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ABSTRACT
Introduction  Type 2 diabetes can lead to gait 
abnormalities, including a longer stance phase, shorter 
steps and improper foot pressure distribution. Quantitative 
data from objective methods for evaluating gait patterns 
are accurate and cost-effective. In addition, it can also help 
predictive methods to forecast complications and develop 
early strategies to guide treatments. To date, no research 
has systematically summarised the predictive methods 
used to assess type 2 diabetic gait. Therefore, this protocol 
aims to identify which predictive methods have been 
employed to assess the diabetic gait.
Methods and analysis  This protocol will follow the 
Preferred Reporting Items for Systematic Review and 
Meta-Analysis Protocol (PRISMA-P) statement. Electronic 
searches of articles from inception to January 2022 will 
be performed, from May 2021 to 31 January 2022, in the 
Web of Science, MEDLINE, Embase, IEEE Xplore Digital 
Library, Scopus, CINAHL, Google Scholar, APA PsycInfo, 
the Cochrane Library and in references of key articles 
and grey literature without language restrictions. We will 
include studies that examined the development and/or 
validation of predictive methods to assess type 2 diabetic 
gait in adults aged >18 years without amputations, use 
of assistive devices, ulcers or neuropathic pain. Two 
independent reviewers will screen the included studies 
and extract the data using a customised charting form. A 
third reviewer will resolve any disagreements. A narrative 
synthesis will be performed for the included studies. Risk 
of bias and quality of evidence will be assessed using the 
Prediction Model Risk of Bias Assessment Tool and the 
Transparent Reporting of a multivariable prediction model 
for Individual Prognosis or Diagnosis.
Ethics and dissemination  Ethical approval is not 
required because only available secondary published data 
will be analysed. The findings will be disseminated through 
peer-reviewed journals and/or presentations at relevant 
conferences and other media platforms.
PROSPERO registration number  CDR42020199495.

INTRODUCTION
Diabetes mellitus is a worldwide health concern, 
with a prevalence of 8.8% in 2017.1 With type 
2 diabetes mellitus being the most common,2 
this condition is related to a dysfunction either 
in the pancreatic β-cells’ ability to secrete 

insulin, insulin resistance in target organs or 
a combination of both, resulting in hypergly-
caemia.1 3 Patients can also present with blood 
vessel degeneration4 5 that can evolve into 
neuropathy and damage sensory and motor 
nerve fibres.4 5 Diabetes also alters physical 
function and mobility.6 Both can lead to motor 
abnormalities such as longer stance time (ie, 
greater support base) and shorter steps, which 
may exhibit as slower gait speeds and increased 
cadence.7 8 In addition, changes in the sensi-
bility of the plantar surface of the foot can 
worsen plantar pressure distribution, balance 
and gait.5 7

Boosting insight into diabetic gait pattern 
alterations can be important for preventing 
complications caused by diabetes and devel-
oping strategies to guide treatments.6 9 In 
clinical practice, while there is a high preva-
lence of observational methods,10 11 this may 
be unreliable in assessing and diagnosing gait 
patterns. Observational methods are subjec-
tive and can generate inaccuracies during 
the assessment and diagnosis of the patient’s 
movements due to different interpretations 

Strengths and limitations of this study

	► This study will be the first systematic review to com-
prehensively analyse the existing predictive meth-
ods for gait analysis in patients with type 2 diabetes.

	► This systematic review will focus on the predictive 
method’s performance (surrogate outcomes) rather 
than on patient-reported outcome measures.

	► A broad search strategy and robust quality assessment 
criteria (Transparent Reporting of a multivariable predic-
tion model for Individual Prognosis or Diagnosis) will be 
used to appraise and examine the existing literature.

	► Two independent reviewers will be responsible for 
conducting the study selection, data extraction and 
quality assessment.

