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Abstract

An accurate diagnosis of Hip Osteoarthritis (HOA) and prediction of Total Hip Arthroplasty (THA)
outcomes is crucial for reliable treatment decision-making and rehabilitation strategy. Gait analysis
(GA) is commonly employed for gait disorders examination in clinical settings but is still limited due
to the enormous size of data and accuracy. Machine Learning (ML) methodology has seen rapid
growth in the past decade but its development in the context of HOA and THA GA has not been
previously examined. The aim of this review is to evaluate the literature in the use of ML frameworks
for GA of HOA and THA subjects. Five databases namely PubMed, Embase, IEEE Xplore, ACM
Digital Library, and Scopus were searched in accordance to PRISMA framework. Relevant
publications published until May 2025 were retrieved and information on reliability, applicability,
and interpretability were extracted for quality assessment. Nineteen studies were selected, with
fourteen articles focused on classification and five articles on outcome prediction. Eight classification
studies utilized kinematic features with two employing Deep Learning (DL) methods. Four outcome
prediction articles utilized spatio-temporal parameters and mostly focused on post-THA gaits. Scarce
datasets, small sample size, and limited design explanation are the main hindrances revealed in the
quality assessment. Nevertheless, this review demonstrated the recent uptrend in the utilization of
ML techniques and evidently improved applicability through consensus on the important gait
features for HOA and post-THA gait analysis. Reliability and interpretability are still major concerns
before ML models are widely accepted by medical practitioners. It is recommended that future
research should take into account dataset quality and transparent validation protocol, model
interpretability, and results explainability.

Keywords: gait analysis; machine learning; deep learning; hip osteoarthritis; total hip arthroplasty;
systematic review

1. Introduction

Hip Osteoarthritis is a musculoskeletal disease that progressively degenerates the hip joint and
eventually leads to its dysfunction[1]. The resulting pain causes lateral trunk bending that overloads
other parts of the lower limb for compensation [2]. Gradual deterioration often leads to advanced
HOA that generally requires surgical treatment, namely THA. While THA is considered a successful
operation that alleviates pain and restores walking functionality in most subjects, it has been pointed
out in the literature that improvements do not return to normal post-THA [3].

Medical imaging is the most common objective method used for diagnosis and therapeutic
interventions in osteoarthritis [4]. However, clinical symptoms are not consistent with results from
imaging. In the context of assessing hip functionality, patient-based measures such as the Harris Hip
Score, is the accepted standard in the evaluation of the rehabilitation progress post-THA [5]. Due to
the subjective nature of the questionnaires, biases can be introduced by the patient and the raters.
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In recent decades, GA has been widely used for the examination of gait alterations based on
motion data such as kinematics, kinetics, muscle activations, and spatio-temporal (ST) information.
These gait features have known discriminating abilities and has seen applications in sports, security,
and health informatics [6].

In clinical settings, GA is extensively investigated focusing on pathological abnormalities of
neuro-muscular and musculoskeletal diseases. Specifically for HOA and THA research related
reports, gait classification, severity and progress prediction, and relevant parameter determination
are the key focus [7-10]. Gait alterations could already be manifested prior to the outset of observable
functional impairments, thus discriminating features are important for clinical applicability.

The large volume of information and diversity produced by GA is a prohibitive challenge for
clinicians to fully interpret results. Additionally, traditional statistical methods have difficulty in
synthesizing non-linear multi-dimensional gait data. To overcome these limitations, ML techniques
have been increasingly employed in the analysis of gait data. ML algorithms are known to capture
nonlinear patterns and especially its recent subset, DL models can handle big datasets with
outstanding accuracy [11-13].

In the context of HOA and THA gait research, ML algorithms have been employed to address a
wide range of clinical topics. Such applications include determination of best discriminating
parameters [14-16], discriminating HOA or post-THA gaits with other pathologies [17-19],
distinguishing between healthy and HOA and/or post-THA gaits [20,21], and predicting risks and
recovery after THA [22,23]. However, there is still hesitancy in acceptance from medical practitioners,
as well as gap between development and practice due to the following factors: (1) applicability, which
is the relevancy and feasibility of the studies with regards to HOA or THA research trends, (2) results
interpretability [24], which is mapping from input to output and results explanation that can foster
trust from users, and (3) reliability, which is the performance, consistency and validity of the ML
algorithms being developed for GA.

It is noteworthy to mention that few recent surveys have been published on the application of
artificial intelligence in gait analysis for neuromuscular [25-27] and musculoskeletal diseases [28].
Jiao et al. [26] focused on the automatic classification system for post-stroke gaits while Kohnehshahri
et al. [27] provided a comprehensive survey for cerebral palsy and stroke survivor subjects. Both
survey papers have focused on ML methodologies as a data-driven technique in the analysis of gait
patterns. Likewise, Franco et al. [25] surveyed papers that applied DL and GA in Parkinson’s Disease
for classification, diagnosis, and monitoring. Reviewed papers were categorized into gait acquisition
method, namely wearable sensors and video capture. The common difficulty realized in these
surveys was clinical utility and interpretability which limits application to real-world applications.
Conspicuously, only a single musculoskeletal-related survey was published that investigated gait-
related modifications after post-knee surgery through ML framework [28]. Even so, only six articles
were included in the survey, all of which focused on classification task utilizing non-DL methods
while five articles are conducted on subjects after post-total knee arthroplasty.

