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Abstract 

Objective: Stroke survivors often experience hemiparetic lower extremity impairment, 

which increases fall risk. This study investigates prospective fall risk prediction using gait 

kinematic markers analyzed through a markerless motion capture system on mobile devices 

for participants with chronic stroke. Design: A prospective cohort study. Setting: 

Laboratory setting, with three iPad Pros positioned at the start, end, and lateral points along 

a 3-meter walkway. Participants: Adults with hemiplegic stroke (Modified Functional 

Ambulation Classification ≥III) and age-matched healthy controls, all without a recent fall. 

Main measures: Gait parameters including stride length, cadence, step width, stance/swing 

time, double support time at baseline, and fall history interview over the 18-month period 

following the walking experiment. Results: Fifty healthy adults and 46 participants with 

chronic stroke were recruited. The 18-month prevalence for fallers in participants with 

stroke was 13%. Participants with stroke demonstrated a slower walking speed, a shorter 

step width, and a longer standing time than the healthy adults. Cadence, stride length, stance 

time, and swing time were strong predictors of fallers among participants with chronic 

stroke. The relative risks for low cadence, low swing phase, and high stance phase were 

2.163, 2.002, and 2.142, respectively. Conclusion: Our findings support the importance of 

using gait parameters obtained from the markerless motion capture system on mobile 

devices to predict prospective fall risk in the stroke population. Future research with larger, 

diverse cohorts of the stroke population using markerless motion capture is recommended 

to validate and refine the fall prediction models. 
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Introduction 

The impairment of hemiparetic lower extremity and balance significantly affect the walking 

gait of stroke survivors and result in gait performance that diverges from that observed in 

healthy adults (1). Research indicates that 82% of stroke survivors do not achieve full 

recovery of community ambulation three months or more poststroke (2). This finding 

suggests that walking difficulties may persist for extended periods. It thereby increases the 

risk of falls among this population. A previous study showed that the one-year prevalence 

of falls was 52.6% among individuals with chronic stroke and mild-to-moderate disabilities 

in community dwellings (3). Falls among stroke survivors can be fatal or cause ‘double’ 

disabilities; therefore, there is a need to investigate effective and efficient instrumental fall-

risk prediction tools for fall risk detection in the clinical populations. 

 

Medical professionals have focused on assessing the kinematic aspects of gait in stroke 

patients to identify their fall risk through the evaluation of walking patterns (4). Recent 

wearable sensor-based devices using inertial measurement units (5) and posturography 

using motion capture systems (6) have been developed for applications related to falls. 

While wearable devices and 3D motion capture systems provide accurate and reliable gait 

analysis (7), their clinical adoption remains limited due to the high cost, the lack of 

standardized treatment protocols and the insufficient translation of biomechanical data into 

actionable therapeutic insights (8). Consequently, therapists have utilized observational gait 

assessment tools, such as the Hemiplegic Gait Analysis Form, the Gait Assessment and 

Intervention Tool, and the Wisconsin Gait Scale, to identify gait abnormalities in stroke 

patients (9). However, these observational methods rely on subjective visual analysis, which 

suffers from poor inter-rater reliability. While scales such as Wisconsin Gait Scale provide 

standardized scoring (10), they often reduce complex gait patterns to ordinal categories 

which might lead to the obscuring of continuous and biomechanically meaningful data. 



Studies indicates that only the Gait Assessment and Intervention Tool can be regarded as 

the current benchmark for observational gait analysis in this population (11). 

 

Given the limitations of existing gait assessment tools—particularly their inability to 

provide objective, effective, and easily adaptable evaluations for stroke patients with mild 

to moderate mobility impairments, where gait abnormalities may be subtle and difficult to 

be observed, there is a need for valid and reliable instruments to assess fall risk in this 

population. Emerging markerless motion capture systems using mobile devices might show 

promise for portable, cost-effective gait analysis and fall risk prediction in stroke 

populations (12). However, few studies have validated their efficacy for kinematic-based 

fall risk assessment (13). Therefore, the aim of this study is to investigate prospective fall 

risk prediction in terms of fallers among participants with chronic stroke through an 18-

month follow-up using gait kinematic markers analyzed through a markerless motion 

capture system on mobile devices. 

 

Methodology 

 

Study Design 

Ethical approval of this study was obtained from the Human Subjects Research Ethics 

Committee of the Hong Kong Polytechnic University (Reference No.: 

HSEARS20230214010). All participants who met the inclusion criteria were required to 

provide informed and written consent before entering the study. This study was a 

prospective cohort study of participants with chronic stroke and their age- and gender-

matched healthy counterparts recruited from the community through convenience sampling 

to establish reference values for gait parameters. The control group of healthy adults 

provided a normative gait performance for comparison. Gait parameters were measured in 



the control group to derive average values, which served as the benchmark for classifying 

performance levels for the stroke survivors. Before the experiment, the Montreal Cognitive 

Assessment (cutoff < 22/30) (14) was used to assess participants’ cognitive ability. The 

Modified Functional Ambulation Classification (15), the Fugl-Meyer Assessment of Lower 

Extremity (16), and the Berg Balance Scale (17) were administered to the stroke participants 

by registered occupational therapists before the walking trial for gait analysis. Participants 

from both groups were then instructed to walk a distance of 3 meters at their usual pace 

three times. The 3-meter walking distance was adopted from the 3-meter walk test. It was 

selected for this study primarily due to its suitability for clinical environments with space 

constraints and its established reliability for measuring walking speed in chronic stroke 

populations (18). The three walking trials were captured using a customized markerless 

motion capture system in iPad Pro that has undergone a reliability test for joint angle 

calculation (19). Kinematic information extracted from the markerless motion capture 

system was used to calculate the gait parameters of the participants at the baseline. An 18-

month follow-up was conducted with the participants who were stroke survivors through 

telephone interviews to record fall incidents, if any, after the walking experiment. 

