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Wheelchair users rely heavily on their upper extremities to complete common but essential
activities of daily living such as getting in and out of bed, and transferring to a toilet, a shower,
and a car seat. The use of good transfer mechanics to avoid pain and injury is important for
wheelchair users when performing transfers. The Transfer Assessment Instrument (TAI), is a tool
developed to evaluate the transfer technique and help clinicians and users to recognize deficits in
the technique. However, there are some limitations when therapists use the TAI as an assessment
tool. These barriers decrease the usability of the TAI in clinical settings. An artificial intelligence
system that can automatically score the TAI may potentially reduce the barriers associated with
TATI’s usability. We aim to develop a system that can watch a patient transfer and allow for
automating the TAI using marker-less motion capture technology and machine learning algorithms
that classify the motions into proper and improper techniques.

Machine learning algorithms were developed and trained using data from 91 full-time
wheelchair users to predict proper (low risk) and improper (high risk) wheelchair transfer
techniques in accordance with eleven TAI item scores. The transfer data was split into training set
(80%) and testing set (20%). The training set was used for classifier selection and model tuning.
The test set was excluded from all training processes. Three k-nearest neighbors (KNN) and eight

random forest classifiers were selected for 11 TAI items based on model performance. The area



under the receiver operating characteristic curves (AUCs) are .83 to .99 for the training set and.79
to .94. for the test set. In order to avoid the false positive case (i.e. participant performed improper
technique but the transfer is labelled as a proper transfer by the classifier), we tuned the models to
achieve high precision. The precisions of the models are .87 to .96, and the recalls are .61 to .93.
For a system to automate the scoring of the TAI the system must also be able to distinguish
the “setup phase” and “lift phase” of the transfer. On the TAI 4.0, items 1 to 6 are in the wheelchair
setup skill group and Items 7 to 15 are in the body setup and flight/landing skill groups. In order
to extract the features of each item, the motion data during the transfer needs to be separated into
a setup phase and lift phase. We applied and compared a biomechanical variable based threshold
method and an ML algorithm to automatically distinguish the time frames of the transfer phases.
For the threshold method, the peaks observed in the linear displacement and velocity of one joint
center marked by the Kinect, SPINE_BASE, were used for phase delineation. For the ML method,
we trained a KNN classifier using 35 features from 81 participant’s transfer data recorded by
Kinect. Using the KNN model, each time frame of the transfer was labeled as belonging to either
the “setup” or “lift” phase. After further applying a filter algorithm, the method was used to identify
the start and end timepoints of the transfer phases. We found that the ML method had less error in
identifying the phase times but the threshold method spends less computational time in identifying
the points. Although the threshold errors were larger this method had higher accuracy for
predicting the TAI scores for items 10, 11, 12, 13, 14, 15 (lift phase items). The ML method had
higher accuracy for predicting the TAI scores for items 1, 2 and 7 (wheelchair and body setup
items). For items 8 and 9, the two methods showed equal performance. The ML method tended

to undershoot the end phase times of the lift phase so it’s possible that tuning the algorithms to



include more of the lift phase data could increase the accuracies of the TAI item scores that deal
with the lift phase biomechanics. This will continue to be an area of future work.

Due to the discontinuation of the Kinect v2, we aimed to find another 3D depth sensor that
could track full body motion for future research. The Intel® RealSense has superior technical
properties in relation to the Kinect v2 and has shown excellent performance for tracking facial and
hand motions in previous studies. Although Intel did not make a full body joint tracking algorithm
for the sensor at the time of our study, a 3" party one (Nuitrack™) was available that can be used
with a variety of 3D sensor models including RealSense. This solution enabled us to create the
same biomechanical features with the RealSense as we had created with the Kinect to quantify
transfer technique. To further understand the potential for RealSense to be used as a viable
substitute sensor for capturing wheelchair technique biomechanics, we compared the measurement
properties of the two sensors. We assessed intra-rater reliability for each sensor, and evaluated the
inter-rater reliability and agreements between the Kinect and RealSense with 30 wheelchair users
who performed multiple independent transfers (150 trials total). The study found that the Kinect
had higher intra-rater reliability than the RealSense for measuring four key kinematic variables
related to the wheelchair transfer technique. For the agreement analysis, more than 95% of the data
points fell within +1.96 standard deviation of the mean differences. However, the inter-rater
reliability between two sensors was poor. The low reliability of the RealSense may be due to the
lack of robustness of the 3" party algorithm for skeletal tracking of sitting postures and in general
in comparison to the more extensively tested and developed Kinect SDK. Intel just recently
introduced a full body skeletal tracking model for their sensors. It’s possible that this version of

the RealSense SDK may help increase the reliability for future applications.



Packaging these outcomes together into a user-friendly system could aid therapists and
patients in identifying harmful motions and learning proper evidence-based transfer practices.
After using a 3D Depth Cameras to watch a wheelchair transfer, the system would be able evaluate
the TAI more reliably than a therapist rater would and generate objective feedback to the users.
Therefore, the results of the current study could increase the usability and feasibility of TAI in a

clinical setting.
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1.0 Introduction

In the United States, there were approximately 294,000 persons with spinal cord injury (SCI)
in 2020, and 17,810 new cases occur each year [1]. Over 3.6 million Americans aged 15 and over
used a wheelchair in 2010 [2]. Wheelchair users rely heavily on their upper extremities to complete
common but essential activities of daily living such as getting in and out of bed, transferring to a
toilet or a shower, and transferring in and out of a car. Manual wheelchair users will perform on
average 14 to 18 transfers a day, which are extremely physically demanding and can lead to upper
extremity pain and injury [3, 4]. Research shows that the prevalence of upper extremity pain,
specifically shoulder pain, in wheelchair users ranges between 31 and 73 percent [5].
Unfortunately, shoulder pain leads to decreased quality of life and participation in physical activity
[6].

The use of good transfer mechanics to avoid pain and injury is important for wheelchair
users when performing transfers. The Transfer Assessment Instrument (TAI), is a tool developed
to evaluate independent transfer technique and help clinicians and users to recognize deficits in
technique. Research has shown that wheelchair users who received high scores on the TAI had
significantly decreased forces and moments on the upper arm joints while performing transfers to
and from different surfaces [7]. However, there are some limitations when therapists use the TAI
as an assessment tool. The therapists need time for training to learn and practice the tool. Moreover,
they have to score all the items while they are watching a patient’s transfer. Even with training and
practice, results of some items may be influenced by the rater’s subjective interpretation. These

barriers decrease the usability of the TAI in clinical settings.



An artificial intelligence system that can automatically score the TAI may potentially reduce the
barriers associated with TAI’s usability. We aim to develop a system that can watch a patient
transfer and allow for automating the TAI using marker-less motion capture technology and
machine learning algorithms that classify the motions into proper and improper techniques. Ideally
the system would be able evaluate the TAI more reliably than a therapist rater would and generate
objective feedback to the users. Therefore, the results of the current study could increase the

usability and feasibility of TAl in a clinical setting.

1.1 Prevalence of Upper Extremities Pain and Injuries in Wheelchair Users

Shoulder pain is the most common secondary impairment in the upper limbs reported in
the wheelchair user population [8]. A review summarized eighteen studies from 1985 to 2001
documenting the prevalence of upper limb injuries in people with spinal cord injury and reported
that around 30—60% of wheelchair users experience upper extremity pain at the shoulder, 22-45%
at the elbow, and 40-66% at the wrist [9]. In 2004, Gironda and colleagues conducted a study with
the largest sample size (around 770 subjects) to date and found that 531 (69%) patients with
paraplegia reported current upper limb pain, and that the shoulder pain was most severe during
wheelchair-related mobility and transportation activities [10].
The high prevalence of shoulder pain and injury in wheelchair users is believed to be due to

overuse of the glenohumeral joint, especially during propulsion and transfers [11-14]. The



extrinsic and the intrinsic factors leading to shoulder injury can be exacerbated by overuse [14].
Intrinsic factors are factors associated with degeneration of the tendon. The mechanisms that
originate “within” the tendons include age-related degeneration, poor vascularity, and changing of
the mechanical properties of the tensile tissue. Extrinsic factors of the rotator cuff tendinopathy
are defined as factors that cause compression of the rotator cuff tendons that originate “outside”
of the tendon. These mechanisms include the compression (or shear) of the tendon within the
subacromial space from anatomical or biomechanical abnormalities, as well as the compression of
tendon posteriorly between the humerus and glenoid rim [14, 15].

The main cause of shoulder pain among manual wheelchair users is tendinopathy of the
shoulder, especially of rotator cuff tendons [16]. The incidence of shoulder tendinopathy in
wheelchair users is four times higher than that of ambulatory individuals (63% vs.15%) [17].
Akbar and colleagues reported that rotator cuff tears were present in 49% of wheelchair users, 70%
of which were full thickness and all involved the supraspinatus [18]. Other pathologies, such as
glenohumeral instability, biceps tendinitis, capsulitis, acromioclavicular joint degeneration, and
distal clavicle osteolysis were also reported [8, 19-21].

At the elbow prevalence of ulnar mononeuropathy in spinal cord injury varies between 22
percent and 45 percent. At the wrist, the most common problem is carpal tunnel syndrome in

wheelchair users with paraplegia. The prevalence is between 50% to 73% [22-25].



1.2 Wheelchair Transfer and Secondary Injuries

Wheelchair users rely heavily on their upper extremities to complete common but essential
activities of daily living such as getting in and out of bed, transferring to a toilet or a shower, and
transferring in and out of a car. For persons who are unable to bear weight through their legs, the
majority of the force involved in lifting the body is placed upon the joints in the upper extremities
[26]. During the performance of transfers, the loading on the upper extremity joints is greater than
any other wheelchair related activity [27]. Excessive forces acting at the shoulder during transfers
can lead to the development of shoulder impingement, posterior instability, capsulitis, and
tendinitis [8, 19]. Also, repetitive shoulder motion and improper movements may cause muscle
imbalance around the shoulder. Additionally, high superior forces generated during transfers are
believed to contribute to pain and secondary impairments at the elbow [28]. The extreme wrist
extension angles and forces generated during transfers may increase the pressure within the carpal
tunnel and lead to median nerve compression which exacerbates carpal tunnel syndrome [23, 29].
Chronic shoulder pain is most evident during transfers, pressure relief, and wheelchair propulsion
[30]. During wheelchair transfer, the shoulder is often placed in a position with a combination of
flexion, abduction, and internal rotation. Large anterior force and flexion moment are generated
on both leading and trailing arms [27]. This position causes the glenohumeral head to shift closer
to the acromion’s undersurface, and has been identified as a critical factor for impingement of
subacromial soft tissue [21]. Moreover, overstress causes impingement of the tendons and
diminished blood supply. Inflammatory changes, mechanical impingement, or soft-tissue or bony
injury will be more progressive when the causative motion occurs at high frequency without

sufficient time for healing. Properties of disorganized tissue in tendon would be exacerbated in



combination with repetitive tensile loading induced with daily activities such as lifting, pulling, or

the strain incurred with the follow through of activities of daily living [14].

1.3 Biomechanics of the Wheelchair Sitting Pivot Transfer

Shoulder pain and injuries are believed to be associated with large joint reaction forces and
moments during transfers [4, 8, 28]. However, it is difficult to directly measure the joint reaction
force and the moments during the transfer without significant invasive procedures. Joint forces
and moments are therefore indirectly estimated using inverse dynamics analysis, which use the
anatomical movements (kinematics) to back calculate joint reaction forces and moments (kinetics).
Using these analyses, it is possible to explore the kinematics that may lead to injury-inducing
kinetics. Extreme combinations of shoulder flexion, internal rotation, and abduction are known to
create high internal joint forces and are difficult to avoid during transfers [27]. Systematically
varying leading hand placement and trunk position during the transfer has been shown to generate
different joint forces and moments at the upper limb joints [31]. Using certain transfer skills (e.g.
placing both feet on the floor, using head-hips maneuver to pivot the body, using proper handgrip

techniques) has been shown to reduce loading across the wrists, elbows and shoulders [32].



1.4 Transfer Assessment Instrument — An Evaluation Tool for Determining Quality of

Transfer

Using proper transfer technique can reduce the loading on the upper arm joints and help
protect wheelchair users from developing injury and pain [4, 33]. The TAI is a tool used by
clinicians and therapists to assess transfer quality and identify problems in wheelchair transfers
which can cause increased forces on upper extremity joints [34, 35]. The TAI is based on clinical
practice guidelines, current knowledge in the literature, and best clinical practices related to
transfers. The TAI measures multiple components of a transfer including proper setup of the
wheelchair and body positioning during transfers. The tool is a series of yes or no questions that
evaluate both the wheelchair user’s overall technique and any weak component skills within the
transfer [34, 35]. Higher TAI scores represent better wheelchair transfer technique [35]. In the
previous studies, we demonstrated that individuals who score highly on the TAI have lower
mechanical loading at the shoulder, elbow and wrist in different transfer configurations [4, 7].
Therefore, wheelchair users who learn to perform transfers that are consistent with a high TAI
score may reduce their risk of upper extremity injury and pain by decreasing the joint loading
during the transfer.

The TAI has been used successfully in research to evaluate proper transfer technique. It
also has been approved that there are limitations in its use for knowledge translation and
application in a clinical setting. Firstly, clinicians need to become familiar with the TAI items to
know if their patient’s transfer was performed correctly or not for each item. The training materials

initially developed for clinicians to learn how to use the TAI required significant time to review.



The newest version, TAI 4.0, refined the item statements and aimed to decrease time to administer
and need for review of training materials. However, even with these modifications, the intra-rater
reliability of the wheelchair setup items is only on the moderate level (ICC = .44 to .55). The inter-
rater reliability of the body setup items (ICC = .65 to .72) is also lower than other items [36]. The
body mechanics and some setup items are very difficult to evaluate because the therapist needs to
watch multiple movements for different items within 0.5 to 1 second during the lifting phase of
the transfer. Secondly, according to our interviews in multiple rehabilitation institutions and
hospitals, many therapists agreed that the TAI is great tool to identify specific deficits of patient’s
techniques but takes too long to perform in the clinic. Thirdly, although the wheelchair may
improve the transfer technique after a web-based training addressed by the TAl, it still needs the
investigators familiar with TAI to manually evaluate the quality of the transfer [37].Thus, the tool
is currently used in research but has not yet been widely adopted into clinical practice. An
automated system that can accurately and objectively observe transfer motions and report the TAI
outcomes without requiring users to undergo extensive training could be of great benefit to

therapists and patients with SCI in the future.

