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IMU-Based quantitative
assessment of stroke from gait
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Dong Wang%2**

Gait impairment, which is commonly observed in stroke survivors, underscores the imperative

of rehabilitating walking function. Wearable inertial measurement units (IMUs) can capture gait
parameters in stroke patients, becoming a promising tool for objective and quantifiable gait
assessment. Optimal sensor placement for stroke assessment that involves optimal combinations of
features (kinematics) is required to improve stroke assessment accuracy while reducing the number of
sensors to achieve a convenient IMU scheme for both clinical and home assessment; however, previous
studies lack comprehensive discussions on the optimal sensor placement and features. To obtain an
optimal sensor placement for stroke assessment, this study investigated the impact of IMU placement
on stroke assessment based on gait data and clinical scores of 16 stroke patients. Stepwise regression
was performed to select the kinematics most correlated with stroke assessment (lower limb part of
Fugl-Meyer assessment). Sensors at different locations were combined into 28 sensor groups and their
stroke assessment was compared. First, the reduced number of gait features does not significantly
impact the stroke assessment. Second, the selected gait parameters by stepwise regression are found
all from sensors at the hip and bilateral thighs. Last, a three-sensor scheme-sensors at the hip and
bilateral thighs was suggested, which achieved a high accuracy with an adjusted R?=0.999, MAE =0.07,
and RMSE =0.08. Further, the prediction error is zero if the predicted lower limb Fugl-Meyer scales

are rounded to the nearest integer. These findings offer a convenient IMU solution for quantitatively
assessing stroke patients. Therefore, the IMU-based stroke assessment provides a promising
complementary tool for clinical assessment and home rehabilitation of stroke patients.
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Stroke, also referred to as a cerebrovascular accident or brain infarction, is a serious medical condition caused by
vascular lesions in the cerebral arterial system'. It is associated with high rates of incidence, disability, mortality,
and recurrence, posing a substantial socioeconomic burden?. Globally, it is estimated to be the third leading
cause of death®. This condition impairs various brain functions®, predominantly affecting the contralateral side
of the body. Stroke-induced upper motor neuron syndrome results in various sensorimotor deficits, including
muscle weakness, motor control, spasticity, and proprioceptive impairments. These deficits significantly affect
the functional use of the arm® and the mobility of the lower limbs®. Hemiplegic gait is the most common motor
impairment observed after a stroke. It is characterized by unilateral weakness on the hemiplegic side, resulting
in inter-limb asymmetry, abnormal trunk tilt and rotation, and a dragging gait’. Temporally, hemiplegic gait
is characterized by reduced walking speed®, prolonged stride duration, and decreased stride frequency”'.
Spatially, it is defined by asymmetry in stride length, with the hemiplegic side typically showing a longer
stride than the unaffected side®. After rehabilitation, approximately 20% of stroke patients remain unable to
walk!!. Even among those who regain walking ability, gait patterns often remain abnormal due to spasticity
and changes in muscle mechanical properties, which may lead to further impairments over time'2. Restoring
ambulation is a primary goal for stroke patients. This requires the use of validated gait assessment tools to design
personalized rehabilitation plans and assess treatment efficacy. At the same time, stroke rehabilitation is a long-
term process that traditionally requires patients to stay in the hospital, often making it labor-intensive and costly.
In comparison, home rehabilitation and telemedicine provide more cost-effective and convenient alternatives.
In the clinical assessment of stroke patients, commonly used scales, such as Fugl-Meyer Assessment'
and Berg Balance Scale!, may overlook critical gait characteristics. As a result, they may fail to objectively
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and comprehensively reflect the patient’s overall condition. Moreover, these scales often rely on subjective
judgments and clinician experience, which can hinder their ability to provide objective and quantifiable gait
assessment'®. Although clinicians can evaluate patients’ gait performance and improvement in walking function
using vision-based gait analysis'®, the validity, reliability, specificity, and sensitivity of these methods have been
questioned!”!8. Subjective observational gait scales are often used for the evaluation of certain spatiotemporal
and/or kinematic gait parameters. However, they are typically inadequate for analyzing the multifaceted aspects
of gait variability and complexity'. In this context, sensor-based measurement has been proposed as a method
to provide objective and precise gait data®. Patterson et al. used the pressure mat (GaitRite™, CIR Systems,
Clifton, NJ) to collect gait data from stroke patients and healthy subjects. They analyzed spatiotemporal gait
parameters to evaluate gait symmetry?! and further investigated long-term gait disorders post-stroke, focusing
on parameters such as velocity and symmetry?2. Although widely used in experimental research and clinical
practice, this approach is unaffordable and limited to ground-based tasks, making it less suitable for home
rehabilitation. Wallard et al.>* employed an optical motion analysis system (VICON—Oxford Metrics, Oxford,
UK) to quantify the gait of hemiplegic patients before and after robotic rehabilitation, aiming to verify the
efficacy of the intervention. Similarly, Ferrari et al.” utilized six VICON cameras as a reference standard to
validate the accuracy, consistency, and correlation of gait parameters and patterns recorded by a single RGB-D
sensor during a short walk. Although optical motion capture systems are considered the gold standard for
precise spatiotemporal and motion analysis?, their high cost and bulky size hinder their use in both laboratory
and clinical environments?®. Therefore, there is a need for a method that is easy to operate, cost-effective, time-
efficient, and accurate for home rehabilitation.

