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Abstract

Objective: This study aims to validate the reliability and validity of gait analysis using smartphones in a controlled
environment.

Methods: Thirty healthy adults attached smartphones to the waist and thigh, while an inertial measurement unit was fixed at
the shank as a reference device; each participant was asked to walk six gait cycles at self-selected low, normal, and high
speeds. Thirty-five cerebral small vessel disease patients were recruited to attach the smartphone to the thigh, performing
single-task (ST), cognitive dual-task (DT1), and physical dual-task walking (DT2) to obtain gait parameters.

Results: The results from the healthy group indicate that, regardless of whether attached to the thigh or waist, the smart-
phones calculated gait parameters with good reliability (ICC2,1 > 0.75) across three different walking speeds. There were no
significant differences in the gait parameters between the smartphone attached to the thigh and the IMU across all three
walking speeds (P > 0.05). However, significant differences were observed between the smartphone at the waist and the
IMU during the stance phase, swing phase, stance time, and stride length at high speeds (P < 0.05). At the same time, mea-
surements of other gait parameters were similar (P > 0.05). Patients demonstrated significant differences in the cadence,
stride time, stance phase, swing phase, stance time, stride length, and walking speed between ST and DT1 (P < 0.05).
Significant differences were observed in the stance phase, swing phase, stride length, and walking speed between ST
and DT2 (P < 0.05).

Conclusions: This study demonstrates the feasibility of using built-in smartphone sensors for gait analysis in a controlled
environment.
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Introduction
Gait, a potential non-invasive biomarker, reflects an indivi-
dual’s movement characteristics. Standard gait parameters
include stride length, cadence, and walking speed.1

Studies have found that spatiotemporal gait parameters
can reflect an individual’s health status,2 cognitive level,3

risk of falling,4 and quality of life,5 thus playing a signifi-
cant role in clinical diagnosis and health assessment. Gait
analysis enables the evaluation of gait status through the
quantitative analysis of spatiotemporal parameters.
Standard gait analysis methods include visual, sensor-
based, and other combined/hybrid methods.6 The visual

method extracts gait features from video data of walking.7

Sensor methods (such as pressure sensors8 and inertial
measurement units9) provide information about gait by
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analyzing real-time sensor data during walking. Although
these methods can provide professional and comprehensive
results, they generally apply to clinical or laboratory set-
tings, requiring specialized equipment and assistants,
making them inaccessible to many users. Therefore, there
arises a necessity to develop low-cost, portable mobile
tools for quantitative gait assessment.

In recent years, the use of smartphones in the medical
and health fields, particularly in motion monitoring, has
increasingly expanded. Studies have shown that smart-
phones can effectively measure and quantify human body
motion.10 Furthermore, multiple studies demonstrate the
practical application of built-in smartphone sensors such
as accelerometers and gyroscopes in gait analysis, covering
a range of populations, including healthy adults,11–14

elderly individuals,15 individuals with multiple sclerosis,16

and Parkinson’s disease patients.17 Significant progress
has been made in gait analysis with smartphones. Still,
these studies usually examine a relatively small variety of
gait parameters and focus on a single position where the
smartphone is fixed or placed on the body. The advantages
of this study lie in using the acceleration, angular velocity,
and equipment direction data from smartphones to calculate
and validate commonly used gait parameters and their
applicability to different positions and particular walking
patterns, offering high flexibility and adaptability. For the
first time, smartphones and WeChat mini-programs have
been integrated for gait analysis. This approach leverages
the no-download, lightweight, and cross-platform features
of WeChat mini-programs, making the process more con-
venient and more accessible to disseminate.

This study aims to validate the reliability and validity of
gait analysis using smartphones among healthy adult popu-
lations and evaluate this method’s clinical significance
within neurodegenerative disease groups. This approach
can be a supplementary tool to traditional methods, offering
strong support for remote rehabilitation assessments for
populations in need or patients with specific diseases.
Moreover, promoting this convenient and efficient gait ana-
lysis tool helps expand the beneficiary group, especially in
resource-limited areas.