 

Participants 

To be eligible to participate in the study, participants with stroke had to 1) be adults aged 

18 years old or above, 2) have been diagnosed with a hemiplegic stroke, 3) have no history 

of previous neurological or orthopedic diseases/congenital disorders of the upper, lower 

extremities and spine, 4) have adequate cognitive ability to comprehend simple instructions, 

5) be able to walk continuously for at least 3 meters with or without walking aids, 6) have 

had no falls in the past 3 months before joining the study and 7) have mild to moderate 

mobility disability (Modified Functional Ambulation Classification category III or above). 



Participants were excluded if they 1) were medically unstable or 2) had an Modified 

Functional Ambulation Classification (15) score of category II or below. 

 

Equipment 

The markerless motion capture system was developed using Xcode on the basis of the 

ARKit6 and RealityKit framework supported by an iPad Pro with a LiDAR scanner. The 

detection of the human body and the joint positions were extracted and realized through 

computer-vision algorithms using convolutional neural networks (20). A total of 14 3D body 

joint positions and the timestamp of the motion detection were captured by our motion 

tracking platform. The capture frequency of the markerless motion capture system was set 

at 30 Hz. The normalized coordinates were relative to the center of the pelvis and defined 

as the origin of the ARKit’s coordinate system (21). The adjacent 3D joint coordinates 

extraction calculated the angles of interest. Angle 𝜃𝜃 was calculated by three joints (hip, 

knee, and ankle), namely 𝐴𝐴, 𝐵𝐵, 𝐶𝐶 ∈ 𝑅𝑅3or associated vectors 𝑣𝑣1����⃑ = 𝐴𝐴 − 𝐵𝐵 𝑎𝑎𝑎𝑎𝑎𝑎 𝑣𝑣2����⃑ = 𝐶𝐶 − 𝐵𝐵, 

with the formula  

𝜃𝜃 = arccos
𝑣𝑣1 ∙ 𝑣𝑣2

||𝑣𝑣1||2||𝑣𝑣2||2
. 

 

Gait Capture 

The gait motion capture session was performed in the laboratory of the Hong Kong 

Polytechnic University, with the floor being covered with vinyl to prevent it from being 

slippery. Participants were asked to walk for 3 meters at their usual pace for three trials. 

They were allowed to use their own walking aids, such as cane, that they used during daily 

ambulation. The start and stop points were indicated by a cone placed on the floor. Three 

iPad Pros were placed at the starting point, the end point, and the lateral side of the 

participants, respectively, for capturing the gait patterns of the participants. The 



environmental setup for the setting of the experiment and the sample motion capture image 

is illustrated in figure 1a and figure 1b. 

 

Fall History Interview 

Follow-up phone call interviews were conducted with the participants to obtain their fall 

history over the 18-month period following the walking experiment. The number, dates, and 

nature of the fall accidents they experienced and the number of fall accidents that led to 

hospitalization were recorded. This is a standard method for prospective falls evaluation 

(22). 

 

Data Extraction 

The video data were processed using frame rate normalization and background subtraction 

to minimize noise. A Butterworth low-pass filter at 10 Hz was used to filter the data. The 

3D coordinates of the joint positions were tracked and detected across consecutive video 

frames. Spatiotemporal gait parameters were computed using the tracked landmark 

positions. The stride length was calculated as the distance between consecutive heel strikes 

of the same foot. Cadence was derived from the temporal frequency of steps and was 

calculated as steps per minute. The step width was measured as the lateral distance between 

the ankles during the stance phase. The temporal parameters, including the stance time, 

swing time, and double support time, were extracted on the basis of the timing of the heel 

strike and toe-off identified from the landmark trajectories.  

 

Data Analysis 

Average values of the gait parameter from the three walking trials of each participant were 

extracted. The data from healthy participants served as the reference for comparison. The 

stride length, cadence, step width, stance time, swing time, and double support time of the 



participants with stroke were evaluated relative to the average values of the healthy group. 

