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ABSTRACT

Parkinson's Disease (PD) diagnosis via gait analysis is a critical yet challenging task. While deep learning
models like Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have been
applied, they often fail to simultaneously capture the intricate spatial features and long-range temporal
dependencies inherent in gait data [3, 4, 5]. To overcome this, we propose a novel Hybrid CNN-
Transformer model with Dynamic Feature Fusion (CT-DFF). Our architecture synergistically combines a
CNN for local spatial feature extraction and a Transformer for global temporal context modeling. The core
innovation is a Dynamic Feature Fusion (DFF) module that adaptively weights and fuses multi-scale
features from both components. Evaluated on a public PD gait dataset, our model achieves a state-of-the-art
accuracy of 96.8% and an Fl-score of 95.4%, significantly outperforming standalone CNN, LSTM, and
Transformer models. The results demonstrate the model's robust capability to capture complex gait
dynamics, offering a powerful tool for enhancing clinical PD diagnosis.

Keywords: Parkinson's Disease, Gait Analysis, Deep Learning, Hybrid Model, CNN, Transformer,
Dynamic Feature Fusion, Diagnosis.
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1. INTRODUCTION

Parkinson's Disease (PD) affects millions
worldwide, with  motor  symptoms like
bradykinesia, tremor, and postural instability being
its hallmark [1]. Gait disturbance is one of the most
debilitating motor symptoms and often presents
early in the disease course. Quantitative gait
analysis, using sensors like force plates or inertial
measurement units (IMUs), provides an objective
method to quantify these disturbances [2].Deep
learning has shown remarkable success in
automating medical diagnosis. For gait-based PD
classification, CNNs are effective at learning spatial
hierarchies from signal data treated as images (e.g.,
from spectrograms or raw signal windows) [3],
while RNNs like LSTMs are designed to model
temporal sequences [4]. However, CNNs can be
limited in capturing long-range dependencies, and
RNNs often suffer from vanishing gradients and
high  computational complexity for long
sequences.The Transformer architecture, with its
self-attention mechanism, has revolutionized
sequence modeling by enabling parallel processing
and capturing global context [5]. However, pure
Transformers require large amounts of data and can
be inefficient at modeling local feature patterns.

To overcome these limitations, we propose
aHybrid CNN-Transformer Model with
Dynamic Feature Fusion (CT-DFF). Our

contributions are:

e A novel hybrid architecture that leverages
CNNs for local spatial feature extraction
and Transformers for global tempore®
dependency modeling. °

e A Dynamic Feature Fusion module the®
learns to adaptively combine multi-scal®
features from  both architectur:
components.

e Extensive evaluation demonstrating state-
of-the-art performance on a benchmark PD
gait dataset, highlighting the model's
robustness and superior feature learning
capability.

1.1 Problem Statement and Research Questions

The accurate diagnosis of Parkinson's Disease
through gait analysis remains a significant
challenge despite advances in deep learning.
Current approaches are constrained by architectural

limitations: CNNs excel at local feature extraction
but faill to capture long-range temporal
dependencies, while = RNNs/LSTMs  model
sequences but suffer from vanishing gradients and
computational inefficiency. Pure Transformers,
despite their global attention mechanism, lack the
inductive bias for local pattern recognition and
require extensive data.

This  study  addresses the  fundamental
question: Can a novel hybrid architecture that
synergistically combines CNN and Transformer
capabilities with dynamic feature fusion
overcome the limitations of existing approaches
to achieve superior PD gait classification?

1.1.1 Primary Research Questions

RQ1: Does the parallel processing of spatial and
temporal features through CNN and
Transformer pathways yield superior
classification  performance compared to
sequential processing or single-architecture
approaches?

Rationale: This question addresses the fundamental
architectural choice. We hypothesize that parallel
processing preserves more information integrity
than sequential processing, where the Transformer
only sees CNN-extracted features rather than raw
temporal data.

Evaluation: This will be evaluated by comparing
the performance of our CT-DFF model against:

Standalone CNN (Variant A)

Standalone Transformer (Variant B)

Serial CNN-Transformer (Variant C)

Parallel  architecture = with  simple
concatenation (Variant D)

RQ2: How does the Dynamic Feature Fusion
(DFF) mechanism contribute to classification
performance compared to static feature
integration methods?

Rationale: This question isolates the contribution of
our core innovation. Simple concatenation assumes
all features are equally important, while dynamic
fusion allows the model to prioritize discriminative
features adaptively.

Evaluation: Performance comparison between
Variant D (parallel + simple concatenation) and
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Variant E (parallel + DFF) will quantify the DFF
module's contribution.

RQ3: Does the hybrid CNN-Transforme,
approach with dynamic fusion achieve bette
balance between precision and recall compare ,
to existing models, thereby enhancing clinic:
utility? N
Rationale: In medical diagnostics, the balanc.
between minimizing false positives (precision) ana
false negatives (recall) is critical. A model that
sacrifices one for the other has limited clinical
utility.

Evaluation: We will evaluate F1-score (harmonic
mean of precision and recall) and compare against
all baseline models, with emphasis on achieving
high performance in both metrics.

1.1.2 Secondary Research Questions

RQ4: To what extent can a model trained on a
single dataset generalize to diverse populations
and clinical settings?

Rationale: This addresses external validity and
potential deployment limitations.

Evaluation: While our current study is limited to a
single public dataset [10], this question frames the
need for future multi-center validation.

RQS5: Which specific spatiotemporal features are
most discriminative for PD gait classification,
and can the DFF module provide insights into
feature importance?

Rationale: Interpretability is crucial for clinical
adoption.

Evaluation: This question is addressed through our
discussion of future work incorporating explainable
Al techniques [42, 43].

1.1.3 Validity and Feasibility Assessment

Construct Validity: The study measures what it
claims to measure the effectiveness of a hybrid
CNN-Transformer model with dynamic fusion for
PD gait classification. The metrics (Accuracy,
Precision, Recall, F1-Score) are standard and
appropriate for binary classification in medical
contexts.

Internal Validity: The
includes appropriate controls:

experimental design

Ablation study with carefully constructed
variants (Table 2)

Same training/validation protocol for all
models

Random seed control for reproducibility

Statistical validation through
comprehensive performance metrics

External Validity: While promising, the model's
generalizability to diverse populations requires
validation. The study acknowledges this limitation
and frames it as future work.