Notably, to the best knowledge of the authors, no reviews have been conducted for HOA or
post-THA gaits. Thus, the aim of this review is to examine reports that utilize ML techniques in HOA
and post-THA subjects using biomechanical data from GA. By providing a comprehensive review of
the current state of the field, benefits and limitations can be appraised thus providing information for
future direction.
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2. Methods

This systematic review follows the PRISMA guidelines in the selection of papers [29].

2.1. Search Strategy

Databases were judiciously selected, based on their discipline, to improve search results. As
such, two technological databases namely IEEE Xplore and ACM Digital Library, and two medical
databases namely Embase and PubMed were selected. Additionally, Scopus was added for search as
a hybrid of technological and medical databases. PICO strategy [29] is utilized to formulate the search
terms with Problem: HOA or THA, Interest: Machine Learning, and COntext: Gait Analysis. To
comply with each database’s syntax requirements, the search string is adapted as shown in. The final
search was completed on May 4, 2025. All identified reports are uploaded to Endnote 21 for screening
and review.

Table 1. Search String.

Database = Search Terms
(“osteoarthritis, hip”[MeSH Terms] OR “arthroplasty, replacement, hip”[MeSH Terms] OR “Hip
Prosthesis”[MeSH Terms]) AND (“walking”[MeSH Terms] OR “gait”[MeSH Terms]) AND (“machine
learning”[MeSH Terms] OR “classification”[MeSH Terms] OR “prediction algorithms”[MeSH Terms] OR “cluster
analysis”[MeSH Terms] OR “Regression Analysis”[MeSH Terms] OR “Biometric Identification”[MeSH Terms])
((Chip osteoarthritis’)/exp) OR (("hip arthroplasty’)/exp) OR ((‘hip replacement’)/exp) OR (("hip prosthesis’)/exp))
Embase AND (((‘walking’)/exp) OR ((‘gait’)/exp)) AND (((‘machine learning’)/exp) OR ((‘classification’)/exp) OR
((predictive model’)/exp) OR ((‘cluster analysis’)/exp) OR ((‘regression model’)/exp) OR (("biometry’)/exp))
(“All Metadata”: “hip osteoarthritis” OR “All Metadata”: “hip arthroplasty” OR “All Metadata”: “hip
replacement” OR “All Metadata”: “hip prosthesis”) AND (“All Metadata”: “walking” OR “All Metadata”:
IEEE Xplore “gait”) AND (“All Metadata”: “machine learning” OR “All Metadata”: “deep learning” OR “All Metadata”:
“classification” OR “All Metadata”: “prediction” OR “All Metadata”: “clustering” OR “All Metadata”:
“regression” OR “All Metadata”: “biometric”)
[[All: “hip osteoarthritis”] OR [All: “hip arthroplasty”] OR [All: “hip replacement”] OR [All: “hip prosthesis”]]
AND [[All: “walking”] OR [All: “gait”]] AND [[All: “machine learning”] OR [All: “deep learning”] OR [AlL
“classification”] OR [All: “prediction”] OR [All: “cluster”] OR [All: “regression”] OR [All: “biometric”]]
TITLE-ABS-KEY((“hip osteoarthritis” OR “hip arthroplasty” OR “hip replacement” OR “hip prosthesis”) AND
Scopus (“walking” OR “gait”) AND (“machine learning” OR “deep learning” OR “classification” OR “prediction

PubMed

ACM Digital
Library

algorithm” OR “clustering analysis” OR “regression model” OR “biometrics information”))

2.2. Screening Method

Two reviewers independently screened identified articles in a two-step process: (1) Title and
Abstract, and (2) Full-Text using the inclusion and exclusion criteria. At the end of each step, any
discrepancies were addressed through face-to-face meeting with a third reviewer. Covidence
software, a standard web-based tool for systematic reviews, is utilized in the study which streamlines
the process, ensures effective collaboration through shared real-time system, and reduces risk of bias.

2.3. Inclusion and Exclusion Criteria

To determine relevance of the identified reports on the objectives of this review, specific
inclusion and exclusion criteria were applied. Included studies require to satisfy the following
conditions:

a. Studies that focus on HOA and THA on human subjects

b. Studies using artificial intelligence in the realm of ML and DL
c. Studies from January 2000 to May 04, 2025

d. Studies that deal with the analysis of gait utilizing input parameters such as kinematics, kinetics,
ST, EMG, and vision data.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Thereafter, studies are excluded with the following conditions:
a. Studies that simulate HOA or post-THA gaits

b. Studies involving robot rehabilitation or prosthetic legs
c. Studies focusing on other musculoskeletal diseases (e.g., knee osteoarthritis)
d. Studies with input parameters that are not gait related

e. Non-English studies

2.4. Data Extraction

A single reviewer is tasked to extract data utilizing Covidence extraction template based on the
PICO strategy as shown in Table 2 . In addition, general information such as authors’ names,
institution, country, and publication year was also extracted.

Table 2. Data Extraction.

