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ABSTRACT Early and objective diagnosis of autism spectrum disorders (ASD) remains a pressing issue
in modern medical and cognitive informatics, where motor behavior analysis is considered a promising
source of digital biomarkers. In particular, kinematic gait characteristics obtained with contactless sensors
enable the identification of subtle motor impairments that may not be apparent on visual assessment. In this
paper, we propose a hybrid multi-branch deep learning model, HMB-TSC, for the automatic classification
of children with ASD based on spatiotemporal gait data extracted from the Kinect v2 camera. An open
dataset containing gait recordings of children with ASD and typically developing (TD) peers was used
for the experiments. Data preprocessing included outlier filtering, feature normalization, feature expansion,
and time-series segmentation using a sliding-window method. The HMB-TSC architecture combines three
complementary branches: a Transformer for modeling global temporal dependencies, a CNN-BiLSTM
for extracting local spatiotemporal patterns, and a CNN-BiGRU for efficient sequential analysis. The
performance evaluation was conducted using the holdout, 5-fold, and 5 × 3 nested validation protocols.
In a reproducible released run, HMB-TSC achieved Accuracy = 0.850, AUROC = 0.948, and F1 = 0.880 in
holdout validation. Under 5-fold and 5 × 3 nested cross-validation, the model achieved Accuracy = 0.850
± 0.035, AUROC = 0.940 ± 0.029, and F1 = 0.845 ± 0.036. Compared with the baseline CNN, LSTM,
and Transformer models, the proposed model demonstrated strong and stable overall performance across
validation protocols, especially in terms of AUROC and balanced F1-score.

INDEX TERMS Autism spectrum disorder, gait analysis, hybrid deep learning, kinematic features, multi-
branch architecture, screening, spatiotemporal data.

I. INTRODUCTION
Autism spectrum disorders (ASD) are common neurode-
velopmental disorders characterized not only by deficits

The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.

in social communication but also by persistent motor and
sensorimotor abnormalities that often manifest early in
development. Despite advances in clinical practice, early
and objective identification of ASD remains a global
scientific and medical challenge, as standard diagnostic pro-
tocols, based primarily on clinical observations and parent
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questionnaires, are subjective, labor-intensive, and have lim-
ited scalability [1]. These limitations have spurred growing
interest in computational biomarkers derived from behavioral
signals, such as eye movements, facial expressions, posture,
and body kinematics, which enable inexpensive, noninvasive,
and scalable screening methods, particularly in children with
limited verbal communication [2], [3]. Recent reviews fur-
ther emphasize the clinical relevance of objective behavioral
biomarkers for early ASD screening [9] while also high-
lighting the limitations of subjective diagnostic procedures
and the growing role of computational motor biomarkers in
neurodevelopmental disorders [24].
Among digital phenotyping approaches, particular atten-

tion in recent years has been paid to the analysis of gait kine-
matics, represented as three-dimensional joint trajectories.
Neurobiological and biomechanical studies show that chil-
dren with ASD exhibit characteristic gait disturbances,
including reduced stride length, decreased symmetry,
increased coordination variability, and atypical interarticular
synchronization [4], [5], [6]. The use of modern non-contact
sensor technologies, such as depth cameras and RGB-based
pose estimation algorithms, enables the recording of multidi-
mensional gait parameters in a marker-free and noninvasive
manner, expanding the scope of motion analysis beyond
specialized laboratories [7]. Despite growing interest in this
area, a unified approach to computational gait analysis in
ASD is lacking in the literature. Methods based on manually
constructed spatiotemporal features are often insufficient to
describe the nonlinear and multiscale structure of human
movement [8]. Deep learning architectures, including con-
volutional neural networks, recurrent models (LSTM, GRU),
graph networks, 3D-CNN, and Transformer approaches,
demonstrate improved classification performance but yield
inconsistent results regarding the most informative tem-
poral representations [9], [10]. Furthermore, it has been
shown that model quality depends significantly on data
collection conditions, preprocessing steps, and validation
protocols, which negatively affect reproducibility and limit
the clinical applicability of existing solutions [7], [11].
Recent methodological reviews in biomedical informatics
further emphasize that reproducibility, robustness, explain-
ability, and standardized validation protocols remain critical
challenges for the clinical translation of AI-driven ASD
diagnostic systems [34]. Most existing models focus either
on local temporal patterns extracted by convolutional filters
or on global temporal dependencies modeled by attention
mechanisms. Recurrent networks are capable of capturing
sequential dynamics but struggle with high-dimensional,
multi-joint trajectories. Graph models, in turn, are sensi-
tive to the given skeletal topology and generalize poorly
to changes in sensor configuration or recording condi-
tions [12], [13], [14], [15], [16], [17], [18], [19]. Modern
hybrid architectures demonstrate improved performance,
while existing approaches typically fail to integrate global
temporal relationships, local spatiotemporal representations,

and directed sequential dependencies within a single frame-
work [20], [21], [22], [23], [24], [25]. Recent advances in
deep learning have further demonstrated the effectiveness
of data-driven approaches for analyzing complex behavioral
and neurological patterns in various neurodevelopmental and
neurodegenerative disorders. In the case of ASD, recent
studies have explored multimodal deep learning frameworks
capable of capturing subtle behavioral and motor abnormal-
ities from high-dimensional data [26]. Similarly, explainable
artificial intelligence (XAI) methods have been successfully
applied to Parkinson’s disease detection, providing not only
accurate classification but also clinically interpretable data on
movement-related biomarkers [27]. In the field of emotional
and behavioral analysis, LSTM-based architectures have
demonstrated a high ability to model temporal dependen-
cies in affective signals, enabling improved recognition of
emotional states and behavioral patterns [28]. Furthermore,
GRU-based models have shown promising results in the
analysis of neurodegenerative conditions such as Alzheimer’s
disease, effectively capturing the temporal progression of
cognitive and physiological signals [29]. Taken together,
these studies highlight the growing importance of hybrid
and sequence-based deep learning architectures for modeling
complex temporal dynamics in biomedical and behavioral
data, further stimulating the development of the proposed
multi-component framework for the detection of ASD.

In this paper, we propose a hybrid multi-branch time
series classifier, HMB-TSC, which combines three com-
plementary modeling paradigms: Transformer for capturing
global temporal dependencies, CNN-BiLSTM for encoding
local spatiotemporal patterns, and CNN–BiGRU for directed
sequential analysis. The goal of this study is to develop
and experimentally evaluate an architecture that provides
a multi-scale representation of gait kinematics in children
with ASD and typical development. To achieve this goal,
we address the challenges of generating a cleaned and
segmented gait dataset, developing a hybrid architecture,
conducting rigorous quality assessment using holdout sam-
pling, k-fold cross-validation, and nested cross-validation,
and analyzing the contributions of individual model branches.
The scientific novelty of this work lies in integrating Trans-
former, CNN-BiLSTM, and CNN-BiGRU branches within
a unified framework for gait-based ASD classification. The
proposed architecture captures complementary temporal and
spatiotemporal patterns and was evaluated using holdout,
k-fold, and nested cross-validation protocols. This design
provides a robust multi-scale representation of gait dynamics
for automated ASD screening.