Parameters with values falling below 10% of the healthy group’s average were classified as 

indicating lower-than-average performance, while values exceeding 10% of the healthy 

group’s average were classified as higher-than-average performance. For instance, stroke 

participants with a cadence below 10% of the healthy group’s average were categorized as 

having low cadence, whereas those with a cadence exceeding 10% of the healthy group’s 

average were categorized as having high cadence. Risk ratios using the formula 

Risk ratios =  𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

 were calculated to assess the relative risk of 

fall incidents in terms of fallers (with at least one fall during the prospective 18-month 

period). To further examine the predictive power of these parameters, Cox Proportional 

Hazards Models were utilized to estimate hazard ratios (Hazard ratios = 𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) and 

regression coefficients (β), which quantify the impact of each gait parameter on the presence 

of fall. All analyses included age, gender, and years of education. The final models also 

included the following baseline covariates: fall history in the year prior to entry, the Berg 

Balance Scale score, the Montreal Cognitive Assessment score, and the the Fugl-Meyer 

Assessment of Lower Extremity score. A forward stepwise procedure (P-to-enter = 0.05 and 

P-to-remove = 0.10; retention criteria, P < 0.05) was performed to select the variables most 

strongly associated with falls and derive a predictive equation. Receiver operating 

characteristic (ROC) curve analysis was conducted to determine the optimal cutoff values 

for each gait parameter. The true positive, false positive, true negative, and false negative 

rates based on participants’ fall interview records were calculated. The area under the curve 

was calculated to evaluate the overall predictive performance of each gait parameter. An 

area under the curve value of 0.5 indicated no discrimination, while values closer to 1.0 

indicated excellent discrimination. The cutoff points that maximized the balance between 

sensitivity and specificity for each gait parameter were identified using Youden’s Index 

(Sensitivity+Specificity−1) (23), the cutoff values indicated a higher fall risk. The 



discriminative power of the final model was assessed using the area under the receiver 

operating characteristic curve. All the descriptive statistics were performed using IBM SPSS 

26, while the regression analysis and metric were run using the Scikit-learn package in 

Python. 

Results 

Fifty healthy adults and 50 participants with stroke were recruited into the study. Three of 

the participants with stroke dropped out, and one stroke patient passed away during the 

follow-up period. Hence, a total of 50 healthy adults (mean age = 60.2, SD = 8.3) and 46 

patients with stroke (mean age = 58.1; SD = 11.5) were included in the final data analysis. 

The gender distribution did not differ significantly between the stroke and healthy adult 

groups (p = 0.144). Thirteen percent of the participants with stroke experienced only one 

fall accident, while 4.3% of the participants experienced recurrent falls during the follow-

up period, and two participants experienced falls that required hospitalization. The 

demographics of the participants are shown in Table 1.  

The gait parameters associated with fall accidents, which were deduced by univariate 

analyses, are presented in Table 2. In model 1, the analysis was adjusted for age and gender. 

In model 2, the analysis was further adjusted for cognitive state, years of education, lower 

limb functioning level, and previous fall history. Among the gait parameters analyzed, only 

the presence of a higher cadence was considered to be insignificant in terms of the risk ratios 

for fall in model 2. The presence of low cadence, low swing phase percentage, and high 

stance phase percentage contributed to the highest relative risk (risk ratio = 2.163, 2.002 and 

2.142, respectively, in model 1) among the fall parameters.  

 

A Cox Proportional Hazards Model was conducted to assess the impact of various gait 

parameters on the risk of falls among the participants with stroke (Table 3). Model 1 



included the gait parameters, while model 2 included the gait parameters along with 

potential confounders, including gender, years of education, cognitive state, lower limb 

functioning level, side of hemiplegia, and fall history. All the gait parameters except for low 

walking speed in model 2 (p =0.054) showed a significant association with prospective fall 

risk. Low cadence, low stride length, long stance phase, low swing phase, and long double 

support phase showed the highest Hazard Ratios in association with prospective fallers 

(Hazard Ratios = 2.17, 2.20, 3.88, 4.39, and 2.10, respectively, in model 2). With the 

exception of walking speed, all other the gait parameters were strong predictors of fallers, 

while gender and side of hemiplegia were not significant factors in the prediction of 

prospective falls (p = 0.092 and 0.057, respectively). 

 

Receiver operating characteristic analysis was conducted for each gait parameter to 

determine the optimal cutoff values for predicting prospective fall risk (Table 4). The 

receiver operating characteristic curve for the final model included all the listed gait 

parameters. The area under the curve for the combined model was 0.81, with a sensitivity 

of 0.84 and a specificity of 0.79 (Figure 2). 

 

Discussions 

In our study, the 18-month prevalence of fallers with mild-to-moderate mobility disability 

is 13%. While some studies reported fall rates as high as 25–40% in stroke survivors (24), 

these often include higher-risk subgroups such as the older adults, those with prior fall 

history, cognitive impairments or severe mobility disability. Our cohort had only 2 prior 

fallers at baseline, and we focused on participants with mild to moderate mobility disability. 

It may represent a lower-risk subset, which could explain the fewer observed falls. Our 

results suggested that cadence, stride length, stance time, and swing time are strong 

predictors of fallers among stroke survivors, whereas potential contributing factors such as 



age, gender, and side of hemiplegia were found to be insignificant in the prediction of 

prospective falls among the participants with stroke. Cognitive score, years of education, 

and fall history, which were suggested to have a significant association with falls for older 

adults (25-27), were found to be less strong predictors of fallers among our stroke survivors. 