Subject Information

Problem/Population Pathology or Gait Type (Healthy, HOA, THA), dataset size, demographics for each class
Aim, ML Algorithm, Input Features, Validation Process, Performance Metrics, and

Interest/Method Results

Context/ Control Outcome Task (Classification or Prediction), Sensor/Modality

2.5. Quality Assessment

Two reviewers assessed the quality of the included reports based on a set of questions through
the RoB 2 tool (Risk of Bias) using the information acquired from extracted data. To properly
synthesize the proposed methods, extracted data are categorized into reliability, applicability, and
interpretability as described in Error! Reference source not found.. An article is considered of high
quality for a given category if a majority of its domains are met.

Table 3. Quality Assessment Description.

Domain Category Description

Dataset Information Reliability High Quality: > 100, demographic explained and balanced
Low Quality: <50, demographic not summarized and unbalanced

ML Algorithm Reliability, Interpretability High Quality: Justification provided, feasible and ML interpretable/explainable
Low Quality: no justification, not interpretable, or not feasible

Validation Process  Reliability High Quality: externally validated and/or validation clearly defined
Low Quality: no validation protocol

Performance and High quality: appropriate and >3 metrics, accuracy > 90%, error < 0.05, and

Reliability and Apphcabﬂityconfusion matrix described

assessment
Low quality: inappropriate or < 3 metrics, accuracy < 80%, error > 0.1, and
confusion matrix not shown

High Quality: benchmarked with other published studies and/or provide value
to the state-of-the-art.

Low Quality: No benchmark or comparison

Results Applicability and Reliability

Study Design Applicability High Quality: appropriate study design and aims clearly stated

Low Quality: inappropriate study design and aims not clearly stated

High Quality: data collection method described and (input features described or
justified)

Low Quality: data collection not described; sensors not feasible

Modality Applicability

Applicability and

Input Featu
nput reatures Interpretability

High Quality: input features described or justified and interpretable

Low Quality: data collection not described and/or not interpretable
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3. Results

3.1. Search Results

Figure 1 summarizes the workflow to achieve this systematic review. Initial search generated
759 articles: 375 from Scopus, 63 from PubMed, 205 from Embase, 117 from ACM Digital Library, and
14 from IEEE Xplore. Ninety-five duplicates were automatically removed by the Covidence software
leaving 664 articles to be screened.

Records from:
Scopus: n=357

PubMed: n=63 Duplicate records removed
Embase: n=205 i | before screening:
ACM Digital Library: n=117 n=95
IEEE Xplore: n=14
TOTAL: n=759
Records Title and Abstract screened: Records excluded:
n=664 (inclusion criteria) ‘ ‘ n=633

Reports Excluded:
n=12
Wrong Population: 9
non-ML: 2
Wrong Features: 1

Reports for eligibility through Full -Text:
n=31 (exclusion criteria)

Total report included:
n=19

Figure 1. PRISMA Flowchart.

To understand the relationship between keywords used in the search, a visualization of
similarities through VOSviewer! is designed as shown Figure 2. Evidently, THA is the most
extensively researched topic while DL and ML are the most recent. Also, strong connections are seen
for ML on THA, GA, and HOA subjects demonstrating clear relations among these keywords for the
papers screened on this review.

Two independent reviewers screened the titles and abstracts of the remaining articles based on
the inclusion criteria of which 31 reports were eligible for full-text review. In the event of overlapping
authorship, the said reviewer is not involved in any of the steps for the appraisal of the report.
Subsequently, a single reviewer was tasked to download the eligible reports of which are available
and accessible. Ten reports have met disagreements in vote, and with the involvement of a third
reviewer, eight and two reports were excluded and included respectively in the next stage. A total of
12 reports were excluded with 9 as wrong population, 2 as non-ML method used, and a single report
with incorrect input features utilized. A tally of 19 articles was finalized for data extraction and
quality assessment.
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6% VOSviewer
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Figure 2. Similarity of keywords used in the review.

3.2. Data Extraction

Out of the 19 included articles, 15 of these were published in the past 5 years with majority just
in the recent couple of years as presented in Figure 3. As such, DL methodologies were also
introduced in these recent years[15,16,30].

Relevant published studies per year

w

-

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 3. Annual ML Publication of Gait Analysis for HOA and THA.

3.2.1. Dataset Information

Majority of the included studies employed a small number of participants with 10 articles
utilizing 50 or less participants [14,17,20,21,30-35]. Notably, 5 studies had sample sizes of 100 or more
participants [15,16,19,36,37] incorporating at least 1000 events for gait analysis. Information about
sampling is summarized in Figure 4a. Four articles have not elaborated the participants’
demographics [17,19,20,23] while three articles matched age and BMI of the participants for the
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classes [14,31,38] and same number of articles have controlled gender-ratio [18,31,32]. On the other
hand, only two articles have utilized a public dataset [39] that consists of healthy, and patients before
and after THA operation [15,16].

Gait Class Count
Sample Size
Count

- ’
e _ ’

HOA 11

= [0-50] = [50-100] = [>100]

(@) (b)

Figure 4. (a) Sampling Size Information, (b) HOA/post-THA gait classes considered.

