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ABSTRACT

Background: Neurodegenerative Diseases (NDDs) refer to disorders, leading to
the gradual degeneration of neurons in the human nervous system and profoundly af-
fecting individuals’ motor and cognitive functions. Early diagnosis and monitoring of
the progression of NDDs are of critical importance.

Objective: The primary aim of this study is to present an automatic diagnostic
method using time-domain analysis of short-term gait signals of two consecutive steps,
for the classification of Parkinson’s Disease (PD), Huntington’s Disease (HD), Amyo-
trophic Lateral Sclerosis (ALS), and a Healthy Control Group (HC).

Material and Methods: This analytical study used datasets from PhysioNet,
including 64 five-minute recordings from 13 individuals with ALS, 15 with Parkin-
son’s, 20 with Huntington’s, and 16 healthy individuals. To reduce noise and enhance
signal quality, a median filter was applied. The preprocessed gait signals were then
systematically segmented into consecutive two-step windows, which were used to
construct the feature vectors. Finally, the constructed feature vectors were used as
inputs for both linear and nonlinear classifiers. The proposed method was evaluated by
calculating the accuracy index.

Results: The quaternary classification of ALS vs. PD vs. HD vs. HC using the bag-
tree classifier achieved an accuracy of 82.8%. Furthermore, for the binary classifica-
tions of HC vs. HD, HC vs. ALS, HC vs. PD and NDD vs. HC, the accuracies were
88.4%, 97.6%, 90% and 89.1%, respectively.

Conclusion: Gait dynamics analysis has a high potential for the rapid diagnosis of
neurodegenerative diseases. Short term analysis in two consecutive stages enables the
use of the Kinect sensor for gait analysis.
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Introduction
eurodegenerative Diseases (NDDs) represent a broad class of
progressive neurological disorders, including Parkinson’s Dis-
ease (PD), Huntington’s Disease (HD), and Amyotrophic Lat-
eral Sclerosis (ALS) [1], characterized by progressive structural and
functional degeneration of neurons, which ultimately lead to neuronal
dysfunction and cell death [2]. Beyond their direct neurological impact,
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NDDs significantly impair individuals’ ability
to perform daily activities and maintain inde-
pendent living [3-6]. Motor dysfunction is one
of the most prominent clinical manifestations
of NDDs. In the early stages of PDs, patients
commonly experience reduced movement
speed, shortened stride length, diminished arm
swing, and increased inter-limb asymmetry.
HD is often associated with involuntary move-
ments (chorea), gait instability, and balance
impairment, while ALS primarily manifests
as progressive muscle weakness, impaired
speech and swallowing, and muscular tremors
[6-9]. Compared with Healthy Control Group
(HC), who demonstrate natural and symmetric
coordination between the lower limbs, patients
with NDDs exhibit disrupted inter-limb coor-
dination and impaired motor synchronization
during gait. These abnormalities indicate that
gait dynamics provide a sensitive and reliable
window into neuromotor dysfunction. Conse-
quently, analysis of lower-limb coordination
and gait time-series dynamics offers a power-
ful and non-invasive approach for detecting
motor impairments associated with neurode-
generative diseases.

Currently, conventional diagnostic methods
for progressive neurological disorders, such as
genetic testing and neuroimaging, are widely
used in clinical practice [4,10]. Although these
approaches provide valuable diagnostic infor-
mation, they are often costly, invasive, time-
consuming, and in some cases insufficiently
sensitive for early-stage diagnosis. As a result,
there has been growing interest in the devel-
opment of rapid, low-cost, and non-invasive
diagnostic tools that are suitable for clinical
and screening environments [11,12]. Among
these approaches, gait analysis has emerged as
a particularly promising modality, as gait sig-
nals can non-invasively capture pathological
motor patterns associated with neurodegen-
erative diseases [13,14].

Motor impairments associated with neuro-
logical disorders are typically progressive and
worsen over time, leading to increasing gait

disturbances, postural instability, and func-
tional disability [3-6]. Early diagnosis of neu-
romotor disorders is therefore essential, not
only for slowing disease progression but also
for optimizing therapeutic interventions and
improving patients’ quality of life [15-18]. In
this context, advanced computational meth-
ods, particularly artificial intelligence—based
techniques, have shown strong potential for
supporting clinical diagnosis, especially when
symptoms are mild, and early-stage clinical
assessment is challenging. These approaches
enable automated pattern recognition in com-
plex gait data and facilitate objective, repro-
ducible classification of disease-related motor
abnormalities.