1.5 Marker-less Motion Capture

Marker-less motion capture systems have been widely used in full-body skeletal tracking,

facial features recognition, and hand/finger gestural tracking and has found broad application in



the video gaming community and sports, wellness, and healthcare fields. The types of systems
range from high-end indoor/outdoor image-based motion capture systems such as the SIMI, to low
cost, portable 3D depth sensors such as the Kinect and RealSense. Wearable sensor technologies
(e.g. Inertial Measurement Units (IMU)) can also provide monitoring and feedback to wheelchair
users on general activity and motion techniques [38-41], and techniques known to cause injuries
[42, 43]. A 3D depth sensor has total freedom of movement without the need to hold or wear any
sensors or markers on the body during the transfer task thus the setup time. The sensor is also much
cheaper than the other options and can provide more detailed motion tracking data (e.g. X, y, z
coordinate positions of joint centers) than IMUs which provide relative segment orientations.
Barbareschi and colleagues used a chest mounted IMU and built a Support vector machine (SVM)
model to predict three item scores of the TAI 3.0: head-hip relationship, flight phase, and landing
phase. The performance of the models ranged between 76% to 80% accuracy which is lower than
the accuracies we have found so far in our preliminary analyses with the Kinect2 sensor [44]. One
possible reason for the lower accuracies with IMUs might be the limitation of the number of
features that can be extracted from them. Moreover, it is very difficult to evaluate all the items on
TAI by a single IMU sensor since transfer motions are complex and involve multiple body
segments. The body skeletal functions of a 3D depth camera can simultaneously track multiple

joints on all the body segments.



1.6 3D Depth Sensors in Research

A variety of 3D depth sensors are available on the market and are supported with different
platforms, such as Windows, Android and Linux (Table 1). The sensor can create 3D maps of
anatomical landmarks for patient size assessments without using multiple cameras [45]. The two
most common ones found in the literature include the Microsoft Kinect v1 and v2 and Intel
RealSense. The Kinect is the first mass produced, three-dimensional (3D) depth sensing camera
that possessed a price point making it available to almost any consumer. It consists of an infrared
(IR) light projector, an IR camera, a RGB video camera, and microphones. One of the most
powerful aspects of the Kinect is the ability to automatically identify anatomical landmarks in
close to real-time using artificial intelligence. The Kinect sensor v1.8 detects and records the body
surface with depth and RGB data recorded from the cameras then applies an algorithm of
triangulation to automatically identify the location of joint centers of the body in the 3-D space. In
2014, Microsoft released a new version of Kinect for Xbox One with 60% wide-angle time-of-
flight camera. The Kinect v2 measures the time it takes a light source to bounce back from a
reflected target, and given that the speed of light is constant, the distance to the objects surface can
be calculated. Using this different time-of-flight method, the Kinect v2 creates a depth map which
promised increased resolution and accuracy. The Microsoft SDK for the Kinect provides the
algorithms for full body skeleton tracking. The v2 sensor can be used to detect and record 25 joint
centers (compared to 20 joint centers from the v1.8) of the body in X, Y, and Z dimensions at 30
Hz sampling frequency, and has been shown to be a reliable and valid tool for tracking body

motions and human posture [46-50].



The official full-body tracking software development kit (SDK) provided by Microsoft
allows investigators to develop a program for their needs. As a result, the Kinect v2 has become
widely used in academic research to track upper and lower body motions in various biomechanics
and rehabilitation applications [46-49, 51]. The Kinect has also become an integral part of some
industrial commercial software applications such as Jintronix [52] and VERA released by
Reflexion Health [53], which utilize motions captured by the Kinect for therapeutic gaming and
functional assessments.

Microsoft announced the discontinuation of Kinect v2 in 2017 and released a new version
Azure Kinect DK (Kinect DK) in 2019. The new SDK is supposed to retain the full body tracking
function. However, the skeletal tracking algorithm of the new Kinect DK and the outputted raw
data differ from the Kinect v2 [54]. Moreover, research related to classification of body skeletal
motion with the Kinect DK is not well developed. An alternative solution that has been used is the
Open Natural Interaction (OpenNI) framework which provides a library of body tracking
algorithms that are compatible with various sensors. The Intel RealSense series has been used in
several clinical research applications, however, work related to human motion classification is not
as extensive as the Kinect in the published literatures due to only the hand gestures and movement
tracking function being supported by the Intel official SDK [55-58]. One study by Mistry et al.
developed an approach to translate sign language by using the hand motion data recorded by the
RealSense [59]. They recorded 26,000 signs of English alphabet from 10 professional signers and
labeled the data into 26 letters. Learning 90 features such as degrees rotation, flexion of each finger
and hand openness, the performances of the model were 92.1% and 95.0% by applying CNN and

SVM, respectively.

10



Table 1. Commercially available 3D depth sensors

. . . Physical
Price  Range RGB image Depth image Dimensions
Kinect V2 $100 05-45m  1920x1080, 30 FPS 512x424, 30 FPS 250x66x67 mm
Azure Kinect 05— 640x576, 30 FPS
DK $299 e 3840x2160, 30 FPS 102441094, 15 FPS 203x39x126 mm
RealSense D435  $179 0.11-10m  1920x1080, 30 FPS '1:§20x720, Up 00 g4 o5x25 mm
RealSense D415 $149 0.2—10m  1920x1080, 30 FPS |1:§20x720, up to 90 99x20x23 mm
2592x1944, 15 FPS
Xtion 2 $598 0.8-3.5m  1920x1080, 30 FPS 640x480, 30 FPS 110x35x35 mm
1280x720, 60 FPS
Vico VR $249 05-45m N/A 640x480, 30 FPS 220x120x50 mm
TVico $280 0.6-8m  1280x720, 30 FPS 640x480, 30 FPS 172x63x56 mm
Occipital . . 640x480, 30 FPS
Structure $499 0.4—-3.5m iOS camera resolution 320x240, 60 FPS 119.2x28%29 mm
Orbbec Persee  $240 0.4-8m  1280x720, 30 FPS ‘;‘F‘,%X‘BO' 16bit 30 45 63x56 mm
Leap Motion $100 ggrzns a N/A 20 to 200+ FPS 76x30x17 mm

1.7 3D Depth Sensing Applications in Rehabilitation Science and Human Motion

Many studies have developed the Kinect for assessment of balance and postural control [60-
64], dynamic balance tests [65], fall prevention [66, 67], and stroke rehabilitation [68-71]. Tan et
al. reported that the Kinect can measure habitual gait speed and timed-up-and-go variables of the
motor and Postural Instability and Gait Difficulty (PIGD) subscales under the Unified Parkinson’s
Disease Rating Scale (UPDRS). Clark et al. also showed that the Kinect can be a reliable tool for
the current clinical gait assessments to evaluate step length, foot swing velocity, gait speed, and

other variables associated with trunk balance during walking trials of patients with stroke [72].

Evaluation
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Some studies showed that the Kinect has the ability to discriminate between populations with
different clinical conditions. For example, Dolatabadi et al. used the Kinect and k-nearest
neighbors (k-NN) and dynamic time warping (DTW) algorithms to correctly classify a gait pattern
into healthy subjects and patients who previously had a stroke with 96% accuracy [73]. Leightley
and colleagues showed that the Kinect can be used to evaluate a clinically validated assessment of
sit-to-stand techniques and differentiate groups of master athletes, healthy old people, and young
adults [74].

The Kinect has also been used in human movement pattern classification and motion
evaluation. Protopapadakis and colleagues used the joint center data and multiple machine learning
algorithms to identify six types of dance poses [75]. Plantard et al. computed the Rapid Upper
Limb Assessment (RULA) scores based on the Kinect skeleton data [76, 77]. The RULA was
developed to investigate the exposure of individual workers to risk factors associated with work-
related upper limb disorders [78]. Similar to the TAI, the RULA breaks down a motion task into
different components and is evaluated by watching the subject’s joint angles and position of his/her
upper extremities and trunk. The RULA entails a trained rater who watches the task and provides
a posture rating based on the observed shoulder angles of motion, wrist and forearm positioning,
and trunk twisting and bending. However, some studies also reported that the main weakness of
RULA is related to the fair level of inter-rater reliability (ICC<0.5) [79, 80]. Following the
outcome measures of the RULA as the gold standard, Manghisi and colleagues developed a real-
time software tool based on the Kinect v2 to autoscore the RULA and evaluate the upper extremity

musculoskeletal disorder risk factors in workplaces [81].
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1.8 Significance

Transfer-related pain and injury can adversely affect the quality of life of wheelchair users.
Many studies reported that the pain is a major factor of functional decline and low quality of life
in individuals with SCI [82, 83]. This lesser quality of life manifests itself as a loss of autonomy
and a decreased ability to participate in society [84-87]. Dalyan et al. documented a significant
association between employment status and upper limb pain, with unemployment higher and full-
time employment lower in individuals with upper limb pain than those without pain (21.4% vs.
7.1% and 20% vs. 45.2%, respectively) [88].

Proper transfer technique helps wheelchair users to prevent and reduce the risk of upper
arm pain and injuries. However, education on proper transfer technique is not well disseminated
and therapists have limited time to work with wheelchair users to develop their skills. A marker-
less motion capture sensor combined with an artificial intelligence algorithm that can automate the
assessment process may be helpful for clinicians and wheelchair users in identifying their deficits
and in learning proper transfer technique.

This study fills a gap that exists between research and the practical clinical application of
the TAI. The results of this work will support a background algorithm for an automatic transfer
evaluation system that provides real-time feedback to both therapists and patients. Also, we aim
to show that our models will be robust to the type of 3D depth sensors so that they will still be

useful should a specific brand of sensor become obsolete. The system will ultimately be used to
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identify problems with transfers and provide guidance on corrective strategies aimed at preserving
upper limb function. Most wheelchair users with upper limb pain or injury do not seek medical
attention or tend to seek conservative treatment for their problems [89, 90]. Unfortunately,
common treatments such as anti-inflammatories are generally unsuccessful. Moreover, most
wheelchair users are not willing to undergo surgical treatment because they rely heavily on their
upper extremities to perform activities of daily living. Recovery from surgery would require that
they rest their arms to heal like able-bodied patients which would require them to rely on others to
support daily mobility and functions. Therefore, it is critical for a wheelchair user to preserve their
upper extremity function through increased awareness and preventative strategies such as by using
evidence-based proper transfer techniques to reduce the risk of injury. As a result, patients with
SCI and the healthcare system will benefit from reduced healthcare costs associated with treating

transfer related pain, overuse injuries, and personal care assistance.

1.9 Thesis Objectives

The first objective of this dissertation work (specific aim 1 and aim 2) was to develop
machine learning models for classifying proper and improper transfer technique using input from
the Kinect v2. However, as Microsoft recently announced discontinuation of the Kinect v2 a
second objective of this study was to explore using an alternative sensor on the market that can

provide motion tracking. Specific aim 3 was to test the feasibility of a surrogate motion capture
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sensor available on the market (Intel’s RealSense) for measuring key variables of transfer

evaluation.
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2.0  Automating the Clinical Assessment of Independent Wheelchair Sitting Pivot

Transfer Techniques

2.1 Abstract

This chapter has been published in Topics in Spinal Cord Injury Rehabilitation. Full citation: Wei
L, Chung CS, Koontz AM. Automating the Clinical Assessment of Independent Wheelchair Sitting
Pivot Transfer Techniques. Topics in Spinal Cord Injury Rehabilitation, 2021, Permission was

obtained for use.

Introduction: Using proper transfer technique can help to reduce forces and prevent secondary
injuries. However, current assessment tools rely on the ability to subjectively identify harmful
movement patterns.

Objective: The purpose of the study was to determine the accuracy of using a low-cost markerless
motion capture camera and machine learning methods to evaluate the quality of independent
wheelchair sitting pivot transfers. We hypothesized that the algorithms would be able to discern
proper (low risk) and improper (high risk) wheelchair transfer techniques in accordance with
component items on the Transfer Assessment Instrument (TAI).

Methods: Transfer motions of 91 full-time wheelchair users were recorded and used to develop
machine learning classifiers that could be used to discern proper from improper technique. The

data were labeled using the TAI item scores. Motion variables from the Kinect were inputted as
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the features. Random forests and K-nearest neighbors algorithms were chosen as the classifiers.
Eighty percent of the data were used for model training and hyperparameter turning. The validation
process was performed using 20% of the data as the test set.

Results: The area under the receiver operating characteristic curve of the test set for each item was
over 0.79. After adjusting the decision threshold, the precisions of the models were over 0.87, and
the model accuracies over 71%.

Conclusions: The results show promise for the objective assessment of the transfer technique
using a low cost camera and machine learning classifiers.

Key Words: Wheelchair Biomechanics, Skeletal Tracking, Machine Learning, Activities of Daily

Living, Feature Engineering and Feature Selection, Motion capture

2.2 Introduction

Using proper transfer mechanics can help protect wheelchair users from developing upper
limb pain and injury. The Transfer Assessment Instrument (TAI) [36] is a tool that was developed
to evaluate transfer technique and help clinicians and users recognize deficits in technique.
Research has shown that wheelchair users who received high scores on the TAI had significantly
decreased forces and moments on the upper arm joints while performing transfers to and from
different surfaces [7]. However, there are some shortcomings with using the tool in clinical practice.

A therapist needs to be familiar with the 15 items and be aware of what to look for so when he or
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she watches the transfer, which can occur very quickly, the TAI can be scored. Even with training
and practice, results are influenced by the rater’s subjective interpretation of the wheelchair setup
and body movements. The TAI has low to moderate intra-rater reliability (ICC=.44 to .64) for
wheelchair setup items and moderate inter-rater reliability of the body setup items (ICC=.65t0.72)
[36]. These issues decrease the reliability and usability of the TAI in clinical settings.

Transfer techniques have been objectively quantified using high-tech methods such as 3D
motion capture systems (e.g Vicon) [91-93]. These systems however are expensive, require
technical backgrounds or expertise to use and are not readily available in many SCI clinics where
transfers would typically be assessed. Recently the use of marker-less 3D depth sensors to detect
and quantify movement patterns have emerged as potential surrogates to these higher-tech methods
and for applications that may not need the highest level of accuracy that higher-tech methods can
provide. Depth sensors allow for creating 3D maps of a human body and to identify anatomical
landmarks (e.g. joint center locations) using a small portable low-cost camera and artificial
intelligence [94]. Many studies have used the Microsoft Kinect for the clinical assessment of
balance and postural control [60-65], fall prevention [66, 67], and stroke rehabilitation [68-71].
Some studies have also shown that the Kinect can discriminate between populations with different
clinical conditions. For example, Dolatabadi et al. used the Kinect and k-nearest neighbors (k-NN)
and dynamic time warping (DTW) algorithms to correctly differentiate the gait patterns of
unimpaired participants and persons with a stroke with 96% accuracy [73]. Leightley and
colleagues showed that the Kinect can be used to evaluate sit-to-stand techniques and differentiate
between groups of master athletes, healthy older people, and young adults [74].