3.2.2. Problem Classification

Fourteen of the studies were classification tasks [14-21,31,32,34-36,38] with 5 studies solely
focused on the diagnosis of HOA gaits [14,15,18,31,32]. Conspicuously, Choi et al. [32] employed
clustering method to further classify HOA gaits on severity levels. Four other studies focused on
predicting outcomes of THA surgery through binary classification [21,34,35], and multi-label
classification with healthy and HOA gaits [16]. Particularly, only Ghaffari et al. aimed at finding gait
pattern differences between hip and knee osteoarthritis [18].

The other five studies were prediction tasks [22,23,30,33,37] with a variety of objectives. Cornish
et al. [30] predicted hip contact forces and kinematic angles of HOA subjects using EMG and pose
estimates through vision-based marker-less system. Miyazaki et al. [37] predicted gait patterns before
and after THA surgery that is important for locomotive syndrome. Dindorf et al. [33] predicted the
most significant parameters of post-THA gaits and dimensionality reduction methods were
employed. Additionally, Polus et al. [22] predicted risk of fall for THA patients while Surmacz et al.
[23] predicted the recovery of patients after THA operation. Figure 4b shows that only three studies
have considered both HOA and post-THA gaits in their article [16,22,37] while five studies focused
only on post-THA gaits [21,23,33-35].

3.2.3. Modality and Input Feature

Nine articles have utilized state-of-the-art 3-Dimensional Gait Analysis (3DGA) [14-16,19,30—
33,37] that may consist of optical cameras, inertial measurement units (IMU), force plates, and bipolar
surface electrodes to accurately measure gait parameters. Seven articles only require wearable
sensors of which a majority are IMU [21,33-36,38]. Interestingly, two recent studies only need the use
of smartphones to acquire gait information[22,23] while another recent study proposed the use of
marker-less vision-based system [20].

Consequently, nine studies utilized kinematic parameters [14-16,18,21,33-36], another nine
studies employed ST parameters [19-23,30,37,38], two articles exclusively used kinetic parameters
[31,32], and two articles have employed muscle activation information through electromyography
(EMGQG) [17,30]. Feature extraction and selection was performed and explicitly discussed in ten articles
[19-22,33-38] and which is the main focus of a single study conducted by Miyazaki et al. [37].
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3.2.4. Machine Learning Algorithm

Majority of the included papers, 16 in total, utilized traditional ML or non-DL methods except
for three recent papers [15,16,30]. For these traditional ML methods, the most popular algorithm used
is support vector machine (SVM) [14,19-22,31,34-36,38]. Other ML algorithms such as k-Nearest
Neighbor (kNN) [18,19,31,38], random forest (RF) [31,33,34], decision trees (DT) [38], Fuzzy Inference
System (FIS) [19], and several types of regression models [17,23,38] were also considered.

Seven articles conducted a comparable study on several ML methods [17,19,22,30,31,34,38].
Notably, the article by Choi et al. [32] is the only unsupervised methodology utilizing k-means
clustering algorithm. For DL models, only long short-term memory (LSTM) and convolutional neural
networks (CNN) were considered [15,16,30]. On the other hand, interpretability and explainability
concepts for ML methods were only examined in two articles [34,35].

Hyperparameter tuning was mentioned in in seven articles [15-18,30,36,38] albeit only two
papers explicitly discussed the method used: grid search by Ghaffari et al. [18] and hyperband
algorithm by Cornish et al. [30]. Figure 5 describes the hierarchical extracted data according to
problem classification, ML method, and input feature categories.

Included Papers Classification (19 reports)

Figure 5. Extracted Data Categories.
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3.2.5. Performance and Validation

With the exception of Miyazaki et al. [37] study on feature importance prediction, the rest of the
articles have split their dataset into at least two groups, training set, validation set, and/or test set. Of
these articles, ten studies have held out a set or group, explicitly not seen in training, for performance:
test set [16-18,20,23,36], leave-one-subject-out (LOSO) [30], leave-one-group-out (LOGO) [22,33], and
other classes [35]. Eleven studies employed some form of k-fold cross validation (CV) [14,15,17,19,21-
23,31,34,36,38], trained the dataset iteratively to find the best performing model.

Accuracy is the most adopted performance measure among the studies with a few exception
articles: symmetric mean absolute percentage error (SMAPE) [32], mean-square error (MSE) [30], and
cumulative contribution [37]. Other performance measures, such as sensitivity, specificity, recall, and
precision, were also added for further performance analysis of the developed model.

Apart from the recent DL-related studies, SVM is found to have the highest performance among
the traditional ML methods [19,22,33,38] within 70-100%. DL models [15,16,30] consistently provides
superior performance with accuracy above 95% as reported in the articles.

