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Abstract

Objective: This study evaluates machine learning algorithms’ effectiveness in classifying Parkinson’s disease and
Huntington’s disease based on biomarker data obtained non-invasively from patients and healthy controls.

Methods: Datasets containing biomarker data (x, y, and z values of accelerometers) from sensors were collected from
Parkinson’s disease, Huntington’s disease patients, and healthy controls. An automatic selection model method was imple-
mented for disease classification, using a unique Mexican database of human gait biomarkers, which we consider the only
one of its kind. Random forest, random subspace method, and K-star algorithms were employed, with parameters optimized
through an automated model selection.

Results: The study achieved a 0.893 precision rate for Parkinson’s disease and Huntington’s disease using the random sub-
space method. The findings underscore the potential of machine learning techniques in medical diagnosis, particularly in
neurological disorders.

Conclusion: The automatic selection model method demonstrated efficacy in classifying Parkinson’s disease and Huntington’s
disease based on non-invasive biomarker data. This research contributes to advancing non-invasive diagnostic approaches
in neurological disorders, highlighting the significance of machine learning in healthcare.
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Introduction
The nervous system comprises the central nervous system
(CNS) and the peripheral nervous system.1 These systems
oversee numerous functions in the human body, and
various conditions can disturb their homeostasis. Notably,
neurodegenerative disorders, as discussed in previous
research, are characterized by progressive deterioration that
impacts fundamental abilities such as movement and cogni-
tion.2,3 Both Parkinson’s disease (PD) and Huntington’s
disease (HD) are part of this group and greatly affect the
patient’s quality of life. However, due to their similar early
symptoms, distinguishing between them can be challenging.
In addition, for their diagnosis techniques that are highly
expensive and sometimes invasive for the patient are

used,4 so it is important to find alternatives for their
classification.

PD is a neurological disorder marked by autonomic and
motor disturbances.5 It is estimated that 0.3% of the popu-
lation in industrialized countries is affected by this
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condition, with men being twice as likely as women to
develop the disease. Additionally, the risk of developing
PD increases with age.6,7

This condition arises from the degeneration of dopamin-
ergic neurons in brain areas such as the substantia nigra,
resulting in decreased levels of this neurotransmitter in
the striatum,8 as well as possible degeneration of catechola-
minergic and serotonergic neurons, causing altered move-
ment patterns.9

On the other hand, HD is also a neurological disorder of
the CNS, whose clinical manifestations are chorea, involun-
tary movements such as bradykinesia, loss of postural
reflexes, ataxia, and gait, with symptoms appearing
between 15 and 20 years of age.11,10 It is known that 10–
13 persons are prevalent per 100,000 in America, being
more significant in women than men. The symptoms are
more aggressive in women due to differences in the
sequences of genes that code for the protein huntingtin,
which causes the disease.12,13

Likewise, it is known that the disease is due to alterations
in the gene sequence in chromosome 4, impacting brain
structures like the striatum, and leading to atrophy of the
cerebral cortex and cerebellum, which manifests as move-
ment disorders.14

Currently, there are studies that due to the similarity of the
symptoms try to differentiate these diseases through biomar-
kers or the use of techniques such as machine learning (ML),
using algorithms to databases provided by different types of
studies.15 Therefore, our contributions are (1) implementing
a method based on an automatic selection model to identify
(classify) neurodegenerative diseases such as PD and HD,
and (2) utilizing the database with human gait biomarkers
obtained from the National Institute of Neurology and
Neurosurgery (NINN), which we believe is the only database
on this topic. The article will first describe the previous
works that support the research, continuing with the materi-
als and methods used, that is, the sensor network, the dataset,
the ML model, and the metrics, then the results, a detailed
discussion of the results, and the conclusions with future
work planned to enhance the study.

Previous works
Currently, there exists a diverse array of research that has
enabled the classification of neurodegenerative conditions
such as PD, HD, ataxia, amyotrophic lateral sclerosis, and
spinal muscular atrophy employing various biological as
well as motor markers;16,17 in this regard, those that use
gait as a differentiator of PD and HD will be described.