The potential to use the Kinect to accurately and reliably quantify transfer motions has

been recently studied [36]. A study comparing transfer motions recorded using the Vicon and
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first-generation Kinect v1 sensor found good to excellent test-retest reliability (ICC > 0.71) and
upper limb and trunk range of motion trajectories that were similar between the two systems (cross-
correlation coefficients ranging from 0.71 to 0.97) [95]. In a follow-up study the Kinect 2 sensor
was able to discern differences in movement variables among unimpaired individuals who were
trained to use proper technique and three variations of improper transfer technique [96]. This study
aims to determine Kinect v2’s ability to discern differences between proper and improper
movement patterns among individuals who routinely perform transfers. We hypothesize that the
Kinect 2 and supporting machine learning (ML) algorithms will be able to achieve an area under
the receiver operating characteristic curve (AUC) of at least 0.80 and precision of at least 0.90 for
each prediction model, values that were felt would yield high clinical acceptability. Our long-term
goal is to develop a system that can watch a transfer and automate the TAI scores in real-time.
Ideally the system would produce TAI scores with a higher level of reliability and objectivity than
the current method of assessment. Such as system may help to reduce therapist burden and

facilitate easier and more reliable transfer assessments in clinical settings.

2.3 Methods

2.3.1 Participants
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Participants were recruited through research registries, local SCI clinics and rehabilitation
hospitals, and at organized recreational sport events. The inclusion criteria were 1) have
discernable neurological impairment affecting both lower extremities or persons with transfemoral
or transtibial amputation of both lower extremities who do not use prostheses during transfers, 2)
at least one-year post-injury or diagnosis, 3) able to independently transfer to/from a wheelchair
without human assistance or assistive devices, 4) use a wheelchair for the majority of mobility
(over 40 hours/week), and over the age of 18 years. Participants were excluded if they had 1)
current or recent history of pressure sores in the last year, 2) history of seizures or angina, or 3)

were able to stand unsupported.

2.3.2 Study Protocol

2.3.2.1 Experimental Setup

A Kinect v2 sensor was positioned two meters in front of the participants, 70 centimeters
above the floor, and centered between the wheelchair and the bench (Figure 1). A custom graphical
user interface (GUI) was programed in C# using Visual Studio 2012, .NET Framework 4.0, and
the Kinect for Windows SDK to collect the 3D joint center position data in a Cartesian coordinate

system from the Kinect sensor. The sampling frequency was 30Hz.
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Figure 1. Experimental setup of wheelchair, bench and Kinect. The coordinate system follows the right-hand

rule

2.3.2.2 Transfer Protocol and Evaluation

All wheelchair users used their own chairs for the testing and were instructed to perform a
transfer to a tub bench (70cm x 55cm) in a habitual way. Before data collection, the participants
were provided an opportunity to adjust the position between their wheelchairs and the bench and
also practiced the transfers to familiarize themselves with the setup. Participants were asked to
transfer up to five times to and from the wheelchair and a level-height bench. A subset of the
participants (31 out of 91) also performed five non-level transfers 3 inches higher or lower
(randomly assigned) relative to the wheelchair seat. The order of level and non-level was decided

by a random number sequence. Up to three clinicians who were experienced in scoring the TAI
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evaluated and scored each trial. The participants were asked to sit on the bench for 5 to 10 seconds
before they transferred back. A transfer board was provided for the participants who requested it
for the transfer. The participant was informed that they could request a break or discontinue the
study at any time. Digital video was recorded during all transfers to allow for review and resolution
of potential discrepancies in expert scoring if necessary. Opportunities for the participants to rest
were built into the protocol. Approximately 3-5 minutes of rest time between trials and the

participants were allowed to take more time to rest until they were ready for the next trials.

2.3.2.3 Data Labeling

The TAI 4.0 scores after consensual agreement among raters and video reviews were used
as the gold standard (true outcome) for labeling the data [36]. The TAI breaks down a transfer into
multiple components and evaluates each one independently. The 15 items are classified into three
subdomains: wheelchair setup (4 items), body setup (9 items), and flight/landing (2 items). Items
are scored “yes” (1 point) when the participant performs the specified skill correctly and “no” (0
points) when the participant performs the skill incorrectly. A (.5) partial credit is allowed for items
6, 7, 10 and 11. However, because partial credit means there is room for improvement, partial
credit techniques were assigned ‘0’ points so that the ML algorithm would flag them as improper
techniques. Combining the items scores from all items gives a total score on a continuous scale (0
being worst to 10 being best) that provides an overall measure of transfer performance. Each TAI
item has specific movement characteristics (e.g. features) related to the outcomes (e.g. proper or
improper technique). Items 1, 2, 7 and 8 pertain to the body position during the setup phase (just
before transfer), and items 9, 10, 11, 12, 13, 14 and 15 pertain to the biomechanics in the lift phase.

The time frames that define the setup and lift phase were manually (visually) identified for each
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of these transfers using the videos captured by the Kinect RGB camera (Figure 2). Separate ML
models were developed to predict the outcome of each TAI item. Item 3, 4, 5, and 6 are not

included in this study because they cannot be identified by the Kinect.

Figure 2. Phases of a subject transferring from a wheelchair to a bench. a: start of the setup phase, b: transition

point between the setup phase and the lift phase, c: end of the lift phase

2.3.2.4 Features

Universal features were applied to all items and were comprised of joint motion angles
(Table 2, 3). Maximum, minimum, range of motion, and average values of each feature were
calculated over the time windows of the setup phase and the lift phase. In additional to the universal
features, we designed specific features for each item based on the item statements. These specific
features consisted of selected displacements, velocities, accelerations, jerks, triangle areas between

three joint centers at the hand, and anthropometric variables (Table 4).
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Table 2. a) Skeleton position detected by Kinect relative to the human body [54], and b) Body Segment
Vectors. The joint centers defined by the Kinect sensor

*Trunk Anterior is calculated as the cross product of the trunk and shoulder across vectors. Thus, itis a
vector that starts at their chest and points out to the front
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Body Segment Vectors

Kinect Joint Center

Trunk

Shoulder Across

Trunk Anterior*

Upper Arm

Forearm

Shoulder to Wrist

Hand

Thigh

Hip Across

Head Hip

SPINE_SHOULDER
SPINE_MID
SHOULDER_RIGHT
SHOULDER_LEFT
Cross product of:
TRUNK and Shoulder
Across

SHOULDER
ELBOW

ELBOW

WRIST

SHOULDER

WRIST

WRIST

HAND

HIP

KNEE

HIP_RIGHT
HIP_LEFT

Head

Spine Base
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Table 3. Universal biomechanics features for all TAI items. Maximum, minimum, range of motion, and average

values of each feature are calculated over the lift or the setup phase durations and applied to the models

Universal Feature

Definition

Shoulder Plane of Elevation
Angle

Shoulder to Wrist Angle

Shoulder Elevation
Elbow Flexion
Wrist Flexion
Trunk Flexion
Trunk Twist

Trunk Bending in Transverse

Trunk Bending in Frontal

Angle between Trunk Anterior vector and Upper Arm vector, projected on
transverse plane

Angle between Trunk Anterior vector and Shoulder to Wrist vector, projected on
transverse plane

Angle between Trunk vector and Upper Arm vector

Angle between Upper Arm vector and Forearm vector

Angle between Forearm vector and Hand vector

Angle between Trunk vector and Thigh vector

Angle between Shoulder Across vector and Hip Across vector

Angle between Shoulder Across vector and Hip Across vector, projected on
transverse plane

Angle between Shoulder Across vector and Hip Across vector, projected on

frontal plane
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Table 4. Specific features for each TAI item. 2: from the joint center HIP_LEFT to the HIP_RIGHT, : from

the joint center SHOULDER_LEFT to the SHOULDER_RIGHT

TAI ltem

Related feature

Definition

1. Distance between
wheelchair and the
targeted surface is

less than 3 inches

Spine Base
Displacement in X
Spine Mid
Displacement in X
Spine Shoulder
Displacement in X
Neck Displacement in
X

Head Displacement in

X

Displacement of the SPINE_BASE in X direction during the
lift phase

Displacement of the SPINE_MID in X direction during the lift
phase

Displacement of the SPINE_SHOULDER in X direction
during the lift phase

Displacement of the SPINE_NECK in X direction during the
lift phase

Displacement of the SPINE_HEAD in X direction during the

lift phase

2. The angle between
wheelchair and the
targeted surface is 0-
19 degrees for power
wheelchair, or 20-45
degrees for manual

wheelchair

Starting Hip Angle

End Hip Angle

Starting Shoulder

Angle

End Shoulder Angle

Angle between the global X and a Hip vector? at the start of
the setup phase

Angle between the global X and a Hip vector at the end of the
setup phase

Angle between the global X and a shoulder vector® at the start
of the setup phase

Angle between the global X and a shoulder vector at the end

of the setup phase

7. Feet are on the
floor or the targeted

surface

Left / Right Knee
Displacement
Left / Right Ankle
Displacement
Left / Right Foot

Displacement

Displacement of the RIGHT / LEFT_KNEE during the setup
phase

Displacement of the RIGHT / LEFT_ANKLE during the setup
phase

Displacement of the RIGHT / LEFT_FOOT during the setup

phase
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8. Scooting hips to
the front of the seat,
at least 1/3 of thigh is

off the surface

Spine Base
Displacement in Y
Right / Left Hip
Displacement in Y
Spine Base
Displacement
Right / Left Hip

Displacement

Displacement of the SPINE_BASE in Y direction during the
lift phase

Displacement of the HIP_RIGHT/LEFT in Y direction during
the lift phase

Displacement of the SPINE_BASE during the setup phase

Displacement of the HIP_RIGHT/LEFT during the setup

phase

9. Leading Hand
position before

transfer

10. Push off hand
grips armrest, wheel,
frame, cushion or

surface edge

Leading Forearm
Length

Leading Upper Length

Push off Handgrip

Area

The average length between ELBOW to WRIST during
transfer

The average length between SHOUDLER to ELBOW during
transfer

Triangle area between HAND_TIP, THUMB, and HAND on

the push off side

11. Leading hand
grips armrest, wheel,
frame, cushion or

surface edge

Leading Handgrip Area

Triangle area between HAND_TIP, THUMB, and HAND on

the leading side

12. Leading Hand

position after transfer

No specific features for this item

13. During transfer,
trunk is leaning
forward, away from

the targeted surface

Trunk Angle at Y Axis

Angle between global Y (vertical-axis) and Head Hip vector
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14. Flight movement ~ Velocity, Acceleration,  Linear velocity, acceleration, jerk at SPINE_BASE,

isiin one smoothand  and Jerk at SPINE_MID, SPINE_SHOULDER, NECK, and HEAD
fluid motion SPINE_BASE, during the lift phase. Maximum, minimum, range of motion,
& SPINE_MID, and average values of each feature are calculated. Totally 60
15. No excessive SPINE_SHOULDER,  features are computed.

movement occurred NECK, and HEAD
(no loss of balance)

after landing

2.3.4.5 Model Performance Evaluation

The data were divided into three sets: a training set (80% of transfer trials) used to learn
model parameters and to build the cost functions, a validation set (20% of training data set) used
to search the best hyper-parameters of the classifier, and a test set (20% of transfer trials) used to
assess model performance. A 5-fold cross-validation was applied between the training set and the
validation set to tune the models. The AUC and confusion matrixes with true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN) individually for each TAI item were
generated. During the feature selection process, the training set’s AUC and the average accuracy

and standard deviation (STD) of the cross-validation were calculated. For the test set, each model's

(False Positive)

AUC, model accuracy, false discovery rate (FDR, (

— ——)), precision and
(True Positive)+(FalsePositive)

recall were computed. The random forest classifier (RF) and K nearest neighbors classifier (KNN)
were selected for item models as they showed the best performance after initially testing 16
supervised ML classifiers (see Appendix C.). The details of the feature engineering processes are

shown below:
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1) Input the universal features and specific features for each item as potential predictors of

each classification model

2) Find and remove correlated features:

a.

b.

C.

Compute absolute values of the coefficient matrix using all the features
Determine a group of features that have a Spearman’s correlation coefficient greater
than .9

Select one feature from each group of correlated features and discard the rest

3) Train a preliminary model with the selected features from the previous step

a.

b.

Scale features via Z-score normalization

Use Python “GridSearchCV” function from the Scikit-learn library to find the best
hyper-parameters for the classifier. 20% of data from the training set is split as the
validation set.

Compute the AUC using both training set and test set data, and the confusion matrix

using the test set data

4) Determine the number of features by permutation feature importance:

Permute (shuffle) the values of each feature from the observations

Re-evaluate model performance by AUC for training set

Determine the feature importance by the dropped performance

Keep features that have high permutation importance and re-build a training model
using the selected features. 20% of data from the training set is split as the validation
set to search the best hyper-parameters (Table 5). The model aims to achieve

approximate or better AUC to the preliminary model at step 3)

5) Evaluate the model performance
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a. Compute the AUC for both training set and test set, and mean and standard
deviation of accuracy from the training set

b. Tune the decision threshold of the classifier to achieve a better precision score, aim
to achieve that the false discovery rate is less than .10 and the precision is greater
than .90

c. Compute the confusion matrix, accuracy, FDR, precision and recall using the test

set data

Table 5. Hyper-parameters of each item classifier

Item Classifier Hyper-parameters
1. WC distance KNN leaf size=5, n_jobs=-1, n_neighbors=2, p=1
2. WC angle RF class_weight=None,criterion="gini',max_depth=15, max_features="'log2’,

min_samples_split=2, n_estimators=50
7. Feet down RF class_weight=None,criterion="entropy', max_depth=15,
max_features="auto', min_samples_split=3, n_estimators=50
8. Scooting forward RF class_weight="balanced',criterion="gini', max_depth=3,

max_features="auto’, min_samples_split=3, n_estimators=300

9. L-hand position RF class_weight="balanced',criterion="entropy', max_depth=3,
(before) max_features="auto’', min_samples_split=2, n_estimators=200
10. Push-off hand KNN leaf_size=5, n_jobs=-1, n_neighbors=4, p=1

handgrip

11. L-hand handgrip KNN leaf_size=5, n_jobs=-1, n_neighbors=4, p=1

12. L-hand position RF class_weight="balanced'criterion="entropy', max_depth=3,
(after) max_features="sgrt', min_samples_split=3, n_estimators=50
13. Body leaning RF class_weight="balanced',criterion="entropy', max_depth=3,

max_features="sgrt', min_samples_split=3, n_estimators=50
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14. Flight RF class_weight="balanced',criterion="entropy', max_depth=3,
max_features="sgrt', min_samples_split=10, n_estimators=200
15. Landing RF class_weight="balanced',criterion="entropy', max_depth=3,

max_features="sgrt', min_samples_split=10, n_estimators=50

Key: KNN: k-nearest neighbors, L-hand: leading hand, RF: random forest, WC: wheelchair.