3.2.6. Results Interpretation

In terms of ST parameters, gait speed is the most reported with the highest discriminating
feature [19,20,23,38] followed by stride time [19,38]. For kinematic parameters, the sagittal hip angle
is the highest discriminating feature as reported by eight articles [14-16,21,32-35] and followed by
the sagittal angle of the knee [14,16,33-35]. Subsequently, Nair et al. [17] utilized EMG information
and reported gluteus medialis as the most important muscle for classification during loading and
mid-stance. The summary of extracted data for classification and prediction tasks are presented in
Tables 4-7.
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Author Main Objective Sample Size  Algorithm Modality Gait Parameters Validation  Assessment Method Results Best Feature or Event
Accuracy, 70% accuracy in
diagnose HOA ~ 23HOA, 18 SVM, RF, kNN, o racy. ~ Y™ GRF z-axis of stance
Ahn[31] . . 3DGA Kinetics 5-fold CV Sensitivity, predicting abnormal gait
with one gait cycle HEA LDA o phase
Specificity patterns
SVM, DT,
determine pain 26 HOA, 25 o . . .
, Logistic Accuracy 86.79% DT  gait speed, stride time,
Almuhammadi[38] levels of KOA, and 27 . IMU ST 5-fold CV  Accuracy, and AUC .
Regression, RF, and 83.57% SVM and stride count
HOA/KOA HEA
KNN
OTH: 62 Accuracy,
classify different SVM, kNN, FIS Accuracy: 97% FIS, 98% step length, swing speed,
Altilio[19] y citterer HOA: 23 3DGA ST 10-fold CV Sensitivity, y pleng ‘6 5P
pathological gaits and NB . kNN cadence, and stride time
HEA: 30 Specificity
. . Gaussian . 0.83 similarity score on . .
classify gaits of . intra- . sagittal hip angle and
. 16 HEA and 16 Mixture Model L L SMAPE and Bayes vertical GRF;
Choi[32] HOA, 3DGA Kinetics validation for . T . . moment, and knee
. HOA and K-Means . Information Criteria 68.5% correlation with
unsupervised . subjects moment
Clustering KL grades
classif 43 KOA, 28 5-fold CV
},I ST and L 82.3% between healthy
Dammeyer[36] pathological HOA, 67 OTH, SVM IMU . . 85% training, Accuracy . . N/A
. . kinematics and pathological gaits;
disease from gait and 116 HEA 15% Test

LDA: Linear Discriminating Analysis; 3DGA: 3D Gait Analysis; GRF: Ground Reaction Force; KOA: Knee Osteoarthritis; AUC: Area Under Curve; OTH: Others; HEA: Healthy; CV: Cross

Validation; NB: Naive Bayes; KL: Kellgren-Lawrence;.

Table 5. Summary of Extracted Data for Classification Task - 2.

Author Main Objective Sample Size  Algorithm Modality Gait Parameters Validation = Assessment Method Results Best Feature or Event
lassify and ittal angles of hip,
. . classtlyan 27 HEA, 20 . . 100% accuracy using all Sagitial angies .0 P
Dindorf[34] interpret post- RF, SVM, MLP IMU Kinematics 5-fold CV Accuracy knee and pelvis, and
R THA IMU measurements
THA gaits transverse angle of ankle
lassifv HOA and 57 KOA and 42 75 Training, 25 A Precisi 77% accuracy, 77% Harmonic 2&4: MD
classi an an ccuracy, Precision, .. .
Ghaffari[18] y kNN Accelerometer  Kinematics Test (no Y Precision, 76% Recall, Harmonic 1&2: CC
KOA HOA L Recall, F1-score .
validation set) 78% F1-Score Harmonic 4: AP
lassify HOA and lit to traini
. casskhy . e 36 HOA, 13 2 Microsoft Sput fo training SVM with 96% F1-Score, Stance Time and Gait
Ghidotti[20] healthy using SVM . ST and test sets  Accuracy, F1-Score
Visi HEA kinect sensors and 94% accuracy Speed
ision
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90% accuracy with the sagittal angle of the hip
and knee; frontal angle of
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Nair[17] HOA, RA and 8 RA, 10 OA, LSK, NN, MLP EMG 20% testing;k-  Sensitivity, and loading and mid-stance
Electrodes o HOA accuracy
healthy w/ EMG fold CV Specificity phase
Table 6. Summary of Extracted Data for Classification Task - 3.
Author Main Objective Sample Size  Algorithm Modality Gait Parameters Validation  Assessment Method Results Best Feature or Event
Accuracy, 97% G-Mean Score on
lassify HOA and 80 Healthy, 106 80% training, . . . .
Pantonial[15] ¢ asmh};a Ithy an e}?OAy CNN 3DGA Kinematics 20% Ov:lilcrll;?iin S'e.n'51t1v1ty, the Sa.glttal Hip Angle sagittal hip angle
Specificity, G-Mean with ResNet50
81 Healthy, 106 70% training, A , ittal hi dk
. classify HOA, eary Hybrid LSTM- . . ra.umrllg Cc1.11Ta<.:y 94% accuracy between sagtial up and knee
Pantonial[16] HOA and 106 3DGA Kinematics  20% validation, Sensitivity, . angles; front angles;
healthy, and THA CNN o healthy and HOA gaits
THA 10% test  Specificity, G-Mean angles of foot and knee
lassifv and validate on 100% accuracy for THA: sagittal hip angle
classify an
Teufl[35] explain pzst—THA 25 Healthy, 20 SVM IMU Kinematics other classes  Accuracy, AUC of c?utliers., .and three }'lealthy subjects: sagittelll
it THA (THA and ROC curve misclassified healthy right knee, transverse hip
aits
& prosthesis) subjects and ankle
A g 97% hieved
classify post-THA 20 THA and 24 ST and cc%n"a?y .a.cc'urac?l ac lef'e Hip ROM symmetry and
Teufl[35] . SVM IMU . . 12-fold CV; Sensitivity, utilizing kinematic . .
gaits Healthy kinematics . Pelvis Sagittal ROM
Specificity, AUC parameters
MLP: Multi-Layer Perceptron; MD: Mediolateral axis; CC: Craniocaudal axis; AP: Anteroposterior axis; ROC: Receiver Operating Characteristics; LSK: Least-Square Kernel; RA: Rheumatoid