1.2 Critique of Literature and State-of-the-Art

The application of deep learning to PD gait
classification has advanced significantly, with
CNNs demonstrating proficiency in spatial feature
extraction and RNNs/LSTMs effectively modeling
temporal dependencies. However, these single-
architecture models face inherent limitations: CNNs
struggle with capturing long-range gait cycle
dependencies, while LSTMs are susceptible to
vanishing gradients and sequential processing
bottlenecks . To address this, researchers have
explored hybrid architectures. Recent work has
validated the efficacy of combining CNN and
Transformer backbones to harness both spatial and
global temporal features. For instance, a spatial-
temporal CNN-Transformer model demonstrated
high accuracy (98.81%) in severity classification .

Despite these advances, a critical gap remains in
how the features from these distinct architectures
are integrated. Many existing hybrid models rely on
simple serial arrangements or static concatenation ,
failing to adaptively emphasize the most relevant
spatial-temporal ~ signatures  characteristic  of
Parkinsonian gait. The work presented here
addresses this gap by introducing a novel Dynamic
Feature Fusion (DFF)module. This module,
inspired by channel-attention  mechanisms,
intelligently recalibrates and fuses features from the
CNN and Transformer paths in a context-aware
manner, setting our approach apart from previous
static fusion methods.
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2. LITERATURE REVIEW

The pursuit of objective and quantitative
biomarkers for Parkinson's Disease (PD) has led to
significant research in computational analysis of
motor symptoms, with gait impairment being a
primary focus. The evolution of methodologies in
this domain has progressed from traditional
machine learning techniques to sophisticated deep
learning  architectures, each with distinct
advantages and limitations.

Early approaches to automated PD diagnosis from
gait data heavily relied on machine learning
classifiers fed with handcrafted features. Studies
extracted a multitude of spatiotemporal gait
parameters such as stride time, swing time,
cadence, and step length variability from force
plates or inertial measurement units (IMUs) [6, 7].
These features were then used to train classifiers
like Support Vector Machines (SVMs), Random
Forests, and k-Nearest Neighbours (k-NN) [8, 9].
For instance, [10] demonstrated the effectiveness of
SVM in distinguishing PD patients from healthy
controls using kinematic features. While these
methods achieved reasonable accuracy, their
performance was inherently constrained by the
quality and comprehensiveness of the manually
engineered features, which often failed to capture
the full complexity and subtle dynamics of
Parkinsonian gait.

The advent of deep learning offered a paradigm
shift, enabling end-to-end learning directly from
raw or pre-processed sensor data. Convolutional
Neural Networks (CNNs) have been widely
adopted by treating gait sequences as one-
dimensional signals or transforming them into two-
dimensional representations like spectrograms.
CNNss excel at identifying local spatial patterns and
hierarchical ~ features  within  these  data
representations [3, 11]. For example, a study by
[12] used a CNN on ground reaction force data,
treating the time-series as an image to achieve high
classification accuracy. However, a key limitation
of standard CNNs is their limited receptive field,
which hinders their ability to model long-range
temporal dependencies across a gait cycle [4].

To address the temporal aspect, Recurrent Neural
Networks (RNNs), particularly Long Short-Term
Memory (LSTM) networks, have been extensively
applied. LSTMs are designed to model sequential
data and can, in theory, learn temporal dynamics

across a sequence [4, 13]. Research such as [14]
utilized LSTMs to model the temporal evolution of
sensor data from wearable devices for PD
classification. Despite their potential, LSTMs
process data sequentially, leading to high
computational costs for long sequences and
susceptibility to vanishing gradient problems,
which can limit their ability to capture very long-
term context effectively [5].

More recently, the Transformer architecture, built
on a self-attention mechanism, has emerged as a
powerful alternative for sequence modeling.
Transformers overcome the limitations of RNNs by
processing all elements of a sequence in parallel
and dynamically weighing the importance of every
element against all others, thereby capturing global
dependencies [5]. Initial applications of pure
Transformer models to physiological time-series
data have shown promise in modeling complex,
long-range interactions [15]. However,
Transformers are often data-inefficient and can lack
the innate inductive bias for local feature extraction
that CNNs possess, making them potentially less
effective at capturing fine-grained, local spatial
patterns in gait signals without enormous datasets
[16].

Recognizing the complementary strengths of CNNs
and Transformers, the field has begun exploring
hybrid models. A concurrent trend in other
domains, such as computer vision and natural
language processing, has demonstrated the power
of combining CNN's local feature extraction with
Transformer's global context modeling [17, 18]. In
medical time-series analysis, preliminary studies
have explored such hybrids for ECG classification
and human activity recognition [19, 20]. However,
the simple concatenation or sequential arrangement
of these modules often fails to achieve a deep,
adaptive fusion of multi-scale features.

Our proposed Hybrid CNN-Transformer model
with Dynamic Feature Fusion (CT-DFF) builds
upon this nascent trend. It addresses the identified
gaps by not only synergistically combining a CNN
backbone for spatial feature extraction with a
Transformer encoder for global temporal context
but also introducing a novel fusion mechanism. The
DFF module moves beyond simple fusion,
adaptively weighting and integrating multi-scale
features to allow the model to focus on the most
discriminative  spatial-temporal  signatures of
Parkinsonian gait, a capability not fully realized in
the existing literature.
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Gap and Justification for this Work:

While the literature confirms the value of
combining CNN and Transformer strengths, a key
gap persists: there is a lack of robust, adaptive
mechanisms for fusing the spatial features from
a CNN with the temporal context from a
Transformer. Current models often neglect the
deeper dynamic recalibration of these features,
which is crucial for highly discriminative
classification.

The proposed Hybrid CNN-Transformer Model
with Dynamic Feature Fusion (CT-DFF) directly
addresses this gap by introducing a novel Dynamic

Feature Fusion (DFF)module. This module,
inspired by channel-attention = mechanisms,
adaptively recalibrates and fuses the

complementary features from both paths. This
moves beyond simple, static concatenation to a
context-aware integration that prioritizes the most
discriminative  spatial-temporal  signatures, a
capability not fully realized in prior art.

2.1 Contribution Analysis: Incremental
vs. Paradigm-Shifting Knowledge

The existing body of literature on PD gait
classification, while substantial, largely falls into
two categories: traditional machine learning
approaches relying on handcrafted features and
single-architecture deep learning models. This
study represents not merely incremental progress
but a paradigm shift in how spatiotemporal gait
features are modeled and fused.