Recent studies have introduced a wide range
of machine learning—based frameworks for
classifying NDDs using gait signal analysis,
feature extraction techniques, and statistical
learning models. These methods typically rely
on long-duration gait recordings and multi-
stage signal processing pipelines to achieve
robust and reliable classification performance.

Yang et al. [19] normalized the temporal gait
cycle data stance and swing phases of both
legs and extracted features, such as maximum
signal-to-noise ratio and signal-to-noise ratio
with minimum correlation, and maximum pre-
dictive power with minimum correlation. The
selected features, obtained via principal com-
ponent analysis, were then applied to a Support
Vector Machine (SVM) classifier with 10-fold
cross-validation. The results demonstrated
that the two classes (diseased and healthy)
were distinguished with an average accuracy
of 86.85%. Iram et al. [20] examined features,
such as age, gender, height, weight, gait speed,
disease severity, and body mass index for 10
individuals across different groups, including
Parkinson’s, Huntington’s, ALS, and healthy
controls. After applying various classical clas-
sifiers, the best performance was reported
by the Bayesian classifier with an average
accuracy of 65% [20].

Banaie et al. [21] extracted features, such as
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mean, zero-crossing rate, and standard devia-
tion from the step-by-step gait time series of
62 individuals (16 healthy controls, 19 with
Huntington’s Disease, 14 with Parkinson’s
Disease, and 13 with ALS). After classifying
these features using various classical classi-
fiers, the highest accuracy was achieved with
the quadratic Bayesian classifier, yielding an
average accuracy of 86.95%. Sanchez-Dela-
Cruz et al. [22] followed a similar approach.
In their experiment, they first used 13 features
and later repeated the classification process
with a selection of 5 different features. They
employed one-vs-one and one-vs-all classifi-
cation strategies and split the data into two-
thirds for training and one-third for testing.
The results showed that the classification ac-
curacy across different groups ranged between
65% and 96.83%. Rehman et al. [23] extracted
five clinical gait features: step length variabil-
ity, mean step width, mean step length, mean
step speed, and step width variability. Using a
SVM classifier, the classification accuracy for
distinguishing PD from healthy individuals
ranged from 73% to 97%, depending on the
selected features.

Das et al. [24] employed fast Fourier trans-
form and power spectral density methods to
compute the frequency spectrum of the left
step, right step, and left swing phase of in-
dividuals from neurodegenerative disease
groups. The data were divided into ten seg-
ments, and features, such as mean, variance,
skewness, and kurtosis were extracted from
each segment. These features were then fed
into three different classifiers: an artificial neu-
ral network with an accuracy of 90.6%, SVM
with 64% accuracy, and Bayesian classifier
with 44.44% accuracy. Wahid et al. [25] uti-
lized spatiotemporal gait features and machine
learning algorithms to detect gait patterns of
individuals with PD and Healthy Controls. Af-
ter normalizing the data using multiple regres-
sion, subject selection was performed based
on patient attributes, such as age, height, gen-
der, body mass index, and preferred walking

speed. The results showed that the random
forest classifier achieved the highest discrimi-
native power with an accuracy of 92.6%, fol-
lowed by SVM with 80.4% and the Fisher
linear discriminant with 86.2% accuracy for
distinguishing between PD and HC groups.

Ye et al. [26] utilized temporal gait features
in conjunction with an adaptive neuro-fuzzy
inference system optimized by a particle
swarm optimization algorithm to classify pa-
tients with neurodegenerative diseases. The
classification accuracies reported for distin-
guishing NDD vs. HC, ALS vs. HC, PD vs.
HC, and HD vs. HC were 90.63%, 93.10%,
90.22%, and 94.44%, respectively. Elden et
al. [27] employed both linear and nonlinear
features extracted from the time series of the
right foot’s stance phase and the double stance
phase. The nonlinear features included per-
mutation entropy and approximate entropy,
while the linear features included autocovari-
ance and the root mean square as a statistical
feature. The evaluation results using an SVM
classifier yielded accuracies of 90.62% for
NDD vs. HC, 96.43% for ALS vs. PD, 91.90%
for ALS vs. HD, and 94.28% for PD vs. HD.
Prasanna et al. [28] proposed a nonlinear fea-
ture extraction method for classifying healthy
individuals and NDD patients. To calculate
step fluctuations, they utilized logarithmic
energy entropy and extracted statistical fea-
tures, such as minimum, maximum, mean,
and normalized energy. Using an artificial
neural network classifier, the best accuracy of
93.5% was achieved for classifying PD versus
healthy controls.