This could be due to the fact that stroke can lead to various neurological deficits, such as 

lower limb movement deficit and impairment in balance (28), which may overshadow the 

effects of cognitive scores and years of education, making them less prominent in predicting 

prospective falls among individuals after a stroke. Although lower limb functioning ability 

contributed to the prediction of prospective falls in our Cox Proportional Hazards Model, 

the gait parameters appeared to be stronger predictors compared to considering lower limb 

functioning alone. A possible reason for this finding is that the gait parameters reflect an 

integration of neuromuscular coordination, sensory feedback, cognitive processing, 

dynamic movement, lower limb muscle strength, and balance (29). Given that stroke is a 

neurological disease that can affect different body parts, survivors might have other deficits 

that influence their walking gait, such as sensory or coordination issues, besides lower limb 

functioning ability (30). Compared with purely the overall score of the lower limb 

functioning assessment, the gait patterns indicate the components of walking performance 

which could be more relevant to fall accidents. Studies have shown that lower limb 

functional ability is one of the factors, but not the only factor, contributing to fall risk in 

patients with stroke (31). Our results aligned with the findings of previous studies (31-33), 

and our fall prediction model further suggested that gait parameters should be evaluated 

using motion capture, particularly for the purpose of predicting fall risk in the stroke 

population. 

 

The swing and stance times were found to be the strongest fall risk predictors in our model. 

Stroke survivors with shorter swing times and prolonged stance/double-support phases have 



a greater risk of experiencing fall accidents. Due to lower limb muscle weakness, rigidity, 

and spasticity after a stroke, these individuals have difficulty in making a hip and knee 

movement for the leg to swing during the swing phase (35). Such difficulty in executing 

hip/knee flexion during the swing phase (35) and the fear of fall (36) lead to cautious and 

short steps with extended weight-bearing periods (37). This gait pattern reduces dynamic 

stability during phase transitions which increases the risks of fall, particularly in dynamic 

environments (38). Early identification of these temporal gait abnormalities is critical for 

fall prevention. 

 

Our receiver operating characteristic curve analysis suggested that the cutoff values for 

cadence, walking speed, and stride length were 75.1 step/min, 0.77 m/s, and 0.75 m, 

respectively. These cutoff values were slightly lower than the cutoff value for fall in the 

healthy older adults (39). A possible explanation is that individuals with stroke often adopt 

compensatory strategies to maintain stability, such as walking more cautiously or using 

assistive devices (1), these adaptative methods might help them to prevent falls even with a 

slower and unstable gait pattern. This might explain the lower cutoff values in the stroke 

population when compared with the cutoff values for older adults from other studies (40). 

It might reflect a need to have routine gait performance screening and fall prevention 

intervention for stroke survivors in the clinic or community to address their unique fall risk 

factors. 

 

In this study, we extracted the gait parameters from the markerless motion capture system 

in mobile devices, and the extracted variables demonstrated a significant contribution to the 

prediction of fall risk in the stroke population. Markerless motion capture systems address 

key limitations of traditional fall risk tools (41) by enabling a fast and natural gait analysis 

without the use of reflective markers. The integration of markerless motion capture system 



into smart devices (13,42) helps to provide objective, noninvasive gait measurements which 

address the limitations of using conventional methods, such as checklists, observational 

scales, or even marker-based motion capture systems (43). Combined with machine learning 

(44), these systems may enhance fall prediction accuracy and efficiency in stroke survivors 

by automating risk detection. 

This study has three major limitations. First, the relatively small sample size of 46 

participants with stroke may limit the generalizability of the findings. A larger, more diverse 

cohort of the stroke population would enhance the robustness and external validity of the 

results. Second, the reliance on phone interviews to collect fall history over the previous 18 

months may have introduced potential recall bias; although participants had been screened 

for potential cognitive impairment using the Montreal Cognitive Assessment, some patients 

still may have inaccurately remembered or wrongly reported the date of fall incidents. This 

could lead to misclassification of fall risk and affect the reliability of the data. Future studies 

should consider incorporating other objective methods of prospective fall monitoring, such 

as using wearable sensors, to improve the accuracy of the documentation of fall history. 

Third, the use of a 3-meter walking distance (18) may have influenced the results of the gait 

parameters by limiting the number of complete gait cycles analyzed and inherently includes 

both acceleration and deceleration phases. Future studies should consider longer walking 

distance to better assess gait endurance and variability. 

 

This study highlights the potential of using gait parameters captured through mobile devices 

as a predictive tool for prospective fall risk in stroke patients. The findings suggest that 

specific gait characteristics, such as a reduced swing time, increased double support phase, 

and low cadence, are associated with prospective fall risk in terms of fallers in the stroke 

population. Future research using a larger database with more diverse cohorts is 



recommended to validate these findings and further refine the predictive models. Our 

findings paves the way for using machine learning via markerless motion capture system 

through mobile devices in fall risk prediction in the future.  

 

(Word count: 3,333 words) 

 



 

Clinical Messages 

 

• A mobile markerless motion capture system can objectively quantify gait 

abnormalities and offer clinicians a portable, cost-effective, alternative solution to 

using lab-based motion capture or subjective observational scales. 

• Our findings demonstrate that stroke survivors with reduced swing time, prolonged 

double-support phase, and low cadence (<75.1 steps/min) had a higher fall risk in 

18-month.  

• Our markerless motion capture-derived cutoffs (e.g., stride length <0.75 m, stance 

time >10% above healthy norms) can be used for fall risk predication in stroke 

survivors with mild-moderately impaired mobility (Modified Functional 

Ambulation Classification ≥III),. 



