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Abstract

Background: Gait impairment is common in neurological conditions, including stroke, Parkinson’s
disease, multiple sclerosis, cerebral palsy, and spinal cord injury. Reliable gait assessment can
inform clinical evaluation, rehabilitation planning, and monitoring of functional change. Artificial
intelligence (Al), including machine learning, deep learning, and computer vision, may enable
automated analysis of gait data collected using wearable sensors, cameras, and instrumented
systems. However, evidence varies across populations, technologies, outcomes, and validation
designs.

Objective: This protocol describes a systematic review that will examine Al-based gait analysis in
neurological rehabilitation, focusing on computational methods, data-acquisition technologies,
assessment tasks, validation practices, reported performance, clinical relevance, and barriers to
implementation.

Methods: The review will search relevant biomedical and engineering databases using a
reproducible, database-adapted strategy. Eligible primary studies will evaluate Al methods
applied to gait-related data in people with neurological disorders or in clearly defined neurological
rehabilitation applications. Two reviewers will independently screen records and extract data
where feasible. Risk of bias will be assessed using tools appropriate to study design and purpose.
Findings will be synthesized narratively; meta-analysis will be considered only when studies are
sufficiently comparable. Reporting will follow PRISMA 2020 guidance.

Conclusion: This protocol establishes a transparent plan for evaluating the evidence on Al-based
gait analysis in neurological rehabilitation. The completed review will distinguish technical
feasibility from measurement validity, generalizability, clinical utility, and patient-centered
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benefit. No study counts, performance estimates, or conclusions about the included evidence are
reported here because the search, screening, and data extraction have not yet been verified.
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Artificial intelligence; gait analysis; neurological rehabilitation; machine learning; deep learning;
computer vision; wearable sensors; systematic review protocol.

1. Introduction

1.1 Background on Gait Analysis in Neurological Rehabilitation

Gait is a complex, coordinated motor activity involving the integration of the central nervous system,
peripheral nervous system, musculoskeletal system, sensory feedback mechanisms, and postural control
processes. Normal walking requires the coordinated regulation of muscle activation, joint movement,
balance, and the timing of successive steps. Neurological disorders can disrupt these processes, resulting in
abnormalities in walking speed, stride length, cadence, step symmetry, foot clearance, postural stability,
and overall mobility. Such impairments may reduce functional independence, increase the risk of falls,
restrict participation in daily activities, and negatively affect quality of life. Consequently, gait assessment
is an essential component of neurological rehabilitation, supporting clinical evaluation, treatment planning,
progress monitoring, and the measurement of rehabilitation outcomes.[1]

Gait impairment occurs across a broad range of neurological conditions, although its characteristics vary
according to the underlying disease, severity, disease progression, and individual functional status.
Following stroke, for example, motor weakness, impaired coordination, spasticity, and asymmetrical
weight-bearing may contribute to reduced walking efficiency and uneven step patterns. Parkinson’s disease
is frequently associated with bradykinesia, reduced stride length, shuffling steps, freezing of gait, and
impaired postural control. People with multiple sclerosis may experience variable walking capacity, fatigue-
related deterioration, balance difficulties, and changes in gait performance over time. Cerebral palsy may
involve persistent abnormalities in muscle tone, selective motor control, joint movement, and walking
mechanics, whereas spinal cord injury can produce gait limitations associated with impaired motor and
sensory pathways. These differences highlight the need for assessment approaches that can capture both
shared gait abnormalities and condition-specific movement patterns [6, 11, 23, 25].

In clinical practice, gait assessment may involve observational examination, standardized functional tests,
instrumented gait analysis, and patient-reported measures. Common functional assessments include
walking-speed tests, the Timed Up and Go test, and the six-minute walk test. Instrumented approaches may
use motion-capture systems, force plates, pressure-sensitive walkways, electromyography, and wearable
inertial sensors to quantify movement characteristics. These methods provide complementary information:
functional tests characterize overall mobility and endurance, whereas instrumented systems can provide
more detailed measurements of gait mechanics and temporal-spatial parameters.

The purpose of gait assessment extends beyond identifying abnormal movement. Rehabilitation
professionals also need to determine whether an intervention produces meaningful functional improvement,
whether changes persist outside the clinical environment, and whether an individual's gait performance is
improving in ways that support everyday mobility. Repeated measurements can help identify progress,
guide adjustments to treatment intensity, and inform decisions concerning assistive devices or additional
rehabilitation support. However, these objectives require assessment methods that are sufficiently reliable,
sensitive to change, and feasible for repeated use. [3]
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Recent developments in digital sensing, computational biomechanics, and artificial intelligence (Al) have
created new opportunities to address these requirements. By analyzing movement data collected through
wearable devices, cameras, pressure sensors, and laboratory-based motion-capture systems, Al methods can
identify complex patterns that may be difficult to quantify through visual observation alone. Their potential
relevance lies not only in automated classification of gait abnormalities but also in the possibility of
supporting continuous monitoring, individualized assessment, and data-informed rehabilitation decisions.
Nevertheless, the clinical value of these technologies depends on the quality of their measurements, the
representativeness of the populations used for model development, and evidence that algorithmic outputs
are meaningful for rehabilitation practice.

1.2 Limitations of Conventional Gait Assessment

Conventional gait assessment remains fundamental to neurological rehabilitation, but existing approaches
have several limitations that may restrict the depth, frequency, and generalizability of gait evaluation. These
limitations vary by assessment method and clinical setting; therefore, traditional clinical tests, observational
examination, and instrumented gait analysis should not be considered interchangeable.

First, observational gait assessment can be influenced by examiner experience, visual judgment, assessment
conditions, and the complexity of the movement abnormality. Experienced clinicians can identify clinically
important patterns, but visual observation may be insufficient to quantify subtle changes in joint motion,
step timing, variability, or movement symmetry. Differences in examiner interpretation can also affect
consistency, particularly when abnormalities are complex or when changes over time are small.
Instrumented measurements can complement clinical observation by providing quantitative data, although
measurement quality still depends on the equipment, protocol, and interpretation used.

Second, sophisticated instrumented gait-analysis systems may require specialized facilities, trained
personnel, equipment maintenance, and substantial financial investment. Optical motion-capture
laboratories and force-plate systems can provide detailed biomechanical measurements, but their
availability may be limited in smaller rehabilitation facilities and resource-constrained healthcare systems.
Laboratory testing also commonly occurs under controlled conditions, which may not fully represent the
movement patterns individuals demonstrate at home, in the community, or during everyday activities.

Third, many conventional assessments provide information about performance during a specific test or at
a particular time. Standardized walking tests are useful for evaluating functional capacity, but they may not
capture fluctuations in gait across different environments, fatigue states, medication cycles, or daily
activities. A single assessment may therefore fail to represent the variability of an individual's walking
performance. Wearable sensing and other remote-monitoring technologies offer potential ways to address
this limitation, although they introduce their own concerns regarding sensor placement, adherence, data
completeness, and measurement accuracy.