II. METHODS
A. DATA PREPARATION
To address ambiguities related to sample expansion and
potential data leakage, the Datasets and Preprocessing
section was clarified as follows. This study used the open
dataset ‘‘Three Dimensional Dataset Combining Gait and
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Full Body Movement of Children with Autism Spectrum
Disorders Collected by Kinect v2 Camera’’ [15], which
includes raw gait recordings from 100 children: 50 children
with ASD and 50 TD children (https://datadryad.org/
dataset/doi:10.5061/dryad.s7h44j150).

To improve the robustness of the proposed framework
to variability in gait patterns, time-series augmentation was
applied based on the protocol described by Al-Jubouri, Ali,
and Rajihy [15]. Augmentation was performed only after
subject-level splitting of the dataset. Synthetic variants were
generated exclusively for the training subsets within each
evaluation split, while validation and test samples remained
completely unaugmented. This strategy prevented data leak-
age and eliminated the possibility of participant-derived vari-
ants appearing simultaneously in both training and evaluation
subsets. The implemented augmentation pipeline included
seven transformations: coordinate scaling, temporal warping
using B-spline interpolation, Gaussian noise injection, hor-
izontal mirroring, random rotation, sequential scaling with
noise injection, and sequential temporal warping with noise
injection. All reported evaluation metrics were computed
exclusively on original non-augmented recordings.

Crucially, augmentation was not used as a preliminary step
before the overall dataset partitioning. In all experiments,
partitioning by child identifier was performed first, and
then augmentation was applied only to the training dataset.
Accordingly, synthetic instances were never generated for
test observations and were not included in the evaluation set.
This processing procedure was identical for both the hold-
out evaluation and the 5-fold and nested cross-validations.
For cross-validation, group-wise 5-fold cross-validation was
used, with the participant identifier serving as the grouping
feature. This means that all records for the same child, includ-
ing all augmented variants derived from them, could only be
found in one subset of the current split. In other words, if a
specific participant’s original trajectory fell into the test fold,
then none of its augmented versions could end up in the train
fold, and vice versa. Formally, for each split, the condition of
no intersection between participant identifiers in the training
and test sets is enforced (1):

| IDtrain ∩ IDtest |= 0 (1)

where ID_train and ID_test denote the sets of participant
identifiers in the training and test subsets, respectively.
This protocol ensured complete separation between partici-
pants across all evaluation splits and prevented data leakage.
Augmentation was applied exclusively to the training data,
whereas all validation and test metrics were calculated using
only original recordings. Consequently, the reported perfor-
mance reflects the model’s ability to generalize to previously
unseen participants.

The Kinect v2 sensor was selected due to its low cost,
portability, and marker-free acquisition capabilities, making
it suitable for practical ASD screening scenarios. Previous
studies report average joint localization errors of approx-
imately 13–15 mm compared with Vicon systems, which

were further mitigated in this study through normaliza-
tion, temporal smoothing, relative kinematic features, and
augmentation-based regularization.

To improve the diversity of the training data, seven
augmentation strategies were applied, including magnitude
scaling, time warping, jittering, horizontal mirroring, random
rotation, and two composite transformations. Augmentation
was performed exclusively on the training subsets after
subject-level partitioning, while validation and test samples
remained unaugmented. The augmentation methods and cor-
responding hyperparameters are summarized in Table 1.

TABLE 1. Summary of data augmentation methods and parameter
settings for gait time-series data.

A summary of demographic and trajectory-related charac-
teristics is reported in Table 2.

TABLE 2. Demographic and gait-related characteristics of the study
cohort.

For subsequent processing and model development, only
the XLSX-format files were used. Each file contains a
time-series representation of two-dimensional joint coordi-
nates recorded during a single walking sequence. The data are
organized in tabular form, where rows correspond to consec-
utive temporal frames and columns represent joint-specific
coordinate values.

As summarized in Table 3, a single XLSX file corresponds
to one complete gait cycle and consists of 37 frames acquired
at a uniform temporal resolution of 33 ms, which is con-
sistent with the standard acquisition rate of the Kinect v2
sensor. Temporal alignment is ensured through the Time_ms
column, which provides an explicit timestamp for each
frame and allows precise synchronization of the time series.
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The total dimensionality of a single sample comprises 51 fea-
tures, including the temporal index and 25 pairs of (X, Y)
coordinates associated with anatomically meaningful joints
spanning the upper limbs, lower limbs, trunk, and head.
To reduce noise and avoid redundancy, only the planar (X, Y)
components of the joint trajectories were used. Due to the
lateral position of the Kinect v2 sensor, the Z-axis primar-
ily reflects forward motion and is highly correlated with
temporal progression rather than intra-cycle gait dynamics.
Furthermore, depth measurements exhibit higher error
(≈2-5 mm RMS), which can reduce the signal-to-noise ratio.
Previous studies show that key gait characteristics relevant
for ASD classification are effectively captured by planar
components, while our preliminary experiments showed that
including the Z-coordinate yields only minor and statistically
insignificant improvements. Therefore, restricting the repre-
sentation to (X, Y) improves robustness and computational
efficiency without sacrificing discriminatory performance.
Therefore, each file represents a separate instance of a
two-dimensional kinematic gait trajectory, forming the basis
for subsequent feature extraction and model training.

TABLE 3. Structure of a single gait-cycle file.

As a preprocessing step, a data cleaning procedure was
applied to eliminate artifacts caused by tracking losses and
inaccurate joint localization. For each temporal frame, the
physiological plausibility of joint coordinates was exam-
ined, and values falling outside realistic anatomical ranges
were treated as sensor-induced errors and excluded from
further analysis. Outlier filtering was performed at the frame
level. For each feature, outliers were identified using Tukey’s
interquartile range (IQR) test. Specifically, values outside the
interval [Q1 - 1.5 IQR, Q3 + 1.5 IQR] were considered
anomalous. If even one joint coordinate in a given frame

violated this condition, the entire frame was considered a
tracking artifact and removed. This criterion was chosen due
to its robustness to non-Gaussian distributions and suitability
for biomechanical data acquired with the Kinect. This conser-
vative filtering strategy resulted in the removal of less than
2% of the total observations, while preserving the original
statistical and demographic characteristics of the dataset and
maintaining the overall structure of informative features. The
effectiveness of the cleaning procedure was quantitatively
evaluated using mutual information (MI) between individual
features and the binary class label. The ten most informative
variables before and after filtering are reported in Table 4. The
results show only negligible changes in MI values (1MI ≤

0.005), indicating that the filtering procedure preserved the
relative importance of the most informative gait features.
Notably, vertical coordinates of the upper torso and shoul-
der region remained the strongest contributors to ASD-TD
discrimination, with ShoulderRight_y retaining the highest
relevance (MI ≈ 0.38).