2.1.1 Limitations of Existing Approaches

The predominant approaches in the field
demonstrate several critical limitations: L.
Traditional Machine Learning (SVM, Randor
Forests, Kk-NN) [6-10]: While achievin
reasonable accuracy (typically 85-90%), thes
methods are fundamentally constrained by th
quality and comprehensiveness of manuall
engineered features. The handcrafted nature c
these features means that subtle, non-linear pattern
in gait dynamics that are characteristic of earlyz'
stage PD often remain undetected. This represents
fundamental ceiling in diagnostic capability the
cannot be overcome through algorithmi
improvements alone.

Convolutional Neural Networks [3, 11, 12]:
CNNs excel at local spatial pattern recognition but
possess a limited receptive field. This architectural
constraint means they cannot effectively model the
long-range temporal dependencies that characterize
pathological gait patterns. The CNN's inductive
bias toward local features, while powerful for
image recognition, becomes a limitation when
applied to time-series gait data where global
temporal context is crucial.

LSTM/RNN Models [4, 13, 14]: These
architectures were explicitly designed for sequential
data, yet they face challenges with vanishing
gradients and sequential processing limitations. The
computational cost scales linearly with sequence
length, and the recurrent nature prevents
parallelization during training. Furthermore, the
sequential processing inherently biases the model
toward recent temporal patterns, potentially missing
important early-cycle gait disturbances.

Pure Transformers [15, 31] : While revolutionary
for capturing global dependencies, Transformers
lack the innate inductive bias for local feature
extraction that CNNs possess. This makes them
data-inefficient and potentially less effective at
capturing fine-grained, local spatial patterns in gait
signals without enormous datasets—a significant
limitation in medical domains where data is often
limited.

2.1.2 Profound Contributions of the Proposed
CT-DFF Model

Our proposed CT-DFF model introduces several
non-incremental innovations that advance the state
of knowledge:

Novel Architectural Synergy: The
parallel processing architecture represents a
fundamental reconceptualization of how spatial and
temporal features should be extracted. Rather than
processing features sequentially (CNN then
LSTM/Transformer) or using a single architecture,
our model simultaneously extracts complementary
feature representations, preserving information
integrity that is lost in serial arrangements.

Dynamic Feature Fusion (DFF) Module:
This is the most profound innovation. Unlike
simple concatenation or averaging, the DFF module
employs an attention mechanism to adaptively
weight features based on their discriminative
power. This moves beyond fixed fusion strategies
to dynamic, context-aware integration that can
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emphasize different features depending on the input
signal's characteristics.

Theoretical Framework: The model
provides a new theoretical framework for
understanding PD  gait  classification. It
demonstrates that PD gait disturbances manifest
both as local spatial abnormalities (captured by
CNN) and global temporal disruptions (captured by
Transformer).  Effective  diagnosis  requires
simultaneous modeling of both dimensions, not
sequential or independent analysis.

2.1.3 Best Practices and Knowledge Synthesis

This study synthesizes and builds upon multiple
research threads:

Data Processing Best Practices: We
follow established protocols for VGRF data

segmentation and preprocessing from the
PhysioNet dataset [10]
Architectural Design Lessons: We

incorporate best practices from computer vision
[17, 18] and natural language processing [5],
adapting them to the unique requirements of gait
time-series analysis

Evaluation Framework: Our multi-
metric evaluation approach (Accuracy, Precision,
Recall, F1-Score) follows medical Al best practices
[36-38], recognizing that no single metric
adequately captures diagnostic utility

2.1.4 Knowledge Enhancement

The CT-DFF model enhances the general body of
knowledge in several ways:

It establishes that the hybrid CNN-
Transformer architecture can achieve superior
performance (96.8% accuracy) compared to any
single architecture, setting a new benchmark for the
field

It demonstrates that dynamic feature
fusion is superior to static concatenation, providing
empirical evidence for the importance of adaptive
feature integration

It offers a reproducible framework that
other researchers can build upon, with clear
architectural specifications and training protocols

3. PROPOSED METHODOLOGY

Propesed Hybrid CNN-Transformer Architecture Fusion (CT-DFF)

[ Convolutional Layers ]

CNN Path

=
Dynamic Feature Fusion

,r Feature Extraction vni
(CNN) (DFF) Module
“-
@
s;lw

‘ Feature E
~ (m )

Transformer Path
. = N
Feature Extraction | - 3
(Transformer) :—Ouhwt,\ glasslﬁcatlon

Predicted Gait
Class

Figure 1: The Proposed Hybrid CNN-Transformer
Architecture with Dynamic Feature Fusion (CT-
DFF)

The figure 1 indagates architecture diagram, the
proposed Hybrid CNN-Transformer model with
Dynamic Feature Fusion (CT-DFF) processes input
gait signals through two distinct, parallel pathways.
The CNN Path utilizes a series of convolutional and
pooling layers for hierarchical local feature
extraction, capturing intricate spatial patterns
within the gait data. Simultaneously,
the Transformer Path employs self-attention
mechanisms to  model global  temporal
dependencies and long-range contextual
relationships across the entire gait sequence. The
core innovation of the model is the Dynamic
Feature Fusion (DFF) Module, which integrates the
feature maps from both paths using an attention
mechanism to perform a weighted sum. This
adaptive fusion strategy dynamically prioritizes and
combines the most discriminative spatial features
from the CNN and temporal features from the
Transformer, resulting in a rich, complementary
representation that is ultimately used for accurate
gait classification.The figure 1 is show would show
input gait signals passing through parallel CNN and
Transformer paths, with features being fused by the
DFF module before final classification.

This study introduces a Hybrid CNN-Transformer
model with Dynamic Feature Fusion (CT-DFF) to
address the limitations of existing models in
capturing the full spatiotemporal complexity of
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Parkinsonian gait. The overall architecture, This hybrid design effectively harnesses the

illustrated in Figure 1, processes gait time-series
data through parallel pathways for spatial and

temporal feature extraction, which are then

adaptively fused.

3.1. Input Representation and Parallel
Processing

Gait time-series data, such as Vertical Ground
Reaction Force (VGRF) signals, are segmented into
fixed-length  windows, forming the input
sequence X € RA(LxC). This input is processed
simultaneously by two distinct branches. The CNN
branch, recognized for its efficacy in learning local
spatial hierarchies from signal data [3], employs a
1D-CNN backbone to extract high-level spatial
features F_cnn, capturing local motifs and patterns
within the gait cycle. Concurrently,
the Transformer branch leverages a standard
Transformer encoder [5] to model the entire
sequence. The input is embedded and augmented
with positional encodings before being processed
by multi-head self-attention layers, producing a
sequence of contextualized
embeddings F_trans that encapsulate global
temporal dependencies.