Fourth, conventional gait measures may not fully capture the multidimensional nature of neurological
movement impairment. Walking speed, cadence, stride length, and symmetry are clinically relevant, but no
single parameter adequately describes every aspect of gait quality, stability, adaptability, and functional
independence. Two individuals may demonstrate similar walking speeds while differing substantially in
balance, compensatory movement strategies, fatigue, or the effort required to walk. A comprehensive
assessment therefore requires consideration of multiple parameters and their relationships to functional
outcomes.
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Finally, translating gait measurements into individualized treatment decisions remains challenging.
Clinicians must interpret measurements in the context of diagnosis, disease severity, cognitive and sensory
function, comorbidities, rehabilitation goals, and the individual's everyday environment. Conventional
assessments can support these decisions, but their ability to combine large volumes of heterogeneous
movement data is limited by practical constraints [11, 23].

Al-based methods may help address some of these challenges by automating feature extraction, identifying
complex relationships, and integrating information from multiple sensors. However, Al does not
automatically eliminate measurement error, subjectivity, or accessibility barriers. Algorithmic predictions
can be unreliable when input data are noisy, patient populations differ from training datasets, or models
have not been externally validated. Al should therefore be evaluated as a potential complement to
established clinical assessment rather than as an assumed replacement for professional judgment.

1.3 Role of Artificial Intelligence in Gait Analysis

Artificial intelligence encompasses computational methods that perform tasks such as pattern recognition,
prediction, classification, and decision support by learning from data or applying structured computational
rules. In gait analysis, Al can be used to process movement signals, identify gait events, extract meaningful
features, classify movement abnormalities, estimate functional outcomes, and examine changes in gait over
time. Its application is particularly relevant to neurological rehabilitation because gait impairment often
involves complex, nonlinear, and interacting movement characteristics that may not be adequately
represented by a small set of manually selected measurements.

1.3.1 Machine learning for gait classification and assessment

Traditional machine-learning techniques, including support vector machines, random forests, decision
trees, and other supervised-learning algorithms, can use extracted gait features to distinguish between
predefined classes or estimate clinically relevant outcomes. Input features may include step duration, stride
length, cadence, acceleration patterns, angular velocity, joint trajectories, and measures of movement
variability.

In neurological populations, these techniques may be investigated for identifying gait patterns associated
with particular disorders, differentiating levels of functional impairment, detecting freezing-of-gait
episodes, or classifying changes in walking performance. Their performance depends on the
representativeness of the training data, the reliability of the reference labels, the choice of features, and the
evaluation design. High classification accuracy in a small or highly controlled dataset does not necessarily
demonstrate clinical usefulness in a different hospital, population, or real-world environment.

1.3.2 Deep learning and automated feature extraction

Deep-learning approaches, including convolutional neural networks and recurrent neural networks, can
learn representations from complex signals and sequential data. Depending on the task and dataset, these
models may be applied to wearable sensor recordings, video sequences, or joint-coordinate trajectories.
Temporal models and other sequence-learning architectures may help capture changes in movement across
successive steps, while convolutional architectures may identify patterns in spatial or time-series
representations.

These methods could reduce reliance on manually engineered features and support analysis of subtle or
temporally distributed gait characteristics. However, deep-learning models often require substantial
amounts of representative data and careful validation. They may be difficult to interpret, sensitive to
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differences in sensor configuration, and vulnerable to overfitting when the number of participants is small
relative to model complexity. For these reasons, model performance should be assessed using appropriate
data-partitioning strategies and, where feasible, independent external datasets.

1.3.3 Computer vision and markerless gait analysis

Computer vision enables computational analysis of movement recorded by cameras. Human-pose
estimation methods can identify body landmarks, estimate joint coordinates, and derive movement features
from video. These capabilities may support gait assessment in clinical rooms, rehabilitation facilities, or
other environments where specialized motion-capture equipment is unavailable.

Markerless systems may reduce the need for physical markers and facilitate more accessible movement
assessment. They may also provide opportunities for remote assessment when video acquisition is feasible
and appropriate. Nevertheless, estimated body landmarks can be affected by camera angle, lighting,
occlusion, clothing, movement speed, and the characteristics of the pose-estimation model. Two-
dimensional video measurements may not adequately capture three-dimensional biomechanics, and
estimates of clinically important parameters require validation against suitable reference measurements.

1.3.4 Wearable sensors and continuous monitoring

Wearable devices, including inertial measurement units, accelerometers, and gyroscopes, can capture
movement signals during walking. Al algorithms may process these signals to identify gait events, estimate
temporal-spatial characteristics, detect abnormal episodes, and characterize variability across repeated
walking bouts.

Wearable-based assessment is particularly relevant to rehabilitation monitoring because it may allow
measurements outside specialized laboratories. Repeated or continuous data collection can help investigate
fluctuations in walking performance and changes associated with treatment, fatigue, or environmental
context. However, real-world monitoring introduces technical and practical challenges, including sensor-
placement variability, battery life, missing observations, user adherence, and differences between devices.
The validity of estimates derived from wearable data must therefore be established for the specific devices,
populations, and intended uses [14, 15, 19, 20].

1.3.5 Al-supported rehabilitation planning and outcome prediction

Beyond gait classification, Al may support rehabilitation by identifying patterns associated with functional
recovery, estimating future performance, stratifying patients according to movement characteristics, or
helping clinicians monitor responses to intervention. Models combining gait features with relevant clinical
information may eventually contribute to individualized rehabilitation planning.

These applications require particular methodological care. A model that predicts an outcome is not
necessarily capable of identifying which treatment will produce the greatest benefit for an individual.
Similarly, an association between gait features and recovery does not establish that changing those features
will improve clinical outcomes. Predictive performance, calibration, clinical utility, and the potential
consequences of erroneous predictions should be evaluated before such models are used to inform care.

1.3.6 Explainability, reliability, and responsible implementation

The usefulness of Al-based gait analysis depends on more than predictive accuracy. Rehabilitation
professionals need to understand what a model measures, which patients it has been evaluated on, how
uncertain its predictions are, and whether its output can be interpreted in a clinically meaningful way.
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Explainable Al techniques may help clarify the contribution of particular features, but an explanation
generated by a model should not automatically be interpreted as evidence of a causal mechanism.

Additional considerations include patient privacy, secure handling of movement and video data, informed
consent, algorithmic bias, accessibility, interoperability, and integration into clinical workflows. Models
developed using narrow or unrepresentative populations may perform less reliably for people with different
ages, body characteristics, disability severity, assistive-device use, or comorbidities. Accordingly,
responsible implementation requires transparent reporting, appropriate validation, clinician oversight, and
evaluation of patient-centered outcomes.

Overall, Al offers a range of complementary approaches to gait assessment, from automated signal
processing to predictive modelling. The extent to which these technologies improve neurological
rehabilitation must be established through systematic evaluation of their accuracy, reliability,
generalizability, feasibility, and clinical relevance.