DECLARATION STATEMENT  

  

Ethics approval and consent to participate  

Experimental procedures were approved by the Human Subjects Research Ethics 

Committee of the Hong Kong Polytechnic University (Reference No.: 

HSEARS20230214010). The work was carried out in accordance with The Code of Ethics 

of the World Medical Association (Declaration of Helsinki). After the nature, purpose, risks 

and benefits of the study were explained, participants gave written informed consent to 

participate in the study.  

  

Funding   

This research project was funded by Research Centre for Assistive Technology (Ref. no.: 

CE0E) to KNKF, The Hong Kong Polytechnic University, Hong Kong SAR.   

  

Competing interests   

The author(s) declare no potential conflicts of interest with respect to this article’ research, 

authorship, and/or publication that might be perceived to influence the results and/ or 

discussion reported in this paper.   

  

Availability of data and materials  

The datasets used and/or analysed during the current study are available from the 

corresponding author on reasonable request.  

  

Consent for publication   

All authors have approved this manuscript for publication. It has not been previously 

published, nor is it pending publication elsewhere.   



   

Contributorship  

  

We confirm that all authors have contributed to the work presented in this manuscript and 

agree with the following contributorship statement:  

1. Winnie W. T. Lam: Conceptualized the study, designed the methodology, writing of 

the manuscript, data collection. Contributed to data analysis and interpretation.  

2. Ang, Wei Tech: Conducted the literature review, contributed to study design   

3. Kenneth N. K. Fong: Supervised the project, conceptualized the study, designed the 

methodology. Drafting the manuscript and reviewed the final version. Reviewed and 

edited the manuscript for intellectual content.  

All authors have approved the final version of the manuscript and agree to be accountable 

for all aspects of the work.  

 



 

References 

 

1. Tasseel-Ponche S, Yelnik A, Bonan I. Motor strategies of postural control after 

hemispheric stroke. Neurophysiologie clinique/clinical neurophysiology. 2015;45(4-

5):327-33. 

2. Moore SA, Boyne P, Fulk G, Verheyden G, Fini NA. Walk the Talk: Current 

Evidence for Walking Recovery After Stroke, Future Pathways and a Mission for 

Research and Clinical Practice. Stroke. 2022;53(11):3494-505. 

3. Chan K, Fong K. Accidental falls among community-dwelling people with 

chronic stroke in Hong Kong. Asian journal of gerontology & geriatrics. 2013;8(2):61-

7. 

4. Wang S, Bhatt T. Gait kinematics and asymmetries affecting fall risk in people 

with chronic stroke: a retrospective study. Biomechanics. 2022;2(3):453-65. 

5. Subramaniam S, Faisal AI, Deen MJ. Wearable sensor systems for fall risk 

assessment: A review. Frontiers in digital health. 2022;4:921506. 

6. Battaglia G, Giustino V, Messina G, Faraone M, Brusa J, Bordonali A, et al. 

Walking in natural environments as geriatrician’s recommendation for fall prevention: 

preliminary outcomes from the “passiata day” model. Sustainability. 2020;12(7):2684. 

7. Peters DM, O’Brien ES, Kamrud KE, Roberts SM, Rooney TA, Thibodeau KP, et 

al. Utilization of wearable technology to assess gait and mobility post-stroke: a 

systematic review. Journal of neuroengineering and rehabilitation. 2021;18:1-18. 

8. Baker R. Gait analysis methods in rehabilitation. Journal of neuroengineering and 

rehabilitation. 2006;3:1-10. 

9. Strini V, Schiavolin R, Prendin A. Fall risk assessment scales: A systematic 

literature review. Nursing Reports. 2021;11(2):430-43. 



10. Turani N, Kemiksizoğlu A, Karataş M, Özker R. Assessment of hemiplegic gait 

using the Wisconsin Gait Scale. Scandinavian journal of caring sciences. 

2004;18(1):103-8. 

11. Ferrarello F, Bianchi VAM, Baccini M, Rubbieri G, Mossello E, Cavallini MC, et 

al. Tools for observational gait analysis in patients with stroke: a systematic review. 

Physical therapy. 2013;93(12):1673-85. 

12. Maudsley-Barton S. Predictive Models For Falls-Risk Assessment in Older People, 

Using Markerless Motion Capture: Manchester Metropolitan University; 2020. 

13. Lam WW, Tang YM, Fong KN. A systematic review of the applications of 

markerless motion capture (MMC) technology for clinical measurement in 

rehabilitation. Journal of neuroengineering and rehabilitation. 2023;20(1):57. 

14. Yeung P, Wong L, Chan C, Leung JL, Yung C. A validation study of the Hong 

Kong version of Montreal Cognitive Assessment (HK-MoCA) in Chinese older adults 

in Hong Kong. Hong Kong Medical Journal. 2014;20(6):504. 

15. Park CS, An SH. Reliability and validity of the modified functional ambulation 

category scale in patients with hemiparalysis. Journal of physical therapy science. 

2016;28(8):2264-7. 

16. Hernández ED, Forero SM, Galeano CP, Barbosa NE, Sunnerhagen KS, Murphy 

MA. Intra-and inter-rater reliability of Fugl-Meyer Assessment of Lower Extremity 

early after stroke. Brazilian journal of physical therapy. 2021;25(6):709-18. 

17. Lima C, Ricci N, Nogueira E, Perracini MR. The Berg Balance Scale as a clinical 

screening tool to predict fall risk in older adults: a systematic review. Physiotherapy. 