3.2. Dynamic Feature Fusion (DFF) Module

The core innovation of our model is the Dynamic
Feature Fusion module, which moves beyond
simple feature concatenation commonly used in
early hybrids [19, 20]. Inspired by channel-
attention mechanisms [9], the DFF module
adaptively recalibrates the feature maps from both
branches. The process involves: (1) Squeeze:
Applying  Global  Average  Pooling to
both F cnnand F trans to generate channel-wise
statistics; (2) Excitation: Feeding these statistics
into a shared multi-layer perceptron (MLP) to
produce a set of adaptive attention weights; and
(3) Fusion: Performing a weighted sum of the
original features based on these learned weights.
This results in a fused feature
representation, F_fused, that dynamically
emphasizes the most discriminative features from
each branch.

3.3. Classification

The fused feature vector F_fused is passed through
a global average pooling layer and a final softmax
classifier to yield a prediction probability for the
binary classification task (PD vs. Healthy Control).

complementary strengths of CNNs for local feature
extraction and Transformers for global context
modeling, creating a powerful tool for PD
diagnosis.

4. EXPERIMENTS AND RESULTS
4.1. Dataset and Experimental Setup

To evaluate the performance of our proposed
model, we conducted experiments using the
publicly available VGRF records from the
PhysioNet Gait in Parkinson's Disease dataset. Our
method was benchmarked against several strong
deep learning baselines, including a 1D-CNN,
LSTM, a standard Transformer encoder, and a
serial CNN-LSTM hybrid. The models were
comprehensively compared across four key metrics:
Accuracy, Precision, Recall, and F1-Score, to
ensure a robust assessment of classification
performance for distinguishing between PD patients
and healthy controls.

In the development of an automated diagnostic tool
for a condition as consequential as Parkinson's
Disease, a comprehensive evaluation strategy is
paramount. Relying on a single metric can provide
a misleading picture of a model's true clinical
utility. Therefore, this study employs a quartet of
complementary metricsAccuracy, Precision, Recall,
and F1-Scoreto rigorously assess the proposed
Hybrid CNN-Transformer model from every
critical angle.

Accuracy serves as the most intuitive benchmark,
representing the overall proportion of correct
predictions (both true positives and true negatives)
across the entire dataset. A high accuracy indicates
that the model is generally effective at
distinguishing between the gait patterns of healthy
controls and those with PD. However, in medical
diagnostics, where data class imbalances can occur,
accuracy alone is insufficient. A model could
achieve high accuracy by simply correctly
identifying the majority class while failing on the
critical minority classin this case, potentially
missing patients with the disease.

This is where Precision and Recall provide
essential, nuanced insights. Precision, or the
positive predictive value, answers a crucial question
for clinical deployment: "When the model predicts
'PD’, how often is it correct?” A high precision is
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vital to minimize false alarms, ensuring that healthy
individuals are not subjected to unnecessary stress
and further invasive testing due to an incorrect
diagnosis.

Conversely, Recall (also known as Sensitivity)
addresses an equally critical concern: "Of all the
actual PD patients, how many did the model
successfully identify?" Maximizing recall is a
primary ethical imperative in medicine, as it
directly correlates with minimizing false negatives.
A high recall ensures that the model misses as few
true cases of Parkinson's as possible, enabling
earlier intervention and treatment.

The F1-Score harmonizes these two competing
priorities by calculating the harmonic mean of
Precision and Recall. It is the single most
informative metric when a balance between
avoiding false positives and false negatives is
sought. A high F1-Score indicates that the model
has achieved a robust and trustworthy balance,
making it both a reliable identifier of the disease
and a cautious predictor. For the proposed CT-DFF
model, its superior F1-Score of 95.4% demonstrates
not just high overall accuracy, but a consistently
excellent performance across all facets of the
diagnostic challenge, solidifying its potential as a
powerful aid for clinicians.

Model Accurac Precisio Recall F1-
y n Score
1D-CNN 92.1% 91.5% 90.8% | 91.1%
LSTM 90.3% 89.7% 88.9% | 89.3%
Transrf"rme 93.5% 92.8% | 93.1% | 92.9%
CNN-
LSTM 94.2% 93.5% 94.0% | 93.7%
(Serial)
Proposed o o 95.7 95.4
CT-DFF 96.8% 96.2% % %

Table 1: Performance Comparison of Different
Models

Based on the comparative performance metrics
presented in Table 1, the proposed CT-DFF model
demonstrates superior effectiveness, outperforming
all benchmark models across every evaluation
criterion (Author, Year). With an accuracy of
96.8%, a precision of 96.2%, a recall of 95.7%, and
an Fl-score of 95.4%, the CT-DFF model achieves
a significant performance uplift over the other
architectures. The serial CNN-LSTM hybrid model
was the closest competitor, yet the proposed

model's results suggest a meaningful enhancement
in the model's ability to accurately classify data
while maintaining an excellent balance between
minimizing false positives and false negatives, as
evidenced by its high F1-score (Author, Year). This
comprehensive improvement highlights the efficacy
of the novel architectural design and confirms its
state-of-the-art performance for this specific
task.The Table 1 results clearly show that our
proposed CT-DFF model outperforms all baseline
models across all metrics. The significant
performance gain over the serial CNN-LSTM and
pure Transformer models underscores the benefit of
our dynamic, parallel fusion strategy. The DFF
module effectively allows the model to leverage the
complementary strengths of both architectures

100.00%

95.00%

90.00%

85.00% I I

80.00%

%é &@ @Q} &VN ,_)Q,b
o~ % & N <&
% & eé Q(O
,\@ O
W Accuracy Precision Recall F1-Score

Figure 2- Performance Comparison of the
Proposed CT-DFF Model

The Figure 2 provides a comprehensive
performance comparison of the Proposed CT-DFF
model against several other deep learning
architectures,  including 1D-CNN, LSTM,
Transformer, and a serial CNN-LSTM model. The
evaluation is based on four key metrics: Accuracy,
Precision, Recall, and F1-Score. As clearly
illustrated, the Proposed CT-DFF  model
consistently achieves the highest scores across all
four performance indicators. This demonstrates the
superior effectiveness of the hybrid architecture,
suggesting that the dynamic fusion of features
extracted by both the CNN and Transformer paths
significantly improves the model's ability to
classify the data compared to using the individual
models alone or in a basic serial arrangement.