Gait and ML as tools to differentiate
neurodegenerative diseases: PD and HD

It is known that in PD, there are alterations in both move-
ment and posture; balance, hip position, and gait, the

latter has functioned as an indication of the progress of
the disease,18 through the measurement of kinematic and
spatiotemporal parameters, by the use of 3D software,
however, some bias may occur because they are observa-
tional studies.19,20 On the other hand, there are also
studies where using sensors in lower extremities (soles of
the feet), databases of patients with idiopathic hyposmia,
PD, and healthy subjects have been obtained, resulting in
high accuracy values of 97% through the random forest
algorithm.21 Likewise, using inertial measurement units in
PD patients and healthy patients in the lower extremities
and back capturing acceleration and rotational motion,
high classification efficiency values have been achieved
using support vector machine (SVM) algorithm.3 And by
using wireless inertial sensors that measure head, pitch,
roll, and stride rotations and analysis with ML techniques
such as SVM we can correctly classify subjects with PD
and healthy subjects with values above 90%.22 In addition,
one of the most important in our opinion has been the use of
smartphones (due to their low cost) and their sensors (gyro-
scope) to know the severity of PD through developed appli-
cations and disease severity score learning (DSSL)
algorithms with efficiency values higher than 90%.23

Regarding HD, it is also known that one of the main
characteristics is gait impairment, serving as an element
for its classification.25,24,26 In this way, there are studies
where it has been possible to differentiate the disease and
its progression using algorithms.27 For instance, a 2016
study utilized inertial sensors to assess elderly individuals
post-stroke and HD patients, achieving SVM algorithm
classification accuracy of 90.5%, relative to healthy sub-
jects.28 Similarly, using the Unified Huntington’s Disease
Rating Scale, using biometric sensors on the trunk and
extremities (triaxial accelerometer and gyroscope) or foot
pressure sensors, the linear discriminant analysis (LDA)
and VGG16 algorithms have been reported as the most
optimal for measuring disease severity, obtaining percen-
tages of 96% and 89%, respectively, comparing healthy
subjects and those with HD.29,30

Analysis and opportunity gap

All these studies have been very important and relevant since
ML is really strengthening the patient’s diagnosis in contri-
bution to the medical staff. Gait is a fundamental parameter
in the evaluation of neurodegenerative diseases,32,31,33,28,24

as it provides important information about the patient’s
motor function and overall neurological health. Sensors
that monitor gait through inertial signals, such as those
obtained from accelerometers and gyroscopes, can be of
great help in the accurate evaluation and early detection of
such conditions.31,3,28,21,25 At present, there are very few
studies that employ these techniques using gait as a differen-
tiator and fewer in Latin American countries. Therefore, the
present work represents great advances in medicine in
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Mexico. Table 1 shows some examples of analyses using
ML in some neurodegenerative diseases and the countries
in which the study has been carried out.

Materials and methods
The development of the project went from obtaining the
dataset by NINN using body sensors, and processing the
data in Weka software (as well as searching for algorithms),
to algorithm selection and acquisition of selection values
(see Figure 1).

Body sensor network

The network of three-axis ADXL-335 accelerometer
sensors used to obtain the measurements and connected to
an Arduino MEGA-2560 were placed on the extremities
of both knees, ankles, and thorax, analyzing the Cartesian
x, y, and z axes. From this network of sensors in Figure 2,
which are accessible to be acquired by the patient, the
dataset was obtained from Fuentes-Ramos et al.16

Dataset

Data for the study were collected and ethically approved by
the NINN Ethics Committee.40,16 Gait biomarkers were
employed in the evaluation of patients with PD and HD,
along with a control group comprising healthy subjects.

In addition, patients and family members signed
informed consent forms to ensure that the data were pub-
lished and that they did not reveal the identity of the
participants.

The total number of patients was 78, which were divided
into 47 with PD, 13 with HD, and 19 healthy subjects, 34
women and 45 men (see Table 2).

During the gait analysis process, data were provided in ∼
2 minutes.

The exclusion criteria were people who had difficulty
walking by themselves or who were in wheelchairs.

The datasets comprising raw data without any preproces-
sing, were grouped in a single file for each participant and
the information was united in a single document, both for
those with the disease and those who were healthy. This

Table 1. Neurodegenerative diseases where ML has been used.

Disease Country/region Algorithm used Key findings

Alzheimer USA, Iran,
Portugal

SVM.32,34,31 Gait data and ML can serve as objective tools
for the early detection of cognitive
impairment.