1.4 Research Gap and Study Rationale

Research on Al-based gait analysis has expanded across biomedical engineering, movement science,
neurology, and rehabilitation. Studies have investigated a range of data-acquisition technologies, including
wearable inertial sensors, pressure-sensitive systems, optical motion capture, and video-based pose
estimation. They have also examined diverse computational approaches, ranging from conventional
machine-learning algorithms to deep-learning models. Although this research provides a foundation for
technological development, the diversity of methods, populations, and assessment objectives makes it
difficult to determine how consistently the available evidence supports clinical use [7, 18, 25, 28].

One important challenge is methodological heterogeneity. Studies may differ in participant characteristics,
neurological diagnoses, sample sizes, sensor locations, data-preprocessing procedures, feature definitions,
model architectures, and outcome measures. Some investigations focus on distinguishing clinical groups,
whereas others examine gait-event detection, episode recognition, functional prediction, or monitoring of
rehabilitation-related changes. Consequently, performance estimates from different studies may not be
directly comparable. A model designed to detect a specific gait event, for example, cannot be evaluated on
the same terms as a model intended to predict walking independence or measure treatment response.

A second concern is the distinction between technical performance and clinical relevance. Al studies
frequently report measures such as accuracy, sensitivity, specificity, or F1-score, depending on the task.
These metrics are useful, but they do not independently establish whether a system improves rehabilitation
decisions, detects meaningful functional change, reduces assessment burden, or leads to better patient
outcomes. For predictive models, calibration and external validation may be as important as discrimination.
For measurement systems, agreement with an appropriate reference standard and reliability across repeated
assessments are also important [2, 17, 26, 27].

A third research gap concerns generalizability. Models trained using small, single-site, or highly controlled
datasets may not perform similarly in routine rehabilitation settings. Variations in neurological presentation,
disease severity, age, assistive-device use, walking environment, and sensor configuration can affect model
performance. Limited external validation may therefore restrict confidence in the transportability of
published findings. In addition, class imbalance, participant overlap between training and testing datasets,
and inadequate separation of repeated recordings from the same individual can lead to overly optimistic
estimates if not handled appropriately.
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A fourth challenge is the integration of Al outputs into clinical practice. Automated classification or
prediction may be technically feasible without providing information that is actionable for a rehabilitation
professional. Questions remain regarding interpretability, uncertainty communication, workflow
integration, accessibility, privacy, and the practical costs of implementation. The value of Al-based gait
analysis should therefore be assessed in relation to its intended clinical purpose, not solely in terms of
computational novelty.

Finally, neurological rehabilitation encompasses diverse conditions and treatment objectives. Evidence
obtained from one diagnostic population or gait abnormality may not be transferable to another. A review
that examines the field broadly must account for these differences while identifying shared methodological
patterns and opportunities for cross-condition learning. It must also distinguish evidence supporting
measurement or classification from evidence demonstrating improved rehabilitation outcomes.

These issues provide the rationale for a systematic review of Al-based gait analysis in neurological
rehabilitation. By systematically identifying and synthesizing relevant studies, the review can characterize
the technologies being investigated, compare their intended applications, summarize reported performance
and validation practices, and identify limitations affecting interpretation and clinical translation. The review
may also help establish priorities for future research, including more representative datasets, participant-
level data separation, external validation, transparent reporting, clinically meaningful outcomes, and
prospective evaluation in rehabilitation settings.

The purpose is not to assume that Al is superior to conventional assessment, but to determine what the
available evidence demonstrates, where findings remain uncertain, and which developments are most likely
to support safe, reliable, and clinically meaningful neurological rehabilitation.

1.5 Review Objectives and Research Questions

1.5.1 General objective
The general objective of this systematic review is to evaluate the current evidence on Al-based gait analysis
in neurological rehabilitation, with particular attention to computational methods, data-acquisition
technologies, gait-assessment applications, reported performance, validation practices, and barriers to
clinical implementation.
1.5.2 Specific objectives
The review will aim to:

1. Identify and classify Al techniques used for gait analysis in people with neurological disorders.

2. Examine the sensing technologies and data sources used to acquire gait-related information.

3. Summarize the gait parameters, movement abnormalities, and clinical outcomes assessed by Al-
based systems.

4. Evaluate the reported performance, reliability, and validation of these systems using task-
appropriate measures.

5. Investigate applications in functional assessment, rehabilitation monitoring, outcome prediction,
and individualized rehabilitation support.

6. Identify methodological weaknesses, including dataset limitations, risk of bias, insufficient external
validation, and limited interpretability.
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7. Describe ethical, technical, and practical barriers to clinical implementation and propose priorities
for future research.

1.5.3 Research questions
The review will address the following research questions:

e RQI: Which AI techniques are used in gait analysis for neurological rehabilitation, and what tasks
are they designed to perform?

e RQ2: Which data-acquisition technologies and gait features are most frequently used in the
included studies?

e RQ3: What performance, reliability, and validation results have been reported for Al-based gait-
analysis systems?

e RQ4: How are these systems applied to clinical assessment, rehabilitation monitoring, functional
prediction, and individualized care?

¢ RQS5: What methodological, ethical, technical, and clinical barriers limit the generalizability and
implementation of Al-based gait analysis?

e RQ6: What research priorities could improve the reliability, transparency, and clinical usefulness
of Al-based gait assessment?

By addressing these questions, the review will seek to provide a structured account of the current evidence
while distinguishing established findings from promising but insufficiently validated applications.

2. Materials and Methods

2.1 Review Design and Reporting Guidelines

This study will be conducted as a systematic review of the scientific literature examining the application of
artificial intelligence in gait analysis for neurological rehabilitation. The review will adopt a structured and
reproducible methodology to identify relevant studies, evaluate their methodological characteristics, and
synthesize evidence concerning Al techniques, gait-assessment technologies, clinical applications, and
reported performance. A systematic review approach is appropriate because the research area encompasses
multiple neurological populations, data-acquisition methods, computational approaches, and clinical
assessment objectives.

The review will follow the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA
2020) reporting guideline. PRISMA 2020 provides recommendations for transparent reporting of study
identification, screening, eligibility assessment, inclusion, and synthesis. Its application will help ensure
that the review process is documented clearly and that the reasons for excluding studies are reported
systematically [12, 13].

Protocol registration: [Insert the registry name and registration identifier if the protocol has been
registered. If it has not been registered, state this accurately.]

Before the literature search begins, the review protocol will define the research questions, eligibility criteria,
information sources, search strategy, screening procedures, data-extraction fields, risk-of-bias assessment,
and synthesis plan. Any substantive amendments made during the review will be documented with
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explanations. Where eligible, the protocol may be registered in PROSPERO or made publicly available
through an appropriate repository [12].

The review will focus on primary research studies that investigate Al-based gait analysis in people with
neurological disorders or evaluate technologies with a clearly defined application to neurological
rehabilitation. Relevant study designs may include observational studies, diagnostic-accuracy studies,
prospective or retrospective investigations, experimental studies, and clinical wvalidation studies.
Methodological or technical studies will also be considered when they provide empirical evidence relevant
to the review questions.

The review will distinguish between studies demonstrating technical feasibility and those evaluating
clinical validity or rehabilitation outcomes. This distinction is important because successful algorithm
development does not necessarily establish reliability in routine clinical practice or demonstrate
improvements in patient outcomes [16, 17, 26].