2.4 Results

2.4.1 Participants Demographics

Seventy-nine men and 12 women with an average age of 54.9 years (standard deviation
(STD)=10.0) contributed a total of 591 transfer trials for the analysis. The group performed on
average of 15.4 transfers (STD=6.9, self-reported) per day. Thirty-three (36%) were African
Americans, 37 (41%) were Caucasian, 11 (14%) were Hispanic, three were Asian, two denoted
mixed race, and five did not answer the question. Seventy-four participants (82%) used a manual
wheelchair. Sixty-six (73%) had a spinal cord injury, 15 (16%) had an amputation, 7 (8%) had
multiple sclerosis, and others included Guillain barre (n=2) and traumatic brain injury (n=1). The
deficit rates of the TAI item scores ranged from 14% (not scooting forward) to 55% (not leaning

the trunk forward) (see Table 6).
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Table 6. Cases of proper and improper transfer technique based on TAI item scores for the 91 wheelchair users

in the database

Total Proper improper

TAI item trials  cases %  cases %

1. Wheelchair distance 591 413 (70) 178 (30)
2. Wheelchair angle 586 375 (64) 211 (36)
7. Place feet down 581 354 (61) 227 (39)
8. Scooting forward 591 443 (75) 148 (25)
9. Leading hand position (before) 581 482 (83) 99 a7
10. Push off handgrip 580 342 (59) 238 (41)
11. Leading handgrip 580 336 (58) 244 (42)
12. Leading hand position (after) 591 526 (89) 65 (11)
13. Body leaning 591 420 (1) 171 (29)
14. Flight phase 591 402 (68) 189 (32)
15. Landing phase 591 419 (79) 172 (21)

2.4.2 Model Performance

The AUC of the training set models ranged from .83 t0.99 (Table 7). The average
accuracy from cross-validation ranged from 72% to 88%. After tuning the decision thresholds of
the classification models, the AUC of the test sets were between .79 to .94, the accuracies 71% to
92%, FDR .04 to .13, precisions .90 to .96, and recalls .61 to .95. The average AUCs of the test
sets were .86, .89 and .85 for the subdomains of wheelchair setup, body setup, and flight items,
respectively. All item models met our hypothesis (the AUC is greater than .80 and the precision

is greater than .90) except for item 7, placing feet on the ground during the setup phase
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(precision=.87), and item 15, keeping balance while landing on the surface (AUC=.79). More
details of the ML training processes and the test set confusion matrix can be found in the “Model

training process and results of each TAI 4.0 item” section of the Supplemental Materials.
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Table 7. Summary of the TAI item model performance in the training set and test set

Feature: Training Set Test Set (after decision thresholds adjustment)
TAI Item Classifier  # of Feature Top 3 Important Features AUC Mean of CV STD AUC Accuracy False Discovery  Precision Recall
Phase selected Accuracy Rate
1 WC distance KNN 26 Average of leading-side shoulder POE angle 096 81% 2% 081 71% 0.04 0.96 0.61
Maximum of leading-side shoulder elevation
angle

Minimum of trailing-side shoulder-to-Wrist
vector elevation angle

2 WC angle RF 14 Shoulder-across angle at initial position 0.99 87% 4% 0.90 90% 0.09 0.91 0.93
Minimum of trunk flexion angle
Minimum of trailing-side shoulder elevation
angle

Phase |
Wheelchair Setup

7 Feet down RF 29 Average of leading-side elbow flexion angle 099  78% 3% 085 71% 0.13 0.87 0.63
Maximum of trunk leaning angle
Maximum of trailing-side shoulder POE angle

8 Scooting RF 27 Minimum of trailing-side shoulder elevation 096 80% 3% 0.87 82% 0.10 0.90 0.84
-5 forward angle
E.; A Minimum of leading-side shoulder elevation
£3 angle | .
m Vertical displacement of spine-base during lift
phase
9 L-hand RF 27 Shoulder elevation angle at initial position 096 84% 5% 094  92% 0.04 0.96 0.95
position Average of shoulder POE angle
(before) Maximum of elbow flexion angle
10  Push-off KNN 38 Average of hand grip area 0.97 72% 3% 082 7% 0.08 0.92 0.67
hand Shoulder POE angle at initial position
handgrip Shoulder-to-Wrist vector POE angle at initial
position
11 L-hand KNN 35 Average of wrist flexion angle 095 76% 3% 0.87  75% 0.09 0.91 0.63
handgrip Maximum of hand grip area
Minimum of trunk flexion angle
12 L-hand RF 23 Minimum of shoulder POE angle 098 88% 2% 0.85 86% 0.05 0.95 0.89
position Average of shoulder-to-Wrist vector elevation
e (after) angle
§ 2 Average of shoulder POE angle
o 13 Body leaning RF 9 Maximum of trunk leaning angle 094  80% 3% 089 81% 0.06 0.94 0.78

Average of trunk leaning angle
Trunk flexion angle at initial position

14 Flight RF 40 Average of leading-side elbow flexion angle 095 73% 3% 0.87 82% 0.09 0.91 0.83
Leading-side Shoulder-to-Wrist vector POE
angle at initial position
Average of SPINE_SHOULDER velocity

15  Landing RF 33 Maximum of SPINE_SHOULDER velocity 0.83  80% 2% 079  81% 0.09 0.91 0.83
Minimum of leading-side wrist flexion angle
Minimum of trailing-side wrist flexion angle

Key: AUC: area under receiver operating characteristic curve, CV: cross-validation, KNN: k-nearest neighbors, L-hand: leading hand, POE: plane of elevation, RF: random forest,
STD: standard deviation, WC: wheelchair.
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2.5 Discussion

The goal of this study was to determine if Kinect measured transfer motions and ML
algorithms could be used to predict TAI item scores. Model performance was tested on 20% of
the data that was not used to train and tune the model. Thus, the performance outcomes provide an
idea of how good the models would be in predicting the TAI scores for new ‘unseen’ transfers.
This study also included one of the largest sample sizes used in an ML modeling application in
human movement biomechanics (median = 40 subjects [97]). The wheelchair users tested were
also diverse in terms of gender, the types and levels of disabilities, races represented, and
wheelchairs used (e.g. manual and power). These factors all help to strengthen the modeling
approaches and allow for greater generalizability and prediction success.

The results show that the model predictions across all TAI items have accuracies that range
from 71% to 92%. The results for body leaning (item 13: 81%) and smooth landing (item 15: 81%)
are better than a recent study that attempted to predict TAI outcomes from accelerometer data [98].
In this previous study a single chest worn accelerometer was used to predict two items that scored
the head hips relationship and landing based on the previous TAI 3.0 version with accuracies of
75.9% and 79.9%. Items pertaining to wheelchair setup and arm positioning could not be modeled
in their study and there were not enough improper cases in the dataset to model the item related to
controlled flight. Unlike accelerometry a depth sensor can quantify static positioning and motion
to a finer level of detail (e.g. linear and angular displacements and ranges of motions of body
segments) which may explain in part the differences between studies. However, a depth sensor

requires that person perform the movements within its field of view. This works well when
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performing assessments in a set area or space like a rehabilitation clinic, but the sensor isn’t a
wearable and therefore can’t go with the person and assess their transfer techniques during free-
living. It may be possible with a wearable inertial measurement unit sensor (IMU) to measure
more items on the TAI and with greater accuracy than accelerometry but based on our results and
the types of features that were found to be important in predicting TAI scores it may require that
multiple sensors be attached to the arms and trunk to obtain the necessary angles, displacements,
etc. This may be impractical if the goal of the system is to monitor real world transfers as
compliance with wearing multiple sensors would be an issue for many wheelchair users [99].
Most studies report overall accuracy as a main outcome for judging model performance
however imbalanced data between the proper and improper cases can bias this parameter [97]. In
this study several items had more proper than improper cases. The AUC unlike the accuracy
outcome is not affected by imbalanced data. All of our models achieved AUCs over .80 except for
item 15 (AUC=.79). Although the item 15 model fell slightly short of our AUC goal, other
outcomes of the test set may be acceptable (accuracy=81%, precision=0.91, recall=0.83). In
clinical practice, it is more detrimental to diagnose a false-positive TAI score (e.g. saying that the
person is doing it right when they are doing it wrong) than to diagnose a false-negative TAI score
(e.g. saying that the person is wrong when they are doing it right). Thus, the decision threshold of
the model was tuned to achieve high precision and to minimize the false-positive TAI scores and
FDR. To aid the predictions in catching persons who are using improper technique, we tuned the
model to achieve precisions that are over .90. The FDR for item 15 after adjusting the decision
threshold is 0.09 in the test set. This means that the current model could misjudge 9% of transfer
trials as proper if they were improper but would be much more likely to classify an improper

landing correctly. However, we felt that erring on the side of classifying a proper one as an
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improper one would be more clinically acceptable than scoring an improper landing as a proper
one as the ultimate goal of our model development is to develop a system to identify deficits and
train individuals on how to perform, or reinforce using proper transfer skills.

In this study, we not only aimed to achieve high model performance, but also were
interested in feature interpretation. Thus, we did not select the “black box” models, such as
artificial neural network (ANN) or convolutional neural network (CNN), and automatic feature
extraction techniques, such as principal component analysis (PCA). These classifiers and training
methods might generate high model performance but produce features (principal components that
can represent most information of imputed features, or “node” in the hidden layer of the neural
network) that are difficult to interpret or not informative with respect to the item score outcomes.
For example, if a model scores with high confidence that a patient is using improper transfer
technique based on the motion data but offers no insight into the specific features related to
patient’s body movements and position, it is unclear how this knowledge could be used to improve
the patient’s wheelchair skills.

The item 1 asks the rater to observe the distance between the wheelchair front edge and the
transfer surface. The item is scored “1” if the distance of the gap is less than 3 inches. It would be
scored “.5” when the gap is three to five inches and scored “0” when the gap is over 5 inches. In
this study we sorted the trials that had a gap over three inches as improper technique and labeled
these trials “0” in our database. We assumed that the subjects would have different joint angles
movements of their upper extremities between the proper and improper groups. We also assumed
that subjects who score “0” should create more horizontal displacements in the trunk joint centers
than the subjects who scored “1”, thus we added five more features related to the trunk

displacements along the horizontal axis. After the model was trained (AUC=.81, Accuracy=71%,
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FDR=.04, precision=.96, recall=.61), the most important features selected by the model are the
features related to both leading and trailing side shoulder. The trunk displacement features are also
selected in the model, but they are less important than joint angle features.

To score the item 2, the rater needs to judge the angle between the subject’s wheelchair
and the side edge of the transfer surface when the participant places the wheelchair and prepares
to transfer (see appendix). If the subject is using manual wheelchair, he would be scored a “1” only
if the angle between 20 to 45 degrees. If the subject is using a power wheelchair, he would be
scored “1” only if the angle is between 0 to 19 degrees. None of our participants placed their
wheelchair over 45 degrees. However, in this study we aimed to build a model that can classify
two positions (“0-19 degrees” and “20-45 degrees”) of the wheelchair setup. Thus, we labeled the
group 0-19 degrees as “0” and 20-45 degrees as “1”. We created a Hip Across and Shoulder Across
vector parallel to the subject’s coronal plane and computed the angle between the global X-axis
(Figure 1) and these two vectors at the time frames at the beginning and end of the setup phase and
used these angles as the specific features. After the feature selection, we found the most important
feature was using the Shoulder Across vector at the beginning of the setup phase. The other specific
features of the item 2 might be eliminated due to the high correlation between them. The model
has high performance (AUC=.90, Accuracy=90%, FDR=.09, precision=.91, recall=.93), and show
that these features have the ability to distinguish two different sets of wheelchair angles through
the random forest classifier.

To meet the requirement of the item 7, a manual wheelchair user would need to a place
both feet on the ground before he transfers to the bench. Power wheelchair users are allowed to
place their feet on the footplate. In the TAI, the subject would be scored “.5” if he places only one

foot on the ground. Here we labelled the transfer as “0” for the subjects who did not place both
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feet on the ground, whether or not they used a manual or power wheelchair. In the future work that
the algorithm could be expanded to power wheelchair users by applying a decision tree method.
The displacements of the joint centers at the lower body segments during the setup phase, such as
the KNEE, the ANKLE, and the FOOT, were calculated and inputted as the specific features for
the item 7. However, the feature importance of these features is very low. It might be due to the
“occlusion” effect that objects such as the wheelchair frame, wheels, and side guards have on
infrared reflections and Kinect’s ability to accurate detect the positions of lower body joint centers
when the subject is seated in the wheelchair. Thus, we only achieved moderate model performance
on item 7 (AUC=.85, Accuracy=71%, FDR=.13, precision=.87, recall=.63). However, for our
long-term goal developing a system that can watch a transfer and automate the TAI scores in real
time, this is an item that is more obvious for therapists to score and may not need to be autoscored
or supplemented by Kinect evaluation.

Item 8 focuses on hips scooting during the setup phase. The subject needs to scoot his hips
to the front of the seat, with at least 1/3 of thigh off the surface. During our first attempt at feature
engineering, we attempted to use the displacements of the HIP_RIGHT, the HIP_LEFT, and the
SPINE_BASE during the setup phase as the specific features and the universal features to train the
model. However, these specific features were not selected, and the model performance of the test
set was very low. We noticed that if the wheelchair user did not scoot forward, he would need to
lift his buttocks over the wheel during the transfer. Therefore, we added the features that represent
the displacements of these three joints during the lift phase but only in the vertical direction (Y -
axis). We assumed that the participants who did not scoot forward and transfer above the wheel
should generate higher vertical displacements of the HIP_RIGHT, the HIP_LEFT, and the

SPINE_BASE. After adjusting the selected features, the model performance increased (AUC=.87,
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Accuracy=82%, FDR=.10, precision=.90, recall=.84), and the vertical displacement of the
SPINE_BASE is the third most important feature of the trained model.

Both items 9 and 12 deal with the leading hand position during the transfer. For item 9, the
proper technique suggests that the leading hand should not be placed behind the hip before the
transfer. After the transfer (while the wheelchair user is already on the bench), the item 12 suggests
that the distance between the leading hand and hip should not be over than 6 inches. We achieved
the desired model performance (AUC=.85, Accuracy=86%, FDR=.05, precision=.90, recall=.84)
for item 12 when using only the universal features. However, during our first attempt to train the
item 9 model with the same features as item 12, the performance is fair. Thus, we added two
features (length of the leading-side forearm and upper arm) for item 9, because we noticed that for
persons with shorter arms, they needed to lean their trunk forward and use larger shoulder POE
and elevation angles to reach a proper hand position than a person with longer arms. The most
important features of items 9 and item 12 are related to the shoulder joint movement. After adding
the specific features to item 9, the model achieved very good performance (AUC=.94,
Accuracy=92%, FDR=.04, precision=.96, recall=.85).