Amyotrophic
lateral sclerosis

Republic of
China, Taiwan

SVM,33 K-nearest neighbors.35 Gait variability can diagnose and monitor
amyotrophic lateral sclerosis.

Ataxia China, Czech
Republic, Italy

Logistic regression, linear SVM, poly SVM, RBF
SVM, Naöve Bayes, nearest neighbors,
decision tree, random forest, neural net,
AdaBoost, and multiplayer
perceptron.36,38,37

Tools like kinect and ML algorithms are
effective for assessing and classifying the
severity of neurodegenerative diseases and
ataxias.

Dementia USA, Cuba, UK Poisson regression analyses.39 Neurological impairments and gait
disturbances are associated with dementia
and mortality.

Parkinson’s
disease

Australia, USA,
England, Italy

Random forest,21 SVM,3,21 DSSL,23 Naöve
Bayes21

High accuracy (97%) using sensors in lower
extremities.21 SVM achieved classification
efficiency above 90% using inertial
measurement units.3 Smartphone sensors
(gyroscope) with DSSL algorithms showed
efficiency values above 90%.23

Huntington’s
disease

Italy, USA,
Australia,
Netherlands

SVM,28 LDA,29 VGG1630 SVM achieved accuracies above 90% using
inertial sensors.28 LDA and VGG16 reported
accuracies of 96.4% and 89%, respectively,
using biometric sensors.29,30 Gait
impairment used as a classification
element.25,24,26

ML: machine learning; SVM: support vector machine; DSSL: disease severity score learning; LDA: linear discriminant analysis; RBF: radial basis function.
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resulted in three datasets, which were used to carry out the
classification, resulting in a binary category, Each of these

datasets contains 1800 records per class, accumulating a
total of 3600 records:

• Binary sets: {PD, Control}, {PD, HD} and {HD, Control}

Finally, a subject-wise strategy was employed to split the
data, allocating 80% for training and the remaining 20%
for testing.

Automatic selection model

Thornton et al.’s ML model selection method was
employed to automatically choose the classification algo-
rithm,42,41 which involves:

Given a collection of algorithms A and a finite dataset
D = (x1, y1), . . . , (xn, yn) for training, the objective is to

Figure 1. Pipeline of PD and HD categorization by using machine learning. PD: Parkinson’s disease; HD: Huntington’s disease.

Figure 2. Examples of the sensors used to obtain the dataset.16

Table 2. Sex and age distribution of patients under study.

Age groups Sex

Case 18–39 40–59 60–84 F M

Control 5 9 5 12 7

PD 2 14 31 17 30

HD 5 7 1 5 8

PD: Parkinson’s disease; HD: Huntington’s disease.
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identify the algorithm A fromA demonstrates the best gener-
alization capabilities. This process involves splitting D into
several training subsets, denoted asD(i)train, and correspond-
ing non-overlapping validation subsets, denoted as D(i)valid
for i = 1, . . . , k. The learning function fi is then derived by
applyingA toD(i)train, and the effectiveness of these functions
is evaluated onD(i)valid. This approach captures the challenge
of selecting the most effective algorithm for the given task.

A∗ ∈ [A ∈ A]argmin
1
k
.
∑k
i=1

L A, D(i)
train, D(i)

valid

( )
(1)

Here, L(A, D(i)
train, D(i)

valid) represents the loss, specifically the
misclassification rate, incurred by algorithm A during training
on D(i)

train and its subsequent evaluation on D(i)
valid. The cross-

validation technique is employed to partition the training

data into k sets of equal size, denoted as D(1)
valid, . . . , D(k)

valid ,

with the complementary training sets defined as D(i)
train = D ∖

D(i)valid for i = 1, . . . , k.
Based on the above equation and the experimental tests

performed in Waikato Environment Knowledge Analysis
v.3.8,43 it was found that the random forest algorithms for
the set {PD, Control} were the most appropriate algorithms
for classification. It is important to point out that the
analysis was performed using an exhaustive algorithm-by-
algorithm search provided by the software. The mathemat-
ical basis of the selected algorithms will be shown below.