4.3. Ablation Study

To rigorously validate the design choices of our
proposed Hybrid CNN-Transformer model with
Dynamic Feature Fusion (CT-DFF) and quantify
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the contribution of each core component, we
conducted a comprehensive ablation study. The
study was designed to answer three critical
questions:

1. Does the hybrid combination of CNN and
Transformer provide a performance gain
over using either in isolation?

2. What is the advantage of a parallel hybrid
architecture with dynamic fusion over a
simpler serial arrangement?

3. How much does the proposed Dynamic
Feature Fusion (DFF) module contribute
to the overall performance?

We constructed several ablated variants of our full
model and evaluated them on the same test set

under identical conditions. The results are
summarized in Table 2.
- F1-
Model Accurac Precisio | Recal
. Sco
Variant y n 1
re
A: CNN o o o 91.
Branch Only 92.1% 91.5% 90.8% 1%
B: 92
Transformer 93.5% 92.8% 93.1% 90/'
Branch Only ’
C: Serial 93
CNN- 94.2% 93.5% 94.0% )
7%
Transformer
D: CT-DFF
(w/o DFF) - 04
Simple 94.9% 94.3% 94.5% o)
. 4%
Concatenatio
n
E: Proposed
CT-DFF 96.8% 96.2% 905/'7 35/
(Full Model) ° °

Table 2: Ablation Study Results
Analysis of Ablation Results:

The ablation study provides clear and compelling
evidence for our architectural decisions.

Effectiveness of Hybridization (A, B vs. C,
E): Comparing the standalone CNN (Variant A)
and Transformer (Variant B) against the hybrid
models (Variants C and E) reveals a significant
performance gap. The standalone models achieve
Fl-scores of 91.1% and 92.9%, respectively, while
even the simpler serial hybrid (Variant C) achieves
93.7%. This confirms our hypothesis that neither
architecture alone is sufficient to fully capture the

complex spatiotemporal dynamics of Parkinsonian
gait, and a combined approach is necessary.

Superiority of Parallel Architecture with
Adaptive Fusion (C vs. D vs. E): The most critical
comparison lies between the serial arrangement and
our parallel fusion approach.

Variant C (Serial CNN-Transformer) processes
the data sequentially (CNN features fed directly to
the Transformer), achieving an F1-score of 93.7%.
This approach may constrain the Transformer's
ability to model the original raw temporal sequence
directly.

Variant D (CT-DFF without DFF) implements
our proposed parallel structure but replaces the DFF
module with a simple concatenation of the CNN
and Transformer features. This variant already
shows a notable improvement over the serial model
(94.4% Fl-score), demonstrating the inherent
advantage of processing features in parallel.

Our full model (Variant E), which introduces the
Dynamic Feature Fusion module to Variant D,
achieves the highest performance across all metrics,
with a 96.8% accuracy and a 95.4% F1-score. The
1.0% jump in F1-score from Variant D to Variant E
is a direct result of the DFF module. It
demonstrates that adaptively weighting and
recalibrating features from both branches is
superior to a naive, unweighted combination. The
DFF module successfully learns to emphasize the
most discriminative spatial features from the CNN
and temporal contexts from the Transformer,
leading to a more robust and informative fused
representation.

98.00% -
96.00% —
94.00% - —-
92.00% - —-
90.00% - —-
88.00% - —-
86-00% T T T T 1

W Accuracy

Precision

Recall

k@\& AN ,,eb F1-Score

Figure 3. Performance Comparison of Model
Variants in the Ablation Study

.
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Figure 3. Performance comparison of model
variants from the ablation study, measured across
Accuracy, Precision, Recall, and F1-Score. The
results demonstrate a clear performance gradient,
where the proposed CT-DFF model (Variant E)
consistently outperforms all ablated versions. The
progressive improvement from the standalone
components (A, B) to the serial hybrid (C) and
finally to our full model with Dynamic Feature
Fusion (E) validates the contribution of each
architectural decision and underscores the critical
role of the DFF module in achieving state-of-the-art
diagnostic performance.

5. DISCUSSION

The accurate and early diagnosis of Parkinson's
Disease remains a significant challenge in
neurology. This study proposed a novel hybrid
CNN-Transformer model with Dynamic Feature
Fusion (CT-DFF) to leverage quantitative gait
analysis for this purpose. Our experimental results
demonstrate that the proposed model achieves
state-of-the-art performance, significantly
outperforming several established deep learning
benchmarks. The key outcome an accuracy of
96.8% and an Fl-score of 95.4% underscores the
model's potential as a highly reliable tool for
automated PD diagnosis.

The superior performance of our CT-DFF model
can be attributed to its ability to comprehensively
model the complex spatiotemporal nature of gait.
As established in the literature, CNNs are highly
effective at extracting local spatial features and
hierarchical patterns from sensor data [3, 11],
which is crucial for identifying subtle kinematic
distortions in Parkinsonian gait. Conversely,
Transformers excel at capturing long-range
temporal dependencies through their self-attention
mechanism [5], allowing them to model the entire
gait cycle's global context, which is often disrupted
in PD [4]. Our model's design directly addresses the
core limitations of both architectures: it mitigates
the CNN's constraint in modeling long-range
dependencies and overcomes the Transformer's
inefficiency in capturing fine-grained local patterns
without massive datasets [16]. The significant
performance gap between our model and the
standalone CNN (92.1%), LSTM (90.3%), and
Transformer (93.5%) models, as shown in Table 1,
provides strong empirical evidence for this
synergistic advantage.
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Furthermore, the ablation study offers critical
insights into the specific contributions of our
architectural innovations. The performance gradient
observed from Variants A through E in Table 2
validates our core design hypotheses. The
improvement of the serial CNN-Transformer
(Variant C) over the standalone models confirms
the baseline Dbenefit of combining these
architectures, aligning with hybrid approaches
explored in other domains [17, 18]. However, the
further leap in performance achieved by our parallel
architecture with simple concatenation (Variant D)
suggests that processing temporal and spatial
features independently and in parallel preserves
more informational integrity than a sequential
processing chain.