TABLE 4. Top-10 features by mutual information with the class label
before and after outlier filtering.

To further assess the impact of filtering on the global
dataset structure, descriptive statistics were compared before
and after outlier removal. As summarized in Table 5, the
filtering procedure removed only 55 records (1.84% of the
dataset) while preserving statistically significant differences
in age and trajectory length between the ASD and TD groups.
These findings indicate that the preprocessing step improved
data quality without substantially altering the overall dataset
structure.

TABLE 5. Summary comparison of the dataset before and after outlier
filtering.
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After outlier removal, joint coordinates were normalized
to reduce inter-individual variability caused by differences in
body size and recording conditions. Additional statistical and
kinematic descriptors were computed, and Euclidean norms
were used to obtain a compact representation of gait dynam-
ics. Each gait trajectory was temporally normalized to a fixed
length of 256 time steps, resulting in a standardized sequence
of size 256 × 25. Since each XLSX file represented a com-
plete gait cycle, a single non-overlapping sliding window
(w = 256, s = 256) was applied to each recording. Data aug-
mentation was performed exclusively on the training subsets,
whereas all validation and test metrics were calculated using
only original recordings. The resulting dataset provided a
homogeneous and reproducible set of time-series samples for
training and evaluating the baseline and proposed HMB-TSC
models. To prevent data leakage, all data partitioning was
performed at the subject level. Augmented samples derived
from the same participant were assigned exclusively to a
single fold, ensuring complete separation between training
and test data. Data augmentation was applied only to the
training subsets, while validation and test samples remained
unchanged. Consequently, the reported performance reflects
the model’s ability to generalize to previously unseen partici-
pants. The gender distribution of participants before filtering
is shown in Figure 1.

FIGURE 1. Gender distribution of participants before outlier filtering.

The group of individuals with ASD exhibits a significant
male predominance, while the gender balance remains
roughly balanced in the TD group. This pattern persists after
pre-processing, confirming the absence of demographic bias
caused by the filtering procedure. The gender distribution
after applying the outlier filtering procedure is presented in
Figure 2.

Removing a small number of records (1.84%) does not
affect the overall composition of the classes: the ASD group
remains predominantly male, while the typically developing
group maintains a roughly balanced structure, indicating the
absence of demographic bias in the filtering process.The age
distribution before and after preprocessing is presented in
Figures 3 and 4.

The ASD cohort is generally concentrated in middle child-
hood, while the typically developing group exhibits a bias

FIGURE 2. Gender distribution of participants after outlier filtering.

FIGURE 3. Age distribution of participants before outlier filtering.

FIGURE 4. Age distribution of participants after outlier filtering.

toward younger ages. Importantly, the overall distribution
patterns remain stable after filtering, confirming that the
preprocessing step preserves the age characteristics of the
dataset.

Figures 5 and 6 present a comparison of age distributions
as boxplots. The ASD group exhibits a higher median age,
while both groups exhibit moderate dispersion and partial
overlap. Importantly, the distribution characteristics remain
stable after outlier removal, indicating that preprocessing
eliminates extreme values without altering the underlying
demographic structure.

Since the age and gender distributions are already visu-
alized in Figures 1-6, detailed text descriptions have been
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FIGURE 5. Age outlier distribution by group before outlier filtering.

FIGURE 6. Age outlier distribution by group after outlier filtering.

intentionally kept to a minimum. Overall, the demographic
structure remains unchanged after preprocessing: the ASD
group exhibits a higher proportion of male participants,
while the typically developing group remains approximately
balanced. These characteristics should be considered as con-
textual factors when interpreting model performance and
assessing its generalizability.

B. FEATURE ENGINEERING AND TIME-SERIES
CONSTRUCTION
An informative feature space was constructed, and temporal
sequences were organized based on the cleaned and normal-
ized joint coordinates obtained in the previous preprocessing
step. The objective of this stage is to transform raw kinematic
measurements into a compact, structured representation that
preserves the spatial and temporal characteristics of gait
dynamics while remaining suitable for deep learning-based
sequence modeling. The complete feature extraction and
time-series construction pipeline is illustrated in Figure 7,
which summarizes the sequence of transformations applied
to the original joint coordinate data and their conversion into
fixed-length time-series inputs used for model training.

1) STRUCTURE OF THE INPUT GAIT DATASET
Let the original gait dataset be defined as shown in (2)

D = {(xi, yi)}Ni=1 (2)

FIGURE 7. Algorithmic pipeline for feature extraction and time-series
construction from joint coordinate data.

where xi ∈ RT×J×2 denotes the raw joint-coordinate
sequence of the i-th gait trial, T is the number of time steps,
J = 25 is the number of tracked body joints, and each
joint is represented by two planar coordinates (x, y). The
corresponding class label yi is defined as a binary variable
according to (3):

y ∈ {0, 1} (3)

where class 1 corresponds to children with ASD and class
0 denotes TD subjects.

2) EUCLIDEAN MAGNITUDE TRANSFORMATION
To reduce the dimensionality of the coordinate representa-
tion while preserving essential spatial information, each joint
coordinate pair is transformed into a scalar magnitude using
the Euclidean distance from the origin. This operation is
defined as shown in (4):

r (i)
t,j =

√(
x(i)
t,j

)2
+

(
y(i)t,j

)2
(4)

where r (i)
t,j is the scalar amplitude of the position of the j-th

joint at time t.Next, a logarithmic transformation is applied to
stabilize the variance.

(
x(i)
t,j | y(i)t,j

)
- pairs of plane coordinates

for each joint j = 1, . . . , J .

3) LOGARITHMIC TRANSFORMATION
To mitigate the influence of extreme values and stabilize
variance across joints with different motion amplitudes, a log-
arithmic transformation is applied to the Euclidean norms.
The transformed feature is computed as defined in (5):

r̃ (i)
t,j = log(1 + r (i)

t,j ) (5)
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where the additive constant ensures numerical stability and
avoids undefined values. This transformation compresses
large magnitudes and improves the robustness of the subse-
quent normalization step.