2.2 Eligibility Criteria

Eligibility criteria will be established before screening to promote consistency and minimize selection bias.
The criteria will be organized around the study population, Al-based intervention or analytical approach,
gait-related outcomes, study design, and publication characteristics.

2.2.1 Inclusion criteria
Studies will be eligible for inclusion when they satisfy the following criteria:

1. Population: Studies involving individuals with neurological disorders associated with gait impairment,
including stroke, Parkinson’s disease, multiple sclerosis, cerebral palsy, spinal cord injury, and other
relevant neurological conditions. Studies involving mixed populations will be considered when
neurological participants or findings can be identified separately, or when the study directly addresses a
technology intended for neurological rehabilitation.

2. Technology and analytical approach: Studies applying Al techniques, including machine learning, deep
learning, neural networks, computer vision, or other data-driven learning methods, to gait-related data.
Relevant applications may include gait-event detection, abnormal gait classification, movement-pattern
recognition, functional prediction, and rehabilitation monitoring.

3. Data sources: Studies using wearable sensors, inertial measurement units, accelerometers, gyroscopes,
pressure-sensitive devices, force plates, optical motion capture, video recordings, skeletal pose estimation,
or other appropriate sources of gait-related information.

4. Outcomes: Studies reporting at least one relevant gait-analysis outcome, such as gait speed, cadence,
stride length, step symmetry, gait-event timing, gait variability, freezing-of-gait detection, classification
performance, measurement agreement, reliability, functional mobility, or rehabilitation-related outcomes.

5. Study design: Original empirical research, including observational, experimental, diagnostic, predictive,
and clinical validation studies, as well as relevant technical studies with reported experimental results.

6. Publication characteristics: Full-text publications in English, from database inception to the final search
date. Any language or date restrictions beyond these criteria must be specified and justified in the protocol
before screening.
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2.2.2 Exclusion criteria

Studies will be excluded if they meet any of the following conditions:
1. They do not investigate gait, walking performance, or a directly relevant locomotor assessment.
2. They discuss Al conceptually without presenting relevant empirical evidence.

3. They focus exclusively on non-neurological populations without a relevant neurological subgroup
or applicable validation evidence.

4. They describe general rehabilitation technologies without evaluating an Al-based gait-analysis
component.

5. They are editorials, opinion pieces, narrative reviews, conference abstracts without sufficient
methodological information, or other publications that do not provide eligible primary research
data.

6. They are duplicate publications or overlapping reports that do not contribute distinct relevant data.

7. Their full text or essential methodological information cannot be obtained after reasonable retrieval
attempts.

Review articles may be examined to identify additional primary studies, but they will not be treated as
primary empirical evidence in the main synthesis unless the protocol explicitly includes a separate
evidence-mapping component.

The publication period, language restrictions, and treatment of conference papers will be finalized before
screening. These decisions should reflect the scope of the review and the indexing practices of the selected
databases rather than being chosen after examining the results.

2.3 Information Sources and Databases

A comprehensive literature search will be conducted across biomedical, rehabilitation, and engineering
databases to capture the interdisciplinary nature of Al-based gait analysis. The selected sources will provide
coverage of clinical research, biomechanics, sensor technologies, computational methods, and
rehabilitation science.

The proposed databases are:

e PubMed/MEDLINE: For neurological disorders, clinical gait assessment, and rehabilitation
research.

e Scopus: For interdisciplinary literature spanning medicine, engineering, computer science, and
health sciences.

e Web of Science Core Collection: For multidisciplinary research and citation tracking.

o JEEE Xplore: For machine learning, wearable sensing, signal processing, computer vision, and
biomedical engineering.

e Embase: For biomedical and clinical research, subject to institutional access.
e Cochrane Library: For relevant clinical evidence and references to primary studies.

The final database selection will depend on availability and the scope defined in the protocol. The search
will also consider backward citation searching of included studies and relevant reviews, together with
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forward citation searching where available. Supplementary searches may be conducted through appropriate
scholarly platforms to identify eligible studies missed by database indexing.

For each database, the search date, platform, complete search string, filters, and number of retrieved records
will be documented. Database-specific syntax and controlled vocabulary will be adapted where necessary.
For example, MeSH terms may be used in PubMed, while equivalent subject headings or free-text terms
will be applied in other databases [12].

The search will cover the period from the earliest available records to the final search date specified in the
protocol. The final date must be recorded precisely so that the review can be reproduced and updated.

2.4 Search Strategy

The search strategy will combine terms relating to artificial intelligence, gait analysis, neurological
disorders, and rehabilitation. Both controlled vocabulary and free-text keywords will be used to capture
differences in terminology across disciplines and publications.

The search will be developed iteratively, beginning with a core strategy and then adapting it to each
database. Boolean operators will combine related concepts, while truncation and phrase searching will be
applied where supported.

The principal search concepts will include:

o Artificial intelligence: artificial intelligence, machine learning, deep learning, neural network,
computer vision, pattern recognition, and predictive modelling.

e QGait analysis: gait analysis, gait assessment, walking, locomotion, gait pattern, gait event,
spatiotemporal parameters, and movement analysis.

e Neurological conditions: stroke, Parkinson’s disease, multiple sclerosis, cerebral palsy, spinal cord
injury, neurological disorders, and neuromotor impairment.

e Rehabilitation: neurological rehabilitation, physical rehabilitation, gait rehabilitation, mobility
assessment, and rehabilitation monitoring.

2.5 Study Selection Process

Study selection will be conducted in two principal stages: title-and-abstract screening and full-text
assessment. The process will follow predefined eligibility criteria and will be documented using a PRISMA
2020 flow diagram.

First, all database records will be imported into reference-management or review software. Duplicate
records will be identified using automated matching and, where necessary, manual verification. The number
of records retrieved, duplicates removed, and records remaining for screening will be recorded.

Second, titles and abstracts will be screened to identify potentially relevant studies. Records will be
excluded at this stage when they clearly fail to meet the eligibility criteria, such as studies unrelated to gait
analysis, studies without an Al component, or studies involving exclusively irrelevant populations.

Third, full texts of potentially eligible records will be retrieved and assessed against all inclusion and
exclusion criteria. Full-text exclusions will be assigned explicit reasons, such as an ineligible population,
absence of an eligible Al-based gait-analysis method, an irrelevant outcome, or an ineligible publication

type.
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Where feasible, two reviewers will independently screen records at both stages. Disagreements will be
resolved through discussion, with consultation from a third reviewer if consensus cannot be reached. If the
review is conducted by a single reviewer, this will be reported transparently, together with any verification
or checking procedures used to reduce selection errors.

The selection process will record the number of studies included in the final synthesis. Where multiple
publications report the same participants or dataset, their relationship will be assessed to avoid double-
counting participants or outcomes. Distinct analyses from the same dataset may be retained when they
contribute separate relevant findings, provided their dependence is acknowledged.

The final report will include a PRISMA flow diagram showing the number of records identified, duplicates
removed, records screened, full-text reports assessed, reports excluded with reasons, and studies included
in the review.