Methods

Software platform

We developed a WeChat mini-program named MobileGait,
designed to offer users a free, user-friendly, and portable
tool for gait analysis. This mini-program is easy to operate,
collects real-time sensor data during walking to calculate
gait parameters, and presents results intuitively, meeting
users’ needs for gait analysis in daily life (Figure 1).

The rationale for choosing the WeChat mini-program
platform for developing our gait analysis tool is multifa-
ceted: WeChat mini-programs do not require downloading

or installation, thus minimally impacting the smartphone
resources, providing a convenient and lightweight user
experience and supporting cross-platform operation.
Meanwhile, WeChat covers many user groups, providing
a broad and stable user base for WeChat mini-programs
and facilitating easy dissemination.18,19 WeChat mini-
programs also offer a rich array of APIs,20 reducing devel-
opment costs.

Participants

Participants were divided into healthy individuals (HD) and
cerebral small vessel disease (CSVD) patients.

HD: This study focused on demonstrating the feasibility
of gait analysis using smartphones and was thus completed
in a relatively small cohort of healthy young adults.10–14 We
chose young, healthy adults as the experimental cohort
based on their ease of cooperation and ability to perform
standardized gait tests in experimental settings with
complex equipment configurations; they can provide con-
trollable and reliable gait patterns at different walking
speeds. This study recruited 30 young, healthy adults (16
males and 14 females; age 26.400± 1.545 years; height
172.333± 8.314 cm; weight 65.370± 11.357 kg).
Inclusion criteria: (a) age greater than 18 years old and
(b) ability to walk continuously for at least 10 m without
assistance from others or walking aids. Exclusion criteria:
(a) presence of acute illnesses; (b) history or symptoms of
mental or neurological disorders, physical or orthopedic
injuries, or specific deficits in motor control; (3) hospitaliza-
tion records within the past 6 months; and (4) presence of
uncorrectable visual impairments.

CSVD: To evaluate the clinical significance of the
method proposed in this study among neurodegenerative
disease populations, this research recruited 35 patients (23
males and 12 females; age 71.133± 8.585 years; height
169.067± 7.871 cm; weight 71.100± 10.253 kg) with
CSVD from the Department of Neurology at the
Affiliated Zhongshan Hospital of Dalian University. All
patients underwent head magnetic resonance imaging
(MRI) examinations, including T1-weighted images,
T2-weighted images, diffusion-weighted imaging, and
fluid-attenuated inversion recovery sequences. The
Fazekas scoring system was used to grade the load of
white matter lesions,21 with scores ranging from 1 for punc-
tate lesions, 2 for early confluent white matter changes
around the ventricles and in the deep white matter, to 3
for diffuse involvement of the entire white matter.
Inclusion criteria: (a) a Fazekas score≥ 1, confirming the
presence of CSVD, (b) the ability to cooperate with neuro-
psychological and motor examinations without the need for
verbal and behavioral assistance at the time of testing, and
(c) voluntary participation in this study, with patients or
their family members signing informed consent forms.
Exclusion criteria: (a) concurrent cerebral infarction,
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hemorrhage, brain tumors, or other diseases; (b) white matter
lesions caused by inflammatory reactions, metabolic or toxic
encephalopathy; (c) severe mental illnesses such as anxiety,

depression, or other psychiatric disorders; (d) cognitive
impairment caused by non-vascular factors such as
Alzheimer’s disease and Parkinson’s disease; (e) inability

Figure 1. Selected screenshots of the “MobileGait” mini-program. Guide: Provides users with clear usage instructions to ensure correct
operation (a). Gait: Users choose the position and walking task; the mini-program collects sensor data during walking, calculates gait
parameters, and presents results (b and c). Records: Archives historical data (d). My: Manages user information (e).
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to cooperate with the examination due to language, visual, or
auditory impairments; and (f) concurrent severe coronary
heart disease, chronic obstructive pulmonary disease,
asthma, osteoarthritis, or other systemic diseases.