Algorithms

Random forest. This algorithm, as a key component of the
methods employed, utilizes an ensemble of classifiers
denoted as h(x, Θk), k = 1, . . ., where Θk represents inde-
pendent random vectors.44 The algorithm is outlined below:

Algorithm 1 Random forest.16,44

Input : dataset T= (x, y), number of trees m, number of
random levels k
Output : RF, a set of grown trees
Initialization RF
for i= 1 to m do
Create a bootstrap sample T′ from dataset T
Grow a decision tree Tree using T′ and parameter k
Add Tree to RF

end

This technique includes the inputs which are the data (T )
containing previous information (x) with its result (y), the
number of decision trees (m), as well as the highest value
that each tree will have (k). Once the values are obtained,
new training data (T ′) are elaborated with sampling with
replacement. Randomly selected data is processed using
two functions, choosing the most appropriate partition.
This is done repeatedly until all features have been
analyzed.44

K-star. The definition of K∗45 established by examining a
set I of instances, potentially infinite, and a finite collection
of transformations T applied to I. Each transformation t ∈
T is a function that maps instances to other instances, repre-
sented as t : I → I. Within T there exists a specific element σ
(known as the stop symbol) that, for completeness, maps
instances to themselves (σ(a) = a). Consider P as the set
of all prefix codes generated from T∗ and terminated by
σ. Members of T∗ and consequently P uniquely define
transformations on I:

t(a) = tn tn−1 . . . t1(a) . . .( )( ), where t = t1, . . . ,tn (2)

A probability function p is established on T∗, adhering to
the following properties:

0 ≤
p(tu)
p(t)

≤ 1

∑
u

p(tu) = p(t)

p(Λ) = 1

(3)

As a result, it adheres to the following equation:∑
t̂∈P

p(t) = 1 (4)

The probability function P∗ is established to represent the
likelihood of all paths connecting instance a to instance b:

P∗(b ∣ a) =
∑

t∈P : t(a)=b

p(t) (5)

It can be readily demonstrated that P∗ adheres to the follow-
ing properties: ∑

b

P∗(b ∣ a) = 1

0 ≤ P∗(b ∣ a) ≤ 1

(6)

The K∗ function is then defined as follows:

K ∗ (b ∣ a) = − log2 P ∗ (b ∣ a) (7)

K∗ does not strictly adhere to the typical traits of a distance
function. For instance, K ∗ (aaa) is generally non-zero, and
the function, as denoted by the I notation, lacks symmetry.
Despite the potential counter-intuitiveness of these properties,
their absence does not impede the progression of the K∗ out-
lined below. The following properties can be demonstrated:

K ∗ (b ∣ a) ≥ 0

K ∗ (c ∣ b)+ K ∗ (b ∣ a) ≥ K ∗ (c ∣ a) (8)

Random subspace method. This method constructs a deci-
sion forest ensemble,46 using S training samples represented
by Xj p-dimensional vectors, where Xj = (x j1, x j2, . . . , x jp).
This method automatically selects p∗ features with p∗ < p.47

The random subspace algorithm is shown in Algorithm 2.

Sánchez-DelaCruz et al. 5



Algorithm 2 Random subspace method.46,47

Input : Training set S, total of subspaces B, subspace
dimension p*
Output : Ensemble E
Initialize E to empty set
for i= 1 to B do
S̃
i
← SelectRandomSubspace(S̃, p∗)

Ci ← ConstructClassifier(S̃
i
)

E ← E ∪ {Ci}
end

Multilayer perceptron. This type of artificial neural network
consists of an input layer, one or more hidden layers, and an
output layer.48 Each layer contains multiple neurons, and
every neuron in one layer is connected to all neurons in
the next layer. This architecture enables the multilayer per-
ceptron to model complex, non-linear relationships in data.
The input features are represented in

x = (x1, x2, . . . , xn) (9)

In the hidden layers, each neuron computes a weighted sum
of inputs,50,49 adds a bias, and then applies an activation
function f :

h(l)j = f
∑
i

w(l)
ji h

(l−1)
i + b(l)j

( )
(10)

where h(l−1)
i is the output from the previous layer, w(l)

ji are

weights, and b(l)j are biases. The output neurons compute:

oj = g
∑
i

w(L+1)
ji h(L)i + b(L+1)

j

( )
(11)

where g is the activation function for the output layer.