Arthritis; ROM: Range of Motion.
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Table 7. Summary of Extracted Data for Prediction Task.
Author Main Objective Sample Size  Algorithm Modality Gait Parameters Validation  Assessment MethodResults Best Feature or Event
HCEF is predicted with
dict HCF f Leave-One- Mean-S E
Cornish[30] ~ PreCttHMEHOM 17 HOA CNNandLSTM  3DGA EMGand Vision —ov e ner Meanm>qUare BHOL 5 o, MSE, Kinematics N/A
EMG and Vision Out CV (MSE) .
with 5.3 degrees MSE
RF with
91% ith IMU
predict the most Minimum Leave-One- ° latmcfuracy w%tt Lhi sagittal angles of the hip
results from sagittal hi
Dindorf[33] important gait 22 THA Redundancyé& 3DGA Kinematics Group-Out Accuracy ° dsk oms i front P and knee, front angle of
and knee, and fron
pattern for THA Maximum Validation the knee
knee angles
Relevance
dict gait
Pfi?t € gfau Cumulative 3 features were found to walking ability, stance
atterns for
Miyazaki[37] }1) " 237 HOA/THA PCA + MLR 3DGA ST N/A contributionin  account for 91% of the phase, and asymmetry of
ocomotive
percentage correct classification support time
syndrome
10-fold leave- Accuracy,
dict risk of fall IMU and Ipod 90% d 0.88
Polus[22] ~ Proorc MR ON 2) HOA/THA SVM and LDA and po ST some-subject-  Sensitivity, e aceuracy an N/A
for THA patients Touch . . AUC with LDA
out testing Specificity, AUC
predict recovery 1003 THA, 1920 Lasso 5-f0.1d. CV;70% ACC1:1]i'a(.3y, 88% a(ijc'ul"acy, 36% .
Surmacz[23] of rehab after . Smartphone ST training, 30% Sensitivity, Sensitivity, 95% gait speed
TKA, 332 PKA Regression cpe e
THA test Specificity Specificity

HCEF: Hip Contact Force; PCA: Principal Component Analysis; MLR: Multiple Linear Regression; TKA:

Total Knee Arthroplasty; PKA: Partial Knee Arthroplasty.
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3.3. Quality Assessment

Table 8 summarizes the quality assessment results of the reviewed articles in this study. Only
one study had adequately achieved all quality categories [34]. In the context of reliability, ten articles
sufficiently addressed the hurdles [15,16,22,30-34,37,38]. Conspicuously, only two studies explicitly
addressed interpretability [34,35] while all but two studies have adequately addressed concerns on
applicability [23,31].

Table 8. Quality Assessment Results.

Author Reliability Interpretability Applicability
Ahn [31] Y N N
Almuhammadi [38] Y N Y
Altilio [19] N N Y
Choi [32] Y N Y
Cornish [30] Y N Y
Dammeyer [36] N N Y
Dindorf [33] Y N Y
Dindorf [34] Y Y Y
Ghaffari [18] N N Y
Ghidotti [20] N N Y
Laroche [14] N N Y
Miyazaki [37] Y N Y
Nair [17] N N Y
Pantonial [15] Y N Y
Pantonial [16] Y N Y
Polus [22] Y N Y
Surmacz [23] N N N
Teufl [35] N Y Y
Teufl [21] N N Y

Y: “sufficient”; N: “not sufficient” or “not relevant”.

4, Discussion

The aim of this literature review is to examine ML method on gait information concerned with
HOA and THA subjects. The intent of this section is to synthesize the results based on the previous
section’s quality assessment expounding on key characteristics: dataset information, model
validation and evaluation, model algorithm selection or design, interpretability and explainability,
and feature identification.

4.1. Dataset Information

Firstly, the quantity and quality of data is the most important factor for reliability. Thus far, a
sufficiently large and diverse dataset, in most studies included, is lacking. Fourteen studies utilizing
less than a hundred participants. While there is no standard in the size of dataset, a relatively small
sample size adversely affects the generalizability of ML algorithms for precise prediction of
unforeseen data [40]. To mitigate this issue, multiple trials are conducted for each participant, thus
artificially increasing the dataset, but this can introduce bias and overfitting.

With regards to post-THA gait reports, measurements are conducted between 2-weeks to 6-
months. A standardized time to conduct the measurement is strongly recommended as it can
potentially enhance reliability in benchmarking comparison for the effectiveness of treatment and the
performance of prediction capabilities of ML algorithms as well.