The Ethics Committee for Scientific Research Projects of
the Affiliated Zhongshan Hospital of Dalian University
approved the study. All participants gave written informed
consent.

Experimental design

HD: Considering the weight and size of the smartphone,
placement near the foot could interfere with standard gait pat-
terns. Therefore, the waist and thigh positions were prioritized
for data collection. As shown in Figure 2, two smartphones
(iPhone 13) were attached to the waist and thigh, while an
inertial measurement unit (N200, WHEELTEC, China; sam-
pling rate: 100 Hz) was fixed at the shank as the reference

device for validation purposes. Each participant was asked
to walk six gait cycles at self-selected10,12–14,17 low,
normal, and high speeds along a flat corridor. Normal speed
walking is defined as walking at a comfortable speed, high-
speed walking is preferred, and as fast as possible, and low-
speed walking is defined as walking cautiously.

Although foot switches or pressure insoles are generally
considered the gold standard among wearable sensors, the
IMU sensors can allow detailed kinematic information of
the gait.22 Furthermore, gait event detection through
angular velocity from the IMU sensor placed on the
shank or foot has been as accurate as foot switches in esti-
mating times of heel strike and toe-off for gait patterns.23

CSVD: Patients attached the smartphone to the thigh and
completed three gait trials on a 10-m-level flat corridor. The
first trial was single-task walking (ST), which is regular
walking. Dual-tasks were divided into cognitive dual-task and
physical dual-task, where a cognitive dual-task involves com-
pleting a cognitive function training while performing a motor
function training, and a physical dual-task consists of construct-
ing a posture control trainingwhile conducting amotor function
training. In the second trial, cognitive dual-task walking (DT1),
patients were asked to name fruits or animals they knew while
walking. The third trial, physical dual-task walking (DT2),
required patients to carry a tray with a water bottle with both
hands to keep it from tipping over during walking.

Data collection and processing

MobileGait collected triaxial acceleration (Ax, Ay, Az), tri-
axial angular velocity (Gx, Gy, Gz), and rotation angles
(Alpha, Beta, Gamma) of the phones in three-dimensional
space relative to the Earth’s coordinate system around the
ZXY axes at a sampling rate of 50 Hz. After data collection,
MobileGait uploaded the sensor data to the server via an
HTTP request, where gait parameters were calculated and
responded to the mini-program. For efficient data process-
ing, the server utilized FastAPI as the web framework.
FastAPI provides a fast, high-perfo.mance API develop-
ment environment and is easy to code and deploy.24 It
was integrated with Python libraries such as NumPy,
Pandas, and SciPy for essential data processing tools.25

Gait event detection

The simplest computational method for detecting gait
events is thresholding. As shown in Figure 3, the sagittal
plane angular velocity signal from the IMU on the shank
presents two negative peaks at the heel strike and toe-off
events. This simple rule for identifying heel strike and
toe-off events26 has achieved high detection accuracy,23

and the detection success was over 98%.27

During the smartphone data collection phase, the raw
sensor data may be subject to noise interference due to
body jitter, device deviation, and other factors. Kalman

Figure 2. The smartphones are attached with belt-like Velcro
straps, one to the waist near the L3 vertebrae (A) and the other to
the lateral position of the right thigh where the Z-axis of the
smartphone is parallel to the side-to-side direction of walking;
using an elastic strap, the IMU was fixed at the lateral side of the
shank near the ankle (B). The XYZ axes represent the sensors’ three
axes.
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filtering and Gaussian filtering are used to remove the noise.
By analyzing the acceleration Az at the waist,28 gait
events are detected using the peaks and troughs of this
acceleration, as detailed in Figure 4. For detection at
the thigh, the angular velocity Gz is integrated to calcu-
late the forward and backward swing angle of the thigh
(thigh angle).29 As shown in Figure 5, gait events are
detected based on the peaks and troughs of the thigh
angle.