In recent years, the advancement of microelectromechanical systems (MEMS) has enabled the widespread
use of wearable sensors. Their compact size, affordability, and user-friendly design make them suitable
for applications in both laboratory and clinical environments'. The wearable sensors have been used in
fall detection?®?’, motion monitoring?, motion recognition?’, and quantitative assessment®’. Zhao et al.’!
developed a quantitative monitoring tool for the rehabilitation process by employing a wearable IMU-based
method for analyzing and evaluating hemiplegic gait. Their approach utilized a gradient descent algorithm
(GDA) for gesture reconstruction and a weighted dynamic time warping (WDTW) algorithm to calculate gait
discrepancies. Tsakanikas et al.>> used IMU sensors to collect gait data and applied feature extraction techniques
combined with machine learning methods to assess gait impairment and identify Parkinsonian gait disorders.
Gujarathi et al.*® collected leg motion data using IMU sensors placed on both shanks and derived individual gait
parameters with a correlated gait analysis algorithm to monitor rehabilitation progress. Seo et al.>* performed
a principal component analysis of trunk movement (TM) and gait event (GE) parameters from IMU sensors to
characterize gait in hemiplegic patients. Previous studies have demonstrated the effectiveness of such systems
in detecting and analyzing gait abnormalities, evaluating treatment efficacy, and monitoring the rehabilitation
process of patients. However, the number of IMUs in most of the prior studies is limited and information from
all sensors is used. There are no comprehensive discussions on IMU placement for stroke assessment. It remains
uncertain which sensors contribute the most to stroke assessment.

Optimal sensor placement for stroke assessment, including the selection of key kinematic features, is essential
to improve accuracy while minimizing the number of sensors required. This study introduces an IMU-based
method for accurately assessing stroke patients by identifying critical gait features and determining optimal IMU
placement. A comprehensive analysis was performed on the effects of various gait features and IMU placements
on stroke assessment. By simplifying and optimizing sensor placements, we proposed a convenient and reliable
three-sensor scheme, using IMUs placed on the hip and bilateral thighs, which achieved high accuracy. This
method provides a complementary tool to traditional observational approaches, reducing subjectivity and
enhancing the objectivity of stroke assessment and rehabilitation.

Results

This study focuses on the quantitative assessment of stroke patients through gait kinematics measured using
wearable IMUs. IMUs placed at different locations were combined into 28 groups, and stepwise regression was
applied for feature selection. At last, the optimal features were identified as those measured from sensors at the
hip and bilateral thighs, showing a strong correlation with clinical assessments (lower limb section of Fugl-
Meyer Assessment). Reducing the number of sensors does not compromise the accuracy of stroke assessment;
hence, a three-sensor scheme (hip and bilateral thighs) is proposed for precise gait evaluation in both clinical
and home rehabilitation settings. The IMU-based stroke assessment method demonstrates high accuracy in
clinical evaluations and holds promise as a valuable complementary tool for the clinical assessment and home
rehabilitation of stroke patients. With the advent of new sensor technologies, this quantitative IMU-based
approach is expected to find broader and more extensive applications in gait assessments.