To score items 10 and 11, the clinician needs to observe the push-off hand and leading
hand position and handgrip during the lift phase, respectively. The TAI suggests that the subject
should grip the surface edge, wheelchair armrest, frame, or wheel during the transfer rather than
make a fist or place a flat hand on the surface. The subject can score “0.5” if he bends his fingers
and places his hand on the surface. In the current database, we had the highest deficit rate of item
10 and 11 than any other items. Only 59% and 58% of the total trials were using proper techniques
(or scored “1”). The Kinect SDK provides the joint center position of the HAND TIP, the HAND,

and the THUMB. We used their coordinates to calculate the triangle area between the three joints.
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We assumed that the subject who performed the proper handgrip should have a larger triangle area
than the subject who made a fist or bent their fingers. The hand area feature was the most important
feature for item 10 and the second most important feature for item 11. However, the performances
of the item 10 and 11 models only achieved moderate level (AUC=.82, Accuracy=77%, FDR=.08,
precision=.92, recall=.67; AUC=.87, Accuracy=75%, FDR=.09, precision=.91, recall=.63,
respectively). These features might also be affected by Kinect’s ability to accurately detect the
joint centers when the hand is in contact with a surface.

Item 13 suggests that the subject should lean their trunk forward, and away from the surface
he was transferring to while transferring between surfaces. This body motion technique is often
referred to as the “head-hip relationship”, a motion strategy used for generating momentum for the
lift phase. In the universal features we defined the trunk flexion angle using the angle between the
trunk vector and the thigh vector. However, this feature might be affected by the height of
wheelchair cushion, and the Kinect occlusion. To overcome these limitations, we generated
another set of features by computing the angle between the trunk vector and the global Y vector
and applied them as the specific features for item 13. The model reached the desired performance
of the test set (AUC=.89, Accuracy=81%, FDR=.06, precision=.94, recall=.78) by using only nine

features.
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2.6 Limitations

The data labeling was based on the TAI which is typically scored after visual observation
of the movement patterns and is subject to rater subjectivity and interpretation. To increase the
reliability of the TAI score we video recorded each transfer and used these videos in accordance
with the in- person scores to resolve any conflicts. For the data splitting process, we randomly
separated all the trials into either a training, validation or testing set. This may impact the
generalizability of our model results and the ability to make accurate predictions on new data since
data generated from the same participant could have been used in more than one of the datasets
[97]. It will be important to continue to test and adapt the models as new data becomes available.

Microsoft announced the discontinuation of Kinect v2 in 2017 and released a new version
Azure Kinect DK (Kinect DK) in 2019. The new SDK is supposed to retain the full body tracking
function however, the skeletal tracking algorithm of the new Kinect DK and the outputted raw data
are very different than the Kinect v2 [54]. Moreover, research related to classification of body
skeletal motion with the Kinect DK is not well developed. The Intel RealSense series is another
type of depth sensor that has been used in several clinical research applications, however, work
related to human motion classification is not as extensive as the Kinect in the published literature
due to only the hand gestures and movement tracking function being supported by the Intel official

SDK [55-58].
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2.7 Conclusions

Our study demonstrates the potential of using a low-cost, portable camera and the
developed ML models to facilitate autoscoring of the TAI. Our future plan is to embed the
developed algorithms into a user-friendly graphic user interface that allows therapists to perform
transfer assessments more easily and produce results that support training and education on proper
transfer technique. Identifying transfer deficits early and more effectively may help reduce the

prevalence of secondary injuries among wheelchair users.
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3.0 Comparing Two Automated Methods to Detect Sitting Pivot Transfer Phases

3.1 Introduction

Using proper transfer technique can reduce the loading on the upper arm joints and help
protect wheelchair users from developing injury and pain [4, 33]. The TAl is a 15 item scale used
by clinicians and therapists to assess transfer quality and identify problems in wheelchair transfers
which can cause increased forces on upper extremity joints [34, 35]. The TAI is based on clinical
practice guidelines, current knowledge in the literature, and best clinical practices related to
transfers. The TAI measures multiple different components of a transfer including proper setup
of the wheelchair and body positioning during transfers. The tool is a series of yes or no questions
that evaluate both the wheelchair user’s overall technique and any weak component skills within
the transfer [34, 35]. Higher TAI scores represent better wheelchair transfer technique [35].
Individuals who score highly on the TAI have lower mechanical loading at the shoulder, elbow
and wrist in different transfer configurations [4, 7]. Therefore, wheelchair users who learn to
perform transfers that are consistent with a high TAI score may reduce their risk of upper extremity
injury and pain by decreasing the joint loading during the transfer.

While the TAI has been used successfully in research to evaluate proper transfer technique,
there are limitations in its use for knowledge translation and application in a clinical setting. Firstly,

clinicians need to become familiar with the TAI items to know if their patient’s transfer was
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performed correctly or not for each item. The intra-rater reliability of the wheelchair setup items
is only on the moderate level (ICC = .44 to .55). The inter-rater reliability of the body setup items
(ICC = .65 10 .72) is also lower than other items [36]. The body mechanics and some setup items
are very difficult to evaluate because the therapist needs to watch multiple movements for different
items within 0.5 to 1 second during the lifting phase of the transfer. Secondly, according to our
interviews in multiple rehabilitation institutions and hospitals, many therapists agreed that the TAI
is great tool to identify specific deficits of patient’s techniques but takes too long to perform in the
clinic. Thus, the tool is currently used in research but has not yet been widely adopted into clinical
practice. An automated system that can accurately and objectively observe transfer motions and
report the TAI outcomes without requiring users to undergo extensive training could be of great
benefit to therapists and patients with SCI in the future.

The potential to use the Kinect to accurately and reliably quantify transfer motions has
been recently studied [36, 95]. The Kinect v2 sensor was able to discern differences in movement
variables among unimpaired individuals who were trained to use proper technique and three
variations of improper transfer technique [96]. In our previous studies, we demonstrated that the
Kinect v2 and supporting machine learning (ML) models achieved an area under the receiver
operating characteristic curve (AUC) of at least 0.79 and precision of at least 0.87 for the prediction
classifiers of 11 TAI items [100]. Our long-term goal is to develop a system (Transkinect) that can
watch a transfer and automate the TAI scores in real-time. Such as system may help to reduce
therapist burden and facilitate easier and more reliable transfer assessments in clinical settings.

The TAI item scores are evaluated by the relative components of the wheelchair transfer.
On the TAI 4.0, Items 1 to 9 are in the wheelchair setup skill group and items 10 to 15 are in the

flight and landing motion skill groups. For a system to automate the scoring of the TAI, the system
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must also be able to differentiate the “setup phase” and the flight and landing or “lift phase” of the
transfer. In other words, in order to generate the features of the ML prediction classifiers of each
TAI item (TAl-classifiers) [100], a process is needed to separate the lift phase from a time series
motion capture data of a wheelchair transfer. Desroches and colleagues reported a threshold-based
method to define the transfer phases by using a marker-based motion capture system and force
sensor data [101]. However, we aim to automate scoring of the TAI using only the Kinect (motion
data) to minimize the amount of instrumentation needed to recognize proper from improper
technique.

To predict TAI scores using the TAI ML classifiers developed in prior work, the features
based on the setup and the lift phases are computed. Any errors caused by mis-labelling the transfer
phase could vary the features and then effect the accuracy of the predicted outcomes. The objective
of this study was to compare two methods to automate detection of the setup and lift phases, a
slightly modified version of the threshold method [101] versus a ML algorithm both using only
the motion data from the Kinect v2. Both methods will be used to mark the start and end timepoints
of the lift phase. After the start point of the lift phase is marked, the setup phase is defined as a
duration between the beginning of the transfer trial and the start point of the lift phase (see Method
section for more details). The aims of our study were to:

Aim 1: To determine the overall accuracy of each method in predicting the start and end points of
lifting phases.

Hypothesis 1: Using timepoints marked by visual delineation as the gold standard, we
hypothesized that the ML method would find start and end points of lift phase that were closer to
the gold standard points than the threshold method.

Aim 2: To evaluate the accuracy of each method in predicting the TAI item scores.
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Hypothesis 2: Using the true outcomes of the TAI-classifiers as the baseline, we hypothesized that
the ML method would have higher accuracy in predicting TAI item scores than the threshold

method for each item.

3.2 Methods

3.2.1 Participants

Participants were recruited through research registries, local SCI clinics and rehabilitation
hospitals, and at organized recreational sport events. They signed consent forms approved by the
Department of Veterans Affairs Institutional Review Board. The inclusion criteria were 1) have
discernable neurological impairment affecting both lower extremities or persons with transfemoral
or transtibial amputation of both lower extremities who do not use prostheses during transfers, 2)
at least one-year post-injury or diagnosis, 3) able to independently transfer to/from a wheelchair
without human assistance or assistive devices, 4) use a wheelchair for the majority of mobility
(over 40 hours/week), and over the age of 18 years. Participants were excluded if they had 1)
current or recent history of pressure sores in the last year, 2) history of seizures or angina, or 3)

were able to stand unsupported.
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3.2.2 Study Protocol

3.2.2.1 Experimental Setup

A Kinect v2 sensor was positioned two meters in front of the participants, 70 centimeters
above the floor, and centered between the wheelchair and the bench (Figure 3). A custom graphical
user interface was programed in C# using Visual Studio 2012, .NET Framework 4.0, and the
Kinect for Windows SDK to collect the 3D joint center position data in a Cartesian coordinate

system from the Kinect sensor. The sampling frequency was 30Hz.

Height-

adjustable
Bench

wz

Figure 3. Experimental setup of wheelchair, bench and Kinect. The coordinate system follows the right-hand

rule.
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3.2.2.2 Transfer Protocol and Evaluation

All wheelchair users used their own chairs for the testing and were instructed to perform a
transfer to a tub bench (70cm x 55cm) in a habitual way. Before data collection, the participants
were provided an opportunity to adjust the position between their wheelchairs and the bench and
also practiced the transfers to familiarize themselves with the setup. Participants were asked to
transfer up to five times from the wheelchair to a level-height bench. Up to three raters who were
experienced in scoring the TAI evaluated and scored each trial. The raters each had more than 2
years’ experience in performing clinical research of wheelchair transfers. The participants were
asked to sit on the bench for 5 to 10 seconds before they transferred back. After the participants
transferred back to the wheelchair, the investigator would instruct the participants to start the next
transfer. A transfer board was provided for the participants who requested it for the transfer.
Opportunities for the participant to rest were built into the protocol. Participants could request a
break or discontinue the study at any time. Digital video was recorded during all transfers to allow

for review and resolution of potential discrepancies in expert scoring if necessary.

3.2.3 Data Analysis

Only the trials transferring from the wheelchair to the bench were analyzed in this study.
The phases (start/end points) of the setup and the lift phases were determined using three methods:

visual (gold standard), threshold, and ML.

3.2.3.1 Visual Method of Phase Delineation

The videos recorded during each subject’s transfer by the Kinect RGB camera were
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reviewed and used as the gold standard data of the transfer phases timeline. The “setup phase” was
defined as the period when the subject was ready for the transfer trial (beginning of the video file),
to a time point right before the subject lifts their buttocks from the sitting surface. The “lift phase”
was defined as starting from the end of setup phase to the first time frame when the subject lands

on the target surface (Figure 4).

Figure 4. Phases of a subject transfer from a wheelchair to a level-height bench. a: start of the setup phase, the

participant is sitting on the wheelchair; b: transition point between the setup phase and the lift phase, the
participant is about to lift his body from the wheelchair seat; c: end of the lift phase, the participant landed on

the bench.

3.2.3.2 Threshold Method of Phase Delineation

Linear velocity and displacement in the X-axis of the SPINE_BASE (Figure 5), a joint
center marker of the Kinect SDK, was chosen to define the beginning and the end of the lift phase,
because all the subjects have a similar pattern of the time-series data in these two parameters
through a transfer trial.

- Beginning of lift phase:
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One negative peak value is observed in time-series data of the SPINE_BASE linear resultant
velocity in all subjects. The beginning of the lift phase is determined as the last frame that the
velocity is less than 0.01 m/s before the peak occurs (Figure 6a).

- End of lift phase:

The end of the lift phase is determined when the SPINE_BASE reaches the maximum

displacement after the beginning of the lift-phase (Figure 6b).
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Figure 5. Skeleton position detected by Kinect relative to the human body [94]
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Figure 6. (a) Determine the beginning of the lift phase by evaluating linear velocity of SPINE_BASE, (b)

Determine the end of the lift phase by evaluating displacement in the X direction of SPINE_BASE

3.2.3.3 Machine Learning Method of Phase Delineation
- Database:

Data collected from 95 transfers performed by 95 wheelchair users (52,777 time frames,
about 30 minutes) was analyzed.
- Labeling:

The videos recorded during each subject’s transfer by the Kinect RGB camera were
reviewed as the “ground truth” of the transfer phases. The timelines of the Kinect motion data were
synchronized with the timeline of the video files. Time frames in a transfer trial were manually
labelled as either setup or lift phase.

- Features:

The Kinect v2 can track 25 skeleton joint centers in 30 Hz (Figure 5). Each frame’s linear

displacements, velocity, acceleration, jerk of the X, Y, Z coordinates of the SPINE_BASE,

SPINE_MID, SPINE_SHOULDER, and HEAD, were calculated as the features of the ML model.
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Other features, such as shoulder plane of elevation angles, shoulder abduction/adduction angles,
elbow, wrist and trunk flexion angle on both arms were computed from the joint center data (see
2.3.2.4 Feature, universal features, page 22). There was a total of 35 features imputed into the
feature engineering analysis.

- Training Approaches:

The data were divided into three sets: a training set (80% of transfer trials) used to learn
model parameters and to build the cost functions, a validation set (20% of training data set) used
to search the best hyper-parameters of the classifier, and a test set (20% of transfer trials) used to
assess model performance. A 5-fold cross-validation was applied between the training set and the
validation set to tune the models. The K nearest neighbors classifier (KNN) was selected for item
models as it showed the best performance after initially testing 16 supervised ML classifiers (see
Appendix D). The number of the features was determined by the recursive feature elimination
with cross validation analysis. Feature engineering, model training, and cross validation were
practiced by applying the Scikit-learn python library. For the test set, the model's area under the
receiver operating characteristic curve (AUC), and model accuracy were computed to report the
model performance.

- Timepoints:

After applying the trained KNN model to a time series data of a transfer trial, each time
frame would be labeled as either “1” (lift phase) or “0” (setup phase). To enhance the accuracy of
the ML prediction method another program was applied as a filter to remove mislabeled frames.
The program started out by searching the first frame that had six consecutive frames that were

predicted as “1”. This frame would be marked as the beginning of the lift phase. Then the program
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searched for the next six consecutive frames labeled as “0”. This frame would be marked as the

end of the lift phase (Figure 7).