2.6 Data Extraction

A standardized data-extraction form will be developed and pilot-tested on a small sample of eligible studies.
The form will be designed to capture study characteristics, participant information, data-acquisition
technologies, Al methods, assessment objectives, evaluation procedures, reported findings, and
methodological limitations.

The following categories will be extracted where available:

Table 1. Data items to be extracted from each included study

‘Data category Hlnformation to be collected ‘
Blbhogrgp hic First author, publication year, title, journal, country, and DOI

information

‘Study design HObservational, experimental, diagnostic, predictive, or validation design ‘
‘Population HNeurological diagnosis, sample size, age, sex distribution, disease severity, and relevant inclusion criteria‘
‘Data acquisition ”Sensor type, device model, placement, sampling frequency, recording environment, and data modality ‘
Gait features gzlttl ig;:ed, cadence, stride length, step timing, symmetry, variability, joint kinematics, or other reported
‘AI approach HAlgorithm family, model architecture, input features, preprocessing, and classification or prediction task‘

Clinical diagnosis, clinician annotation, validated instrument, motion-capture reference, or other

Reference standard .
comparison method

Training, validation, and test-set design; participant-level separation; feature selection; and handling of]

Model development class imbalance

Accuracy, sensitivity, specificity, precision, F1-score, area under the curve, error measures, calibration,

Performance measures . .
or agreement metrics, as applicable

Internal validation, cross-validation, independent test set, external validation, and prospective clinical

Validation .
evaluation

Functional assessment, rehabilitation monitoring, outcome prediction, treatment-response assessment, or

Clinical relevance ..
decision support

Small samples, missing data, risk of bias, restricted generalizability, interpretability concerns, and

Limitations . . .
implementation barriers

Numerical results will be extracted with their relevant context, including the evaluation task, test
population, reference standard, and validation method. Performance metrics will not be interpreted in
isolation because their meaning depends on the intended task and the way the evaluation was conducted.
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When information is missing or unclear, the reviewers will distinguish between data that are not reported
and data that are explicitly unavailable. Where feasible, study authors may be contacted for clarification of
important missing information.

If two reviewers are available, data extraction will be conducted independently or through independent
verification of the extracted data. Any discrepancies will be resolved through discussion and, where
necessary, consultation with another reviewer.

When multiple reports describe the same study or participant cohort, data will be linked to the underlying
study to minimize duplicate counting. Extraction decisions and any assumptions made during synthesis will
be documented to support transparency and reproducibility.

2.7 Risk-of-Bias and Quality Assessment

The methodological quality of the included studies will be evaluated using assessment tools appropriate to
their design and intended purpose. Because the review may include diagnostic, predictive, observational,
experimental, and technical validation studies, a single assessment instrument may not adequately capture
all relevant sources of bias.

For diagnostic-accuracy studies, QUADAS-2 may be considered to assess patient selection, the conduct
and interpretation of index tests, reference standards, and participant flow. For studies developing or
evaluating prediction models, PROBAST may be appropriate for examining participants, predictors,
outcomes, and analysis. Other study designs will be assessed using suitable established tools selected in
advance and justified in the protocol.

For Al-based prediction studies, additional attention will be given to methodological features that can affect
the reliability of reported performance. These may include:

e Sample size relative to model complexity.

e Potential data leakage between training and testing datasets.

e Separation of participants rather than merely individual recordings.

e Appropriate handling of missing values and class imbalance.

e Transparency of preprocessing and feature-selection procedures.

e Adequacy of internal and external validation.

e Reporting of uncertainty, calibration, and relevant performance metrics.
e Representativeness of the study population.

¢ Availability of sufficient methodological detail to reproduce the analysis.

For gait-measurement systems, the assessment will also consider agreement with an appropriate reference
method, measurement reliability, repeatability, and evidence that the system performs adequately in the
intended environment.

Where applicable, the review may use a reporting guideline such as the relevant TRIPOD guidance for
prediction-model studies, including applicable extensions for machine-learning prediction models.
Reporting completeness and risk of bias will be treated as related but distinct concepts: a study may report
its methods incompletely without necessarily demonstrating that the method itself is biased.
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Quality assessments will be performed independently by two reviewers where feasible. Disagreements will
be resolved through discussion or consultation with a third reviewer. If a single reviewer performs the
assessment, this limitation will be acknowledged [16, 17, 27].

The findings will be summarized in tables and, where useful, visual risk-of-bias summaries. Studies will
not automatically be excluded solely because they have methodological limitations; instead, the assessment
will inform the interpretation of their findings and the confidence placed in the overall evidence. [11]

2.8 Data Synthesis and Analysis

The extracted data will be synthesized using a structured narrative approach, with quantitative synthesis
considered when the available studies are sufficiently comparable. This approach is appropriate because
Al-based gait-analysis research may differ substantially in neurological populations, sensor technologies,
model architectures, outcome definitions, reference standards, and validation procedures.

2.8.1 Descriptive synthesis

The included studies will first be summarized descriptively. The synthesis will report the number of studies,
publication years, neurological populations, study designs, data-acquisition technologies, Al approaches,
and clinical applications. Study characteristics will be presented in structured tables to facilitate comparison
across research settings.

Where meaningful, the review will describe the distribution of studies by neurological condition, sensing
modality, Al model family, and intended assessment task. Counts and percentages may be reported for these
characteristics, with denominators stated clearly when information is missing or categories overlap.

2.8.2 Classification of AI methods and applications

Al methods will be grouped into broad categories, such as traditional machine learning, deep learning,
computer vision, and other data-driven approaches. These categories will be used to organize the evidence
rather than to assume that one model family is inherently superior to another.

Applications will be classified according to their intended purpose, including:
1. Detection of gait events and movement abnormalities.
2. Classification of neurological gait patterns.
3. Estimation of temporal-spatial and biomechanical gait parameters.
4. Monitoring of gait variability and functional mobility.
5. Prediction of clinical or rehabilitation-related outcomes.
6. Support for individualized assessment and rehabilitation decision-making.

The synthesis will distinguish studies focused on algorithm development from studies that evaluate
measurement validity, clinical performance, or patient-centered outcomes.

2.8.3 Analysis of reported model performance

Performance results will be summarized according to the specific task and evaluation design. Classification
studies may report accuracy, sensitivity, specificity, precision, F1-score, or area under the receiver operating
characteristic curve. Regression and gait-parameter estimation studies may report mean absolute error, root
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mean square error, correlation, or agreement statistics. The suitability of each metric will be considered in
relation to the study objective.

Results will not be pooled simply because studies report the same metric. Comparability of the neurological
population, target outcome, reference standard, validation method, and test conditions will first be assessed.
For example, high accuracy obtained from a participant-independent test set will be distinguished from
performance obtained using randomly divided observations that may contain recordings from the same
individuals in both training and test sets.

Where available, confidence intervals and measures of variability will be extracted. Findings from external
validation studies will be considered separately from internally validated model-development studies
because they provide different levels of evidence regarding generalizability.