Feature selection

The number of occurrences of feature selection across all sensor groups, as determined by stepwise regression,
was counted (Fig. 1). Gait parameters selected more than five times along with their corresponding sensor
locations, are presented in Table 1. Both Fig. 1 and Table 1 highlight five key features: UnUpLeg-Sensor-Gyro-z,
UnUpLeg-Bone-Quat-y, Hips-Sensor-Quat-w, UpLeg-Sensor-Quat-w, and Hips-Bone-Quat-x. These features
represent the angular velocities and quaternions of the thigh on the unaffected side, as well as quaternions of the
hip and the thigh on the affected side. This finding underscores the critical role of sensors placed at the hip and
bilateral thighs in the accurate assessment of stroke patients.
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Kinematic Parameters

Fig. 1. Number of occurrences of kinematic parameters selected by stepwise regression of different sensor
groups. With and without the prefix “Un” represents parameters on the unaffected side and affected side,

respectively.
Gait parameters Body location Number of occurrences
UnUpLeg-Sensor-Gyro-z | Unaffected side’s thigh | 7
UnUpLeg-Bone-Quat-y | Unaffected side’s thigh | 7
Hips-Sensor-Quat-w Hip 7
UpLeg-Sensor-Quat-w Affected side’s thigh 6
Hips-Bone-Quat-x Hip 5

Table 1. Gait kinematics with the number of occurrences over five (all are measured by sensors at the hip or

bilateral thighs).

IMU placement optimization
The estimation performances of various sensor groups were evaluated using the adjusted R%, MAE, and RMSE

metrics, as summarized in Table 2.

In Groups XXVII, and XXVIII, no features were selected by the stepwise regression

Table 2 shows that Group I achieves nearly perfect fitting results, with adjusted R?=1, MAE=0, and RMSE=0.
However, the Pearson correlation coefficient (Fig. 2) and the variance inflation factor (VIF, Table 3) among the
features in this group remain notably high. The collinearity between the features is strong, which could lead to
overfitting. Therefore, Group I is excluded from consideration as the optimal group.

The other groups exhibit varying levels of estimation performances. For instance, Groups V, VI, and X
demonstrate excellent goodness of fit, with adjusted R? values of 0.999, along with MAE and RMSE below 0.1,
indicating minimal prediction errors. While Groups II, III, IV, IX, and XVI exhibit relatively high goodness of fit
values, they still display significant differences when compared to Groups V, VI, and X (Table 4). The remaining
groups, however, present lower adjusted R? and higher MAE and RMSE values, reflecting inadequate prediction

performances.
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Group | Body location Adjusted R> | MAE | RMSE | Number of sensors
I Hip, bilateral thighs, shanks, feet 1.000 0.00 | 0.00 7
11 Hip affected side’s thigh, shank, foot | 0.949 0.81 1.00 4
111 Affected side’s thigh, shank, foot 0.909 1.08 1.40 3
v Hip, bilateral thighs, shanks 0.987 0.39 | 0.49 5
\% Hip, bilateral shanks, feet 0.999 0.07 |0.09 5
VI Hip, bilateral thighs, feet 0.999 0.07 |0.09 5
VI Hip, affected side’s thigh, shank 0.897 1.16 |1.43 3
VIII Hip, affected side’s shank, foot 0.676 224 | 276 3
X Hip, affected side’s thigh, foot 0.918 0.89 |1.27 3
X Hip, bilateral thighs 0.999 0.07 |0.08 3
XI Hip, bilateral shanks 0.793 1.64 |2.11 3
XII Hip, bilateral feet 0.855 144 |1.77 3
XIII Hip, affected side’s thigh 0.881 1.28 1.53 2
XIV Hip, affected side’s shank 0.753 1.73 | 2.30 2
XV Hip, affected side’s foot 0.676 224 |2.76 2
XVI Bilateral thighs, shanks 0.987 0.39 |0.49 4
XVII Bilateral shanks, feet 0.612 220 |3.02 4
XVIIL Bilateral thighs, feet 0.861 1.48 1.74 4
XIX Affected side’s thigh, shank 0.867 127 |1.62 2
XX Affected side’s shank, foot 0.232 3.74 | 4.60 2
XXI Affected side’s thigh, foot 0.316 3.74 | 4.34 2
XXII Hip 0.577 251 |3.29 1
XXIII | Bilateral thighs 0.861 148 | 1.74 2
XXIV Bilateral shanks 0.212 3.82 |4.66 2
XXV Bilateral feet 0.208 3.50 | 4.67 2
XXVI Affected side’s thigh 0.316 3.74 | 4.34 1
XXVII | Affected side’s shank / / / 1
XXVII | Affected side’s foot / / / 1

Table 2. Estimation performances in stroke assessment of different sensor groups.