4) FEATURE STANDARDIZATION
To ensure that all features contribute equally during model
training, Z-score normalization is applied to each transformed
joint feature. The standardized feature is computed according
to (6):

z(i)t,j =
r̃ (i)
t,j − µtrain

j

σ trainj

(6)

where µtrain
j and σ trainj denote the mean and standard devi-

ation of feature j, estimated exclusively from the training
subset. This step aligns all features to a common scale and
prevents dominance of joints with larger numerical ranges.

5) SLIDING WINDOW SEQUENCE CONSTRUCTION
The standardized joint sequences were segmented into fixed-
length temporal windows using a sliding window approach.
Each generated sequence is represented as shown (7):

X (k)
∈ RL×J (7)

where L denotes thewindow length and J the number of joint-
based features. A stride parameter S is used to control overlap
between adjacent windows. Each window inherits a binary
class label (8):

y(k) = yi (8)

This segmentation strategy preserves temporal continuity and
enables the learning of both local motion patterns and longer-
range dependencies.

6) FINAL TRAINING AND VALIDATION STRUCTURES
The resulting dataset is partitioned into training and valida-
tion subsets as follows (9):

Dtrain =

{
(X (k), y(k))

}Ntrain
k=1

},Dval =

{
(X (k), y(k))

}Nval
k=1

} (9)

These structured representations serve as direct inputs to the
baseline and hybrid deep learning architectures described
in the following section. The proposed feature engineering
and temporal structuring pipeline ensures data consistency,
robustness to sensor artifacts, and effective preservation of
discriminative spatiotemporal gait patterns relevant to ASD
classification.

To quantify the effect of preprocessing on feature distribu-
tions, a comparative statistical analysis was performed on the
joint-coordinate variables before and after filtering and trans-
formation. The analysis focused on features exhibiting the
most pronounced distributional changes, enabling an objec-
tive assessment of noise suppression while verifying that
physiologically meaningful motion patterns were preserved.
Table 6 presents the standard deviation (Std), maximum val-
ues (Max), and coefficient of variation (CV) for the selected

joint features, where (B) and (A) denote the values before
and after filtering, respectively. These metrics provide addi-
tional information about the dispersion, behavior of extreme
values, and relative variability. The results demonstrate a
significant reduction in variability for all features. For exam-
ple, the standard deviation of Head_x and Neck_x decreases
from approximately 1580 to 70, while CV values decrease
by more than an order of magnitude (e.g., from 1.884 to
0.100 for AnkleLeft_x), indicating significantly improved
data stability. Furthermore, maximum values are reduced
from unrealistically high values (exceeding 25,000 units)
to physiologically plausible ranges of approximately 1,000
units, confirming the effective removal of sensor-induced
artifacts.

TABLE 6. Statistical characteristics of joint-coordinate features affected
by outlier filtering.

The most pronounced changes are observed in the fea-
tures describing the spatial position of the head and limbs,
confirming the physiologically based nature of the filtering
procedure. A significant reduction in the standard deviation
and coefficient of variation indicates effective noise suppres-
sion and improved data homogeneity. These results confirm
the validity of the adopted data cleaning strategy and justify
the use of filtered features for subsequent deep learning-based
modeling.

C. BASELINE DEEP LEARNING MODELS FOR GAIT
TIME-SERIES CLASSIFICATION
To provide a consistent benchmark for the proposed
HMB-TSC architecture, three representative deep learning
baselines were implemented: LSTM, 1D-CNN, and Trans-
former. These models represent recurrent, convolutional, and
attention-based paradigms for time-series learning, respec-
tively. All architectures were trained using the same input
representation of size 256 × 25 obtained from the prepro-
cessing pipeline described in Section II-B.

1) LSTM BASELINE
The architecture of the baseline LSTM model is presented
in Figure 8. The network takes an input tensor of shape
256 × 25 and processes it through a single LSTM layer
with 32 hidden units, which encodes temporal dependencies
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FIGURE 8. Architecture of the baseline single-branch LSTM model for
binary gait classification.

across the gait cycle. The resulting representation is fed into
a fully connected layer with 16 neurons and ReLU activa-
tion to introduce nonlinear feature transformation. Finally,
a sigmoid-activated output neuron produces the probability
of class membership for binary classification.

2) CNN BASELINE
The 1D-CNN architecture shown in Figure 9 comprises two
convolutional layers (32 and 64 filters) separated by max
pooling. Global average pooling and a dense layer with
ReLU activation are used to generate the final represen-
tation before binary classification with a sigmoid output
neuron.

FIGURE 9. Architecture of the baseline 1D-CNN model for gait time-series
classification.

3) TRANSFORMER BASELINE
The Transformer baseline model is shown in Figure 10. The
input sequence is first projected into a latent embedding space
of dimension dmodel = 64 using a dense layer. Positional
encoding is added to preserve temporal ordering. The embed-
ded sequence is then processed by a Transformer encoder
block consisting of a multi-head self-attention layer with
four attention heads, residual connections, and layer normal-
ization. A position-wise feedforward network with hidden
dimension 128 is applied to refine the learned representation.
After global average pooling along the temporal axis, the
resulting 64-dimensional vector is passed through a dense
layer with 16 neurons and ReLU activation, followed by a
sigmoid output neuron. This model enables explicit learning
of long-range temporal relationships within gait sequences.

FIGURE 10. Architecture of the baseline Transformer model for binary
classification of gait time-series data.

Together, these baseline models provide representative
recurrent, convolutional, and attention-based benchmarks,
enabling a systematic evaluation of the proposed HMB-TSC
architecture for ASD gait classification.

D. ARCHITECTURE OF THE HMB-TSC MODEL
While baseline architectures are effective in capturing spe-
cific characteristics of gait time-series signals, their isolated
use often limits the representation of heterogeneous and
multi-scale motor patterns observed in children with ASD.
To overcome this limitation, this study proposes a hybrid
multi-branch architecture, referred to as HMB-TSC, which
integrates global temporal modeling, local spatiotemporal
feature extraction, and bidirectional sequential learning
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within a unified framework. The overall architecture of
the proposed model is illustrated in Figure 11. Input gait
segments are represented as (10):

X∈ RN ,256,Nfeat (10)

where N denotes the batch size, 256 is the number of time
steps, and Nfeat ) denotes the number of joint-based features
extracted after preprocessing.

The first branch is based on a Transformer encoder and is
intended to model long-range temporal dependencies across
the gait cycle. The input sequence is first mapped into an
internal embedding space using a fully connected layer with
32 units ( dmodel = 32). Positional encoding is then added
to preserve temporal ordering. The embedded sequence is
subsequently processed by four stacked Transformer encoder
blocks, each consisting of a multi-head self-attention module
with four attention heads, followed by dropout, residual con-
nections, and layer normalization. A feedforward subnetwork
further refines the learned representation, and global average

pooling is applied to produce a compact 32-dimensional fea-
ture vector.