2.8.4 Assessment of heterogeneity

Potential sources of heterogeneity will be examined qualitatively, including differences in diagnosis, disease
severity, participant characteristics, sensor placement, sampling frequency, preprocessing, feature selection,
model architecture, outcome definitions, and validation strategies.

The review will also examine whether studies use controlled laboratory recordings or data collected during
everyday activities. Performance in a controlled setting may not directly predict performance in routine
clinical practice or community environments.

Where a sufficiently comparable group of studies is identified, subgroup analyses may be considered
according to neurological condition, sensing modality, model family, assessment task, or validation
approach. Such analyses will be conducted only when supported by the available data and specified or
justified in the protocol.

2.8.5 Meta-analysis

A meta-analysis will be performed only if there are sufficient studies with comparable populations, target
outcomes, evaluation methods, and statistical information. If appropriate, effect estimates and uncertainty
intervals will be calculated using methods suited to the outcome and study design. Between-study
heterogeneity will be assessed using suitable statistical methods, and a random-effects model may be
considered when variation in underlying effects is expected and the available data support such analysis.

Diagnostic-accuracy studies require particular care because sensitivity and specificity are often correlated
and depend on thresholds and study populations. If a sufficient number of comparable studies is available,
an appropriate diagnostic-accuracy meta-analysis may be considered rather than simply averaging reported
accuracy percentages.

For studies reporting multiple models, outcomes, or datasets, the analysis will account for the dependence
between estimates wherever possible. The review will avoid treating multiple results from the same
participants as independent observations.

If the data are too heterogeneous or insufficient for meaningful pooling, the findings will be synthesized
narratively and presented in structured tables. The absence of a meta-analysis will not be interpreted as
evidence that the reviewed technologies are ineffective.
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2.8.6 Interpretation of evidence and clinical implications

The final synthesis will integrate findings on technical performance, measurement reliability, validation,
clinical relevance, and implementation barriers. Particular attention will be given to whether studies
demonstrate practical utility beyond algorithmic classification or prediction.

The review will distinguish evidence supporting technical feasibility from evidence supporting clinical
validity and evidence demonstrating improved rehabilitation outcomes. It will also identify recurring
limitations, such as small samples, insufficient external validation, lack of representative populations,
limited interpretability, and inadequate evaluation in real-world settings.

The findings will be used to identify methodological priorities for future research, including standardized
outcome definitions, transparent reporting, robust validation, representative datasets, and prospective
evaluation of clinical utility. Conclusions will be proportionate to the strength and consistency of the
available evidence.

No new patient-level data will be collected for this review. Ethical approval and informed consent are
generally not required for a review of previously published literature, although institutional requirements
and the journal's policies will be checked before submission.

3. Planned evidence synthesis and reporting

The review findings will be reported only after the database searches, deduplication, screening, full-text
assessment, and data extraction have been completed and documented. No illustrative or hypothetical
study counts will be presented as empirical results.

The PRISMA 2020 flow diagram will report the actual numbers of records identified, duplicates removed,
records screened, full-text reports assessed, exclusions with reasons, and studies included. Each number
will be traceable to the search and screening records.

A study-characteristics table will summarize each included study’s bibliographic details, neurological
population, sample size, design, data-acquisition technology, Al approach, target task, reference standard,
validation strategy, performance metrics, and relevant limitations. Where information is not reported, it
will be labelled “not reported” rather than inferred.

The narrative synthesis will group studies by neurological condition, data modality, Al method, and
intended use. Classification, event detection, gait-parameter estimation, and outcome-prediction tasks will
be analyzed separately because their metrics and clinical interpretations differ. Any quantitative pooling
will be justified by clinical and methodological comparability and will account for dependence between
estimates from the same participants or dataset.

The final report will distinguish internal validation from participant-independent testing and external

validation. It will also separate technical performance from measurement agreement, clinical validity,
feasibility, and evidence of improved rehabilitation outcomes. The discussion and conclusions will be
revised to reflect the actual findings and the certainty of the evidence.
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4. Discussion and anticipated contribution

4.1 Rationale and anticipated contribution

Al-based gait analysis is an evolving approach to the quantitative assessment of walking abnormalities in
neurological rehabilitation. By combining movement data with computational techniques, these systems
may help identify gait patterns, estimate movement parameters, detect abnormal events, and monitor
changes in functional performance. The review is designed to assess these applications across neurological
conditions without assuming that any method is clinically effective solely because it demonstrates
promising technical performance.

Once the review is completed, findings will be interpreted in relation to the populations studied, data-
acquisition technologies, Al approaches, outcome definitions, and methodological quality. The completed
manuscript should state clearly whether the evidence supports reliable measurement, accurate classification,
generalizable prediction, or improvements in rehabilitation practice; these are distinct claims and require
different forms of evidence.

An important distinction exists between technical performance and clinical effectiveness. A model may
demonstrate promising performance in identifying gait abnormalities within a research dataset without
necessarily improving clinical decision-making or patient outcomes. Consequently, the usefulness of Al-
based gait analysis should be evaluated not only through computational metrics but also through its
reliability, reproducibility, clinical relevance, and applicability to routine rehabilitation.

The interpretation of the evidence must also account for differences in study populations, recording
environments, sensor technologies, outcome definitions, and validation procedures. These differences may
limit direct comparisons between studies and influence the extent to which findings can be generalized
across neurological diagnoses and clinical settings.

The completed review will identify which applications are supported by consistent evidence, which remain
at the proof-of-concept stage, and which require further validation. These conclusions cannot be drawn until
the search and synthesis are complete.

4.2 Comparison of Al Approaches

Al-based gait analysis encompasses several methodological approaches, including traditional machine
learning, deep learning, computer vision, time-series analysis, and predictive modelling. Each approach
offers different advantages and limitations depending on the task, data characteristics, and intended clinical
application.

Traditional machine-learning algorithms, such as support vector machines, random forests, and decision
trees, commonly use predefined gait features extracted from sensor recordings. These features may include
cadence, stride duration, acceleration statistics, gait variability, and measures of bilateral asymmetry. Such
approaches can be practical when datasets are relatively small and the relevant gait characteristics are well
defined. Their performance, however, depends on appropriate feature selection, preprocessing, and
validation [7, 25, 28].

Deep-learning methods can learn complex spatial and temporal representations from sensor signals, video
sequences, and body-joint trajectories. These methods may be useful when gait abnormalities involve subtle
patterns that are difficult to describe using manually selected features. Nevertheless, deep-learning models
often require substantial training data, careful tuning, and robust evaluation to reduce overfitting. Their
complexity does not automatically guarantee better performance than traditional machine learning [7, 25].
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Computer-vision approaches provide another important direction by enabling the estimation of body
landmarks and movement trajectories from video. Markerless methods may reduce the need for specialized
equipment and facilitate repeated assessments. However, their performance can be affected by lighting,
camera position, occlusion, clothing, and limitations in two-dimensional movement estimation. Validation
against appropriate reference systems is therefore important when these methods are used to estimate
clinically relevant gait parameters. [11, 23]

Time-series methods focus on the temporal structure of gait signals and may be applied to identify heel
strikes, toe-offs, freezing-of-gait episodes, or other abnormal movement events. Their evaluation requires
task-specific metrics because the detection of short events differs from the classification of entire
participants.