To accommodate particular walking patterns, such as
intermittent walking, the algorithm initially sets a threshold
based on statistical characteristics (mean and standard

deviation) of the selected sensitive axis sensor data during
walking, combined with peak detection, to identify all
heel strike points. Next, the algorithm compares the time
intervals between adjacent heel strike points to differentiate
between regular and particular walking patterns. Suppose
the detected interval significantly exceeds the statistical
threshold of regular walking intervals. In that case, these
heel strike points are considered non-standard walking pat-
terns and excluded in subsequent analysis. The statistical
threshold is a multiple of the median of the time differences
between all adjacent heel strike points, as shown in
Equation 1. This method retains only regular walking

Figure 3. Sagittal plane (Z) angular velocity signals derived from the IMU fixed at the shank.

Figure 4. Acceleration data derived from the iPhone 13 attached to the waist.
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patterns, enhancing the adaptability of gait analysis.

threshold1 = mean(S)+ K1∗std(S)
peaks = {t|S(t) > threshold1}

threshold2 = K2∗median(Δpeaks)
heelstrikes = { peaks[start:i]|∀i ∈ {2, . . . , n},

Δpeaksi−1 > threshold2}

(1)

where S is the selected acceleration or thigh angle generated
at the waist or thigh; K1 and K2 are constants; n is the
number of peaks; and start is the starting index for
forming a new walking sequence, initially set to 0, and is
updated to i when Δpeaksi−1 exceeds a predefined thresh-
old, threshold2.

Calculation of gait parameters

As shown in Figure 6, the gait cycle is divided into two
phases: stance and swing. The heel strike of the same foot
marks the beginning of the stance phase, while the toe-off
indicates the end of the stance phase and the beginning of
the swing phase.

Based on the heel strike point (HSi) and toe-off point (TOi)
of the gait cycle i, the following gait parameters are calculated:

1. Cadence: The number of steps taken per minute. There
are two steps in a single gait cycle, and the cadence is a
measure of half-cycles. Each occurrence of the heel
strike represents one step.

2. Stride time: The duration from the heel strike of one foot
to the next heel strike of the same foot.

Stride time = HSi+1 − HSi (2)

3. Stance phase: This phase begins with the heel strike of
one foot and ends when the toe of the same foot leaves
the ground.

Stance phase = TOi − HSi
Stride time

(3)

4. Swing phase: This phase starts when the toe of one foot
leaves the ground and ends when the heel of the same
foot strikes the ground.

Swing phase = HSi+1 − TOi

Stride time
(4)

Figure 5. Angular velocity data derived from the iPhone 13 attached to the thigh (a). Thigh angle (b).

Figure 6. The phases of the normal gait cycle.
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5. Stance time: The gait cycle duration when the foot is in
contact with the ground.

Stance time = TOi − HSi (5)

6. Swing time: The gait cycle duration when the foot is off
the ground.

Swing time = HSi+1 − TOi (6)

7. Stride length: The distance covered from the heel strike
of one foot to the next heel strike of the same foot.

To accurately estimate walking distance at different
walking speeds, this study adopted a linear regression
model based on walking speed to achieve an adaptive esti-
mation of walking distance.30 First, the triaxial acceleration
data is processed to calculate the modulus, eliminating the
influence of the smartphones in different orientations.

A =
������������������
Ax2 + Ay2 + Az2

√
(7)

Next, using quaternion rotation matrices,31 the triaxial
acceleration data under the smartphone device coordinate
system is transformed into data under the world coordinate
system and then integrated to calculate velocity.

Vx = mean
�
Axworlddt

( )

Vy = mean
�
Ayworlddt

( )

Vz = mean
�
Azworlddt

( )

V =
������������������
Vx2 + Vy2 + Vz2

√
(8)

where Axworld , Ayworld , and Azworld are the triaxial acceler-
ation data in the world coordinate system; Vx, Vy, and Vz
represent the corresponding average velocities; and V is
the magnitude of the average velocity across the three
axes, obtained by calculating the modulus of the three
average velocities.

Due to the variations in motion patterns sensed by the
smartphone when attached to different positions, we estab-
lished separate linear models for each position.

