported symptoms or even early medication use.

Figure 9. Path of patient 1 on the Parkinson’s disease severity map. It is possible to visualize the
course of the disease over time. This longitudinal analysis of the data reveals important information
about the disease.

Figure 10 shows the validation test for patient 2. His first classification of severity
considered the activation of the class 4 neuron. After approximately 6 months, the patient
shows a regression in the disease picture when he activates the class 3 neuron 11. After
5 months, when he answers a new questionnaire, even when signaling a distant neuron,
he remains in the same class 3. After 6 months, when he answers the questionnaire again,
he activates class 4 again. This patient shows a regression in the disease very simply in a
short period and returns to signaling class 4, which may have occurred due to the use of
medication, causing a significant temporary improvement.

Figure 10. Validation test for patient 2 on the Parkinson’s disease severity map. The image illustrates
the validation test performed for patient 2, showing the severity rating over time.
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4. Conclusions

The objective of this study was to develop a severity index for Parkinson’s Disease (PD)
using an Artificial Neural Network. Despite utilizing a database not specifically tailored
for this study, it was possible to validate the path of severity and disease progression based
on the selected data.

The index categorized patients into four classes based on their severity: class 1 as
very mild, class 2 as mild, class 3 as moderate, and class 4 as severe. These severity classes
were determined not by the type of symptom but rather by the intensity of each symptom
presented within each class. Interestingly, symptoms in group 3 exhibited the widest range
of existing disease severity levels, indicating that this group may require special attention
and consideration as a determining factor.

Non-motor symptoms of PD, particularly anxiety and depression, have emerged as
significant indicators in the pursuit of early diagnosis. Two such symptoms are included in
this group. One notable advantage of this severity scale is its practicality, as it automatically
transforms various inputs into an illustrative index (depicted as an image). Qualified
medical professionals can visually assess the geographic positions of neuron signaling on
the map, observe their neighborhood relationships, and trace the paths traveled in each
questionnaire. By doing so, clinicians can evaluate disease progression, and based on this
evaluation, define appropriate medication requirements to enhance the patient’s quality
of life.
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