Table 2. Comparison of AI approaches in neurological gait analysis

Approach HPotential strengths HPrincipal limitations

Traditional machine||Can work with engineered gait features; some

learning models are relatively interpretable Depends on feature quality and preprocessing

Data requirements, overfitting, and limited

Deep learning Can learn complex spatial and temporal patterns interpretability

Supports video-based and potentially markerless||Sensitive to recording conditions and pose-

Computer vision L
assessment estimation errors

. . . . Performance depends on signal quality and event
Time-series analysis ||Suitable for temporal events and movement patterns p gnal quality v

definitions
Multimodal AT Combinqs complementary sources of movement||Greater . integration,. synchronization, and
information computational complexity

Requires appropriate validation, calibration, and

Predictive modelling |[May estimate functional status or future outcomes clinically meaningful targets[25]

A fair comparison of these approaches requires studies to be evaluated according to their intended tasks,
datasets, reference standards, and validation designs. Reported accuracy values should not be compared
directly when the studies investigate different neurological conditions or use different outcome definitions.
Where sufficiently comparable evidence is available, the review should examine whether any approach

demonstrates a consistent advantage in performance, reliability, generalizability, or clinical utility. [7, 18,
25, 26]

4.3 Clinical Implications for Rehabilitation

Al-based gait analysis may support neurological rehabilitation by providing objective and repeatable
information about walking performance. Conventional clinical assessment often relies on observation,
standardized functional tests, and clinician judgment. Although these methods remain essential, automated
measurement may provide additional quantitative detail about movement characteristics that are difficult
to assess consistently through visual observation alone.

One potential application is the automated assessment of gait abnormalities. Al systems may help quantify
changes in step timing, walking speed, gait symmetry, movement trajectories, and other features relevant
to neurological impairment. Such information could complement clinical examinations and support the
identification of movement characteristics requiring further assessment [18, 19, 20].

A second application is the monitoring of rehabilitation progress. Repeated measurements may help
clinicians examine whether gait characteristics change over time and whether these changes correspond
with functional improvement. Wearable sensors and video-based systems could facilitate assessments
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outside specialized gait laboratories, provided that their measurements are sufficiently reliable under the
intended conditions [19, 20].

Al may also support the assessment of specific neurological gait patterns, including freezing of gait in
Parkinson’s disease and asymmetric walking after stroke. However, the clinical value of such applications
depends on appropriate validation in the relevant patient population. Performance demonstrated in healthy
participants or highly controlled experimental settings may not transfer directly to patients with complex
neurological impairments. [28]

Importantly, Al should be regarded as a potential decision-support tool rather than a replacement for clinical
expertise. Rehabilitation decisions require consideration of multiple factors, including strength, balance,
cognition, fatigue, pain, patient goals, comorbidities, and environmental barriers. Gait-analysis outputs
should therefore be interpreted alongside other clinical information.

The final review should distinguish systems that have been evaluated only for technical feasibility from
those that have been tested during actual rehabilitation practice. Evidence of improved measurement
accuracy alone is insufficient to establish that an Al system improves patient care.

4.4 Personalized and Predictive Rehabilitation

Personalized rehabilitation aims to adapt assessment and treatment to the functional characteristics, needs,
and progress of individual patients. Al-based gait analysis may contribute to this objective by identifying
movement patterns, quantifying functional differences, and tracking changes across repeated assessments.

For example, gait measurements may help characterize differences in walking speed, stride length,
symmetry, and movement variability among patients with similar diagnoses. Such information could
contribute to identifying individualized rehabilitation targets and monitoring whether particular aspects of
gait change during treatment. [29]

Predictive modelling may extend these applications by estimating functional status, identifying patterns
associated with poor mobility, or predicting rehabilitation-related outcomes. However, the validity of these
predictions depends on the quality and representativeness of the training data, the definition of the predicted
outcome, and the evaluation of the model in independent populations.

A model developed using a single hospital dataset may reflect local patient characteristics, treatment
practices, equipment, or data-collection procedures. Its predictions may therefore be less reliable when
applied to different clinical settings. External validation is particularly important before predictive models
are used to guide high-impact rehabilitation decisions.

Personalized rehabilitation also requires a distinction between prediction and treatment effectiveness. A
model that accurately predicts recovery does not necessarily identify which intervention will produce the
best outcome for an individual patient. Demonstrating treatment-selection benefits requires appropriate
clinical evaluation, ideally including comparisons of Al-informed rehabilitation with usual care or other
relevant strategies.

Future studies should investigate whether Al-generated assessments can support individualized treatment
planning, identify meaningful changes in function, and improve patient-centered outcomes. Such
evaluations should include functional independence, walking ability, participation, quality of life, and other
outcomes relevant to patients and rehabilitation professionals.
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4.5 Explainability and Clinical Interpretability

Explainability is an important consideration in the clinical application of Al-based gait analysis.
Rehabilitation professionals need to understand what a model measures, what its output represents, and
how much confidence should be placed in its predictions. Systems that provide only a classification or risk
score may be difficult to interpret when the clinical reasoning behind the output is unclear.

Some traditional machine-learning approaches offer relatively straightforward explanations when their
features and decision rules are transparent. Deep-learning systems, by contrast, may use complex internal
representations that are difficult to interpret directly. Explainability methods, including feature attribution
and visual explanations, may help investigate which inputs contribute to a model’s output.

However, an explanation of a model’s prediction should not automatically be interpreted as evidence of a
causal relationship. A feature identified as important may reflect a genuine gait characteristic, a participant-
specific pattern, a recording artifact, or a bias in the dataset. Explanations should therefore be assessed for
stability, plausibility, and consistency with relevant clinical knowledge. [30]

Clinical interpretability also depends on how the results are presented. Outputs expressed in familiar gait
parameters may be easier to integrate into rehabilitation workflows than unexplained numerical scores.
Where appropriate, systems should communicate measurement uncertainty, limitations, and conditions
under which their predictions may be unreliable.

Future research should evaluate not only whether Al explanations can be generated but also whether they
help clinicians understand model behavior, identify errors, and make better-informed decisions. Human-
factors studies and clinical evaluations will be important for determining whether explainable Al provides
practical benefits in neurological rehabilitation.

4.6 Technical, Ethical, and Implementation Challenges

Despite its potential, Al-based gait analysis faces technical, ethical, and practical challenges that may limit
its adoption in clinical rehabilitation.

Technical challenges

Data quality is a fundamental concern. Wearable sensors may be affected by inconsistent placement, device
calibration, motion artifacts, and missing recordings. Video-based methods may be sensitive to lighting,
occlusion, camera angle, and variations in movement. Differences between devices and acquisition
protocols can also make it difficult to combine datasets or compare findings across studies.

Dataset size and representativeness are additional concerns. Neurological gait abnormalities can vary
considerably according to disease severity, age, functional ability, medication status, assistive-device use,
and other patient characteristics. Models developed from small or homogeneous datasets may not perform
reliably across the broader clinical population.