Metrics

To assess performance, the confusion matrix (see Table 3),
Kappa (equation (12)), precision (equation (13)), sensitivity
or recall (equation (14)), f-measure (equation (15)), and area
under the receiver operating characteristic curve were used
as evaluation metrics. In a confusion matrix, the counts of
predicted classes are displayed in columns, while actual

values are shown in rows. This matrix helps identify true nega-
tive (TN), true positive (TP), false negative (FN), and false
positive (FP). The confusion matrix provides the TP rate of
correctly classified instances. The fraction of instances classi-
fied in the positive class is obtained by precision. The F value
integrates the characteristics of the PT rate, and the precision
becomes a single factor. While the receiver operating charac-
teristic curve illustrates the TP rate and the FP rate.

κ = 2 · (TP · TN − FP · FN)
(TP+ FP) · (FP+ TN)+ (TP+ FN) · (FN + TN)

(12)

Precision = TP

TP+ FP
(13)

TP rate = TP

TP+ FN
(14)

F-measure = 2 · precision · recall
precision+ recall

(15)

Experiments
The experimental setup involved the evaluation of two main
cases for the classification of biomedical data into binary
sets: the first using the automatic selection model and the
second employing the multilayer perceptron. The classifica-
tions performed were:

• PD versus control: In the first case, the random forest
algorithm was selected using the automatic selection
model, while in the second case, the multilayer percep-
tron was employed.

• PD versus HD: The random subspace method was auto-
matically selected in the first case, and the multilayer
perceptron was used in the second.

• HD versus control: For this comparison, the K-star algo-
rithm was automatically selected in the first case, and the
multilayer perceptron was used in the second.

The performance metrics include the percentage of cor-
rectly classified instances, the Kappa statistic, weighted
average precision, weighted average recall, and weighted
average F-measure. Additionally, the confusion matrix for
each classification task is provided.

The experiments were performed in Waikato
Environment Knowledge Analysis v.3.8,43 on an HP
laptop with Windows 11 64-bit, Intel (R) Core(TM)
i7-1065G7 processor @ 1.30 GHz, and 12.00 GB RAM.

Results
The classification results are presented in Table 4. In the first
case, the automatic selection model identified the following
three algorithms for the classification of the binary sets:

Table 3. Confusion matrix.

True class

Positive Negative

Predicted Positive TP FP

class Negative FN TN

TP: true positive; FP: false positive; FN: false negative; TN: true negative.
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• PD versus control: The random forest algorithm correctly
identified 91.3889% of the cases with a Kappa statistic of
0.8278, and precision, recall, and F-measure all at 0.914.
The confusion matrix indicates that 326 control instances
and 332 PD instances were correctly classified.

• PD versus HD: Using the random subspace method,
89.3056% of the cases were correctly identified with a
Kappa statistic of 0.7861. Precision, recall, and F-measure
were all 0.893. The confusion matrix shows that 323 HD
instances and 320 PD instances were correctly classified.

• HD versus control: The K-star algorithm correctly identi-
fied 80.5556% of the cases with a Kappa statistic of
0.6111. Precision, recall, and F-measure were all 0.806.
The confusion matrix highlights that 285 control
instances and 295 HD instances were correctly classified.

In the second case, a multilayer perceptron was used for the
classification of the binary datasets, yielding the following
results:

• PD versus control: The multilayer perceptron correctly
identified 83.47% of the data with a Kappa statistic of
0.6695. Precision, recall, and F-measure were all
0.835. The confusion matrix shows that 295 instances
of control and 306 instances of PD were classified
correctly.

• PD versus HD: Using the multilayer perceptron, 77.92%
of the data was correctly identified with a Kappa statistic
of 0.5583. Precision, recall, and F-measure were all
0.779. The confusion matrix shows 284 instances of
HD and 277 instances of PD classified correctly.

Table 4. Classification results of binary sets.

Subsets Algorithm % Correctly classified
Kappa
statistic Precision Recall F-measure ROC area Confusion matrix