Kwaist = 0.69 + 1.51∗V − 2.62∗V2

Kthigh = 1.08 + 1.2∗V − 0.93∗V2

Stride length = K∗ �������������
Amax − Amin

4
√ (9)

where Amax and Amin represent the maximum and minimum
values within each gait cycle.

8. Walking speed: This parameter was computed as the
mean of the ratios of stride length to stride time.

Statistical analysis
HD: During validation, this study excluded each walk’s
initial and final gait cycles to avoid data bias caused by
acceleration and deceleration. For gait parameters with a
normal distribution (Shapiro–Wilk test, P> 0.05), values

are represented as mean± standard deviation, and differ-
ences between two systems are compared using the inde-
pendent sample t-test. For non-normally distributed gait
parameters, values are presented as median (quartile,
Q1 ∼ Q3), and differences between the two systems are
compared using the Mann–Whitney U test. The signifi-
cance level is set at 0.05. The reliability of gait parameters
measured by the smartphone and the IMU was assessed
using the intraclass correlation coefficient (ICC2,1).
According to general evaluation standards, ICCs are cate-
gorized into several levels: ICC < 0.5 indicates poor reli-
ability, 0.5≤ ICC < 0.75 is considered moderate
reliability, 0.75≤ ICC < 0.9 indicates good reliability, and
ICC≥ 0.90 denotes excellent reliability.32 The Bland–
Altman plots demonstrate the deviation between two differ-
ent measurement systems, comparing the average differ-
ence between the gait parameters calculated by the
smartphone and the IMU, verifying validity.33

CSVD: Since single-task and dual-task walking gait
parameters follow a normal distribution (Shapiro–Wilk
test, P> 0.05), the paired-sample t-test is used to compare
the differences in gait parameters between the single-task
and dual-task conditions. The significance level is set at 0.05.

Results
Table 1 presents the distribution of the results and standard
error of gait parameters measured by the smartphones and
the IMU in HD. Table 2 demonstrates that regardless of
the positions—either the thigh or the waist—the smart-
phone’s gait parameters show good reliability at three dif-
ferent walking speeds (ICC2,1 > 0.75, all P< 0.001). At
slow and normal speeds, both thigh and waist positions
exhibit excellent reliability (ICC2,1 > 0.9). The ICCs for
the thigh are higher than the waist. Bias indicates lower
values at the thigh than at the waist. There are no significant
differences in the gait parameters between the smartphone
attached to the thigh and the IMU across three walking
speeds (P> 0.05); similarly, no significant differences
exist between the smartphone attached to the waist and
the IMU at low and normal speeds (P> 0.05), though sig-
nificant differences are observed in the stance phase,
swing phase, stance time, and stride length at high speeds
(P< 0.05), with other gait parameters showing similar mea-
surements (P> 0.05). Figure 7, analyzed using the Bland–
Altman plots, indicates good consistency in smartphone
measurements at different walking speeds, both at the
thigh and waist, with most differences falling within the
acceptable consistency limits. Furthermore, this study also
compared the measurement results from smartphones
attached to the thigh and waist, showing that gait para-
meters measured at three different walking speeds
exhibit excellent reliability (ICC2,1 > 0.9, all P< 0.001).
Measurements of all gait parameters between the two posi-
tions are similar (P> 0.05).
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To investigate the impact of variations in walking speed
on the bias of gait parameters measured by smartphones,
this study employs regression analysis using the ols

function from the statsmodels.formula.api library in
Python and calculates the P-values. Specifically, walking
speed is treated as the independent variable, with the bias

Table 2. Reliability and validity of gait parameters obtained from the smartphones attached to the thigh and waist compared to the IMU.