Discussion

Feature selection plays a pivotal role in model construction for this study, ensuring that selected gait features
accurately reflect the stroke conditions of patients. To reduce the collinearity among the features, the assessment
results were compared before and after limiting the number of included features to 10 for all groups. As shown
in Table 8, the overall model evaluation performance did not significantly decrease when the number of included
features was limited to 10.

The results also indicate that certain kinematic parameters are frequently selected by stepwise regression,
highlighting their potential importance in identifying altered movement patterns in stroke patients. These gait
parameters are measured using sensors located at the hip and thigh, offering valuable insights for optimizing
IMU placement.

Neurological disorders, such as stroke, often have a significant impact on patients’ motor functions, severely
affecting their quality of life. Assessing motor function, particularly through gait data, provides an objective
and precise evaluation, which is essential for developing personalized rehabilitation programs. Standardized
data processing ensures more consistent comparisons between patients, thereby enhancing the guidance for
implementing and adjusting rehabilitation treatments. The IMU-based wearable mocap system enables the
collection of multidimensional motion data, including gait, posture, and trajectory. These data are not only
for assessing patient’s motor functions and rehabilitation progress but also for subsequent data analyses. By
employing data analysis methods, including machine learning and statistical analysis, a quantitative evaluation
of the patient’s condition can be made, enhancing the understanding of trends in motor function, rehabilitation
progress, and potential issues.

In motion capture, particularly for gait analysis, IMUs are widely preferred due to their high accuracy,
compact size, low power consumption, and cost-effectiveness. This study explores the impact of different IMU
placements on model performance for stroke assessment. Table 4 summarizes the model evaluation results for
IMU locations where the adjusted R? is greater than 0.9. The goal was to identify IMU placements that minimize
the number of sensors required while achieving excellent prediction accuracy. IMUs at various locations were
combined into 28 groups, and the optimal gait features and sensor placements were determined through stepwise
regression analysis.

The modeling performances of different sensor groups were compared and quantified by calculating the
adjusted R?, MAE, and RMSE between the predicted and true values (lower limb part of the Fugl-Meyer
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Fig. 2. Pearson’s correlation coefficients among gait parameters extracted by stepwise regression in Group I.

Kinematics parameters | VIF

UnUpLeg-Sensor-Gyro-z | 11.070354
UnUpLeg-Bone-Quat-y | 411.55232
UnLeg-Joint-Velo-z 9.349582
Leg-Sensor-Gyro-y 4.686945
UnFoot-Bone-Quat-y 2550.6153
UnFoot-Sensor-Acce-z 3.654698
UnFoot-Joint-Posi-y 3090.3361
UnLeg-Bone-Quat-z 139.19698
Ankle-inv-eve 3.285914
UnFoot-Sensor-Acce-y 11.568538

Table 3. VIF of gait parameters selected by stepwise regression in Group 1.

Group | Locations Adjusted R> | MAE | RMSE | Number of sensors
11 Hip, affected side’s thigh, shank, foot | 0.949 0.81 1.00 4
111 Affected side’s thigh, shank, foot 0.909 1.08 | 1.40 3
v Hip, bilateral thighs, shanks 0.987 0.39 |0.49 5
\' Hip, bilateral shanks, feet 0.999 0.07 |0.09 5
VI Hip, bilateral thighs, feet 0.999 0.07 |0.09 5
IX Hip, affected side’s thigh, foot 0.918 0.89 |1.27 3
X Hip, bilateral thighs 0.999 0.07 |0.08 3
XVI Bilateral thighs, shanks 0.987 0.39 |0.49 4

Table 4. Estimation results of sensor groups with adjusted R? greater than 0.9
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Assessment). Some sensor groups, such as Group I, exhibited overfitting or strong collinearity issues. In
Contrast, other groups showed more generalized tendens, with relatively robust fitting capabilities and a lower
risk of overfitting. Considering the balance between cost-effectiveness and performance, Group X emerged as a
relatively optimal choice. Figure 3 shows the prediction results for Group X, which achieved high accuracy with
an adjusted R?=0.999, MAE =0.07, and RMSE =0.08 (see Table 4). Additionally, the prediction error would be
zero if the predicted lower limb Fugl-Meyer Assessment were rounded to the nearest integer. Group X uses only
three sensors (placed on the hip and bilateral thighs) to effectively assess stroke patients’ conditions. Despite
the limited number of sensors, the high accuracy of this configuration makes it practical for everyday use. This
three-sensor scheme can assist physicians in conducting more objective clinical assessments and also support
home rehabilitation evaluations.