2018;104(4):383-94. 

18. Peters DM, Middleton A, Donley JW, Blanck EL, Fritz SL. Concurrent validity of 

walking speed values calculated via the GAITRite electronic walkway and 3 meter walk 



test in the chronic stroke population. Physiotherapy Theory and Practice. 

2014;30(3):183-8. 

19. Lam WW, Fong KN. Validity and Reliability of Upper Limb Kinematic 

Assessment Using a Markerless Motion Capture (MMC) System: A Pilot Study. 

Archives of Physical Medicine and Rehabilitation. 2024;105(4):673-81. e2. 

20. Chauhan R, Ghanshala KK, Joshi R, editors. Convolutional neural network (CNN) 

for image detection and recognition. 2018 first international conference on secure cyber 

computing and communication (ICSCCC); 2018: IEEE. 

21. Reimer LM, Kapsecker M, Fukushima T, Jonas SM. Evaluating 3D human motion 

capture on mobile devices. Applied Sciences. 2022;12(10):4806. 

22. Chu MML, Fong KNK, Lit ACH, Rainer TH, Cheng SWC, Au FLY, et al. An 

occupational therapy fall reduction home visit program for community‐dwelling older 

adults in Hong Kong after an emergency department visit for a fall. Journal of the 

American Geriatrics Society. 2017;65(2):364-72. 

23. Fluss R, Faraggi D, Reiser B. Estimation of the Youden Index and its associated 

cutoff point. Biometrical Journal: Journal of Mathematical Methods in Biosciences. 

2005;47(4):458-72. 

24. Xu T, Clemson L, O'Loughlin K, Lannin NA, Dean C, Koh G. Risk factors for 

falls in community stroke survivors: a systematic review and meta-analysis. Archives 

of physical medicine and rehabilitation. 2018;99(3):563-73. e5. 

25. Parsons R, Blythe RD, Cramb SM, McPhail SM. Inpatient fall prediction models: 

A scoping review. Gerontology. 2023;69(1):14-29. 

26. Swanenburg J, de Bruin ED, Uebelhart D, Mulder T. Falls prediction in elderly 

people: a 1-year prospective study. Gait & posture. 2010;31(3):317-21. 



27. Howcroft J, Lemaire ED, Kofman J. Prospective elderly fall prediction by older-

adult fall-risk modeling with feature selection. Biomedical Signal Processing and 

Control. 2018;43:320-8. 

28. Barker-Collo S, Feigin V. The impact of neuropsychological deficits on functional 

stroke outcomes. Neuropsychology review. 2006;16:53-64. 

29. Serrao M, Ranavolo A, Casali C. Neurophysiology of gait. Handbook of Clinical 

Neurology. 2018;154:299-303. 

30. de Niet MSc M, van Duijnhoven MSc HJ, Geurts AC. Falls in individuals with 

stroke. Journal of rehabilitation research and development. 2008;45(8):1195. 

31. Batchelor FA, Mackintosh SF, Said CM, Hill KD. Falls after stroke. International 

Journal of Stroke. 2012;7(6):482-90. 

32. Hausdorff JM, Rios DA, Edelberg HK. Gait variability and fall risk in community-

living older adults: A 1-year prospective study. Archives of Physical Medicine and 

Rehabilitation. 2001;82(8):1050-6. 

33. Bongue B, Dupré C, Beauchet O, Rossat A, Fantino B, Colvez A. A screening tool 

with five risk factors was developed for fall-risk prediction in community-dwelling 

elderly. Journal of Clinical Epidemiology. 2011;64(10):1152-60. 

34. Tudor-Locke C, Ducharme SW, Aguiar EJ, Schuna JM, Barreira TV, Moore CC, 

et al. Walking cadence (steps/min) and intensity in 41 to 60-year-old adults: the 

CADENCE-adults study. International Journal of Behavioral Nutrition and Physical 

Activity. 2020;17:1-10. 

35. Piazza SJ, Delp SL. The influence of muscles on knee flexion during the swing 

phase of gait. Journal of biomechanics. 1996;29(6):723-33. 

36. Xie Q, Pei J, Gou L, Zhang Y, Zhong J, Su Y, et al. Risk factors for fear of falling 

in stroke patients: a systematic review and meta-analysis. BMJ open. 

2022;12(6):e056340. 



37. Błaszczyk JW, Fredyk A, Błaszczyk PM. Transition from double-leg to single-leg 

stance in the assessment of postural stability. Journal of biomechanics. 

2020;110:109982. 

38. Neptune RR, Vistamehr A. Dynamic balance during human movement: 

measurement and control mechanisms. Journal of Biomechanical Engineering. 

2019;141(7):070801. 

39. Verghese J, Holtzer R, Lipton RB, Wang C. Quantitative Gait Markers and 

Incident Fall Risk in Older Adults. The Journals of Gerontology: Series A. 

2009;64A(8):896-901. 

40. Boyer KA, Johnson RT, Banks JJ, Jewell C, Hafer JF. Systematic review and 

meta-analysis of gait mechanics in young and older adults. Experimental gerontology. 

2017;95:63-70. 

41. Park S-H. Tools for assessing fall risk in the elderly: a systematic review and meta-

analysis. Aging clinical and experimental research. 2018;30(1):1-16. 