Parameter Speed

ICC2,1 ICC2,1 ICC2,1 Bias Bias P P P

Thigh/
IMU

Waist/
IMU

Thigh/
Waist

Thigh/
IMU

Waist/
IMU

Thigh/
IMU

Waist/
IMU

Thigh/
Waist

Cadence (steps/min) Low 0.997 0.969 0.982 −0.338 −1.506 0.838 0.368 0.485

Normal 0.999 0.989 0.994 −0.387 −1.597 0.802 0.554 0.615

High 0.984 0.922 0.970 −0.837 −2.138 0.546 0.127 0.342

Stride time (s) Low 0.999 0.996 0.999 0.011 0.022 0.876 0.751 0.873

Normal 0.999 0.996 0.999 0.009 0.022 0.887 0.740 0.851

High 0.980 0.922 0.967 0.008 0.021 0.427 0.065 0.247

Stance phase (%) Low 0.989 0.979 0.998 0.282 0.398 0.375 0.294 0.589

Normal 0.950 0.910 0.990 0.242 0.343 0.234 0.080 0.487

High 0.877 0.784 0.976 0.279 0.400 0.058 0.008* 0.402

Swing phase (%) Low 0.989 0.979 0.998 −0.282 −0.398 0.375 0.294 0.589

Normal 0.950 0.910 0.990 −0.242 −0.343 0.234 0.080 0.487

High 0.877 0.784 0.976 −0.279 −0.400 0.058 0.008* 0.402

Stance time (s) Low 0.997 0.993 0.999 0.013 0.023 0.811 0.676 0.859

Normal 0.997 0.993 0.998 0.010 0.018 0.807 0.667 0.853

High 0.959 0.880 0.954 0.007 0.016 0.273 0.025* 0.225

Swing time (s) Low 0.997 0.996 0.997 −0.001 −0.001 0.886 0.951 0.935

Normal 0.999 0.998 0.997 −0.001 0.004 0.979 0.871 0.850

High 0.973 0.942 0.951 0.001 0.005 0.880 0.290 0.384

Stride length (m) Low 0.959 0.879 0.971 0.018 0.034 0.279 0.056 0.380

Normal 0.970 0.884 0.967 0.018 0.037 0.351 0.054 0.317

High 0.964 0.861 0.958 0.019 0.040 0.307 0.033* 0.260

Walking speed (m/s) Low 0.991 0.981 0.994 0.006 0.010 0.693 0.495 0.783

Normal 0.998 0.996 0.999 0.007 0.012 0.856 0.760 0.904

High 0.994 0.996 0.998 0.007 0.007 0.820 0.829 0.991

Bias: mean difference (Smartphone− IMU).
*P < 0.05.

10 DIGITAL HEALTH



Figure 7. Bland–Altman plots the overall agreement between the smartphones attached to the thigh and waist and the IMU across
different walking speeds (low, normal, and high). The dashed gray line represents the overall mean difference across all conditions, while
the dashed red lines provide the limits of agreement (±1.96 SD) based on the pooled data.
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(smartphone− IMU) as the dependent variable. This analysis
aims to determine whether there are significant differences in
the mean values of gait parameter biases across different
speed categories. The significance level is set at 0.05.
Table 3 shows no significant differences in the mean biases
of gait parameters measured by the smartphones and the
IMU across different walking speed categories (P>0.05).

CSVD patients only chose the thigh position for gait trials
tominimize the walking burden on patients. Table 4 shows that
there were significant differences (P<0.05) in gait parameters

(cadence, stride time, stance phase, swing phase, stance time,
stride length, and walking speed) between ST and DT1 in
the CSVD patients. Significant differences in gait parameters
(stance phase, swing phase, stride length, and walking speed)
were observed between ST and DT2 (P<0.05).

Discussion
This study initially validated the spatiotemporal gait
parameters of gait analysis based on smartphones across
different walking speeds and body positions in healthy
adults. The findings demonstrate that the method proposed
in this study possesses good reliability and validity.
Subsequently, CSVD patients attaching the smartphone to
the thigh underwent single-task, cognitive dual-task, and
physical dual-task gait trials to assess the potential value
of this method in clinical applications.