The most comprehensive and publicly available dataset was provided by Bertaux et al. [39] quite
recently. This fully described 3DGA dataset is composed of 80 healthy individuals and 106 patients
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with unilateral HOA before and after THA operation. The use of a publicly available dataset allows
researchers to contribute to common bodies of knowledge and algorithm validation can be easily
done through comparison of performance. Consequently, the kinematic information of the dataset
has been used for the development of DL models [15,16] on classification problems. In addition,
healthy, pre- and post-THA gait classes in one protocol is necessary for ML models to identify
severity outcomes and provide insights into the effects of treatment [11].

For ML research purposes, it is highly recommended to have another independent publicly
accessible dataset that also contains pre-THA and post-THA gait data. Thus, results can be validated
on the effects of treatment and rehabilitation. To achieve this, close collaboration with relevant
institutions is necessary.

On the other hand, data quality is tied to data acquisition, diversity, and class balancing.
Primarily, data acquisition has a significant contribution to quality, thus a complete description is
necessary. Variability of marker or IMU placements by clinicians on anatomical landmarks can
greatly affect reliability and robustness of raw measurements. The error can be introduced between
subjects or before and after operation. Notably, less than half of the articles included were able to
achieve this.

Subsequently, most of the included studies have provided generic demographic descriptions of
the participants (gender, age, height, weight, etc.) describing limited diversity compounded with
class imbalance that can lead to a risk of bias towards the majority class [40]. Thus, dataset matching
is crucial to improve generalizability of ML models. Arguably, data availability may not be known
beforehand, thus dataset matching is an ongoing challenge towards deployment and application. To
address this issue, generative artificial intelligence has been proposed recently as an effective method
in data augmentation for ML models [41]. Synthetic data are created with validation from domain
experts to enhance dataset diversity.

4.2. Model Validation and Evaluation

Majority of the studies adopted CV methods to address overfitting, especially dealing with small
datasets. LOSO or LOGO CV methods are widely accepted and recommended to evaluate models in
terms of generalizability [42] which is only considered in three studies [22,30,33]. Moreover, as model
training is achieved through iterative process, only a single study [16] has explicitly split the dataset
into three holding a test set for a final evaluation. Thus, most studies are vague in their model tuning
approach.

It should be noted that all ML models considered in this review are tested and trained on the
same dataset thus limiting its generalizability as samples have high comparability [4]. A thorough
external validation of ML models is necessary to ensure reliability before it can be considered for
clinical utilization [43]. Still significant barriers are seen on region-related differences such as
institution policies in patient selection, demography and culture, and environment. A common
protocol with the same ML platform could potentially address this issue.

While accuracy has been employed as the primary performance metric in most studies, other
important metrics such as sensitivity, specificity, precision, and recall, are important as well for
clinical utility. These other metrics were considered in eleven studies providing indicators on how a
model performs with false predictions which are relevant in the medical context. A full confusion
matrix of the results is also recommended to provide a whole picture of the performance [44].

4.3. ML Algorithm Selection and Design

Several ML algorithms were considered in the study with SVM classifiers as the most popular
being used in ten studies, generally the best performing model among traditional ML with reported
accuracy of 70-100%. Noticeably, two similar articles [34,35] on post-THA gait classification reported
perfect accuracy but closer scrutiny reveals small sample size suggesting prediction over-fitting. It
should be noted that relatively earlier reports tend to have small sample size affecting the developed
model’s generalizability.
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Quite recently, DL framework has been proposed and has shown superior performance mainly
due to its data-driven approach, as compared to traditional ML models, in related fields that require
pattern recognition [45]. Besides, it is a feature extracting architecture with attributes learned from its
hidden layers. Thus, eliminating this time-consuming stage that oftentimes requires some
handcrafting of features. In the past couple of years, three articles from the included reports have
proposed DL methods for classification of before and after THA gaits [15,16], and prediction of HCF
for HOA subjects [30], respectively. The former achieved above 95% performance across features and
benchmarked with previous classification studies employing SVM [14,21] which demonstrates its
outstanding results. Otherwise, the latter is the first study to predict HCF, kinematic and kinetic
information as well using ML methods achieving minimal errors and results in agreement with
neuromusculoskeletal modelling.

On the other hand, a single study [32] utilized an unsupervised learning model through k-means
clustering analysis from GRF measurements of healthy subjects and HOA patients. Interestingly, it
is revealed that gait patterns of HOA patients can be grouped into two clusters. The first cluster is
similar to a healthy gait pattern and could require strengthening exercise while the second cluster is
markedly different from the other clusters that points to hip replacement possibility or more stringent
gait training. Additionally, this is the only study that attempts to correlate with KL severity grade of
HOA.

It is noteworthy that this review reveals a palpable gap in feasibility studies in terms of
computational and memory requirements. While hardware constraints are mostly settled in the
recent decade with the introduction of cloud-edge computing and the use of graphics processing unit
(GPU) [46], a conscious consideration of this requirement can significantly improve practicality and
effectiveness in real-world clinical applications.

4.4. Interpretability and Explainability

As more DL methods are applied in GA, it is evident that performance has reached its ceiling.
However, the lack of prediction transparency and explainability [24] is becoming a major hindrance
for its practical application in clinical setting. The ‘black-box” nature of ML methods makes their
decision-making opaque due to unknown input — output mapping on the hidden layer leading to
poor understanding of predictions.