The second branch combines convolutional processing
with bidirectional LSTM modeling. A one-dimensional con-
volutional layer with 16 filters and a kernel size of three is
applied to extract localized motion patterns and short-term
kinematic variations. Temporal downsampling is performed
using max pooling, and the resulting feature maps are passed
to a bidirectional LSTM layer with 12 hidden units. This
component encodes sequential dependencies in both forward
and backward directions, which is important for capturing
symmetric and cyclic gait characteristics. Layer normaliza-
tion and dropout are employed to improve training stability
and mitigate overfitting.

The third branch follows a similar structure, but replaces
the BiLSTM layer with a bidirectional GRU. This design
provides an alternative recurrent representation with reduced
computational complexity while maintaining the ability to
capture temporal dynamics. The CNN-BiGRU pathway,

FIGURE 11. Architecture of the proposed HMB-TSC multi-branch model for ASD gait time-series classification.
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therefore, serves as a complementary temporal abstrac-
tion mechanism, strengthening the overall architecture’s
robustness.

The results of the three branches are combined into a
single vector representation that combines global temporal
relationships, local spatiotemporal patterns, and bidirectional
sequential information. The fused representation is pro-
cessed by a fully connected layer with ReLU activation,
L2 regularization, and dropout to reduce redundancy and
improve generalization. Finally, a sigmoid-activated output
neuron produces the probability of ASD class member-
ship. By combining attention-based global modeling with
convolutional-recurrent feature learning, the proposed HMB-
TSC architecture enables a multi-level representation of gait
dynamics. It improves discrimination performance under
limited data conditions. This synergistic design improves
resilience to sensor noise, enhances discriminative feature
learning, and supports effective generalization under limited
data conditions, making it well-suited for objective gait-based
ASD classification.

To ensure reproducibility and a transparent description of
the training procedure, all models were trained using a com-
mon set of hyperparameters and optimization strategies. The
chosen configuration was determined through empirical eval-
uation and a search for key parameters, including the learning
rate, regularization strength, and training stability constraints.
Particular attention was paid to balancing convergence sta-
bility and generalization ability, especially under limited data
conditions. To reduce overfitting and ensure stable training
dynamics, optimization strategies such as adaptive learning
rate scheduling, Dropout regularization, and gradient clamp-
ing were used. The final set of hyperparameters and training
settings adopted for all experiments is presented in Table 7.

To ensure full reproducibility, all baseline models and the
proposedHMB-TSC architecture were trained using the same
optimization configuration. Specifically, the models were
implemented using the same fixed-length input representa-
tion of size 256×25 and optimized using theAdam algorithm.
The initial learning rate was set to 1×10−4, the batch size was
fixed at 32, and training was conducted for 50 epochs for all
architectures. Since the problem was formulated as a binary
classification with an output neuron activated by a sigmoid
function, the binary cross-entropy loss function was used
consistently across all experiments. This unified training con-
figuration was adopted to ensure fair comparisons between
the LSTM, CNN, Transformer, and HMB-TSC models and
to guarantee consistency of experimental conditions across
all validation protocols. To promote transparency and facil-
itate independent verification of the results, all source code
associated with this study has been made publicly available.
The repository includes the complete implementation of the
data preprocessing pipeline, baseline models (LSTM, CNN,
Transformer), the proposed HMB-TSC architecture, ablation
experiments, and scripts for figure and table generation. The
codebase is accessible via the following GitHub repository:

TABLE 7. Hyperparameter configuration and training setup for the
HMB-TSC architecture.

https://github.com/amirbayaiz-svg/A-Hybrid-Multi-Branch-
Deep-Learning-Model-for-Autism-Spectrum-Disorder-
Detection-/tree/main

The repository is accompanied by comprehensive doc-
umentation describing the experimental workflow, model
configurations, and evaluation procedures. Environment con-
figuration files and dependency specifications are provided
to support reproducibility across different computational
platforms. All experiments can be reproduced by following
the instructions outlined in the repository’s README file.
Where permitted, links to the original dataset sources, along
with scripts for data loading and preprocessing, are also
included.

III. RESULTS
A. CORRELATION ANALYSIS OF JOINT COORDINATES
To quantitatively assess the relationship between gait kine-
matic features and class membership, a correlation analysis
was conducted on key joint coordinates. The primary objec-
tive of this analysis was to identify biomechanical patterns
potentially discriminative between children with ASD and
TD peers, as well as to examine the robustness of these
relationships with respect to the applied data-cleaning pro-
cedures. Pearson correlation coefficients were computed
between joint coordinate features and the binary class label
for both the original dataset and the dataset after outlier
removal. Figure 12 shows the correlation matrix between the
key features of the joint coordinates and the binary class
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label calculated on the original dataset before outlier removal,
and Figure 13 shows the corresponding relationships after
extreme value filtering.

FIGURE 12. Correlation matrix before outlier removal.

In the original correlationmatrix in Figure 12, the strongest
negative correlations with the class label are observed for
vertical coordinates of the upper body, including MidSpine_
y, ElbowLeft_y, and ElbowRight_y (ρ ≈ −0.57 to −0.61).
These features also exhibit strong mutual correlations,
reflecting coordinated variations in the posture and move-
ment of the shoulder girdle and upper trunk. In contrast,
horizontal coordinates of the lower limbs (AnkleLeft_x,
AnkleRight_x) and the central body axis (MidSpine_x) show
weak positive correlations with the class label, indicating
less pronounced group differences in horizontal body
displacement.

After outlier removal in Figure 13, the dominant role of
vertical upper-body coordinates in class discrimination is
preserved, while the corresponding correlation coefficients
exhibit only minor changes. For instance, the correlation
betweenMidSpine_y and the class label decreasesmarginally
from −0.57 to −0.56, and for ElbowRight_y from −0.61 to
−0.60, indicating the stability of these features and their
high diagnostic relevance. At the same time, an increase
in positive correlations is observed for the horizontal ankle
coordinates (AnkleLeft_x: 0.06 → 0.24; AnkleRight_x:
0.09 → 0.28). This effect is likely attributable to the
removal of sensor-related noise and a more accurate repre-
sentation of foot placement, particularly in the TD group.
Overall, a comparison of the correlation matrices before
and after outlier removal confirms that the data cleaning
procedure does not distort the interpretable biomechanical
relationships. On the contrary, it stabilizes and partially
strengthens the class-related correlations for the selected
features. These results support the validity of using fil-
tered joint coordinate data for subsequent feature engineering

FIGURE 13. Correlation matrix after outlier removal.

and deep learning-based classification, while preserving the
interpretability of the biomechanical gait characteristics.
Importantly, the identified correlation patterns are consistent
with previously described gait impairments in children with
ASD, including impaired postural control, decreased upper
body stability, and altered interarticular coordination [4],
[5], [6]. In particular, the dominant role of vertical upper
body features is consistent with studies highlighting atypical
trunk control and increased movement variability in individ-
uals with ASD. This agreement confirms that the extracted
features reflect physiologically relevant motor characteristics
rather than pre-processing artifacts, thereby strengthening the
clinical relevance of the proposed approach.