#110 marked as the first frame of lift phase (ground truth)

Time frame number ... | 100] 101| 102 103] 104| 105| 106| 107) 108| 109 110{ 111| 112 113| 114| 115|116 117 118| 119| 120| 121| 122]...
Visual method outcome ... Of 0 0 o0 o0 O O O O O 1) 1f 1 1 ryouoyoaypononfoapo ...
ML predicted outcome ... of 0 1 of o0 o o 1 o o0 o0 o o 1 1 1 1 1 1 1f 1} 1| 1.

\ / t Six continuous frames identified as "1"
#113 marked as the first frame of lift phase (ML algorithm)

Mislabeled frame by the ML model

@)
#161 marked as the end of lift phase (ground truth)
Time frame number L | 151152153 154|155[156[157)158|159]160{161|162|163|164|165|166[167|168|169|170[171[172]173|...
Visual method outcome |... 1 1 1 1 1 1 1 1 1 1] 1 0] 0] 0] 0 0 0of o o 0 0 0 0.
ML predicted outcome  |... 10 1) of 1| o 1} 1f 1} 1f 1} 1} 1} 1f 1} 0of of 0o 0 0 0 0] 0 0.
t Six continuous frames identified as "0"
#164 marked as the end of lift phase (ML algorithm)
Mislabeled frame by the ML model
(b)

Figure 7. Example showing how to mark the start (a) and end (b) frame of lift phase by applying the machine
learning (ML) algorithm. Each time frame from a transfer is labeled by the trained KNN classifier as “1” (lift
phase) and “0” (setup phase). a) A frame (#110) is marked as the beginning of lift phase if the following six
frames are all predicted as “1”, b) A frame (#161) is marked as the end of lift phase if the following six frames

are all predicted as “0”.

3.2.3.4 TAI Score Predictions
Using the timepoints marked by the visual, threshold, and ML methods, the 11 item TAI-

classifiers developed in previous work were applied to predict the TAI item scores (see Chapter
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2.0, page 15). The time points and the joint center data served as the inputs to a program coded in
MATLAB R2020a to calculate the features for the TAl-classifiers [100]. The TAI predicted

outcomes are generated after applying these features to the TAl-classifiers.

3.2.4 Statistical Analysis

3.2.4.1 Aim 1: To determine the overall accuracy of each method in predicting the start and
end points of lifting phases

Fifty trials performed by a randomly selected ten wheelchair users from our database were
analyzed for the main outcomes of this study. The average and standard deviation (STD) of the
start and end timepoints of the lift phase from five transfers performed by each participant was
computed. Time = 0 indicated the initiation of the transfer (i.e. the start point of the setup phase).
In order to examine the errors of timepoint marking for the two sensors, a mean of differences of
the start/end lift phase timepoints between each automated method and visual method was

computed:

n P—
MD = z Xi—xg (1)
i=1 "

, Where MD is the mean of differences; n is sample size; i indicates the trial number, Xi is each
subject’s start or end timepoint (in seconds) marking by the threshold or ML methods, x,, is the

timepoints marked by the visual method. An absolute value of the MD (AMD) was also calculated
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to examine the scalar of differences (ignores if the timepoint is marked before or after the gold

standard):

n Pa—
AMD = Z Ixizxgl )
i=1 "

Histograms of the MDs and AMDs for all transfers were created. The Bland-Altman plots were

used to investigate the agreement between the visual and the TH method, and between the visual

and the ML method. The “agreement” in this study is the characteristic that describes how close

the two measurements are. The infimum (inf) and supremum (sub) of the agreement will be set as:
inf =MD —1.96 x STD, (3a)

sub =MD + 1.96 x STD, (3b)

3.2.4.2 Aim 2: To evaluate the accuracy of each method in predicting the TAI item scores
The 50 trials performed by the randomly selected ten wheelchair users were excluded from
the ML training and model tuning process. To generate the predicted TAI outcomes, we applied
the TAIl-classifiers for 11 TAI items. Each model generates a dichotomized (Yes/No) predicted
item score. The accuracies of each TAIl-classifier item ranges from 71% to 92% [100]. Using the
TAI scores rated by the clinicians as the true outcome and comparing with the predicted scores
from the visual method, all the true positive and true negative trials were identified and used as the
“baseline” trials for testing the accuracy of the two methods. The false positive and false negative
trials scored by the TAl-classifiers were eliminated from the analysis. The accuracy of the

threshold or ML method in predicting the TAI scores was defined as:

Accuracy = BT—L X 100% 4)
where BL is the number of baseline trials; T is the number of trials correctly scored (i.e. the
predicted TAI scores matched the BL) by applying the timepoints from the threshold method or
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the ML method.

3.3 Results

3.3.1 Participants

The demographics of the ten wheelchair users who were randomly selected from the
database of 81 participants and used to examine the accuracy of the threshold and ML methods are

shown in Table 8.

Table 8. Participant demographics

P Disability Gander Ethnic WC Age Year Transfer TAI
1 SCI, T4 complete Male Caucasian Manual 44 2 10 55
2 Amputation, left leg Male African American  Power 57 2 10 18
3 SCI, T10 complete Female  Hispanic Manual 48 22 24 6.4
4  Amputation, below knee  Male African American  Power 61 13 12 8.2
5  SCI, C5-6, incomplete Male African American  Power 70 11 14 55
6  Amputation, below knee  Male Caucasian Power 47 24 8 4.0
7  SCI, T12 incomplete Male Caucasian Manual 57 14 4 7.3
8  SCI, L incomplete Male (no answer) Manual 62 27 6 9.1
9  Amputation, below knee  Male Caucasian Manual 69 13 4 8.2
10 Poliomyelitis Female  Hispanic Power 55 48 9.5 45
Mean 57.0 17.6 10.2 6.0
STD 89 136 5.9 2.2
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Key: P, participant number; WC, wheelchair type; Year, years using wheelchairs; Transfer, times of transfer per day
(self-reported); TAI, total TAI scores (average of item scores multiply 10, “yes” scores 1 and “no” scores 0); STD,

standard deviation.

3.3.2 KNN Model performance

Seventy-six participants’ transfer data were split into the training set and 19 participants’
data were split into of the test set. The model was tuned to the achieve the best performance of
AUC (n_neighbors=5, p=1, leaf_size=25) by only using the training set data. The average accuracy
of the validation set was .97 (STD = .00146), and the AUC of the tuned training set was .99. Each
data (~13,987 frames) in the test set were predicted by KNN model as “setup” or “lift” phase. The

AUC of the test set was.99. The confusion matrix of test set is shown in the Table 9.

Table 9. The confusion matrix of the test set of the machine learning methods KNN model

Predicted phase

Setup Lift
Setup 10107 98
2 3
5 © .
F 5 Lift 163 3619

3.3.3 Start/End timepoints of lift phase (Aim 1)
Table 10 shows each participant’s mean start/end timepoints of the lift phase over the five

trials. The average duration of the lift phase in our database is 2.45 seconds.

59



Table 10. Means and STDs of each participant’s start and end timepoints marked by visual, TH, and ML
method. The values indicate when (in seconds) the participant started the lift phase of transfer after the trial

began (timepoint = 0)

Start time point of lift phase (unit: sec.) End time point of lift phase (unit: sec.)
P Visual TH ML Visual TH ML

Mean STD Mean STD Mean STD Mean STD Mean STD Mean STD

1 1013 339 9.87 359 834 350 1109 381 11.04 352 1027 2.89
2 2.16 0.76 2.43 055 275 083 393 072 555 220 385 046
3 4.38 1.70 6.31 151 844 376 724 171 873 259 915 377
4 4.07 1.16 3.67 084 406 111 483 127 539 143 461 083
5 7.99 402 1129 298 757 294 1117 350 1633 439 941 3.06
6 3.70 1.07 4.85 181 270 100 481 102 6.75 165 443 230
7 4.09 1.10 3.40 196 272 143 713 136 885 152 569 282
8 2.01 0.81 2.59 123 244 097 401 091 523 153 395 114
9 1.12 0.86 1.34 117 129 073 355 069 350 074 337 081

10 233 1.96 6.37 189 334 295 851 298 984 446 672 282

Key: P, participant number; TH, threshold method; ML, machine learning method; STD, standard deviation.

For the start timepoint of the lift phase, the MD with the threshold method was 1.01
(STD=1.99, median=0.42) second and the ML method was 0.17 (STD=1.96, median=0.07) second,
in comparison with the visual method. For the end timepoints, the MD between the threshold

method was 1.49 (STD=1.92, median=0.58) second and the ML method was -0.48 (STD=1.96,
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median=0.13) second, in comparison with the visual method. The histograms for all transfers

(n=50) are shown in Figure 8 and 9.
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Figure 8. Histograms of the start timepoint differences between (a) TH and visual methods and (b) ML and

visual methods between for each transfer (n=50)
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Figure 9. Histograms of the end timepoint differences between (a) TH and visual methods and (b) ML and

visual methods between for each transfer (n=50).
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For the start timepoint of the lift phase, the AMD with the threshold method was 1.42
(STD=1.72, median=0.68) seconds and the ML method was 1.30 (STD=1.46, median=0.77)
seconds, in comparison with the visual method. For the end timepoints, the AMD between the
threshold method was 1.58 (STD=1.85, median=0.58) second and the ML method was 1.21
(STD=1.61, median=0.50) seconds, in comparison with the visual method. The histograms (n=50)
are shown in Figure 10 and 11. The Bland-Altman plots for the agreement of the start and end time
points between the visual and TH methods, and between visual and ML methods are shown in

Figure 12 and 13.
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Figure 10. Histograms of the start timepoint differences (absolute values) between (a) TH and visual methods

and (b) ML and visual methods between for each transfer (n=50)
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(@) (b)
Figure 11. Histograms of the end timepoint differences (absolute values) between (a) TH and visual methods

and (b) ML and visual methods between for each transfer (n=50)
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Figure 12. Bland-Altman plots for the start time points marked by using the (a) TH and visual methods and

(b) ML and visual methods (h=50)
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Figure 13. Bland-Altman plots for the end time points marked by using the (a) TH and visual methods and

(b) ML and visual methods (n-50)

3.3.4 Transfer Quality Evaluation (aim2)

The average accuracy of the threshold method is slightly higher than the ML method for
predicting TAI scores (91% vs 88%) (Table 11). For some items related to the setup phase (item
1, 2, 7) and trunk flexion (item 13), the ML method generated a more accurate outcome. However,
the threshold method had higher accuracy of the items related to the lift phase (item 10, 11, 12, 14,
15). The two methods have the same accuracy to item 8 (scooting forward) and item 9 (leading

hand position before transfer).

Table 11. Accuracy of the TAI predicted outcomes after applying the threshold and the machine learning

timepoint marking methods

TAI item N  Method Accuracy
Wheelchair TH 95%
item 1 WC distance 44
Setup ML 98%
TH 91%
item 2 WC angle 43
ML 93%
Body TH 95%
item 7 Feet down 39
Setup ML 97%
TH 91%
item 8 Scooting forward 33
ML 91%
TH 92%

item 9 L-hand position (before) 38
ML 92%
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Flight TH 92%
item 10 Push-off hand handgrip 35

ML 84%

TH 88%
item 11 L-hand handgrip 34

ML 75%

TH 100%
item 12 L-hand position (after) 49

ML 92%

TH 85%
item 13 Body leaning 39

ML 87%

TH 85%
item 14 Flight 48

ML 81%

TH 81%
item 15 Landing 47

ML 72%

TH 91%
Average

ML 88%

Key: N, number of transfer trials correctly scored by the TAl-classifiers out of 50 trials performed by the 10

participants; TH, threshold method; ML, machine learning method.

3.4 Discussion

Applying an automated method that can extract the setup and lifting phase timing is an
essential step to developing an automated TAI scoring system. In this study we compared two
automated methods, one based on salient peaks in the motion data recorded during the transfer and

one based on ML methods. Provided that the features used in our TAI-classifiers are not solely
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based on these time points but rather the data that lies in between them it’s possible that even if
the timepoints are mis-labelled, the approaches could still yield accurate TAI scores, thus we aimed
to explore not just the mean differences in setup and lift phase timings but the resultant predictions
in the TAI scores.

The MD of the start/end points are 1.01 and 1.49 seconds for the TH method, 0.17 and -
0.48 seconds for ML method. The positive and negative values mean that the method either
overestimated (positive) or underestimated (negative) the timepoints on average. The histograms
(Figure 8 and 9) show that most timepoints marked by the TH and ML methods are within + 1
second of the gold standard points. However, the errors of underestimating and overestimating can
cancel each other out. For example, if the time differences compared to the gold standard of two
trials are -2.00 and +2.00 seconds with method A, and -0.5 and +1 second with method B, the MD
of method A is 0, and MD of method B is 0.25. In this case, method A would appear to outperform
method B yet method B is actually better than method A for these data.

Thus, alternatively we calculated the AMDs to further examine the accuracy of the TH and
ML methods. The AMD is the absolute value of the average variance between the gold standard
and the TH/ML methods, thus it accounts for the variance from both from underestimating and
overshooting the targets. The AMD of the start/end points were 1.42 and 1.58 second for the TH
method, 1.30 and 1.21 seconds for ML method. The data distribution and outliers are similar for
the two methods (Figure 10 and 11).

The ML method showed less error in phase identification (lower MDs and AMDs than the
TH method) but achieved slightly lower overall accuracy (88%) in the TAI score predictions. The
flight item (item 10 to 15) also has lower accuracy (72% - 92%) while applying the ML method.

The decreased accuracy might be due to the ML method underestimating the end of the lift phase
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by an average of 0.48 seconds. The TH method has less underestimating error (Figure 13a; notice
that almost all dots are above horizontal line equal to zero) compared to the ML method (Figure
13b). These results illustrate that the ML method might end the lift phase earlier then the gold
standard for several trials. As noted offsets in the start and end points of the lift phase could change
the values of features and then vary the predicted outcomes of the TAI-classifier. Underestimated
end timepoints of the end of the lift phase might acutely alter the features of the TAI-classifier
related to the lift phase (e.g. the maximum, minimum, range of motion, and average joint angles)
since the data only includes a portion of the lift phase duration. Tuning the model of the ML
method to achieve higher recall (increasing the possibility that the model labels the setup phase
frames as the lift phase) could reduce the underestimating the end of the lift phase. Further studies
are needed to understand how much the specific features change with regard to phase timing.
Moreover, since both methods are not 100% perfect for all items, the decreased accuracy is
potentially added error onto the errors associated with the TAI classifiers. Future studies that
investigate the tolerance of timepoints mis-labelling for each TAl-classifier are needed.