42. Lam WW, Fong KN. The application of markerless motion capture (MMC) 

technology in rehabilitation programs: a systematic review and meta-analysis. Virtual 

Reality. 2022:1-16. 

43. Maudsley-Barton S, Yap MH. Objective falls risk assessment using markerless 

motion capture and representational machine learning. Sensors. 2024;24(14):4593. 

44. Fong KN, Chung RC, Sze PP, Ng CK. Factors associated with fall risk of 

community-dwelling older people: A decision tree analysis. Digital health. 

2023;9:20552076231181202. 

 



Tables 

Table 1 

Demographics of the Participants 

Participants Participants with stroke  
(n = 46) 

Healthy participants  
(n = 50) 

Mean Age (years) 58.1 (11.5) 60.2 (8.3) 
Gender ratio  
(males: females) 

61.3:38.7 46:54 

Time since stroke onset 
(Months) 

72.3 (28.4) NA 

MFAC (n)   
Levels 3-5 14 NA 
Levels 6-7 32 NA 
Hemiplegic side (n)   
Right  19 NA 
left 27 NA 
Dominant side (Pre-onset) 
(n) 

  

Right 45 49 
Left 1 1 
Years of education (Mean) 9.2 11.8 
MoCA Score (0-30) (Mean) 25.8 (3.1) 26.4 (2.2) 
FMA-LE Score (0-34) 
(Mean) 

23.0 (7.2) NA 

BBS Score (0-56) (Mean) 38.4 (6.7) NA 
Experienced fall accident in 
the year prior to entry (n) 
 

2 1 

Experienced only 1 fall 
during the 18-month follow-
up period (n) 
 

6 NA 

Experienced more than 1 
fall during the 18-month 
follow-up period (n) 
 

2 NA 

Experienced fall that 
needed hospitalization 

2 NA 

BBS: Berg Balance Scale, FMA-LE: Fugl-Meyer Assessment of Lower Extremity, 
MFAC: Modified Functional Ambulation Classification, MoCA: Montreal 
Cognitive Assessment 

Table 2 



Risk Ratio of the Gait Parameters for Prospective Fall Risk 
Gait 
parameters 

Reference 
(Mean value 
from healthy 
group) 

Mean 
value of 
the stroke 
group 

Model 1 
Risk ratio 
(95% CI) 

p Model 2 
Risk ratio 
(95% CI) 

p 

Cadence 
 
 

100.4 
step/min 

80.1 
step/min 

    

Low cadence   2.162 (1.820 -
2.251) 

<0.001 2.033 (1.805 – 
2137) 

<0.001 

High cadence   1.009 (1.002 – 
1.013) 

0.030 1.071 (1.012 – 
1.090) 

0.053 

Walking speed 
 

0.92 m/s 0.63 m/s     

Low walking 
speed 

  1.358 (1.212 – 
1.452) 

0.003 1.361 (1.249 – 
1.477) 

0.029 

High walking 
speed 
 

  1.539 (1.290 – 
1.663) 

0.016 1.558 (1.313 – 
1.680) 

0.011 

Stride length  
 

1.12 m 0.89 m     

Low stride 
length  

  1.931 (1.725 – 
1.994) 

<0.001 1.892 (1.700 – 
1.987) 

<0.001 

High stride 
length  

  1.158 (1.021 – 
1.294) 

0.004 1.119 (1.008 – 
1.213) 

0.024 

Step width 
 

4.33 cm 3.59 cm     

Low step width   1.874 (1.705 – 
1. 993) 

0.021 1.786 (1.639 – 
1.818) 

0.019 

High step 
width 

  1.098 (1.002 – 
1.179) 

0.025 1.052 (1.021 – 
1.077) 

0.033 

Stance phase 
 

57.2% 70.2%     

Low stance 
phase 

  1.034 (1.004 - 
1.090) 

0.001 1.031 (1.005 – 
1. 058) 

<0.001 

High stance 
phase 

  2.002 (1.966 – 
2.181) 

<0.001 1.989 (1.823 – 
2.000) 

<0.001 

Swing phase 
 

42.8% 29.8%     

Low swing 
phase 

  2.142 (2.010 – 
2.300) 

0.002 2.112 (2.094 – 
2. 259) 

<0.001 

High swing 
phase 

  1.012 (1.001 – 
1.036) 

0.001 1.007 (1.001 -
1.028)  

<0.001 

Double 
support phase 
 

28.1% 46.7%     

Low double 
support phase 
 

  0.225 (0.190 – 
0.312)  

0.033 0.213 (0.091 – 
0.308) 

0.045 

High double 
support phase 

  1.557 (1.419 – 
1.673) 

0.042 1.326 (1.215 – 
1.509) 

0.034 

 



Table 3 
Cox Proportional Hazards Model for the Analysis of Impacts of Various Factors on Prospective Fall Risk in Stroke Survivors 

Factors Model 1 
Hazard Ratio 
(95% CI) 

P β Model 2 
Hazard Ratio 
(95% CI) 