Previous studies have evaluated the reliability of a single
commercial IMU for spatiotemporal gait parameter meas-
urement when attached to the waist, thigh, and other body
positions.34,35 One study compared the placement of smart-
phones on the body in a bag, belt, hand, and pocket at dif-
ferent speeds (comfortable, slow, and fast), but this research
was limited to step length, step time, gait velocity, and
cadence.13 Another study showed that the smartphone
placed in the front pocket could provide accurate stride
time data during normal and dual-task walking, though
the results were limited to this parameter.11 While carrying
a smartphone in a front pocket offers more convenience,
one must note that in real-world settings, the stability of a
smartphone in a pocket can be affected by the tightness
of clothing and variations in walking speed, potentially
increasing data collection uncertainty and affecting the

Table 3. Regression analysis results for gait parameters with the
smartphones attached to the thigh and waist and the IMU.

Parameter

P P

Thigh/IMU Waist/IMU

Cadence (steps/min) 0.701 0.628

Stride time (s) 0.561 0.246

Stance phase (%) 0.502 0.439

Swing phase (%) 0.502 0.439

Stance time (s) 0.442 0.412

Swing time (s) 0.781 0.219

Stride length (m) 0.342 0.463

Parameter: Each gait parameter here includes three different walking speeds
(low, normal, and high). Each gait parameter is subjected to regression
analysis with the corresponding walking speed.

Table 4. Paired t-test comparison between ST and DT1 and ST and DT2.

Parameter ST DT1 DT2

P P

ST/DT1 ST/DT2

Cadence (steps/min) 92.297± 9.437 80.981± 9.938 87.853± 11.046 0.000* 0.091

Stride time (s) 1.309± 0.131 1.516± 0.180 1.381± 0.166 0.000* 0.084

Stance phase (%) 67.873± 2.710 72.080± 2.955 69.293± 3.120 0.000* 0.008*

Swing phase (%) 32.127± 2.710 27.920± 2.955 30.707± 3.120 0.000* 0.008*

Stance time (s) 0.890± 0.107 1.094± 0.156 0.959± 0.144 0.000* 0.053

Swing time (s) 0.419± 0.044 0.422± 0.042 0.421± 0.043 0.695 0.765

Stride length (m) 0.842± 0.171 0.689± 0.163 0.786± 0.177 0.000* 0.007*

Walking speed (m/s) 0.628± 0.161 0.473± 0.138 0.557± 0.164 0.000* 0.007*

*P < 0.05.
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calculation results. Although this study did not validate the
gait analysis results with the smartphone placed in a pocket,
MobileGait still provides a pocket option as a suboptimal
choice. The data processing method for pocket placement
is similar to that for the thigh, with the smartphone’s
X-axis angular velocity integrated to calculate the thigh
angle for gait parameter computation. Most current
studies use methods similar to this study, employing tools
such as an elastic belt,10,14,36 a non-elastic Velcro belt,12

a belt,13,15 and an elastic band,37 to attach the smartphone
to the waist or lower limb areas, proving the feasibility of
such methods. However, in practical applications, users
need to prepare the appropriate securing tools in advance,
and precise placement may require assistance or supervi-
sion from others. In HD, we found that the reliability of
gait parameters at the thigh position was superior to that
at the waist. This was an expected finding since sensors
that are in closer proximity to the foot-ground contact
point have been already shown to be facilitated in gait
event detection.38 It should be noted that the WeChat mini-
program platform used in this study imposes a maximum
sampling rate of 50 Hz for sensors such as accelerometers
and gyroscopes. In contrast, most current studies’ sampling
rate for smartphone sensors typically reaches 100
Hz.11,13,14,17,37 Although higher sampling rates can more
frequently record data and capture rapid movement
changes more accurately, they may also introduce more
noise.39 Therefore, the accuracy of gait analysis with the
smartphone in a pocket and the impact of sensor sampling
rate on the accuracy of gait analysis still require further
investigation.