In summary, this study tackles the challenges of low time efficiency and lack of objectivity in clinical scale
assessments by employing wearable IMUs to quantitatively evaluate the motor function of stroke patients. By
integrating feature selection, regression analysis, and sensor placement optimization, this proposed approach
delivers accurate gait assessments using fewer sensors, thereby simplifying clinical evaluations, reducing
assessment times, and enabling remote rehabilitation. Selecting optimal features and sensor placements,
it provides both scientific and personalized guidance for neurological rehabilitation, offering healthcare
professionals deeper insights into motor impairments and supporting the development of targeted rehabilitation
strategies.

Methods

Participants and procedure

Sixteen stroke patients were randomly recruited based on the inclusion criteria. The gait experiments were
conducted at the Department of Rehabilitation Medicine, Affiliated Haikou Hospital of Xiangya Medical
College, starting in May 2022. The participants included eleven males and five females, aged between 47 and 68
years, with stroke onset ranging from 1 to 24 months, and lower limb Fugl-Meyer Assessment scores between
10 and 32 (out of a maximum score of 34). Table 5 presents the demographic details of the participants, who
were selected based on the following specific inclusion criteria: a confirmed stroke diagnosis via CT or MRI;
consent from both patients and their family members to understanding the experiment; adequate competence
and understanding the experiment; adequate cognitive and executive functions; and the ability to independently
walk at least 20 m. The study was approved by the Ethics Committee of the Affiliated Haikou Hospital, Xiangya
Medical College (Registration no: SC2022088). All experiments were conducted in accordance with relevant
guidelines and regulations.

Wearable mocap system

The gait experiments were conducted using a wearable sensor mocap system (Perception Neuron 3 Pro, Beijing
Noitom Technology Co., Ltd.), which consisted of 17 IMUs, elastic straps, and data transmission modules.
The system’s wireless nine-axis MEMS inertial sensors included built-in accelerometers, gyroscopes, and
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Fig. 3. The true and estimated clinical scales by sensors of Group X.
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Characteristics Number
Sex (Male / Female) 11/5

Stroke type (Hemorrhagic / Ischemic) | 4/12
Hemiparetic Side (Left / Right) 7/9

Age (years) (Mean =+ SD) 57.18 = 6.3
Height (cm) (Mean £ SD) 165.06 + 6.5

Fugl-Meyer Assessment (Mean &£ SD) | 21.56 £ 6.3

Time after stroke (weeks) (Mean + SD) | 5.75 + 7

Table 5. Demographics of subjects. SD = Standard deviation

() O

Fig. 4. Sensor locations (dotted line indicates the position behind the back).

magnetometers. It operates with a measurement delay of less than 25 ms and a sampling rate of 60 Hz. Data
transmission to the receiver in real-time via a 2.4 GHz wireless network.

In the experiment, seven IMUs were strategically attached to predetermined anatomical locations on the
participants’ bodies using elastic straps: head, shoulder blades, upper back, upper arms, forearms, lower back
(hip), thighs, shanks, and feet. Since the primary focus of this study was to evaluate the lower limb functions
of the patients, only the lower limb data were extracted for analyses (Fig. 4). To ensure accurate mapping of the
IMU data to individualized body models, subjects underwent postural calibrations while standing.

Experimental design

Before the experiments, all participants were briefed on the study’s purpose and procedures, and informed
consent was obtained from each individual. A professional clinician then assessed each patient using the Fugl-
Meyer Assessment. Subsequently, a 10-m walking test was administered on level ground (in a hospital corridor)
to record the gait data using a wearable IMU-based mocap system. Each participant completed five trials of the
walking test, with adequate rest periods provided between the trials.