	► A limitation could be the potential lack of studies 
that meet the established inclusion criteria.
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between examiners. In addition, these differences 
can impair decision-making to address a specific treat-
ment.12–14 On the contrary, objective methods are reliable, 
accurate, quicker and cost-effective owing to quantitative 
metric results.8

Objective gait analysis methods require data collected 
from patients wearing sensors or performing gait in 
specific devices, such as inertial measurement units 
(IMUs), electromyography (EMG), optoelectronic 
systems or force platforms.10 Data from quantitative gait 
measures can be analysed using various methods. One 
of these is the use of predictive analytics that combine 
the collected data and estimate probabilities that can 
assist clinicians and potentially influence their decision 
to manage treatments to restore gait.15–18 Predictive 
methods are mathematical equations (from statistics or 
machine learning (ML) approaches) that can combine 
information from a set of data, resulting in a response 
forecasting the probability of a particular outcome.19 20

Emerging predictive methods include ML algorithms. 
ML can be used for automatic gait recognition to predict 
possible complications such as the risk of falls and pres-
sure ulcers.21 Newer methods have opened new perspec-
tives for the early diagnosis of gait disorders. This is 
essential in preventing potential future complications 
and to draw on personalised gait training15 by quantifying 
the treatment progress and follow-ups.22

To our knowledge, no research has systematically 
summarised predictive algorithms used to assess gait 
in patients with type 2 diabetes. Based on this, we raise 
an important question about the existence of predic-
tive methods used to evaluate the gait of patients with 
type 2 diabetes. Therefore, the purpose of this study 
is to conduct a systematic review of the literature to 
summarise the evidence regarding existing predic-
tive methods used in the gait patterns of patients with 
diabetes. In addition, we intend to describe the charac-
teristics of the studies identified among the variety of 
gait data collected regarding which input features are 
the most commonly used to implement a predictive 
method.

METHODS AND ANALYSES
Study design
This systematic review protocol was prepared using the 
Preferred Reporting Items for

Systematic Reviews and Meta-Analysis Protocols 
(PRISMA-P).23

Study registration
This protocol was registered with the International 
Prospective Register of Systematic

Reviews (PROSPERO). Available from: https://www.​
crd.york.ac.uk/prospero/display_record.php?ID=​
CRD42020199495

Eligibility criteria
Types of study
Articles will be eligible for review when they describe the 
development and/or validation of a predictive method 
to assess gait in human type 2 diabetes. Furthermore, all 
published and unpublished studies (eg, dissertations and 
theses), conference proceedings that deal with diabetic 
gait analysis, independent of the parameters measured, 
will be included if developed and/or validated as a predic-
tive method. There will be no geographical or language 
restrictions. Wherever necessary, relevant articles will be 
arranged for translation.

Participants
We will include clinical data from adult participants (>18 
years old) who had type 2 diabetes diagnosed at any 
disease stage without lower limb amputations or the use 
of gait assistive devices. In addition, data with participants 
with ulcers or neuropathic pain (that could have inter-
fered in the gait execution) will be excluded. There will 
be no restrictions on gender or race.

Outcome measures
The primary outcome will comprise all predictive methods 
(eg, ML models) applied to analyse gait in patients with 
type 2 diabetes. The secondary outcome will include gait 
data input features (eg, spatiotemporal, angular gait 
parameters, EMG data, force data and plantar pressure 
data) most commonly used to implement a predictive 
model.

Search strategy for the identification of relevant studies
The search strategy will be guided by the PRISMA 
extension for searching (PRISMA-S).24 The following 
electronic databases will be searched: Web of Science 
(Clarivate Analytics), MEDLINE (PubMed), Embase 
(Elsevier), IEEE Xplore Digital Library (IEEE), Scopus 
(Elsevier), CINAHL (EBSCOhost), Google Scholar 
(Google), APA PsycInfo (APA PsycNet) and the Cochrane 
Library (Wiley) from May 2021 to 31 January 2022. The 
time range of the published studies was from inception 
to January 2022. We will manually search the reference 
list of the studies included in the review. Grey literature 
involving published and unpublished studies (eg, disser-
tations and theses) and conference proceedings will also 
be searched without language restrictions, but this must 
be limited to human participants.

The articles will be searched using a combination of free 
keywords and the terminology registered in the Medical 
Subject Headings of the US National Library of Medi-
cine. The terms that will be used are related to diabetes 
(eg, ‘Type 2 Diabetes’, ‘Diabetes, Type 2’, ‘Diabetes 
Mellitus, Type 2’), gait (eg, ‘Gait’, ‘Gait Analysis’, ‘Kine-
matic’, ‘Kinetic’, ‘Range of Motion’) and prediction (eg, 
‘Artificial Intelligence’, ‘Machine Learning’, ‘Statistical-
learning’, ‘Predictive Value of Tests’, ‘Support Vector 
Machine’, ‘Neural Networks, Computer’). The search 
strategy was pilot tested and finalised in MEDLINE 
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(PubMed) before being translated for use in other data-
bases. Details of the search strategies are provided in 
online supplemental appendix 1.