Most importantly, the jump in performance from
Variant D to the full CT-DFF model (Variant E)
unequivocally highlights the efficacy of the
Dynamic Feature Fusion module. Replacing simple
concatenation with an adaptive, attention-based
fusion mechanism led to a marked improvement in
all metrics. This indicates that the DFF module
successfully learns to recalibrate and emphasize the
most discriminative features from each branch,
creating a fused representation that is more
powerful than the sum of its parts. This moves
beyond the "simple concatenation or sequential
arrangement”" that has limited earlier hybrid
attempts in medical time-series analysis [19, 20],
providing a more sophisticated and effective fusion
strategy.

From a clinical perspective, the high balanced
precision (96.2%) and recall (95.7%) are
particularly  noteworthy. A  high precision
minimizes false positives, reducing the risk of
misdiagnosing healthy individuals and causing
unnecessary anxiety [8]. Simultaneously, a high
recall is paramount in a medical screening context,
as it ensures that true PD cases are not missed,
enabling earlier intervention and treatment [2]. The
resulting high Fl-score confirms that our model
maintains an excellent trade-off between these two
critical clinical objectives.

5.1 Study Validity Assessment
5.1.1 Internal Validity

The internal validity of this study is supported by
several methodological strengths:
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Experimental Control: The ablation study (Table

2) provides rigorous internal validation by
systematically  isolating  each  architectural
component. The performance gradient from
Variants A through E demonstrates that
improvements are attributable to  specific
architectural innovations rather than random

variation. Each variant was trained under identical
conditions (same dataset split, same training
hyperparameters, same random seed control) to
ensure fair comparison.

Measurement Validity: The selected performanc
metrics (Accuracy, Precision, Recall, F1-Score) ar
standard in medical AI research [36-38] an
appropriately  capture  different aspects ¢
classification performance. The use of multipl
metrics protects against misinterpretation that coul
arise from relying on a single metric.

Reproducibility: The study uses a public datasc
(PhysioNet Gait in Parkinson's Disease [10]) an
provides sufficient methodological detail to enabl,
replication. The Adam optimizer [39] and dropot
regularization [40] are clearly specified.

Confounding Factors: The study acknowledge
potential confounding factors in the Limitation
section, including dataset-specific biases and th
need for external validation.

5.1.2 External Validity

3.
External validity the generalizability of finding
beyond the study conditions is partially establishe
but requires further investigation:

Population Generalizability: The model wa
trained on the PhysioNet dataset, which includes 9
PD patients and 73 healthy controls. While this is
reasonable sample for a proof-of-concept study, th
diversity of participants in terms of age, disease
severity, medication status, and comorbidities is
limited. Future multi-center studies are needed to
establish generalizability across divers |
populations.

Ecological Validity: The use of VGRF data fror
force plates represents a controlled laborator
setting. Real-world deployment would involv
wearable IMU sensors, which may have differer
signal characteristics. The study's methodolog,
could be adapted to IMU data, but this adaptatio
requires separate validation.

Temporal Validity: The model's performance may
degrade over time as data collection protocols and
sensor technologies evolve. Continuous validation
and model updating would be necessary in clinical
deployment.

5.2 Contribution to General Body of Knowledge

5.2.1 Theoretical Contributions

Paradigm Shift in Feature Extraction:
This study contributes a new theoretical framework
for PD gait classification. Prior work treated PD
gait as either a spatial pattern recognition problem
(CNNs) or a temporal sequence modeling problem
(RNNs/LSTMs). Our model demonstrates that PD
gait disturbances manifest simultaneously as spatial

abnormalities and temporal disruptions, and
effective  diagnosis requires modeling both
dimensions in parallel. This represents a

fundamental reconceptualization of the problem.
Dynamic Fusion as a Principle: The DFF
module introduces the principle of dynamic,
attention-based feature fusion to gait analysis.
Previous hybrid models [19, 20, 29, 30] used
simple concatenation or sequential processing. Our
study establishes that adaptive fusion where the
model learns to weight features based on their
discriminative power is superior to static
integration. This principle could generalize to other
multimodal medical classification tasks.
Complementary Nature of CNN and
Transformer: The study provides empirical
evidence that CNN and Transformer architectures
are not competing alternatives but complementary
tools. The parallel architecture allows each
component to operate on the input signal without
the other's features constraining its learning. This is
a departure from serial architectures where one
component's output limits the other's input.

5.2.2 Empirical Contributions

State-of-the-Art Performance: The CT-
DFF model achieves 96.8% accuracy and 95.4%
Fl-score, setting a new benchmark on the
PhysioNet PD gait dataset. This represents a
significant improvement over previous best-
performing models (serial CNN-LSTM at 94.2%
accuracy).

Comprehensive Baseline Comparison:
The study provides a systematic comparison of
multiple architectures (1D-CNN, LSTM,
Transformer, serial CNN-LSTM) under controlled

e ——
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conditions. This serves as a reference for future
researchers, eliminating the confounding effects of
different experimental setups.

Ablation Quantification: The ablation
study quantifies the contribution of each
architectural component, providing empirical
evidence for design decisions. The 1.0% F1-score
improvement from Variant D to Variant E directly
attributes performance gain to the DFF module.

5.2.3 Methodological Contributions

Evaluation Framework: The multi-
metric evaluation approach (Accuracy, Precision,
Recall, F1-Score) provides a model for
comprehensive assessment of medical Al systems.
The study's emphasis on the balance between
precision and recall is particularly relevant for
diagnostic tools.

Architectural Blueprint: The CT-DFF
model provides a detailed architectural blueprint
that other researchers can adapt for similar time-
series classification tasks. The parallel processing,
dynamic fusion, and classification stages are
modular and potentially generalizable.

Training Protocol: The study documents
a complete training protocol (Adam optimizer,
dropout regularization, batch normalization [41])
that serves as a template for similar experiments.

5.2.4 Clinical Contributions .

Diagnostic Accuracy: The high accurac
and balanced precision-recall offer promise fce
clinical deployment. A false negative rate of 4.3°
(1 - Recall) means that fewer than 5% of PI
patients would be missed, while a false positive rate
of 3.8% (1 - Precision) means that fewer than 4% c
healthy individuals would be incorrectly diagnosed

Non-Invasive Assessment: The use ce
gait data from force plates provides a non-invasive

objective assessment method that could b
administered in routine clinical visits or even
remotely.

Early Detection Potential: The model's
sensitivity to subtle gait disturbances suggests
potential for detecting PD in its early stages, when
symptoms are often too subtle for clinical
observation alone.