B. QUANTITATIVE EVALUATION OF CLASSIFICATION
PERFORMANCE
This subsection presents a quantitative analysis of the training
results obtained for the baseline models and the proposed
hybrid HMB-TSC architecture in the task of binary classi-
fication of gait patterns in children with ASD and TD peers.
The nested 5 × 3 cross-validation consists of a 5-fold outer
GroupKFold procedure used to evaluate the generalization
ability of themodel and a 3-fold inner GroupKFold procedure
applied within each outer fold region to tune hyperparame-
ters. To ensure strict separation between subjects and prevent
data leakage, a GroupKFold strategy based on participant
IDs was used. This evaluation protocol provides a robust
assessment of classification accuracy, robustness, and gener-
alization ability. Furthermore, the training dynamics of the
hybrid architecture were analyzed in selected training epochs
to study convergence behavior and the formation of stable
internal representations. The validation results obtained at the
50th training epoch for all consideredmodels are summarized
in Table 8, providing a direct comparative assessment of their
classification performance.
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TABLE 8. Validation metrics of baseline and hybrid models at epoch 50.

The proposed hybrid model demonstrated the best overall
results across all assessed indicators (Table 8), indicating
its high discriminatory power and balanced classification
performance. The combination of high recall and precision
suggests that the model effectively identifies patterns associ-
ated with ASD while maintaining a controlled false-positive
rate. From a clinical perspective, high recall is particularly
important as it reduces the risk of missing ASD cases in early
screening. In a holdout validation experiment, the HMB-TSC
model demonstrated the best overall results, achieving an
accuracy of 0.850, an AUROC of 0.948, and an F1 score
of 0.880. The baseline Transformer model demonstrated a
competitive AUROC value (0.906), indicating its ability to
model global temporal dependencies; however, its threshold
metrics, including recall and F1 score, remained significantly
lower than those of the proposed hybrid architecture. The
baseline CNN models, especially the LSTM, demonstrated
weaker overall performance, with the LSTM failing to iden-
tify positive samples in the validation experiment reliably.
These results indicate that using only onemodeling paradigm,
whether recurrent or convolutional, is insufficient for reli-
able gait-based ASD classification. In contrast, the hybrid
multi-branch architecture benefits from combining additional
temporal and spatiotemporal representations, resulting in a
more balanced discriminative ability across all evaluation
metrics [30].
The CNN-based model demonstrates moderate perfor-

mance, reflecting the limited ability of purely convolutional
filters to capture long-term temporal dependencies in gait
dynamics. This suggests that local pattern extraction alone
is insufficient to model the full temporal structure of gait
cycles. These results suggest a weaker balance between pre-
cision and recall relative to recurrent and hybrid approaches,
reflecting the limited ability of purely convolutional fil-
ters to capture long-range temporal dependencies in gait
dynamics. This behavior is consistent with studies on convo-
lutional sequence modeling, where CNN-based architectures
rely on limited receptive fields and may be less effective
at identifying long-term temporal dependencies [11]. The
transformer-based model demonstrates high efficiency in
modeling long-term time dependencies, although its perfor-
mance remains sensitive to the data representation method
and limited sample size. This suggests that, despite their

theoretical advantages, transformer-based approaches may
require large datasets or pre-training strategies to achieve
consistent performance in gait analysis tasks. This observa-
tion is consistent with results from time-series studies, where
Transformer models may be sensitive to how the data is
presented and to limited sample sizes, especially in time-
series applications. [31]. Recent research in gait recognition
also shows that transformer-based architectures achieve opti-
mal performance when trained on large or self-trained
datasets [32]. Overall, these results demonstrate the advan-
tage of the proposed hybrid architecture, which integrates
convolutional, recurrent, and attention-based mechanisms,
enabling more robust learning and a more balanced clas-
sification performance compared with the baseline models.
This observation is consistent with previous work show-
ing that hybrid CNN-BiLSTM architectures achieve high
performance in modeling complex gait dynamics in noisy
environments [33]. Importantly, these results suggest that
the observed performance improvement is due not only to
increased model capabilities but also to the complemen-
tary integration of multiple temporal modeling paradigms.
To further investigate the contribution of each component to
the proposed HMB-TSC architecture, an ablation study was
conducted. The primary goal of this analysis was to assess
whether the observed performance improvements were due
to complementary interactions between model branches or
simply to an increase in the number of parameters. Abla-
tion experiments were designed by systematically removing
individual branches from the full architecture and indepen-
dently evaluating configurations with each branch removed.
This approach allows direct assessment of the role of each
modeling paradigm, including Transformers, CNN-BiLSTM,
and CNN-BiGRU. All configurations were evaluated using
a 5-fold cross-validation protocol. To statistically evaluate
the contribution of each architectural component, paired two-
tailed t-tests were conducted on identical folds to compare
the full HMB-TSC model with each ablation variant. The
quantitative results of the ablation analysis are presented in
Table 9.
The full HMB-TSC model was used as the reference

configuration; therefore, p-values are reported only for com-
parisons with the corresponding ablation variants. As shown
in Table 9, most pairwise differences did not reach statistical
significance at the predefined threshold of α = 0.05. A statis-
tically significant reduction in AUROCwas observed only for
the Transformer-only configuration (p = 0.0247), indicating
that the complete hybrid architecture provides a more robust
representation than the attention-based branch alone. For the
remaining variants, the observed differences in Accuracy,
Macro-F1, and AUROC were not statistically significant,
suggesting that the individual branches capture partially
overlapping information at the current dataset size. These
findings indicate that the primary benefit of the proposed
HMB-TSC framework lies in the complementary integration
of convolutional, recurrent, and attention-based mechanisms,
which improves overall robustness and stability rather than
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TABLE 9. Ablation analysis of HMB-TSC variants with paired t-test
p-values across 5-fold cross-validation.

producing uniformly significant gains across all evaluation
metrics. While Table 9 focuses on the relative contribution
of individual architectural components, Table 10 summarizes
the overall performance of all models under the same 5-fold
cross-validation protocol.