One specific defect of the threshold method that we noticed is mis-identifying the phases
when a wheelchair user performs multiple ‘scoots’ to complete the transfer. According to our
database, this transfer technique occurs more often with power wheelchair users than manual
wheelchair users. In this study, participant 1 and 10 were scooting multiple times to transfer from
their power wheelchair to the bench. The AMD of the threshold method in the two participants are
approximately 3.5 seconds, and the ML method error is 1.2 seconds. Thus an ML method could
be a better approach to use for evaluating power wheelchair users.

Another factor to consider in addition to the accuracy of the TAI score predictions is the

computation time. The threshold method uses only two kinematic variables, linear velocity and
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displacement of one joint center to identify the start and end frames of the lift phase. In comparison,
35 features/variables need to be computed for the ML method. In addition to computing the
features, the ML method needs to perform multiple post-processing steps before identifying the
time frame. Using the ML method requires 60-120 seconds (Intel 19 3.1GHz CPU with 32GB
memory) more than the threshold method to generate the TAI predicted scores. As a result, the
threshold method is less computationally expensive. This factor may need to be considered in the

development of an automated TAI scoring system.

3.5 Limitation

One limitation of this study is that a small sample size (n=10 wheelchair users) was used
to evaluate the accuracy of the TAI score prediction. The results may not generalize to the broader
wheelchair user population or other variants of transfer technique. Another possible limitation was
that a visual (video) method was used as the gold standard to identify start and end points of the
lift phase. This was the best method available to us given that we lacked a fully instrumented setup
(e.g. force plates or sensors) which would have provided more accurate information on the “ground
truth” of the time points [101]. To support recruiting a large enough sample for training the ML
models, participants were recruited and the study protocol was conducted outside of the lab at

several organized recreational events and it was not possible to transfer our fully instrumented lab
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setup to these environments for the data collection. However recent work does support the use of

video methods for enhancing the reliability and validity of TAI scoring [102].

3.6 Conclusion

To automate a real-time TAI score using computer methods requires identifying when the
setup and lift phases of the transfer occur. Our research tested two possible ways to do this using
only motion data recorded by the Kinect sensor during transfers. The ML method had less error in
phase identification but has lower accuracy in TAI score prediction and took longer to process.
Tuning the model of the ML methods to have higher recall (avoiding cases of ending the lift phase
too early) may increase the accuracies of the predicted TAI outcomes. Further research is needed
to study the overall accuracies associated with combining the automated phase identification

methods with the TAI classifiers that have been developed to predict TAI item scores.
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4.0  Comparison of Two Depth Cameras for Capturing Upper Body Motions During

Wheelchair Transfers

4.1 Introduction

In the United States, there were approximately 282,000 persons with spinal cord injury
(SCI) in 2016 and 12,500 new cases occur each year [103]. Over 3.6 million Americans aged 15
and over used a wheelchair in 2010 [2]. Wheelchair users (WUSs) rely heavily on their upper
extremities to complete common but essential activities of daily living such as getting in and out
of bed, transferring to a toilet or a shower, and transferring in and out of a car. Manual WUs will
perform on average 14 to 18 transfers a day, which are extremely physically demanding and can
lead to upper extremity pain and injury [3, 4]. Research shows that the prevalence of upper
extremity pain, specifically shoulder pain, in WUs ranges between 31 and 73 percent [5].
Unfortunately, shoulder pain leads to decreased quality of life and participation in physical activity
[6].

The Transfer Assessment Instrument (TAI) was developed to evaluate the quality of
sitting-pivot wheelchair transfer techniques and identify any deficits in component skills [36].
Higher scores on the TAI (e.g. using better hand/arm and trunk positions to perform transfers)
translate to less mechanical loading on the upper extremities joints [4]. The TAI measures many

different components of a transfer including proper setup of the wheelchair and body positioning
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during transfers. Using proper transfer technique can reduce the loading on the upper arm joints
and help protect WUs from developing injury and pain [4, 33]. Previous work has shown that the
Microsoft Kinect, a portable inexpensive markerless 3D depth motion sensor, can be used to
distinguish proper and improper wheelchair transfer techniques [31, 96, 104-106]. A 3D depth
sensor allows total freedom of movement without the need to hold or wear any sensors or markers
on the body during the transfer task thus reducing setup time and effort. A 3D depth camera is also
cheaper than other forms of motion capture and can provide more detailed motion tracking data
(e.g. X, Y, z coordinate positions of joint centers) in comparison to other portable sensors (e.g.
inertial measurement units (IMUs) which provide relative segment orientations--raw position data
are possible but post-processing methods are required). For these reasons, many researchers have
developed clinical applications with the Kinect for assessment of balance and postural control [60-
64], dynamic balance tests [65], fall prevention [66, 67], and upper extremity motor and functional
recovery [68-71] .

Microsoft discontinued the Kinect v2 sensor in 2017. After some time had passed the
company eventually introduced Microsoft Azure a more compact and technologically advanced
3D depth sensor. In addition, there are many other alternative 3D depth sensors on the market. The
Intel® RealSense™ D435 for example, is a higher resolution depth camera than the Kinect v2. The
Intel RealSense series has been used in several clinical research applications, however, work
related to human motion classification is not as extensive as the Kinect in the published literature
due to only the hand gestures and movement tracking function being supported by the Intel official
SDK [55-58]. Due to the discontinuation of the Kinect v2, which was originally used to develop
our algorithms for detecting proper from improper technique, we aimed to investigate if the Intel

RealSense could be used as potential surrogate sensor as the Azure was still in production at the

71



time of this study. The Intel RealSense series has been used in several clinical research applications,
however, work related to human motion classification is not as extensive as the Kinect in the
published literatures [55-58]. One study by Mistry et al. developed an approach to translate sign
language by using the hand motion data recorded by the RealSense [59].

In this study we aimed to compare the performance of the RealSense D435 sensor to the
Kinect v2 for tracking wheelchair transfer motions. We hypothesized that the RealSense-measured
motion variables would be statistically repeatable within subjects over five transfer trials (intra-
rater reliability > 0.8) and that the repeatability would be similar between the Kinect and the
RealSense for each variable (intra-class correlation coefficient (ICC) differences < 0.1)
(Hypothesis A). In addition, we expected that the motions measured by the RealSense would relate
to those measured by the Kinect (inter-rater reliability > 0.8) and be within the range of 95% limits
of agreement as the mean difference plus and minus 1.96 times the standard deviation of the

differences (Hypothesis B).

4.2 Methods

4.2.1 Participants

The study was approved by the Department of VVeterans Affairs Institutional Review Board.

The participant recruitment and the testing were conducted at the National Veterans Wheelchair
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Games (NVWG) in 2019. All participants provided informed consent prior to participating in any
research activities. The inclusion criteria were 1) have discernable neurological impairment
affecting both lower extremities or persons with transfemoral or transtibial amputation of both
lower extremities and who do not use prostheses during transfers, 2) at least one-year post-injury
or diagnosis, 3) able to independently transfer to/from a wheelchair without human assistance or
assistive devices, 4) use a wheelchair for the majority of mobility (over 40 hours/week), and over
the age of 18 years. Participants were excluded if they had 1) current or recent history of pressure

ulcers in the last year, 2) history of seizures or angina, or 3) were able to stand unsupported.

4.2.2 Study Protocol

4.2.2.1 Motion Sensors and Experimental Setup

The Kinect v2 sensor was positioned two meters in front of the participants, 70 centimeters
above the floor, and centered between the wheelchair and the bench. A custom software program
was created using Windows Kinect SDK to collect the 3D joint center position data. A graphical
user interface (GUI) was programed in C# using Visual Studio 2012, .NET Framework 4.0, and
the Kinect for Windows SDK to collect the 3D joint center position data in a Cartesian coordinate
system from the Kinect system. The RealSense D435 camera was positioned in a similar proximity
in front of the participant (Figure 14) in accordance with the manufacturer specifications for
camera placement [107] and was operated by a third-party Nuitrack™ SDK released by the 3DiVi
Inc. Each sensor was connected to its own computer. The raw data of the two sensors were saved
as a.csv (comma separated value) file, with columns of joint-centers position data, in rows indexed

by time in milliseconds, also referred to as frames. The sampling frequency was 30Hz for both
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sensors. The two sensor’s data were synchronized to start and end simultaneously by using the

timestamps data.

Height-

adjustable
Bench

[
3

we

Figure 14. Experimental setup of the Kinect and the RealSense. The coordinate system follows the right-hand

rule for both sensors.

4.2.2.1 Transfer Protocol
After informed consent, participants completed a general questionnaire. Then the
participant's wheelchair was positioned next to a level-height bench (70cm x 55cm) based on their

transfer preferences. The bench was placed on the participant’s left-hand side. The participants

74



were asked to transfer from their wheelchair to a level-height bench. The participant repeated the
transfer up to five times for a maximum total of 10 transfers. Approximately 3-5 minutes of rest
time was provided between trials and the participants were allowed to take more time to rest until

they were ready for the next trials.

4.2.3 Data Analysis

4.2.3.1 Key Variables

The Kinect v2 tracks the 3D positions of 25 skeleton joint centers at 30 Hz [94, 108].
Similarly, using the Nuitrack SDK, the RealSense tracks the 3D positions of 19 joints in a global
coordinate system [109] (Figure 15). Four key kinematic variables related wheelchair transfer
biomechanics [4] and the TAI [100] were analyzed. All the variables are computed from the “lift
phase” of the transfer motion time series data which was determined using the video files
synchronized with the time frames to the Kinect and RealSense (see 3.2.3 Data Analysis). The
key variables included:

- SPINE_BASE/WAIST displacement in the horizontal direction (DSBW): X-axis
component displacement of SPINE_BASE (Kinect) and WAIST (RealSense)

- Average plane of elevation angle on the leading side shoulder (LPOE): The average value
of left shoulder horizontal flexion/extension during the transfer [110]. We used the joint
centers at the left shoulder and left elbow to create a vector that represents the upper arm,
and used the SPINE_SHOULDER/COLLAR and the joint center of the left shoulder to
create another vector. The LPOE is determined as the angle between the two vectors

projected onto the transverse plane
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- Average elevation angle on the leading side shoulder (LE): The average value of the left
shoulder elevation angle during the transfer. The LE is determined by the angle between a
trunk vector (from SPINE_SHOULDER/COLLAR to SPINE_BASE/WAIST) and the
upper arm vector (from LEFT SHOUDLER to LEFT ELBOW)

- Average trunk flexion angle (TF): The average value of the trunk flexion angle during the
transfer. The TF is determined as the angle between a trunk vector (from
SPINE_BASE/WAIST to SPINE SHOULDER/COLLAR) and a normal vector

perpendicular to the transverse plane
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Figure 15. a) Skeleton position detected by Kinect relative to the human body [94], b) Joint center map in the

Nuitrack SDK [109]
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4.2.3.2 Statistical Analysis

All the statistical analysis was performed using SPSS 26 (Chicago, IL). For the Hypothesis
a, the intra-rater reliability for the Kinect and the RealSense was calculated using ICC31 (two-way
mixed effects model with absolute agreement for a single measure) for the five repeated trials.

For the Hypothesis b, the inter-rater reliability between the Kinect and the RealSense were
calculated using 1CC21 (two-way random effects model with absolute agreement for a single
measure) [111]. In this study, repeatability was characterized as excellent (ICC>0.8), good (ICC
0.6-0.79), moderate (ICC 0.4-0.59), fair (ICC 0.2— 0.39) or poor (ICC<0.2). To test agreement
between the key variables (i.e. DSBW, LPOW, LE, and TF) measured by the Kinect and the
RealSense, the Bland-Altman plots were used. The “agreement” in this study is the characteristic
that describes how close the two measurements are. The infimum (inf) and supremum (sub) of the
agreement will be set as:

inf =m—1.96 x STD,

sub=m+ 196 x STD, (1)
where m is the mean of differences of both measures (Kinect and RealSense) and STD is standard
deviation. Based on the Gaussian hypothesis, if the 95% of the data are within the range between

the inf and sub, it is valid to affirm that the two methods are interchangeable [112].

4.3 Results
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4.3.1 Participant

Twenty-six men and 4 women with an average age of 56.6 years (standard deviation
(STD)=11.8) contributed a total of 150 transfer trials for the analysis. The group performed on
average of 13.0 transfers (STD=10.9, self-reported) per day. Participants had 16.8 years
(STD=5.76) experience in using wheelchairs and used their wheelchair for 13.2 hours (STD=5.76)
per day. Nine (30%) were African Americans, 12 (40%) were Caucasian, three (10%) were
Hispanic, two were Asian, and one denoted mixed race, and three did not answer the question.
Twenty-three participants (77%) used a manual wheelchair. Nineteen (63%) had a spinal cord
injury, six (20%) had an amputation, two (7%) had multiple sclerosis, and others included Guillain

barre (n=1), traumatic brain injury (n=1), and poliomyelitis (n=1).

4.3.2 Intra-Rater (Sensor) Reliability

The ICCs of the intra rater reliability for the Kinect and RealSense are shown in the Table
12. The Kinect has higher reliability (ICC = .60 - .82) than the RealSense (ICC = .25 -.70) for the
four key variables. Both Kinect and RealSense have high reliability for the TF (ICC = .75, 95%ClI
=.63 - .85; ICC.70, 95%CI = .56 -.82). The DSBW has the largest difference in ICCs between the

two sensors (difference = .57).
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Table 12. Intra rater reliability (ICCs,) of the Kinect and the RealSense (n=30)

Kinect
ICC Difference
Variables ICC 95%ClI ICC 95%Cl
DSBW .82 72 -.90 .25 A1 - .44 57
LPOE .81 .71-.89 .60 A4 - 75 21
LE .60 A4 - 75 .38 .22 - 57 22
TF 75 .63 -.85 .70 .56 - .82 .05

Key: ICC, intra-class correlation coefficient; 95%CI, 95% confidence interval, DSBW, SPINE_BASE/WAIST

displacement in horizontal direction; LPOE, average plane of elevation angle on the leading side shoulder; LE, average

elevation angle on the leading side shoulder; TF, average trunk flexion angle.