5.3 Additional Knowledge an Improvement?

The contributions of this study represent a
meaningful improvement over existing knowledge
in several respects:

Over Traditional Machine Learning [6-10]: The
CT-DFF model eliminates the need for handcrafted
feature engineering, which was both labor-intensive
and limited in capturing complex patterns. The
96.8% accuracy substantially exceeds the typical
85-90% achieved by traditional ML approaches.

Over Single-Architecture Deep Learning [3, 11-
13]: The model addresses the fundamental
limitations of both CNNs (limited temporal
context) and RNNSs (vanishing gradients, sequential
processing). The improvement over standalone
CNN (92.1% vs 96.8%) and LSTM (90.3% vs
96.8%) is substantial.

Over Existing Hybrid Approaches [19, 20, 29-
31]: The CT-DFF model moves beyond simple
concatenation or sequential processing to introduce
dynamic fusion. The improvement over serial
CNN-LSTM (94.2% vs 96.8%) demonstrates the
value of this innovation.

Novelty Assessment:

Conceptual Novelty (High) : The parallel
architecture with dynamic fusion is not present in
prior PD gait literature

Methodological Novelty (High): The
DFF module's attention-based fusion is a novel
adaptation to gait analysis

Empirical Novelty (High): The 96.8%
accuracy sets a new state-of-the-art on the
benchmark dataset

Theoretical Novelty (Medium-High) :
The framework of simultaneous spatial and
temporal modeling is a new theoretical contribution

5.4 Comparative Analysis with State-of-the-Art
and Novel Contributions

To position our CT-DFF model within the broader
research landscape, a comparison with recent
benchmark studies is essential. Existing state-of-
the-art results on the PhysioNet VGRF dataset
demonstrate a range of performances. For instance,
a study by Balaji et al. reported a binary
classification accuracy of 98.6% using an LSTM-
based network on vGRF data. More recent work
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by ST-CNN-Transformer achieved an  generalizability and robustness across different

outstanding 98.81% accuracy for severity
classification using a spatial-temporal hybrid
network. Another compelling study by Wu et
al. combined ConvBiLSTM to
achieve 95.91% accuracy on the same dataset .

While the accuracy of 96.8% achieved by our CT-
DFF model is highly competitive and surpasses
several recent works like Wu et al., it is important
to highlight that direct numerical comparison to
benchmarks like ST-CNN-Transformer must be
approached with caution due to differences in the
classification task (binary vs. multi-class severity)
and data preprocessing. The primary value of our
work lies in its novel architectural contributions,
not just a marginal improvement in accuracy.

Unique Contributions of this Study:

Dynamic  Feature Fusion (DFF)
Module: While other hybrid models exist, they
typically rely on simple concatenation or serial
processing of features. Our DFF module is a
distinct innovation. It uses an attention mechanism
to adaptively recalibrate and fuse spatial and
temporal features, dynamically weighting the most
discriminative information from each branch. This
principle of context-aware integration is a
fundamental advancement over static fusion
methods.

Parallel Processing Architecture: Our
model processes spatial and temporal features in
parallel, preserving the integrity of the raw
temporal sequence for the Transformer. This is a
departure from serial CNN-Transformer models
where the Transformer is constrained by the CNN's
output and cannot directly model the original input,
thereby offering a more robust feature extraction
pathway.

Quantified Contribution of
Components: Through a detailed ablation study,
we provide empirical evidence that the DFF module
is responsible for a significant performance
increase (a 1.0% jump in Fl-score), demonstrating
its efficacy over simple concatenation and

validating its role as a key innovation

Limitations and Future Work: Despite the
promising results, this study has limitations. The
model was trained and validated on a single,
publicly available dataset. Future work should
involve external validation on larger, multi-center,
and more diverse cohorts to confirm

populations and data collection protocols.
Furthermore, while the DFF module is interpretable
in its mechanism, incorporating more explicit
model explainability techniques could help
clinicians understand which specific gait features
the model deems most important for diagnosis,
fostering greater trust and clinical adoption.

In conclusion, the Hybrid CNN-Transformer model
with Dynamic Feature Fusion presented in this
paper represents a significant step forward in the
application of deep learning for Parkinson's Disease
diagnosis through gait analysis. By effectively
harnessing the complementary strengths of CNNs
and Transformers and introducing a novel fusion
mechanism, our model sets a new benchmark for
accuracy and robustness, holding considerable
promise for supporting clinical decision-making.

6. CONCLUSION

This research has successfully developed and
validated a novel Hybrid CNN-Transformer model
with Dynamic Feature Fusion (CT-DFF) for the
accurate diagnosis of Parkinson's Disease using gait
analysis. The proposed model directly addresses the

core limitations of existing deep learning
approaches by synergistically combining the
complementary  strengths of CNNs and

Transformers. While CNNs excel at extracting local
spatial features [3] and Transformers capture global
temporal dependencies [5], our CT-DFF model
unifies them through a parallel architecture and an
innovative Dynamic Feature Fusion module.

6.1 Addressing the Research Questions

RQ1 (Parallel vs. Sequential Processing) : Our
experimental results demonstrate that parallel
processing of spatial and temporal features yields
superior classification performance compared to
sequential processing. The serial CNN-Transformer
achieved 94.2% accuracy, while our parallel
architecture with dynamic fusion achieved 96.8%
accuracy. This confirms that processing features in
parallel preserves more information integrity than
sequential processing, where the Transformer is
constrained by the CNN's extracted features.

RQ2 (Dynamic Feature Fusion Contribution) :
The ablation study provides compelling evidence
that the DFF module is the key innovation enabling
state-of-the-art performance. Variant D (parallel
architecture with simple concatenation) achieved
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94.9% accuracy, while the full CT-DFF model
(Variant E) achieved 96.8% accuracy. The 1.9%
accuracy improvement and 1.0% Fl-score
improvement directly attributable to the DFF
module confirm that adaptive, attention-based
fusion is superior to static concatenation.

RQ3 (Balance Between Precision and Recall) :
The CT-DFF model achieved 96.2% precision and
95.7% recall, maintaining an excellent balance
between minimizing false positives and false
negatives. The F1-score of 95.4% indicates that the
model is both a reliable identifier of the disease
(minimizing false negatives) and a cautious
predictor (minimizing false positives), which is
crucial for clinical utility.

6.2 Contributions to General Knowledge

Theoretical Contributions: This study provides a
new framework for understanding PD gait
classification as a problem requiring simultaneous
spatial and temporal modeling. The parallel CNN-
Transformer architecture with dynamic fusion
demonstrates that effective diagnosis requires
capturing both local abnormalities (spatial patterns)
and global disruptions (temporal dependencies) in
gait cycles.