Screening of the studies
Based on the previously described inclusion criteria, two 
independent reviewers (PMMdS, ABOB) will screen titles 
and abstracts identified during electronic and manual 
searches to determine its eligibility. Study record informa-
tion, including title and abstract from the searched online 
database, will be imported into the Rayyan systematic 
review software.25 This platform will guide the reviewers 
in conducting the literature review process through its 
ability to explore and filter searched studies. Duplicate 
studies will be removed. If the title or abstract does not 
provide enough information for inclusion, the full text 
will be obtained for a full review. The same two reviewers 
(PMMdS, ABOB) will independently screen the full-text 
articles to identify studies for inclusion and record the 
reasons for exclusion for ineligible studies. Any disagree-
ments that arise will be resolved initially by a discussion 
between the two reviewers, or, if necessary, with assistance 
from a third reviewer (FAdCC).

All reasons for the exclusion of ineligible studies will 
be recorded. The results of the screening process will be 
provided in detail using the PRISMA information flow 
chart (figure 1).

Data extraction
A data extraction form was developed through a discus-
sion among all authors and adapted from the critical 
appraisal and data extraction for systematic reviews of 
prediction modelling studies (CHARMS) checklist.26 The 
included studies will go forward to the data extraction 
and quality assessment stages of the review. Two indepen-
dent reviewers (PMMdS, ABOB) will extract the outcome 
data from the included studies. If necessary, disagree-
ments in data extraction will be discussed between the 
two reviewers and judged by a third reviewer (FAdCC).

The data collection form will aim to extract the key 
features of the review. Hence, we will divide the items 

within the data collection form into four blocks: (1) study 
information including publication year, author informa-
tion, funding or sponsorship information, type of study, 
journal name and population, intervention, control and 
outcome (PICO elements); (2) database information 
including name, sample size, host organisation and spon-
sorship; (3) patient demographic information including 
gender, age, race and disease severity and (4) predictive 
methodological information including the type of gait 
assessment, comparisons with gold standard devices, 
type of predictive algorithm used (including its statistical 
or ML model name), format of input feature, optimisa-
tion algorithm, objective function, feature extraction 
methods, type of extraction feature and computational 
efficiency, and cost. Table 1 presents an example of the 
data extraction form. These data will be presented in the 
‘Characteristics of included studies’ table.

Missing data may include missing outcomes, missing 
summary data or missing individual results. The authors 
will consider the reasons for the missing data. Where 
possible, we will contact the original investigators to 
obtain any missing data. However, in the case of contact 
difficulty, we will present the findings according to the 
statistical information available in each review, and this 
will be clearly stated in the final overview.

Quality of evidence
The quality of the predictive model used on the eligible 
studies will be assessed based on Transparent Reporting 
of a multivariable prediction model for Individual Prog-
nosis or Diagnosis (TRIPOD) checklist.27 The TRIPOD 
Statement is a checklist of 22 items for the appropriate 
reporting of studies developing or validating multivari-
able prediction models.19 Each item will be scored as 0, 
1 and 2, ranked as ‘no report’, ‘inadequate report’ and 
‘adequate report’, respectively.

Risk of bias
The preselected articles will be evaluated and scored for 
methodological quality using the Prediction Model Risk 
of Bias Assessment Tool (PROBAST)20 by two indepen-
dent reviewers (PMMdS, ABOB). In cases of opinion 
divergence, a third reviewer (FAdCC) will decide the 
score. The questionnaire consists of 20 items with four 
domains (participants, predictors, outcome and analysis). 
Based on the questionnaire ratings, the risk of bias for 
each domain will be ranked as ‘low risk’, ‘high risk’ or 
‘too unclear for judgement’. PROBAST will be used to 
categorise the included studies regarding their method-
ological quality, but these studies will not be excluded 
based solely on this evaluation.

Strategy for data synthesis
A narrative synthesis will be conducted with the informa-
tion presented in the text and table to summarise and 
explain the characteristics and findings of the included 
studies. Data will be summarised using descriptive statis-
tics and visual plots. Categorical data about the reporting, 

Figure 1  Preferred Reporting Items for Systematic Reviews 
and Meta-Analysis flow diagram for the identification, 
screening and eligibility of included articles.

https://dx.doi.org/10.1136/bmjopen-2021-051981
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methodological conduct and risks of bias will be described 
using numbers and percentages. The distribution of 
continuous data, such as sample sizes and the number 
of features, will be described using measures of central 
tendency such as mean and SD for normally distributed 
data and median and percentiles (25th and 75th) for 
non-normally distributed data.