Monfared and Maleki [1] implemented a
quantitative recursive analysis method on the
time series of swing, step, and stance intervals.
They then extracted the most effective features
using the sequential floating forward search al-
gorithm and performed a four-class classifica-
tion among normal, ALS, HD, and PD groups,
with an accuracy of 87.9%.

Recent studies [ 1, 20-28] have mainly evalu-
ated five-minute (approximately 300 seconds)
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walking recordings. In contrast, the present
study focuses on the analysis of only two
consecutive gait steps, corresponding to ap-
proximately one second of the walking cycle.
Moreover, previous research has primarily
emphasized binary classification tasks, such
as distinguishing a single neurodegenerative
disease from healthy controls. In this study,
both multiple binaries and a four-class classi-
fication framework are investigated.

The aim of this research is to develop an effi-
cient and rapid diagnostic system for detecting
neurodegenerative diseases and identifying
specific disease types using only two con-
secutive steps extracted from short-term gait
time-series signals. This short-time analysis
framework is designed to enable early diag-
nosis, reduce data acquisition time, minimize
patient burden, and support practical clinical
deployment.

Material and Methods

This analytical study aimed at short-term
identification of neurodegenerative diseases
using publicly available gait datasets from
PhysioNet. Figure 1 illustrates a schematic

overview of the workflow, including the da-
tabase, preprocessing, feature vector construc-
tion, and classification. Time-series data of
stride, stance, and swing phases from both legs
during walking of 64 participants from patient
and healthy groups were utilized. By applying
preprocessing procedures on the individuals’
time-series data, more precise information
was extracted. Then, to simplify and focus
on specific and meaningful patterns in the dy-
namic gait cycle signals, only two consecutive
steps from each individual were selected for
analysis. These two steps were then converted
into a feature vector, which served as input
for the classification models to distinguish
patients with NDDs from healthy participants
and differentiate among three specific disease
classes. Various efficient machine learning al-
gorithms were employed, and quantitative ac-
curacy metrics were used to evaluate the mod-
els’ performance. Each step of this workflow
is described in detail in the following sections.
Neuro-Degenerative Diseases
Database

To implement the proposed method, a

Separation of HD
from HC

Separation of ALS
from HC

Time Series Create

Gait Signals Preprocessing Feature to “Train
From Right Data Vector Only data” and
& Left Foot For Two Step “Test data”

Dividing data

Separation of PD
from HC

Classification

Separation of
NDD from HC

Separation of four
classes from each
other

Figure 1: The Flowchart of the proposed method for diagnosing progressive neurodegenerative
diseases. (PD: Parkinson’s Disease, HD: Huntington’s Disease, ALS: Amyotrophic Lateral Sclero-
sis, HC: Healthy Controls, NDD: Neurodegenerative Diseases)
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dataset was utilized to analyze gait dynamics
in neurodegenerative disorders [29]. The data-
set includes information from 64 individuals,
comprising 16 healthy controls (14 females
and 2 males; ages 20 to 74 years), 20 patients
with HD (13 females and 7 males; ages 29 to
71 years), 15 PD patients (5 females and 10
males; ages 44 to 80 years), and 13 patients
with ALS (3 females and 10 males; ages 36
to 70 years). The data were recorded during 5
minutes of walking and include force signals
from the left and right feet along with 12 tem-
poral features extracted from gait cycles [30].
These features consist of the step, swing, and
stance time of both legs, as well as the double
support time (expressed in seconds and as a
percentage of the gait cycle) [31]. In this study,
all the time-series features were employed.

Signal Preprocessing

To reduce the impact of artifacts caused by
movement initiation and termination transi-
tions, the first and last 15 seconds of the data-
set were removed in accordance with previous
methods by Hausdorff et al. [32,33]. The ne-
cessity of this removal stems from instability
or the lack of consistency during the initial and
final time intervals of movement. Subsequent-
ly, to enhance signal quality and eliminate
abnormal fluctuations or outliers, a median
filter was applied, designed to remove values
that were greater or smaller than three times
the standard deviation from the mean of the
data [34,35]. The use of this filter effectively
eliminated signals resulting from sudden and
irregular movements, leaving only the genu-
ine changes in individuals’ movement status.
This process was particularly capable of iden-
tifying abrupt changes in movement patterns,
which significantly contributed to more accu-
rate simulation and analysis of patients with
motor disorders.