(PD,control) Random 91.3889 0.8278 0.914 0.914 0.914 0.97 a b

forest Control = a 326 35

PD = b 27 332

(PD, HD) Random 89.3056 0.7861 0.893 0.893 0.893 0.786 a b

subspace HD = a 323 38

PD = b 39 320

(HD,control) K-star 80.5556 0.6111 0.806 0.806 0.806 0.611 a b

Control = a 285 76

HD = b 64 295

(PD,control) Multilayer 83.4722 0.6695 0.835 0.835 0.835 0.894 a b

perceptron Control = a 295 66

PD = b 53 306

(PD, HD) Multilayer 77.9167 0.5583 0.779 0.779 0.779 0.815 a b

perceptron HD = a 284 77

PD = b 82 277

(HD,control) Multilayer 64.5833 0.2915 0.646 0.646 0.646 0.696 a b

perceptron Control = a 246 115

HD = b 140 219

PD: Parkinson’s disease; HD: Huntington’s disease; ROC: receiver operating characteristic.
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• HD versus control: The multilayer perceptron correctly
identified 64.58% of the data with a Kappa statistic of
0.2915. Precision, recall, and F-measure were all
0.646. The confusion matrix highlights 246 instances
of control and 219 instances of HD classified correctly.

Figures 3 to 5 display the precision–recall graphs, demon-
strating values around 85%.

Discussion

In the present study, we found some interesting findings.
For example, it is the first study that presents a comparison
on automatic selection model and multilayer perceptron on
a dataset of patients in Mexico (NINN), so it represents a
valuable tool for physicians in this country because it has
been documented, for example, that the genetic etiology
and prevalence of both (PD and HD) and therefore the char-
acteristics of involuntary movements are different in differ-
ent sites in Latin America and the world, so using this
technique is vital at present.53,51,52

Likewise, the sensor network used in the study subjects
is unique, since it has been designed in such a way that the
data obtained in the different X, Y, and Z axes of the differ-
ent limbs provide greater information for the dataset.16

The results of the experiments show significant differ-
ences in the performance of the algorithms used in this
study, highlighting the importance of proper algorithm
selection for different biomedical data classification tasks.

In the first case, the automatic selection model identified
three algorithms: random forest, random subspace, and
K-star. These algorithms exhibited high performance in
terms of precision and Kappa statistic. Specifically,

random forest achieved the highest precision (0.914) and
the highest Kappa value (0.8278) in classifying PD versus
control, indicating excellent ability of the model to distin-
guish between these two classes.

The random subspace method also yielded good
results in classifying between PD and HD, with a preci-
sion of 0.893 and a Kappa statistic of 0.7861. Although
this algorithm showed slightly lower performance com-
pared to Random forest, it still achieved accurate
classification.

Figure 3. Precision and recall graph of Parkinson’s disease (PD)
versus control using random forest.

Figure 4. Precision and recall graph of PD versus HD using random
subspace. PD: Parkinson’s disease; HD: Huntington’s disease.

Figure 5. Precision and recall graph for Huntington’s disease (HD)
versus control using K-star.
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The K-star algorithm, while performing acceptably with
a precision of 0.806 and a Kappa statistic of 0.6111 in clas-
sifying between HD and control, was the least effective
among the three selected by the automatic selection model.

In the second case, the multilayer perceptron was used
for all classification tasks. Although its performance was
inferior compared to the algorithms selected automatically,
the multilayer perceptron still showed reasonable results.
The highest precision was achieved in the classification
between PD and Control (0.835) with a Kappa statistic of
0.6695. However, the confusion matrix reveals a higher
number of misclassifications compared to random forest.

For the classification between PD and HD, the multilayer
perceptron achieved a precision of 0.779 and a Kappa stat-
istic of 0.5583. These results are lower compared to those
obtained with the random subspace method, suggesting
that the multilayer perceptron may not be the most suitable
model for this specific task.

Finally, in the classification between HD and Control,
the multilayer perceptron showed the lowest performance
with a precision of 0.646 and a Kappa statistic of 0.2915.
The confusion matrix indicates more difficulties in distin-
guishing between these two classes, with a significant
number of misclassifications.

The results suggest that automatically selected classifica-
tion algorithms tend to outperform the multilayer perceptron
in terms of precision and capacity to discriminate between
classes. This underscores the importance of using automated
model selection to identify the most suitable algorithms for
specific classification tasks in complex datasets such as bio-
medical data. Additionally, it is noteworthy that for both
approaches analyzed, the best performance was achieved in
the classification between PD and control, indicating a
greater ability to distinguish between these two groups. In con-
trast, the classification between HD and control showed the
poorest performance, highlighting potential additional chal-
lenges in differentiating these specific groups. This pattern
suggests that the evaluated algorithms could be more effective
in detecting subtle differences in closer groups in terms of clin-
ical and pathological characteristics.