The risk of bias assessment will be summarised and 
graphically presented for each PROBAST domain and 
the overall risk of bias judgement. The results will be strat-
ified by prevalent predictive techniques and study design 

(development with internal validation and/or external 
validation). The quality of evidence based on TRIPOD 
will also be summarised and graphically presented for 
each included study and its respective score rank.

Analyses of subgroups or subsets
We plan to conduct subgroup analyses using predic-
tive model types (eg, regression models vs classification 
models, neural networks vs traditional ML models) and 
gait input parameters (eg, kinematic vs kinetic data 
features, IMUs vs EMG data features). In addition, we 

Table 1  Example of the data extraction form for all included studies

Study information

Study year Year of the study publication

Author information Last name of the author, whether clinical practitioners participated in the study

Type of study Source of data (eg, cohort, case-control, randomised trial participants or registry data)

Journal name Journal name

PICO elements PICO elements in summary

Database information  �

Database name Name of the database used for modelling

Host organisation Name of the hosting organisation of the database

Sponsorship The funding or sponsorship information

Sample size Sample size used for building the model

Source or data From which source the database was used (eg, electronic health records, clinical registry, administrative data, cohort 
study, clinical trial)

Patient demographic information

Gender Sex of adults (male, female, alternative gender)

Age Age and/or year of birth

Country Country or countries in which study was based

Diabetes severity Disease severity

Predictive methodological information

Predictors Timing of predictor measurement (eg, at patient presentation, at diagnosis, at treatment initiation)

Number of features Number of features for building the model

Selected features Did the study reported the importance of selected features?

Type of extracted feature Which features the algorithm uses (eg, pressure, gait velocity, cadence, step width, pixel feature, action unit)

Tool used for gait 
assessment

Quantitative tool used to assess gait kinetic or kinematic (eg, IMU, force platform, optoelectronic, EMG)

Used highly rated standard 
devices

Quantitative tool used to assess gait kinetic or kinematic was a device considered as gold standard (eg, force platform, 
optoelectronic)

Predictive method used Type of predictive method used to assess gait (eg, which machine learning techniques were used)

Model name The name of the predictive model used. The underlying mathematical model used (eg, linear regression, support vector 
machine)

Missing data Number of participants with missing data for each predictor and the process handled with missing data (eg, complete-
case analysis, imputation or other methods)

Format of input feature 
(predictor or variables)

Which input gait data were used (eg, plantar pressure, frame, sequence or image)

Model performance/ 
validation

Performance metrics and scores of how accurate the model used is predicting (eg, accuracy, average errors, R-squared, 
confusion matrix)

Model evaluation Method used for testing model performance: development dataset only (random split of data, resampling methods, 
eg, bootstrap or cross-validation) or separate external validation (eg, temporal, geographical, different setting, different 
investigators)

Computational efficiency 
and cost

Computational efficiency (speed, cloud space, etc) and cost related to the algorithm (eg, require GPU resources, large 
cluster)

EMG, electromyography; GPU, graphics processing unit; IMU, inertial measurement unit; PICO, population, intervention (exposure), control, outcome.
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plan to classify participants according to their anthro-
pometric subgroup (eg, age, body index mass, height, 
weight, gait measurements and diabetes vitals). More 
exploratory subgroup analyses will be decided during the 
data extraction and analysis process.

ETHICS AND DISSEMINATION
To the best of our knowledge, this systematic review is the 
first that will synthesise existing evidence regarding the types 
of predictive methods used to assess gait in patients with 
type 2 diabetes. Predictive methods are increasingly being 
appraised and recommended for formal risk assessment 
in treatment decision-making and clinical guidelines. The 
proposed systematic review may inform future research and 
clinicians. For instance, it may help researchers in designing 
customisable prediction tools to be used in diabetic care, 
and thus allow physiotherapists to better conduct rehabilita-
tive gait treatments in the patients with type 2 diabetes.

Because we will be using secondary data sources, ethical 
approval is not required for this systematic review study. 
Our findings will be disseminated through peer-reviewed 
publications, presentations at conferences and clinical 
and patient networks.
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