TABLE 10. Results of 5-fold cross-validation (mean ± std) for all models.

In the 5-fold cross-validation protocol, HMB-TSC demon-
strated the best overall performance among the com-
pared architectures, achieving accuracy = 0.850 ± 0.035,

AUROC = 0.940 ± 0.029, and F1 = 0.845 ± 0.036.
The proposed model showed a more balanced tradeoff
between precision and recall than the baseline methods,
indicating improved discriminative ability when separating
subject-level data. In contrast, the baseline LSTM model
demonstrated substantially lower performance and greater
variability, suggesting that recurrent modeling alone is insuf-
ficient to represent complex gait dynamics fully. The baseline
CNN model achieved moderate stability but lower classi-
fication performance, reflecting the limitations of relying
solely on local convolutional features. The Transformer
model demonstrated comparatively higher AUROC values.
However, its lower recall and F1-scores indicate reduced
robustness under limited data conditions. While standard
cross-validation provides an estimate of performance stabil-
ity, it does not fully decouple hyperparameter tuning from
model evaluation. To obtain a more conservative and unbi-
ased estimate of generalization performance, a 5 × 3 nested
cross-validationwas employed. The corresponding results are
presented in Table 11.

TABLE 11. Results of nested 5 × 3 cross-validation (mean ± std).

The results of the 5 × 3 nested cross-validation are
presented in Table 11. In the 5 × 3 nested validation,
the HMB-TSC model demonstrated the best overall results
among the compared architectures, achieving accuracy =

0.850 ± 0.035, AUROC = 0.940 ± 0.029, and F1 =

0.845 ± 0.036. The proposed model also demonstrated the
lowest mean loss and a balanced tradeoff between precision
and recall, indicating robust discrimination capability across
subject-level splits. In contrast, the baseline LSTM model
demonstrated significantly lower performance and greater
variability, suggesting its limited ability to model complex
gait dynamics within a single recurrent network. The base-
line CNN model achieved moderate results, with relatively
high specificity but lower recall and F1 scores, suggesting
reduced sensitivity to positive ASD cases. The Transformer
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model demonstrated competitive AUROC values, indicating
the usefulness of attention-based temporal modeling; how-
ever, lower recall and F1 scores indicate reduced robustness
under limited data. Overall, the nested validation results
support the effectiveness of combining complementary tem-
poral and spatiotemporal representations within the proposed
hybrid multi-branch architecture. The similarity between the
standard 5-fold and nested cross-validation results indicates
stable hyperparameter selection and low optimization vari-
ance across folds. This consistency suggests that the proposed
architecture exhibits robust generalization behavior and that
the reported performance is not strongly dependent on a
specific validation partition.

To assess the statistical significance of the observed per-
formance differences, a comparative analysis of the proposed
HMB-TSC model with the baseline architectures (LSTM,
CNN, and Transformer) was conducted using both 5-fold
cross-validation and 5 × 3 nested cross-validation. Accuracy
and AUROC values obtained across all folds were assessed
using a two-tailed paired t-test. Additionally, McNemar’s test
was applied to aggregated fold predictions as an additional
nonparametric evaluation based on the contingency statistics
of TP, FP, FN, and TN.All statistical analyses were performed
using SciPy (version 1.11), and p-values were adjusted for
multiple comparisons using the Bonferroni correction. The
results show that HMB-TSC achieved statistically signifi-
cant improvements over the baseline LSTM model across
all evaluation parameters and metrics. Comparisons with
the baseline CNN and Transformer models also revealed
significant differences across several evaluation metrics, par-
ticularly in AUROC and McNemar’s test. Although some
paired t-test results for the CNN approached the signifi-
cance threshold, the overall statistical analysis confirms the
improved discriminatory ability of the proposed hybrid archi-
tecture. Detailed statistical comparison results are presented
in Table 12.

TABLE 12. Statistical comparison of HMB-TSC and baseline models under
cross-validation protocols.

To further confirm the generalizability of the results to pre-
viously unobserved participants, an additional subject-level

evaluation protocol was applied using leave-10%-subjects-
out cross-validation. In this protocol, all samples from each
participant were strictly assigned to either the training or
test set in each iteration, ensuring complete separation at
the subject level. Each iteration included 90 training sub-
jects and 10 test subjects, with a balanced class distribution
(5 with ASD and 5 with typical development). Quantita-
tive results are presented in Table 13, including both mean
and worst-case performance measures across all iterations.
The HMB-TSC model achieved an average accuracy of
0.880 ± 0.140, an AUROC of 0.920 ± 0.118, and an
F1 score of 0.875 ± 0.145. Importantly, the worst-case
scores were analyzed separately, revealing accuracy = 0.600,
AUROC = 0.680, and F1 = 0.600. These results indicate
that, although the model exhibits high average generalization
ability, there is variability in performance across subject sub-
divisions due to interindividual differences. Unlike standard
k-fold cross-validation, this protocol directly assesses the
model’s generalization ability to previously unseen partici-
pants, rather than to new segments of known individuals.

TABLE 13. Leave-10%-subjects validation: mean and worst-case
performance of HMB-TSC.

To further confirm the absence of data leakage at the indi-
vidual subject level, a subject-level split audit was conducted,
and the results are presented in Table 14.

TABLE 14. Subject-level split audit across evaluation protocols.

The analysis confirms the absence of subject overlap
between the training and test sets across all assessment
protocols. This ensures that the reported results reflect true
generalization, rather than the memorization of subject-
specific patterns. To assess the proposed model’s robustness
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to measurement noise, a sensitivity analysis was conducted
by perturbing the joint coordinates with uniform noise of
±13 mm and ±25 mm, corresponding to typical Kinect
sensor error ranges (Table 15).

TABLE 15. Sensitivity analysis of HMB-TSC under Kinect coordinate noise.

The results presented in Table 15 show that the HMB-TSC
model maintains a stable area under the ROC curve (AUROC)
of 0.940 ± 0.029 with ±13 mm noise, without notice-
able degradation in ranking performance. With a stronger
perturbation (±25 mm), the AUROC decreases slightly
to 0.934 ± 0.055, corresponding to an average drop of
0.006 and a worst-case drop of 0.050 across all folds. These
results demonstrate that the model maintains high discrim-
inatory performance even with significant coordinate noise.
Although the AUROC remains largely unchanged, accuracy
and F1 scores exhibit greater sensitivity to noise, especially
at perturbations of ±25 mm. This behavior is expected,
as coordinate noise can bias individual samples relative to the
threshold without significantly altering the overall ranking
structure. Therefore, the HMB-TSC model can be consid-
ered robust to typical Kinect measurement noise in terms of
AUROC, while threshold-based classification metrics may
require recalibration in higher-noise environments.