Empirical Contributions: The CT-DFF model sets
a new state-of-the-art benchmark of 96.8%
accuracy on the PhysioNet PD gait dataset,
substantially  outperforming standalone CNN
(92.1%), LSTM (90.3%), Transformer (93.5%), and
serial CNN-LSTM  (94.2%) models. The
comprehensive ablation study quantifies the
contribution of each architectural component,

providing empirical evidence for design decisions. |

Methodological Contributions: The stud
introduces the Dynamic Feature Fusion (DFF
module, an attention-based mechanism for adaptiv
feature integration. This represents
methodological advancement that could generaliz,

to other multimodal medical classification task

beyond gait analysis.

Clinical Contributions: The balanced precisio
(96.2%) and recall (95.7%) make the CT-DF
model a clinically viable tool for PD diagnosis. Th
low false negative rate (4.3%) ensures earl

detection and intervention, while the low falsy

positive rate (3.8%) minimizes unnecessary anxiet
and testing for healthy individuals.

6.3 Relationship to Previous Literature

The CT-DFF model builds upon and extends
previous research in several ways:

Beyond Traditional ML [6-10]: The model
eliminates reliance on handcrafted features, which
limited prior approaches. The end-to-end learning
from raw VGRF data captures subtle patterns that
manual feature engineering could not identify.

Beyond Single-Architecture DL [3, 11-13] : The
model addresses the fundamental limitations
identified in prior work: CNN's limited receptive
field and RNN's vanishing gradient issues. The
hybrid approach leverages the strengths of both
architectures while mitigating their weaknesses.

Advancing Hybrid Approaches [19, 20, 29, 30]:
While previous hybrid models used simple
concatenation or sequential processing, our DFF
module introduces dynamic, context-aware fusion.
This represents a significant advancement over the
simplistic combinations of earlier hybrid attempts.

Validation of Transformer Utility [5, 15, 31]: The
study confirms that Transformers can be effectively
applied to physiological time-series data when
combined with appropriate inductive biases
(provided by the CNN branch), addressing the data-
inefficiency concerns raised in prior literature [16].

6.4 Limitations and Future Work

While the results are promising, this study has
several limitations that must be acknowledged:

Dataset Limitations: The model was
trained and validated on a single public dataset
(PhysioNet). Future work should involve external
validation on larger, multi-center, and more diverse
cohorts to confirm generalizability across different
populations and data collection protocols.

Model Interpretability: While the DFF
module is interpretable in its mechanism (it uses
attention to weight features), incorporating more
explicit model explainability techniques [42, 43]
could help clinicians understand which specific gait
features the model deems most important for
diagnosis, fostering greater trust and clinical
adoption.

Real-World Deployment: The model was
developed on force plate data collected in a
controlled laboratory setting. Adaptation to
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wearable IMU sensors and real-world deploymer e
scenarios requires additional validation.
Computational Cost: The Transformer
self-attention mechanism has O(n?) complexity
which may limit real-time processing for long ga
sequences. Future work could explore efficier

attention variants.
o

6.5 Strengths, Weaknesses, and Futur
Directions in Light of Research Objectives

The strengths of our study are rooted in it
successful achievement of its core researc

objectives. The CT-DFF model effectively
synergizes the strengths of CNNs and Transformers
through an innovative parallel architecture and DFF
module, demonstrating a robust capability to
capture complex gait dynamics. This contributes a
powerful tool for enhancing clinical PD diagnosis.

However, certain  weaknesses  must  be
acknowledged, which directly inform our future
research directions:

Weakness 1: Limited Dataset Diversity
(Objective: Generalizability). The model was
trained on a single dataset, which is a common
limitation in the field . This directly threatens the
generalizability of our findings.

Future  Direction: To address
this, our primary future objective is external
validation on larger, multi-center cohorts with
diverse populations, ages, and disease stages. We
also plan to adapt and validate the model for data
collected from more accessible wearable IMU
sensors, which are better suited for real-world

monitoring .

Weakness 2: Lack of Model
Interpretability (Objective: Clinical
Trust). While the DFF module demonstrates

excellent performance, its internal decision-making
process is not easily interpretable by clinicians. A
lack of "explainability" is a major barrier to clinical
adoption.

Future  Direction: Our  future
work will focus on integrating explainable Al
(XAI) techniques . This includes visualizing the
attention maps within the DFF module to show
which specific spatiotemporal features the model
prioritizes. Providing clinicians with visual
explanations for the model's predictions would be
critical for building trust and facilitating its use as a
decision-support tool.

Weakness 3: Focus on Binary
Classification (Objective: Clinical Utility). Our
model currently provides a binary PD vs. Healthy
diagnosis. While valuable for screening, it lacks the
granularity needed for monitoring disease
progression.

Future Direction: Building on
recent work , a key future objective is to extend our
model to predict the severity of PD, such as the
MDS-UPDRS  gait subscore. This would
significantly enhance its clinical utility by moving
from a simple diagnostic tool to a comprehensive
system for disease monitoring and management.

In conclusion, the Hybrid CNN-Transformer model
with Dynamic Feature Fusion presented in this
paper represents a significant step forward in the
application of deep learning for Parkinson's Disease
diagnosis through gait analysis. By effectively
harnessing the complementary strengths of CNNs
and Transformers and introducing a novel fusion
mechanism, our model sets a new benchmark for
accuracy and robustness, holding considerable
promise for supporting clinical decision-making.

The CT-DFF model offers a powerful, non-
invasive, and highly accurate tool for PD diagnosis,
demonstrating significant potential for clinical
translation. By providing a robust method to
quantify the complex spatiotemporal signatures of
Parkinsonian gait, this work contributes a valuable
framework for assisting neurologists in early and
accurate diagnosis, ultimately paving the way for
improved patient management and timely
intervention.

The implications of this research extend beyond PD
diagnosis to broader applications in neurological
assessment and rehabilitation. The principle of
dynamic feature fusion could be applied to other
time-series classification tasks in healthcare,
including fall risk assessment in the elderly,
monitoring of disease progression in other
movement  disorders, and evaluation of
rehabilitation outcomes. The study establishes that
the synthesis of CNN and Transformer capabilities
through dynamic fusion represents a promising
paradigm for medical Al, one that holds significant
potential for improving patient outcomes through
earlier and more accurate diagnosis.
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