To address this issue, Dindorf et al. [34] explored explainable artificial intelligence (XAI)
concepts to examine the influence of input representation on SVM model accuracy in the gait
classification of healthy and after THA subjects. Local Interpretable Model-Agnostic Explanations
(LIME) was used for the interpretation task and found that derived or intermediate features improve
performance at the expense of interpretability. While the authors explicitly recommended combining
different input representations, this may not be beneficial eventually due to unclear connections.
Instead, it is advantageous to exploit DL methods with XAI to obtain optimum performance while
not sacrificing interpretability.

Consequently, the same research group [35] further investigated XAI to examine relevant gait
features that lead to successful classification decision utilizing permutation feature importance
algorithm [47]. The selected input features were common. Discrete gait kinematic parameters, such
as the sagittal hip trajectory, instead of abstract sensor, or transformed data, therefore providing
clinicians with valuable interpretable information.

Efforts to increase transparency of DL models in the context of GA are still active ongoing
research [48,49] with attention-based DL algorithms [50] becoming popular with the use of attention
maps to visualize hidden layers’ relationships providing transparent prediction outcomes. It is
recommended that future ML algorithms not only provide accurate results but meaningful and
interpretable information as well. Deeper insights into the gait events of joint kinematics and muscle
activation parameters can guide clinicians with decision-making for suitable treatment strategies.
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4.5. Feature Identification

Feature extraction and selection is an integral part of ML algorithm design to improve prediction
performance. Yet, in the context of HOA gait studies, a pending research task is the determination of
significant features that describe HOA or THA.

Regarding ST gait parameters, articles included aimed to corroborate results from previous
analytical studies through supervised methods. While gait speed and stride time were found to be
the most important features [19,20,38], there are other parameters reported that could be relevant and
needs some research. Accordingly, the study by Miyazaki et al. [37] focused on predicting the most
significant ST gait parameters for subjects who underwent unilateral THA due to HOA through PCA.
Among 16 parameters, there are three components identified that account for more than 90% of
contribution namely walking ability, stance phase, and asymmetry of support time. Multiple linear
regression analysis further reveals that these are the most influential factors for clinical decisions.

Likewise, there is a positive development towards consensus on the identification of kinematic
outcomes that can be utilized for the diagnosis and prediction for HOA patients. Kinematic
trajectories from the sagittal plane of hip, knee, and foot are considered to be significantly relevant
[14-16,32,34,35]. Aside from the trajectory itself, it is important for clinical applications to determine
the gait event that leads to the correct prediction. This type of feature selection has been explored by
Teufl et al.[21] but it is recommended to utilize the whole kinematic trajectory as a feature and an
interpretable method be able to detect the most important event in that single gait cycle. Hence, input
feature can be mapped to output prediction providing explanation to the resulting classification.

Furthermore, a less explored gait feature is based on EMG patterns of muscle activation. Nair et
al. [17] investigated ML techniques in the classification of healthy and arthritic, both HOA and
rheumatoid arthritis, subjects. While simple ML algorithms were employed more than a decade ago,
with gluteus medialis muscles identified as important, it would be interesting to see existing DL
frameworks applied to EMG patterns for validation of these results and further identify relevant but
hidden patterns.

From these results, it is clear that utilizing a multi-modal system in a common ML platform is
beneficial. Kinetic waveforms can be augmented to other parameters, potentially providing
explanation to relevancy of gait events. Additionally, discarded features may hold clinical
significance and it could be correlated with established and more prominent gait attributes.
Interdependencies between features have potential to be discovered and verified providing crucial
information for personalized rehabilitation strategies and further enhancing applicability of ML
models.

Conversely, two articles in this review have not utilized clinical datasets and instead
smartphones are employed to gather gait information in the real world to predict outcomes of THA
operation. Polus et al. [22] developed a fall risk prediction model based while Surmacz et al. [23] a
multi-class model for the prediction of recovery and rehabilitation based only on gait speed. These
real-world applications are the next steps in monitoring patients outside of the clinical setting.

5. Conclusions

ML algorithms reveal promising results in gait analysis to classify and predict medical
conditions of individuals with HOA and/or post-THA operation. Majority of the reviewed articles
were published in the past five years underscored the evolving nature of the research field.

With recent advancements in DL framework, classification studies are achieving superior
performance heading towards reliable platforms. Reports on the identification of key gait parametric
outcomes are reaching a consensus which can improve HOA diagnosis and follow-up conditions in
post-THA subjects. However, small sample sizes, adequate validation processes, and lack of focus on
multi-class studies utilizing pre- and post-THA gaits in a single protocol are ongoing challenges that
considerably affect clinical utility and generalizability. Further research on synthetic gait data
through generative models is our research direction to mitigate these limitations. Another key
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characteristic that needs to be addressed is the interpretability of proposed ML models which have
been seldom explored. Future research activities should explore XAl and attention-based models that
provide information on the hidden layers thus increasing transparency.

The findings of this systematic review improve understanding of the current state of ML
research in the context of gait analysis applied to HOA and post-THA subjects. Further identification
of relevant gait parameters for clinical applications, and exploration of interpretable and reliable ML
models can be instrumental for accurate treatment decision-making and optimal rehabilitation
strategies.
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