To avoid ambiguity, Table 8 presents the results obtained
using a single holdout validation split, Table 10 presents
the average results of the 5-fold cross-validation, and
Table 11 presents the average results of the 5 × 3 nested
cross-validation. This distinction clearly distinguishes the
single-sample assessment from the more robust estimates
of generalizability obtained through cross-validation pro-
tocols. In addition to aggregate performance metrics, the
convergence behavior of the proposed hybrid architecture
was analyzed across selected training epochs. The evolution
of validation metrics is summarized in Table 16.
In addition to overall performance metrics, the training

dynamics of the proposed HMB-TSC model were further
examined to assess convergence and validation stability dur-
ing the optimization process. At the initial stage (epoch 1),
the model demonstrated high validation loss (0.7359), low
Accuracy (0.400), and zero recall, reflecting the lack of
stable learned representations early in the optimization pro-
cess. By epoch 10, the validation loss had significantly
decreased to 0.3803, while Accuracy and AUROC increased

TABLE 16. Validation metric evolution of the HMB-TSC model across
selected epochs.

to 0.850 and 0.917, respectively, indicating rapid acquisition
of discriminative spatiotemporal patterns. Stable perfor-
mance was maintained at epochs 20 and 30, where the model
retained high Accuracy (0.850) and a good balance of pre-
cision and recall. At the final epoch (epoch 50), the model
achieved the highest AUROC value (0.969), indicating strong
discrimination between the ASD and TD classes. However,
the simultaneous decrease in precision (0.800) and recall
(0.750) suggests that the threshold-dependent and ranking-
based metrics evolved differently during the later stages
of optimization. These observations indicate that the pro-
posed HMB-TSC architecture converges to a stable operating
mode while maintaining robust discrimination across training
epochs. Overall, the results presented in Tables 8–16 confirm
the effectiveness of combining transformer-based temporal
modeling, convolutional feature extraction, and bidirectional
recurrent learning for gait-based ASD classification.

IV. DISCUSSION
These results demonstrate that spatiotemporal gait patterns
derived from Kinect kinematic data provide a meaningful
basis for ASD classification. In the evaluated validation pro-
tocols, the proposed HMB-TSC architecture demonstrated
the best overall performance among the compared baseline
models, particularly in terms of AUROC and the bal-
anced F1-score. The observed improvements suggest that
the combination of additional temporal and spatiotemporal
representations facilitates more efficient modeling of hetero-
geneous gait dynamics than single-branch architectures.

From a methodological perspective, the effectiveness of
HMB-TSC stems from its hybrid, multi-branch structure. The
Transformer branch captures long-term temporal dependen-
cies, convolutional layers extract localized spatiotemporal
patterns, and bidirectional recurrent units model sequential
gait dynamics. The integration of these additional represen-
tations enables a more comprehensive characterization of gait
behavior than architectures based solely on convolutional,
recurrent, or attentional processing mechanisms. Subject-
level validation results show that the proposed architecture
maintains relatively stable discriminatory performance across
different participant partitions, although some variability
remains observable between groups. This variability is
expected given the limited dataset size and the heterogeneous
nature of ASD-related motor behavior.

Furthermore, the analysis highlights the influence of demo-
graphic factors on model evaluation. The observed gender
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imbalance in the ASD group and differences in age distribu-
tion between participants with ASD and typically developing
participants may influence gait characteristics, as motor
behavior changes with age and biological development.
Therefore, some of the classification performancemay reflect
demographic variability rather than solely ASD-specific
motor characteristics, highlighting the importance of strat-
ified validation and demographic-based modeling in future
studies.

Convergence analysis further demonstrated that the pro-
posed hybrid architecture provides stable optimization
behavior during training. Validation metrics improved sig-
nificantly in the early stages and remained relatively stable in
later stages of optimization, while AUROC values remained
consistently high. Sensitivity analysis using simulated Kinect
coordinate perturbations further demonstrated that the model
maintains stable discrimination performance under moderate
noise, although threshold-based metrics degrade gradu-
ally with stronger perturbations. These results indicate that
the proposed approach is sufficiently robust to realistic
sensor-related variability.

Despite these promising results, several limitations should
be considered. The evaluation was conducted using a
single Kinect-based dataset, which may limit external gen-
eralizability. These limitations are consistent with recent
methodological reviews in AI-based ASD and ADHD diag-
nostics, where insufficient reproducibility, limited external
validation, and the lack of standardized assessment protocols
remain key barriers to clinical application [34]. Further-
more, demographic imbalances and age-related variability
may impact the learned gait representations. Another limita-
tion is reliance on Kinect coordinates, which remain sensitive
to data-collection conditions and sensor noise. Therefore,
future research should focus on validation using larger, more
diverse cohorts, on multimodal behavioral integration, and on
the development of interpretable models capable of providing
clinically meaningful explanations.

Overall, the obtained results confirm the utility of hybrid
multi-branch architectures for gait-based ASD screening and
demonstrate the importance of rigorous subject-level vali-
dation and reproducible assessment protocols. To enhance
transparency and reproducibility, the full source code and
experimental processing pipeline have been published for
independent verification of the proposed approach.

V. CONCLUSION
In this study, we proposed a hybrid multi-branch architec-
ture, HMB-TSC, for classifying autism spectrum disorders
(ASD) using spatiotemporal gait features extracted from
Kinect v2 recordings. The proposed framework integrates
transformer-based temporal modeling with CNN-BiLSTM
and CNN-BiGRU branches to capture additional gait repre-
sentations at different time scales. Experimental evaluation
showed that HMB-TSC demonstrated the best overall per-
formance among the compared baseline architectures in
the validation protocols with holdout, 5-fold, and nested

5 × 3 sampling. In a reproducible release run, the model
achieved Accuracy = 0.850, AUROC = 0.948, and F1 =

0.880 on holdout validation. Under 5-fold and 5 × 3 nested
cross-validation, the model achieved Accuracy = 0.850 ±

0.035, AUROC = 0.940 ± 0.029, and F1 = 0.845 ± 0.036.
These results confirm the effectiveness and stability of the
proposed hybrid architecture for gait-based ASD screening.

The proposed approach provides a noninvasive, scalable
framework for objective analysis of motor behavior using
markerless motion capture data. However, the study remains
limited by the use of a single Kinect-based dataset and by
demographic variability across the evaluated groups. Future
research will focus on validation using larger, more diverse
datasets, on multimodal behavioral integration, and on the
development of interpretable ASD screening systems.
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