Feature Vector Creation
To facilitate analysis and reduce computa-
tional complexity, instead of using the entire

300-second walking samples, which may in-
volve complex and time-consuming analysis,
only two consecutive steps, equivalent to ap-
proximately one second of the natural walk-
ing cycle, were considered. To maximize the
optimal utilization of the available time-series
data, the entire pre-processed gait signal was
systematically segmented into consecutive
and non-overlapping two-step windows. This
segmentation process yielded multiple short-
term samples (each approximately one sec-
ond in duration) from the gait dynamics of
every subject (or participant). Consequently,
the total dataset employed for classification
comprised 7,580 two-step samples. The dis-
tribution of these samples across the classes
is as follows: 1,844 samples from PD, 2,423
from HD, 1,275 from ALS, and 2,038 from
HC. This short-time selection was particularly
made because two consecutive steps can rep-
resent critical motor changes in the walking
process while avoiding redundant and exces-
sive information. Therefore, the extracted fea-
ture vector includes temporal information re-
lated to the individuals’ gait cycle within this
short one-second interval. By limiting the data
to two steps, more precise and faster analyses
can be performed. The extracted short-time
time-series features were then prepared as in-
put for various classification algorithms.

Classification

A four-class classification framework was
implemented to differentiate healthy controls
from patients with PD, HD, and ALS using
multiple classifiers. To perform this classifi-
cation task, a diverse set of linear, nonlinear,
and ensemble classifiers was applied to evalu-
ate their performance in accurately classifying
these groups. Linear Discriminant Analysis
(LDA) was used as a linear classifier due to
its simple structure and high interpretability,
making it suitable for classification problems
with linearly separable boundaries. Among
nonlinear classifiers, logistic regression, ker-
nel-based naive Bayes, SVM with Gaussian
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kernels, SVM with nonlinear kernels, weight-
ed k-nearest neighbors, decision trees, and
multilayer perceptron neural networks were
utilized. These classifiers are more effective
in handling complex and nonlinear data by
modeling intricate decision boundaries. Ad-
ditionally, an ensemble classifier based on
bagging trees was applied, which combines
multiple base models to reduce variance and
increase stability, thereby providing improved
performance.

In this study, the Bagged Trees ensemble
model consisted of 100 CART decision trees
as base learners, using the Gini index as the
splitting criterion. Bootstrap sampling with
replacement was enabled, the minimum leaf
size was set to one, no maximum tree depth
was imposed, and majority voting was used
as the aggregation method. Out-of-bag pre-
diction was disabled, and no hyperparameter
optimization was applied. Besides evaluat-
ing the classifiers’ performance in four-class
classification, four binary classification sce-
narios were also tested to assess the accuracy
of distinguishing specific groups. These sce-
narios included ALS vs. HC, PD vs. HC, HD
vs. HC, NDD vs. HC, as well as the four-class
classification among ALS, PD, HD, and HC.

Cross Validation

To evaluate the performance of classifiers,
a 4-fold cross-validation technique was em-
ployed. To prevent the significant risk of data
leakage and ensure the external validity (gen-
eralization ability) of our findings, the cross-
validation procedure was strictly implemented
using a subject-wise split. This methodological
requirement dictates that all two-step samples
extracted from a single subject were treated as
an indivisible unit and assigned exclusively
to either the training or the test set within any
given fold. This rigorous, subject-level divi-
sion guarantees that the model’s performance
is assessed only on data from entirely unseen
individuals, thereby providing an unbiased
and robust measure of classification accuracy.

In this method, the dataset is divided into four
equal parts, and the model is consecutively
trained four times; in each iteration, one part
is used as the test data while the remaining
parts serve as the training data. This process
ensures that each sample appears at least once
in the test data, resulting in a more accurate
assessment of the model’s performance. After
completing all iterations, the average of the
results from the four folds is reported as the
final performance metric of the model. Cross-
validation prevents overfitting and ensures the
model’s generalizability to new data, thereby
enabling a more precise evaluation of the clas-
sifiers.

Quantitative Evaluation Metric

To evaluate model performance, classifica-
tion accuracy was used as the evaluation met-
ric. Accuracy was defined as the ratio of cor-
rectly classified samples to the total number of
samples, and was also computed from the con-
fusion matrix using True Positive (TP), True
Negative (TN), False Positive (FP), and False
Negative (FN), as shown in Equation (1).