P β 

Age       

<65 years old NA - - 1   

≥65 years old 
 

NA - - 1.38 (1.22 – 1.47) 0.056 0.32 

Gender       

Male NA - - 1.41 (1.33 – 1.48) 0.092 0.34 

Female 
 

NA - - 1  0 

Years of education NA - -    

<6 years NA - - 1.23 (1.01 – 1.33) 0.036 0.21* 

≥6 years 
 

NA - - 1  0 

MoCA score       

<22 NA - - 1.52 (1.41 – 1.63) 0.008 0.41*** 

≥22 NA - - 1  0 

FMA_LE score       

<21 NA - - 1.67 (1.52 – 1.79) 0.026 0.51** 

≥21 
 

NA - - 1  0 

Side of hemiplegia       



Right NA - - 1.55 (1.40 – 1.61) 0.057 0.44 

Left 
 

NA - - 1  0 

Presence of fall prior to the study       

Yes NA - - 1.89 (1.76 – 2.05) 0.002 0.62** 

No 
 

NA - - 1  0 

Cadence       

Low cadence 2.13 (1.99 – 2.28) <0.001 0.76*** 2.17 (2.00 – 2.31) <0.001 0.79*** 

Average cadence 1  0 1  0 

High cadence 
 
 

1.31 (1.18 – 1.41) <0.001 0.27*** 1.30 (1.18 – 1.40) <0.001 0.26*** 

Walking speed       

Low walking speed 1.51 (1.43 – 1.59) 0.044 0.41** 1.51 (1.43 – 1.60) 0.054 0.41** 

Average walking speed 1  0 1  0 

High walking speed 1.64 (1.48 – 1.72) 0.029 0.49** 1.65 (1.50 – 1.73) 0.032 0.49** 

Stride length        

Low stride length  2.15 (1.97 – 2.33) <0.001 0.77*** 2.20 (2.00 – 2.38) 0.002 0.79** 

Average stride length  1  0 1  0 

High stride length  
 
 

1.12 (1.02 – 1.19) 0.011 0.11* 1.11 (1.01 – 1.19) 0.018 0.10** 

Step width       

Low step width 1.90 (1.83 – 1.98) <0.001 0.64*** 1.97 (1.84 – 1.99) 0.001 0.68** 



Average step width 1  0 1  0 

High step width 
 
 

1.03 (1.02 – 1.19) 0.022 0.03** 1.09 (1.02 – 1.19) 0.032 0.09** 

Stance phase       

Low stance phase 1.03 (1.00 – 1.12) 0.002 0.03** 1.03 (1.00 – 1.13) 0.008 0.03** 

Average stance phase 1  0 1  0 

High stance phase 
 
 

3.88 (3.69 – 3.94) <0.001 1.3*** 3.88 (3. 67 – 3.95) <0.001 1.36*** 

Swing phase       

Low swing phase 4.53 (4.44 – 4.60) <0.001 1.50*** 4.39 (4.32 – 4.58) <0.001 1.49*** 

Average swing phase 1  0 1  0 

High swing phase 
 
 

1.10 (1.02 – 1.24) 0.007 0.10** 1.10 (1.03 – 1.24) 0.034 0.10** 

Double support phase       

Low double support phase 1.36 (1.22 – 1.40) <0.001 0.31*** 1.36 (1.21 – 1.43) <0.001 0.31*** 

Average double support phase 1  0 1  0 

High double support phase 2.09 (2.00 – 2.13) <0.001 0.74*** 2.10 (2.02 – 2.21) <0.001 0.74*** 

∗P ≤ 0.05; ∗∗P ≤0.01; and ∗∗∗P ≤ 0.001 
 
 
 



Table 4 
ROC Analysis for Each Gait Parameter to Determine the Optimal Cutoff Values for 
Predicting Fallers 
Gait parameter AUC (95% 

CI) 
Optimal Cutoff Sensitivity Specificity 

Cadence 0.82 (0.77 – 
0.84) 

75.1 step/min 0.74 (0.69 – 
0.78) 
 

0.86 (0.80 – 
0.91) 

Walking speed 0.71 (0.65 – 
0.78) 

0.77 m/s 0.70 (0.63 – 
0.75) 
 

0.73 (0.67 – 
0.77) 

Stride length 0.74 (0.68 – 0. 
81) 

0.75 m 0.72 (0.63 – 
0.78) 
 

0.81 (0.75 – 
0.84) 

Step width 0.81 (0.75 – 
0.84) 

3.40 cm 0.76 (0.70 – 
0.81) 
 

0.77 (0.71 – 
0.82) 

Stance Phase 0.83 (0.78 – 
0.87) 

70.2% 0.80 (0.74 – 
0.86) 
 

0.79 (0.72 – 
0.85) 

Swing Phase 0.88 (0.80 – 
0.93) 

25.8% 0.91 (0.83 – 
0.95) 
 

0.88 (0.80 – 
0.93) 

Double support 
Phase 

0.89 (0.80 – 
0.94) 

58.7% 0.93 (0.83 – 
0.96) 

0.89 (0.83 – 
0.95) 

 
 
 



Figures 

 

Figure 1.  

 

A) Environmental setup for the experiment B) Example of the motion capture 

image by the iPad Pro placing on 

the lateral side 

 

 

 

 

 

 
 

 



 

Figure 2. 
ROC Curve for the Final Model Combining All Gait Parameters (The optimal cutoff point 
is marked, balancing sensitivity and specificity) 

 

 

 

 