This study is the first to utilize built-in smartphone
sensors for gait analysis in CSVD patients, exploring the
differences in gait parameters between single-task and dual-
task walking. The results indicate significant differences in
specific gait parameters between single-task walking and
dual-task walking in CSVD patients, with cognitive dual-
task having a more pronounced impact on the walking of
the patients compared to physical dual-task. According to
the central capacity-sharing theory,40 attentional resources
are limited. When two attention-demanding tasks are per-
formed simultaneously, allocating attentional resources to
both tasks leads to a decline in performance in at least
one task, indicating an early sign of insufficient daily
living abilities. CSVD patients performing a cognitive
task while walking often exhibit reduced walking efficiency
and (or) cognitive performance. With more attention to cog-
nitive tasks, gait abnormalities become more pronounced.41

Therefore, dual-task walking helps in the early identifica-
tion of gait changes in CSVD patients, reducing the inci-
dence of falls and lowering the mortality rate. Previous
research has shown that physical therapies such as physical
training, dual-task training, and walking training signifi-
cantly improve gait disorders in patients with mild cogni-
tive impairment, Parkinson’s disease, and stroke.42 By

integrating gait, cognition, and physical training, smart-
phones are expected to provide a new, portable tool for
remote rehabilitation management of CSVD and other neu-
rodegenerative diseases.

This study validated commonly measured gait para-
meters using smartphones. Smartphones improved adapt-
ability and flexibility by varying the attaching positions
and walking speeds. Attaching the smartphone to the
waist helps reduce the burden of gait measurement, attach-
ing it to the thigh provides more accurate measurement
results, and placing it in the pocket offers better usability.
Furthermore, additional information, such as symmetry
and variability of gait parameters, can be derived based
on the gait parameters calculated by smartphones in this
study. This research enhances the portability of gait ana-
lysis, making it accessible to a broad user base and as a sup-
plementary tool to current high-cost professional
equipment. Users can obtain clinically valuable spatio-
temporal gait data without sensor calibration by simply
attaching the smartphone to the corresponding body part
and starting to walk.

The present study has several limitations. The current
research results are limited to controlled laboratory settings,
but MobileGait is not restricted to such conditions. Walking
environments in daily life are uncertain, featuring factors
such as uneven surfaces, inclines, turns, and the necessity
for evasion, all of which could impact the gait analysis
results. Future studies must test the algorithm’s efficacy in
a broader range of environmental conditions to ensure
applicability and reliability in the real world. MobileGait
offers methods applicable to specific walking patterns,
such as intermittent walking. However, comparative
studies of such walking patterns or other specialized gait
patterns still need to be improved, necessitating additional
validation studies to assess the feasibility of the applica-
tion’s gait analysis across different walking patterns and
individuals with gait pattern abnormalities. Current
studies primarily utilize single, short-duration gait collec-
tion. Long-term, continuous gait monitoring is needed,
especially in clinical applications. The studies mainly
focus on healthy young individuals and CSVD patients,
with relatively small sample sizes. To validate the
method’s applicability and accuracy across various popula-
tions, expand the sample size and include individuals with
different gait abnormalities, such as the elderly and other
disease groups (e.g., Parkinson’s disease, Alzheimer’s
disease). Furthermore, smartphones attached to the body
with belt-like Velcro straps may yield different results
when measuring unconstrained and more natural mobility.
Additionally, factors not addressed in this study, such as
sensor sampling rates, sensor accuracy, smartphone per-
formance, and participant characteristics (e.g., weight,
height, or gender), may impact the accuracy of calculating
gait parameters, thus warranting consideration in future
research.
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In future work, we will continue to explore factors
affecting the accuracy of smartphone gait parameter calcu-
lation, further refine this method, and, most importantly,
apply it to remote monitoring of specific disease
populations.

Conclusion
This study demonstrates the feasibility of using built-in
smartphone sensors for gait analysis in a controlled envir-
onment. Utilizing smartphones in conjunction with the
WeChat mini-program as a gait analysis tool offers a port-
able method for quantitative gait analysis, reducing the
dependence on high-cost professional equipment. This
method can provide crucial data support for personal
health management and remote rehabilitation monitoring.
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