TP +TN

Accuracy = (1)
TP +TN + FP +FN

Results

The use of a short time window consisting
of two consecutive steps enables early detec-
tion of patients with progressive neurological
disorders. Table 1 shows the classification ac-
curacy for two-class and four-class classifi-
ers. The lowest accuracy belongs to the linear
LDA classifier, as LDA is a linear method and
cannot effectively capture nonlinear relation-
ships between features and classes. In con-
trast, the highest accuracy was achieved by
the Ensemble classifier. This model’s supe-
rior performance is attributed to its ability to
model complex nonlinear relationships, create
wider decision margins between classes, resist
noisy data, and offer high flexibility in kernel
selection and parameter tuning. The results
showed that the Ensemble classifier, with an
accuracy of 82.8%, significantly outperformed
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other models in simulating the proposed meth- the multilayer perceptron neural network also
od. Additionally, this model demonstrated exhibited reasonable performance, though
high accuracy in discriminating ALS vs. HC with lower accuracy.

(97.6%), NDD vs. HC (89.1%), PD vs. HC Table 2 compares the results of the proposed
(90%), and HD vs. HC (88.4%). Moreover, method using a combined classifier with

Table 1: Performance of Different Classical Classifications for Diagnosing Progressive Neurode-
generative Diseases.

L ALS vs PD vs HD
Classification PDvs HC HDvs HC ALS vs HC NDD vs HC

vs HC

Linear Discriminant 74 63.9 93 80 45
Logistic Regression Kernel 75 74 78 79 58.6
Kernel Naive Bayes 81.9 74.9 894 79 61
Fine Gaussian SVM 91.6 89 96.2 86 72.3
Weighted KNN 90.1 85.1 97.5 86 71.9
Fine Tree 86 83 93 85 63.9
Neural Network 88 86.1 97 88 80
SVM Kernel 77.1 76 80.2 81.7 75
Multi Layer Perceptron 84.9 76.3 95.9 88 79
Ensemble

90 88.4 97.6 89.1 82.8

(Bagged Trees)

PD: Parkinson’s Disease, HC: Healthy Controls, HD: Huntington’s Disease, ALS: Amyotrophic Lateral Sclerosis, NDD:
Neurodegenerative Diseases, SVM: Support Vector Machine, KNN: K-Nearest Neighbors

Table 2: Comparing the performance of the proposed method with recent articles.

Author Elapsed Time ) /s HC HDvs HC ALSvsHC NDD vs HC
(seconds)
Monfared Jahromi et al. [1] 300 93.10 92 96.20 91.70
Yang et al. [19] 300 86.43 84.17 93.96 86.85
Iram et al. [20] 300 - - - 65
Banaei et al. [21] 300 80 71.42 100 86.95
Sanchez-DelaCruz et al. [22] 300 76 71 84 81
Das et al. [24] 300 - - - 90.6
Wahid et al. [25] 300 92.6 - - -
Ye et al. [26] 300 90.22 94.44 93.10 90.63
Elden et al. [27] 300 - - - 90.62
Prasanna et al. [28] 300 93.5 - - -
Proposed work =1 20 88.4 97.6 89.1

PD: Parkinson’s Disease, HC: Healthy Controls, HD: Huntington’s Disease, ALS: Amyotrophic Lateral Sclerosis, NDD:
Neurodegenerative Diseases
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previous studies. Recent articles on neurode-
generative disease classification have typi-
cally used 300 seconds of gait data, which is
considered a long-time window for walking
data collection. In contrast, this study analyz-
es only two consecutive steps approximately
one second of individual movement as input.
This novel approach is introduced as a short-
time diagnostic solution for simulating motor
disorders. Compared to previous studies [19,
22, 26] that primarily focused on classifying
NDD groups versus HC, the findings indicate
no significant decrease in classification ac-
curacy despite using short-time signals. Spe-
cifically, the accuracy of distinguishing ALS
from HC is significantly higher than those
of these studies. Furthermore, the proposed
method shows improvements in classifying
HD vs. HC and PD vs. HC compared to stud-
ies [19-22]. Unlike previous studies that used
long-term recordings (e.g., 300 seconds), this
study showed that short-term (one second)
recordings of the gait cycle (two consecu-
tive steps) allow for faster and more accurate
classification of neurodegenerative diseases.

Discussion

This study demonstrates that diagnostically
relevant information for neurodegenerative
disease classification can be reliably extracted
from extremely short gait segments consist-
ing of only two consecutive steps (=1 s). Ex-
perimental results confirm that short-term gait
dynamics contain sufficient discriminative
information to support both binary and mul-
ticlass classification tasks. Among the evalu-
ated models, the ensemble classifier (bagged
trees) achieved the best overall performance,
highlighting the effectiveness of nonlinear
ensemble learning for capturing the complex,
nonstationary characteristics of pathological
gait patterns.