The Fugl-Meyer Assessment is a clinical tool designed to evaluate functional recovery in the upper and lower
extremities of stroke patients, playing a critical role in rehabilitation therapy by providing reliable support and
guidance for assessors. It is organized into five categories: motor function, sensory function, balance, joint range
of motion, and joint pain. Each category includes multiple items, with each item rated on a three-point scale
based on task performance: 0 =unable to perform, 1=partially able to perform, and 2=fully able to perform.
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The motor component’s lower extremity score assesses hip, knee, and ankle motion, coordination, and reflex
movements, with a maximum total score of 34 points. Studies by Kim et al.>> and Crow et al.* have confirmed
that the Fugl-Meyer Assessment demonstrates strong inter-rater reliability and consistency, offering a dependable
framework and accurate measurements for rehabilitation therapy. As a result, the FMA is widely used in both
clinical practice and research as a reliable tool for monitoring rehabilitation progress in stroke patients.

Feature extraction and grouping

This study involves two types of gait data: joint angles and original sensor data. The joint angles were recorded
based on conventional definitions of human skeletal kinematics, encompassing movements in three dimensions
for each joint. The hip and ankle joints exhibit a total of six movements: flexion, extension, internal rotation,
external rotation, adduction, and abduction. In contrast, only flexion and extension were considered in the knee
joint. The original sensor data comprise original measurements captured by the sensors, including quaternions,
angular velocities, accelerations, and displacements (as shown in Table 6).

To mitigate the influences of variations in step speed, step length, and joint angles, the following pre-
processing steps were performed: the walking data from the first and last three gait cycles of each trial were
excluded, along with data from two gait cycles before and after each turn. This ensured that joint angles for each
participant’s trials were based on complete gait cycles and excluded data immediately before and after turning.
The entire gait dataset was then compiled by concatenating data from the trials of different participants. For the
range of motion (RoM) of each joint, the peaks and valleys of the joint angles were determined using a peak
detection algorithm. For the original sensor data, step length was determined by calculating the difference in the
z-components of successive foot positions.

To evaluate the contribution of different IMUs to the stroke assessments, sensors placed at different locations
were grouped into 28 distinct sensor groups. Table 7 presents the gait parameters associated with each sensor
group as follows:

Group I included all seven sensors on the lower limbs.

Group II included a lumbar sensor and sensors at three locations on the affected lower limb: thigh, shank,
and foot.

Group III included three locations on the affected lower limb: thigh, shank, and foot.

Groups IV-XV (12 groups in total) each included a lumbar sensor and were differentiated by the placement
of sensors on either the affected or bilateral lower limbs. Specifically, Groups IV, V, VI, X, XI, and XII included
sensors on the affected lower limb, whereas Groups VII, VIII, IX, XIII, XIV, and XV included sensors on both
lower limbs.

Groups XVI-XXI included two sensors on either the bilateral or affected side and did not include the hip
Sensor.

Groups XXII-XXVIII, each included only a single sensor placed at different positions.

It is important to note that the joint angles and joint velocities were obtained only when sensors were worn
concurrently at two adjacent body locations. For instance, the hip angle was obtained when sensors were worn
simultaneously at the hip and thigh locations. These 28 groups, with varying numbers and locations of sensors
aimed to provide comprehensive insights into the influences of sensor placements on stroke assessment.

Stepwise regression

The data were processed and statistically analyzed using Python (PyCharm 2021.1.3) and SPSS (version 26.0,
IBM Corp., Armonk, NY, USA). Regression analysis was conducted using bidirectional elimination, with
the sum of features for each group as the input and the lower limb part of the Fugl-Meyer Assessment as the
output. This process identified the optimal subset of features for each sensor group, resulting in optimal fitting
equations and adjusted R?. Stepwise regression, a feature selection method®’, incrementally builds an optimal
predictive model by adding or removing variables and assessing their statistical significance at each iteration.
Note that the significance of introducing features should be lower than that of their removal. Thus, the criterion
for feature inclusion was set at p <0.05 and that for exclusion was p>0.1. This ensures the selection of features
with statistically significant contributions to the output while eliminating variables with lesser impacts. The
correlation coeflicients of the selected features were employed to compare the regression results, facilitating the
assessment of the model performance.