It is important to highlight that the analysis conducted in
the Weka software involved a comprehensive search of algo-
rithms, evaluating the dataset one by one from the package of
options offered by the program. This approach differs from
other studies where only specific algorithms or Autoweka
(an algorithm with parameter optimization) are used, which
may provide a more thorough exploration of possibilities.

Conclusions and perspectives
In conclusion, this study highlights the effectiveness of auto-
mated model selection in identifying high-performance algo-
rithms with percentages close to 90% in the classification
identification of PD and HD based on gait biomarkers.
However, limitations of the multilayer perceptron are evident

in certain classification scenarios. These findings underscore
the importance of customizing classification models to opti-
mize performance in specific biomedical applications.

Furthermore, the variability in performance among dif-
ferent algorithms suggests that there is no single optimal
model for all classification tasks.

Something very important is that the database used is
from patients in different stages of the disease, so future
works are expected to be carried out with data in the
early stages of the disease. Therefore, the following
studies are expected to be carried out:

–Developing and evaluating combinations of algorithms and
advanced automatic selection techniques to further improve
the accuracy and robustness of classification systems.
–Employ other types of devices, for example, smart bands,
which have become very accessible to the patient and thus
costs remain low.
–To use the algorithms found with a greater percentage of
efficacy in other neurodegenerative pathologies that also
affect gait, such as ataxias or amyotrophic lateral sclerosis,
in both binary and multifactorial studies.
–To carry out ML studies in datasets of other chronic
degenerative diseases, such as diabetes, obesity, hyperten-
sion, arthritis, asthma, etc., using clinical laboratory tests.
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47. Panov P and Džeroski S. Combining bagging and random
subspaces to create better ensembles. In: International sym-
posium on intelligent data analysis. Springer, 2007,
pp.118–129.

48. Murtagh F. Multilayer perceptrons for classification and
regression. Neurocomputing 1991; 2: 183–197.

49. Delashmit WH, Manry MT et al. Recent developments in
multilayer perceptron neural networks. In: Proceedings of
the seventh annual memphis area engineering and science
conference, MAESC, volume 7, 2005, p.33.

50. Popescu MC, Balas VE, Perescu-Popescu L. Multilayer per-
ceptron and neural networks, et al. WSEAS Trans Circuits
Syst 2009; 8: 579–588.

51. Dorsey ER, Elbaz A, Nichols E, et al. Global, regional, and
national burden of Parkinson’s disease, 1990–2016: a system-
atic analysis for the global burden of disease study 2016.
Lancet Neurol 2018; 17: 939–953.

52. Santos-Lobato BL, Schumacher-Schuh AF and Mata IF. Lack
of full sequencing GBA1 studies for patients with Parkinson’s
disease in Latin America. npj Parkinson’s Disease 2022; 8.
DOI: 10.1038/s41531-022-00358-z.

53. Walker RH, Gatto EM, Bustamante ML, et al. Huntington’s
disease-like disorders in Latin America and the Caribbean.
Parkinsonism Relat Disord 2018; 53: 10–20.

Sánchez-DelaCruz et al. 11

https://www.cs.waikato.ac.nz/ml/weka/
https://www.cs.waikato.ac.nz/ml/weka/
https://doi.org/10.1016/B978-1-55860-377-6.50022-0
https://doi.org/10.1016/B978-1-55860-377-6.50022-0
https://doi.org/10.1016/B978-1-55860-377-6.50022-0
https://www.sciencedirect.com/science/article/pii/B9781558603776500220
https://www.sciencedirect.com/science/article/pii/B9781558603776500220
https://www.sciencedirect.com/science/article/pii/B9781558603776500220
http://dx.doi.org/10.1038/s41531-022-00358-z
http://dx.doi.org/10.1038/s41531-022-00358-z
http://dx.doi.org/10.1038/s41531-022-00358-z
http://dx.doi.org/10.1038/s41531-022-00358-z

	 Introduction
	 Previous works
	 Gait and ML as tools to differentiate neurodegenerative diseases: PD and HD
	 Analysis and opportunity gap

	 Materials and methods
	 Body sensor network
	 Dataset
	 Automatic selection model
	 Algorithms
	 Random forest
	 K-star
	 Random subspace method
	 Multilayer perceptron

	 Metrics

	 Experiments
	 Results
	 Discussion

	 Conclusions and perspectives
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