Data leakage can further inflate reported performance. If recordings from the same participant are
distributed across training and test datasets, the evaluation may not accurately represent performance in
previously unseen patients. Participant-independent data partitioning and appropriate external validation
are therefore important.

Ethical and privacy considerations
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Gait recordings, video images, and sensor signals may contain sensitive personal information. Systems
intended for remote or continuous monitoring should incorporate appropriate data protection, access
controls, informed consent, and secure data management.

Potential algorithmic bias also requires attention. If training datasets underrepresent particular age groups,
disability levels, neurological diagnoses, or demographic populations, model performance may differ across
groups. Evaluations should examine subgroup performance where sample sizes permit reliable assessment.

The use of Al should not reduce patient autonomy or remove appropriate human oversight. Patients and
clinicians should understand the intended purpose of the technology, its limitations, and the role of its
outputs in clinical decision-making [26, 27].

Implementation challenges

Clinical adoption depends on more than technical performance. Costs, equipment availability, staff training,
workflow integration, interoperability, maintenance, and technical support may influence whether a system
can be used consistently.

Systems designed for specialized laboratories may be unsuitable for resource-limited rehabilitation
facilities. Conversely, lower-cost wearable or video-based systems may require additional validation before
being used for decisions that depend on precise measurement [29, 30].

Implementation studies should examine usability, clinician acceptance, patient adherence, cost-
effectiveness, and the consequences of false-positive and false-negative outputs. Clear procedures for
human review and handling uncertain predictions are also important.

Overall, successful implementation requires collaboration among rehabilitation clinicians, engineers, data
scientists, patients, and healthcare organizations. Technical development should proceed alongside
evaluation of safety, usability, accessibility, and clinical value.

4.7 Research Gaps and Future Directions

Several research priorities should be addressed to strengthen the evidence for Al-based gait analysis in
neurological rehabilitation.

First, future studies should recruit larger and more representative patient populations. Multicenter studies
involving different neurological diagnoses, disease severities, age groups, and functional abilities could
help establish whether models generalize beyond narrowly selected research samples.

Second, independent external validation should become a central component of model evaluation. Studies
should report participant-level data separation, preprocessing procedures, missing-data management, and
the methods used to select and tune models. Transparent reporting would improve reproducibility and help
readers assess whether reported performance is likely to translate into clinical practice.

Third, greater standardization of gait parameters and evaluation procedures is needed. Differences in
outcome definitions, sensor specifications, walking protocols, and performance metrics can prevent
meaningful comparisons between studies. Researchers should clearly define their target variables, reference
standards, and evaluation units.

Fourth, the relationship between technical performance and clinical utility requires further investigation.
Prospective clinical studies should assess whether Al-supported gait analysis improves rehabilitation
planning, monitoring, decision-making, or patient outcomes compared with existing approaches. Where
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feasible, these studies should evaluate clinically meaningful changes rather than relying exclusively on
computational performance metrics.

Fifth, research should expand beyond controlled laboratory environments. Real-world monitoring could
provide information about walking patterns during daily activities, but such applications require assessment
of data quality, adherence, privacy, device reliability, and feasibility for people with substantial mobility
limitations.

Sixth, explainability and uncertainty estimation should receive greater attention. Models should
communicate when their predictions are unreliable and should be evaluated for performance across relevant
patient subgroups. Explainability methods should be tested for practical value rather than treated as
sufficient evidence of clinical transparency.

Finally, research should examine the cost-effectiveness and accessibility of Al-based gait-analysis systems.
Lower-cost solutions may have particular relevance where access to specialized gait laboratories is limited,
but affordability should not come at the expense of measurement validity, safety, or patient privacy.

These priorities should guide the interpretation of the final systematic-review findings. The most important
research gaps should be selected according to the limitations actually observed in the included studies rather
than assumed in advance.

5. Limitations of the Protocol

Several limitations may affect the planned review. The actual limitations will be reported transparently after
the search and synthesis have been completed.

First, the findings may be influenced by the search strategy and the databases selected. Relevant studies
may be missed if they use different terminology for artificial intelligence, gait analysis, movement
assessment, or neurological rehabilitation. The omission of databases, unpublished research, conference
proceedings, or non-English publications may also affect the completeness of the evidence. The final
manuscript should specify the databases searched, the search dates, the language restrictions applied, and
any other limits imposed.

Second, substantial heterogeneity may exist among the included studies. Differences in neurological
diagnoses, participant characteristics, sample sizes, acquisition technologies, Al architectures, and
assessment environments may limit direct comparison. Studies involving stroke, Parkinson’s disease,
cerebral palsy, and spinal cord injury may address distinct clinical questions and should not automatically
be treated as evidence for a single common application.

Third, outcome measures and reporting practices may differ considerably. Classification metrics, gait-event
detection measures, parameter-estimation errors, and clinical outcome measures represent different types
of evidence. Even when studies report the same metric, differences in class distribution, reference standards,
or validation methods may prevent valid comparisons. A pooled quantitative analysis should only be
conducted when sufficient methodological and clinical comparability is established.

Fourth, the quality of the available evidence may be limited by small datasets, restricted participant
recruitment, inadequate external validation, incomplete reporting, or potential data leakage. Such
limitations may reduce confidence in reported model performance and constrain generalizability. The actual
review should document these concerns through a structured risk-of-bias or methodological-quality
assessment.
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Fifth, publication and reporting biases may affect the evidence base. Studies with favorable results may be
more likely to be published or to emphasize their strongest performance metrics. The extent of this problem
will depend on the available evidence and whether appropriate assessment methods can be applied.

Sixth, the rapid development of Al technologies may limit the currency of the review. New algorithms,
sensing devices, and validation studies may become available after the final search date. The manuscript
should report its last search date so that readers can assess the period covered.

At the protocol stage, the number and characteristics of eligible studies and their findings are not yet known.
Accordingly, this document does not present empirical review results. Any future manuscript that reports
completed results must replace this protocol-stage text with findings derived from a documented search,
screening process, verified data extraction, and structured appraisal.

6. Conclusion

This protocol sets out a reproducible approach for reviewing Al-based gait analysis in neurological
rehabilitation. The planned review will examine wearable sensors, video-based computer vision, motion-
capture systems, and machine-learning methods used for gait classification, event detection, movement-
parameter estimation, and rehabilitation-related assessment.

The review will assess whether reported performance is supported by reliable measurement, representative
data, participant-independent evaluation, external validation, and clinically relevant outcomes. Technical
performance alone will not be treated as evidence that a system improves clinical decisions or patient
outcomes.

The synthesis will identify research priorities based on the evidence actually included, with attention to
representative multicenter datasets, transparent reporting, appropriate validation, standardized outcomes,
uncertainty estimation, and prospective evaluation of clinical utility.

The completed systematic review will provide an evidence-based account of the current applications,
strengths, limitations, and clinical readiness of Al-based gait analysis. Until the planned searches and
analyses are completed, conclusions about the distribution or effectiveness of these technologies should
remain provisional.
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