Linear classifiers, such as LDA, showed
weaker performance, indicating that lin-
ear decision boundaries are insufficient
to model the high-dimensional inter-limb

coordination, temporal variability, and non-
linear motor control alterations associated
with neurodegenerative diseases. In contrast,
ensemble methods integrate multiple nonlin-
ear decision structures, providing more robust
modeling of complex gait patterns and im-
proved generalization across disease classes.

The main contribution of this study is the
achievement of classification performance
comparable to long-term protocols using
very short-term recordings. Previous studies
[1,19-28] typically relied on 5-minute walk-
ing sessions (=300 s) to extract discriminative
features. Our findings show that essential dis-
ease-related motor signatures are embedded
in fine-scale temporal dynamics, which can
be captured in very short time windows. This
indicates that pathological neuromotor altera-
tions manifest as micro-scale temporal irregu-
larities, coordination deficits, and nonlinear
variability patterns detectable in short-term
gait segments.

A quantitative comparison with recent stud-
ies further highlights the effectiveness of the
proposed short-time framework. Overall, the
classification performance of this study is
comparable to or better than most state-of-the-
art studies while using short-term (about one
second) data from gait recordings rather than
the long-term (about 300 seconds) record-
ings used in previous studies. For ALS vs. HC
classification, our proposed method achieved
higher accuracy than most previous studies.
The only exception is the study by Banaei et
al. [21], which reported an accuracy of ap-
proximately 2.4% higher than our method.
Although Sanchez-DelaCruz et al. [22] shows
an improvement of approximately 13.6% in
ALS vs. HC classification accuracy using our
framework. For PD vs. HC and HD vs. HC
classification, the results are competitive with
those reported in studies [19-22], showing
either higher performance or only marginal
differences. In studies such as [24] and [27],
the performance differences for NDD vs HC
remain within a narrow margin of less than

VIII \
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0.6%, and in study [25], PD vs HC remains
within 2.6%, indicating comparable discrimi-
native capability. These findings are particu-
larly noteworthy given the drastic reduction
in data length, confirming that short-time gait
dynamics preserve sufficient pathological
information for reliable diagnosis and classifi-
cation of neurodegenerative motor disorders.

From a clinical perspective, the short-time
analysis paradigm offers several advantages.
Reduced data acquisition time minimizes
patient burden and fatigue, especially for
those with severe motor impairments or lim-
ited walking endurance. It also enables rapid
screening and assessment protocols, increas-
ing feasibility in real-world clinical environ-
ments. Furthermore, the framework can be
integrated with low-cost, non-invasive sens-
ing technologies, facilitating scalable and
accessible deployment.

Despite these promising results, several
limitations should be noted. The study used
a relatively small public dataset with limited
participant diversity, which may affect gen-
eralizability. Class imbalance at both partici-
pant and sample levels may introduce bias.
Additionally, the lack of disease-stage infor-
mation limits evaluation across progression
stages. Finally, data were collected under con-
trolled laboratory conditions with force sen-
sors, leaving uncertainty about applicability in
real-world settings. Validation using wearable
sensors, smartphones, inertial measurement
units or marker-free motion capture systems
(e.g., Microsoft Kinect) is needed to confirm
robustness and generalizability.

Conclusion

This study presents a short-time gait analy-
sis framework for the classification of neu-
rodegenerative diseases based on only two
consecutive steps. By leveraging time-domain
gait dynamics and classical machine learning
models, the approach achieves high diagnostic
performance across both binary and multiclass
classification tasks. The ensemble (bagged

trees) classifier consistently demonstrates the
strongest performance, confirming the im-
portance of nonlinear and ensemble learning
strategies for modeling complex pathological
gait patterns.

Unlike conventional methods requiring
long-duration gait recordings, the proposed
framework demonstrates that reliable diag-
nostic information can be extracted from ultra-
short gait segments. This substantially reduces
data acquisition time, minimizes patient bur-
den, and enables rapid, non-invasive clinical
assessment. The findings establish short-term
gait dynamics as a robust biomarker for early
detection and classification of neurodegenera-
tive diseases. Overall, the two-step gait analy-
sis framework offers a practical, efficient, and
clinically applicable solution for rapid neuro-
degenerative disease screening, with strong
potential for integration into real-world diag-
nostic workflows and clinical decision-support
systems.
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