In stepwise regression feature selection, collinearity among features is mitigated by constraining the number
of features included in the model. To evaluate this approach, we compared models with and without a feature
limit, setting the maximum number of features at 10 (Table 8). Pearson correlation coefficients between
features were calculated, using Groups I, VI, and X as examples, and the results were visualized in a heat map
(Fig. 5). Before limiting the number of features included, the heat map exhibits numerous dark-colored areas,

Sensor-Quat | Sensor-Gyro | Sensor-Acce | Joint-Velo | Joint-Posi | Bone-Quat

X-component y y 3 v 3 R
y-component Y y V v V v
z-component | V v v V v \/
w-component | V X X X X v

Table 6. Original sensor data and their components by IMU.
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Number of
Group | Included parameters Number of gait parameters | sensors Body location
1 RoM: hip, knee, ankle; original sensor data | 160 7 Hip, bilateral thighs, shanks, feet
11 RoM: hip, knee, ankle; original sensor data | 89 4 Hip, affected side’s thigh, shank, foot
I RoM: knee, ankle; original sensor data 60 3 Affected side’s thigh, shank, foot
v RoM: hip, knee; original sensor data 112 5 Hip, bilateral thighs, shanks
v RoM: ankle; original sensor data 95 5 Hip, bilateral shanks, feet
VI RoM: hip; original sensor data 84 5 Hip, bilateral thighs, feet
VI RoM: hip, knee; original sensor data 66 3 Hip, affected sides thigh, shank
VIII RoM: ankle; original sensor data 47 3 Hip, affected side’s shank, foot
X RoM: hip; original sensor data 60 3 Hip, affected side’s thigh, foot
X RoM: hip; original sensor data 53 3 Hip, bilateral thighs
XI Original sensor data 57 3 Hip, bilateral shanks
XII Original sensor data 57 3 Hip, bilateral feet
XIII RoM: hip; original sensor data 43 2 Hip, affected side’s thigh
XIvV Original sensor data 44 2 Hip, affected side’s shank
XV Original sensor data 34 2 Hip, affected side’s foot
XVI RoM: knee; original sensor data 74 4 Bilateral thighs, shanks
XVII RoM: ankle; original sensor data 74 4 Bilateral shanks, feet
XVIII | Original sensor data 56 4 Bilateral thighs, feet
XIX RoM: knee; original sensor data 37 2 Affected side’s thigh, shank
XX RoM: ankle; original sensor data 37 2 Affected side’s shank, foot
XXI Original sensor data 28 2 Affected side’s thigh, foot
XXII Original sensor data 20 1 Hip
XXIII | Original sensor data 28 2 Bilateral thighs
XXIV | Original sensor data 28 2 Bilateral shanks
XXV Original sensor data 28 2 Bilateral feet
XXVI | Original sensor data 14 1 Affected side’s thigh
XXVII | Original sensor data 14 1 Affected side’s shank
XXVIII | Original sensor data 14 1 Affected side’s foot
Table 7. Sensor groups.
Number of features
Group | Number of sensors | IMU locations Unlimited | Limited | Adjusted R? | MAE | RMSE | Number of features selected
I 7 Hip, bilateral thighs, shanks, feet ! 0 0 1
v 0.999 0.03 |003 |10
J 1 0 0 14
VI 5 Hip, bilateral thighs, feet
v 0.999 007 |0.09 |10
X 3 Hip, bilateral thighs i 09% 0 0 2
v 0.999 0.07 |0.08 |10

Table 8. Comparison of models’ evaluation performance before and after limiting the number of features
included. The model performance was not significantly influenced after limiting the number of features.

indicating strong collinearity. After feature selection, this collinearity was effectively mitigated. Additionally,
the comparisons showed that model performance was not significantly affected, indicating that reducing the

number of features did not compromise interpretability or prediction accuracy.

Data evaluation
The adjusted R?, MAE, and RMSE values were calculated to evaluate the stepwise regression prediction results.
These metrics were then used to comprehensively assess the model’s fit and predictive performance. Among
them, the adjusted R? goodness of the model’s goodness of fit to the data, while the MAE and RMSE quantify
prediction errors, with smaller values reflecting high prediction accuracy. Together, these measures provide an
effective assessment of the model’s ability to fit the data and predict outcomes accurately.
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Fig. 5. The confusion matrix of Groups I, VI, and X between each feature before (a, b, ¢) and after (d, e, f)
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limiting the number of features included. The collinearity is significantly reduced after limiting the number of

included features.
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