4.3.3 Inter-Rater (Sensor) Reliability and Agreement

The inter-rater reliability between the Kinect and RealSense is shown in the Table 13. The

LPOE and TF have moderate reliability (ICC = .52, 95%CI =.01 - .73; ICC = 0.51, 95%Cl = .18

-.70). DSBW and LE have low reliability (ICC = .13, 95%CI = .03 - .29; ICC = 0.17, 95%CI = .03

- .35). The Bland-Altman plots for the agreement between sensors are shown in Figure 16.
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Table 13. Inter rater reliability (ICC,,) between the Kinect and the RealSense (n=30)

Variables (unit) ICC 95%CI Mean STD
Kinect 863 542
DSBW (mm) .25 11-.55
RealSense 751 596
Kinect 86.99 11.51
LPOE (deg) 57 07— .84
RealSense 79.28 9.96
Kinect 45.77 8.67
LE (deg) 13 10 - .40
RealSense 36.15 9.27
Kinect 27.79 10.51
TF (deg) .63 .06 - .85
RealSense 21.86 8.22

Key: ICC, intra-class correlation coefficient; 95%CI, 95% confidence interval, DSBW, SPINE_BASE/WAIST
displacement in horizontal direction; LPOE, average plane of elevation angle on the leading side shoulder; LE, average

elevation angle on the leading side shoulder; TF, average trunk flexion angle; STD, standard deviation; deg, degree.
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Figure 16. Bland-Altman plots for the agreement between Kinect and RealSense (n=150 transfers). LPOE,
average plane of elevation angle on the leading side shoulder; LE, average elevation angle on the leading side

shoulder; TF, average trunk flexion angle; STD, standard deviation; deg, degree
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4.4 Discussion

Using proper wheelchair technique to transfer between two sitting surfaces is critical to
avoiding secondary injury. Obtaining key biomechanical factors extracted from a marker-less
motion capture sensor can provide a tool for rehabilitation clinicians to gauge the injury-risk of
body motions. Our research team has demonstrated that the Kinect v2 has the ability to recognize
at risk body motions during independent sitting pivot transfers [96, 100, 104]. The Intel RealSense
depth sensor could be a solution for Kinect v2’s discontinuation because the full-body tracking
SDK is available providing similar 3D joint center locations as the Kinect. In this study, we
computed and compared some key kinematic variables related to the quality of the wheelchair
transfer and reported the intra-rater, inter-rater reliability, and limits of agreement from the Kinect
and the RealSense. These methods could similarly be used to evaluate the performance of other
3D depth sensor models as well.

The quality of wheelchair transfer techniques can be evaluated by multiple components
related to wheelchair setup, body setup, and flight movements using the latest version of the TAI
4.0 [36]. The kinematic variables related to the upper extremities and trunk motion have high
correlation with joint force and moment at shoulder, elbow and wrist during the transfer [4, 113].
Learning to align the upper limb and trunk motions with TAI principles can reduce upper limb
joint forces and moments [33]. In our previous studies we applied kinematic variables as the
features of machine learning classifiers to predict TAI scores [100]. The DSBW is a feature that is
important for identifying if the person uses the correct wheelchair distance between transfer

surfaces (TAI 4.0 item 1), scoots forward to the edge of the sitting area before transfer (item 8),
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and has good body balance during flight (item 14, 15). The DSBW is also useful for detecting
when the lift phase of the transfer process occurs which is required for the application of the TAI
prediction classifiers (see 3.2.3.2 Threshold Method of Phase Delineation, page 51). The LPOE
and LE are important for identifying correct technique related to positioning of the arm (items 9,
11, 12). The TF is a key feature for measuring correct trunk leaning motion (item 13). Using this
movement pattern can reduce the upper extremities joint loading during transfer [4, 36, 100].

We examined the intra-rater reliability of the Kinect and RealSense by analyzing the five
repeated trials performed by the same participant. Some intra trial variability is expected because
the individuals could have varied their technique for each transfer. However, because both sensors
are watching the same transfers, the variation from the participants would have been controlled for
in the analysis. Thus, the intra-rater reliability from the repeated transfers provides an indication
of how reliable the sensors are relative to each other in detecting the motions. The intra-rater
reliability was assessed by 1CCs1 and the 95% CI are also reported as suggested from previous
studies [111, 114]. Although there was variance of body movement between transfers, the Kinect’s
intra-rater reliability was good to excellent for the four key variables (ICC > .6). All the lower
boundaries of 95% confidence interval (95% CI) are greater than .63 except for the LE (95%CI
= .44 - 75). However, the RealSense’s intra-rater reliability was only fair (DSBW and LE, ICC
>.2) to good (LPOE and TF, ICC >.6).

In addition to repeatability of the sensors, we were also interested in the agreement and
correlations of the variables measured by the Kinect and RealSense. We conducted the inter-rater
reliability and the agreement analysis using ICC21 and Bland-Altman plot. For the agreement
analysis, more than 95% of the data points fell within £1.96 standard deviation of the mean

differences (Figure 16). These results suggest that the values of the variables measured by the two

83



sensors are close. However, the mean of differences between the two sensors for the four key
variables are non-zero and all negative (DSBW, -80.34 mm; LPOE, -8.03 degree; LE, -8.69 degree;
TF, -5.56 degree, Figure 16), indicating that RealSense overestimates the displacements and angles
relative to the Kinect. The plots also show that three variables related to the jointangles (i.e. LPOE,
LE, TF) have similar variability in agreements. The similar LOA’s indicated that the STD of the
means differences are close.

Harkel et al. using the RealSense SDK demonstrated high reliability for static facial
tracking when compared to gold standard measures using the 3dMD imaging system [115]. The
SDK was used to label 14 facial landmarks. The average intra- (ICC=.83) and inter-rater reliability
(ICC=.80) of the facial landmarks was high for the RealSense. Because the hardware specifications
of RealSense (e.g. resolution) are better than that of the Kinect 2 suggests that the errors may be
due to either the data acquisition process and/or the body joint tracking algorithms that were used
in our current study. However, as noted until recently there was no Intel specific skeletal tracking
algorithm and we are not aware of any studies that have reported the reliability of body tracking
motion data for the RealSense. Instead we used a 3rd party product’s algorithms to obtain the joint
centers. In comparison, the Kinect SDK algorithms are based on several years of development
and as a result are likely to be more robust for joint center detection than the 3rd party option.

Using multiple RealSense sensors to simultaneously record a motion trial may also increase
the reliability. Labuguen and colleagues used three synchronized RealSense sensors to record the
freestyle popping motion capture data of a professional dancer [116]. In comparison with a marker-
based motion capture system, the results showed that the errors of the body joint movement were

less than 150 mm except for the wrists and elbows. Using multiple sensors theoretically increases
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the sampling frequency, thus it may help to reduce errors and increase the RealSense’ reliabilities

for detecting full body motion.
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4.5 Limitation

Intel® released the skeleton tracking SDK in 2020 and it supports tracking of 18 joints and
multiple subjects simultaneously [117]. The RealSense SDK was not available when we conducted
the study. Using the new skeleton tracking SDK may increase the reliability of the RealSense. Due
to the Nuitrack™ having a less robust joint center tracking algorithm than the Kinect SDK likely
introduced some errors with regards to reliability and agreement between the two sensors. Further

study is needed using the new SDK and different 3D depth sensors.

4.6 Conclusion

The Microsoft Kinect can be a useful tool for evaluating the quality of independent
wheelchair sitting pivot transfers. However, finding an alternative 3D depth sensor is critical due
to the discontinuation of the Kinect v2. The Intel RealSense series has been used in several clinical
research applications, however, the body of work has been limited to tracking facial and upper
extremity motion. Using a 3" party SDK designed to work with a variety of 3D depth sensors to
support the skeleton tracking function, we found the intra-rater reliability and inter-rater reliability

of the RealSense to be fair for tracking the body movements during wheelchair transfers. The
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newly released SDK by Intel may help increase the reliability of using RealSense in future

applications.
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5.0 Conclusion

Transfers are the gateway to independence among individuals with spinal cord injury who
rely on wheelchairs for mobility. Lifting and moving the body between surfaces using only the
arms however can result in excessive upper limb joint loading, pain and injuries. Using proper
transfer technique can help reduce forces and prevent secondary injuries however current
assessment tools rely on the ability to subjectively identify harmful movement patterns. Using a
low-cost markerless motion capture camera and machine learning (ML) methods can evaluate the
quality of independent wheelchair sitting pivot transfers and may serve as a tool that could be used
to assist clinicians and patients with identifying deficits in technique.

Our study demonstrates the potential of using the Microsoft Kinect and the developed ML
models to facilitate autoscoring of the Transfer Assessment Instrument (TAI). The ML algorithms
trained from 91 full-time wheelchair users are able to evaluate proper (low risk) and improper
(high risk) wheelchair transfer techniques in accordance with the eleven TAI item scores
independently. The transfer data was split into training set (80%) and testing set (20%). The
training set was used for classifier selection and model tuning. The test set was excluded from all
training processes. Three k-nearest neighbors (KNN) and 8 random forest classifiers were selected
for each TAI item. The area under the receiver operating characteristic curves (AUCs) are .83
to .99 for the training set and.79 to .94. for the test set. In order to avoid the false positive case (i.e.
participant performed improper technique but the transfer is labelled as a proper transfer by the
classifier), we tuned the models to achieve high precision. The precisions of the models are .87

to .96, and the recalls are .61 to .93. The future plan aims to embed the developed algorithms into
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a user-friendly graphic user interface that allows therapists to perform transfer assessments more
easily and produce results that support training and education on proper transfer technique.

The TAI item scores are evaluated by the relative components of the wheelchair transfer.
For a system to automate the scoring of the TAI the system it must also be able to distinguish the
“setup phase” and “lift phase” of the transfer. On the TAI 4.0, items 1 to 6 are in the wheelchair
setup skill group and Items 7 to 15 are in the body setup and flight/landing skill groups. In order
to extract the features of each item, the motion data during the transfer needs to be separated into
a setup phase and lift phase. We defined the “setup phase” as the period when the subject starts
moving their body for transfer preparation, to a time point right before the subject lifts their
buttocks from the sitting surface. The “lift phase” was defined as starting from the end of setup
phase to the first time frame when the subject lands on the target surface. We applied and compared
a biomechanical variable based threshold method and an ML algorithm to automatically
distinguish the time frames of the transfer phases. For the threshold (TH) method, the peaks
observed in the linear displacement and velocity of one joint center marked by the Kinect,
SPINE_BASE, were used for phase delineation. For the ML method, we trained a KNN classifier
using 35 features from the Kinect data. Using the KNN model, each time frame of the transfer was
labeled as belonging to either the “setup” or “lift” phase. After further applying a filter algorithm,
the method was used to identify the start and end timepoints of the transfer phases. We found that
the ML method had less error in identifying the phase times but the threshold method spends less
computational time in identifying the points. Although the threshold errors were larger this method
had higher accuracy for predicting the TAI scores for items 10, 11, 12, 13, 14, 15. The ML method
had higher accuracy for predicting the TAI scores for items 1, 2 and 7. For items 8 and 9, the two

methods showed equal performance. Because the ML method tended to undershoot the end phase
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times it’s possible that tuning the algorithms to include more of the lift phase data could increase
the accuracies of the TAI item scores that rely more heavily on the lift versus setup phase
biomechanics.

Due to the discontinuation of the Kinect v2 in 2017, we aimed to find another 3D depth
sensor that could track full body motion for future research. The Intel® RealSense could be an ideal
surrogate sensor because the RealSense has superior technical properties relative to the Kinect v2
and has shown excellent performance for tracking facial and hand motions in previous studies.
Although Intel did not make a full body joint tracking algorithm for the sensor at the time of our
study, a 3" party one was available that can be used with a variety of 3D sensor models (e.g.
Nuitrack™). This solution enabled us to create the same biomechanical features with the
RealSense as we had created with the Kinect to quantify transfer technique. To further understand
the potential for RealSense to be used as a substitute sensor for capturing wheelchair technique
biomechanics, we compared the measurement properties of the two sensors. We assessed intra-
rater reliability for each sensor, and evaluated the inter-rater reliability and agreements between
the Kinect and RealSense. The study found that the Kinect had higher intra-rater reliability than
the RealSense for measuring four key kinematic variables related to the wheelchair transfer
technique. For the agreement analysis, more than 95% of the data points fell within £1.96 standard
deviation of the mean differences. However, the inter-rater reliability between two sensors was
poor. The low reliability of the RealSense may be due to the lack of robustness of the 3™ party
algorithm for skeletal tracking of sitting postures and in general in comparison to the more
extensively tested and developed Kinect SDK. Using the current (2020) version of the RealSense

SDK for skeletal tracking may help increase the reliability for future applications.
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5.1 Future Works

To improve the generalizability of the TAI classifiers, refining the data splitting method
during the training process is necessary. In our current protocol, each individual did five transfer
trials with each surface. The transfer data was randomly split into the training and test set by trial.
Thus, the five transfers performed by the same wheelchair user might be split into both training
and test set (e.g. three to the training set and two to the test set). Due to the similarity of the motion
pattern from the same individual, the training set might “see” the data form the test set and decrease
the model generalizability [97]. Splitting the data by the individuals is a better strategy to assess
the generalizability. All the trials from the same subject should be in the same set. Thus, the data
in the test set would be “new data” to examine the model performance.

Future work may also include collecting more transfer trials to refine the ML of the TAI
scoring for each item and the phase time distinguishing algorithms. A dataset that includes not
only a sufficient sample size but also various types of wheelchair users and transfer motions can
increase the performance of predicting TAI outcomes. Currently, all partial credits (0.5) are labeled
as improper techniques for the TAl-classifiers. For the items allowed to be scored “0.5”, a new
model can be trained by labeling three outcomes (i.e. 0, 0.5, 1). This approach needs sufficient
data for each label. For some items the deficit rates among wheelchair users might be very low
[36, 118]. As a result, it may be difficult to collect enough improper and partial credits cases from
the wheelchair user population. One possible solution is to use “pseudo-patients” (e.g. able-bodied
participants who are trained to perform the specific partial credit transfer techniques) to enlarge
the sample size. Moreover, the ML practitioner can also apply over-sampling or down-sampling

strategies to overcome the limitation with imbalanced labeling datasets.
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Not all TAI 4.0 items were evaluated using the TAI-classifiers. Items that are related to the
participant’s transfer habits (e.g. item 16 which asks if they always lead with the same arm or if
they alternate arms when they transfer) and assistive technology use (items 17 and 18) were not
included. Other items such as locking the wheelchair or turning it off before transfer (item 3),
removing the armrest (item 4) and clothing/sides guards (item 5) before transfer were excluded.
Transferring to a level surface if it is possible (item 6) was also excluded due to the protocol design.
The items 3, 4, 5 and 6 have the highest inter-rater reliability (ICC=.94) [36] and therefore are
more easily observed by raters than some of the items that involve interpreting the body motions.
In order to evaluate these items, the motion pattern and related kinematic variables (i.e. specific
joint angles, displacements) would need to show differences between the proper and improper
techniques. However, some differences may not occur during the setup or lift phases defined in
this study. For example, the participant may lock the brakes of the wheelchair before the
investigators start observing or recording a transfer trial using the Kinect. Motion data before the
wheelchair setup (i.e. pre-setup phase) may be important to collect in the future and investigated
to identify potential features that can be used to predict these items.

The TransKinect project aims to apply the current study outcomes to the clinical setting.
Packaging these outcomes together into a user-friendly system could aid therapists and patients in
identifying harmful motions and learning proper evidence-based transfer practices. The graphical
user interface (GUI) of the TransKinect is designed to highlight the items which are easier and
those that are more difficult to evaluate by the therapists. For the future plan, firstly we aim to
collect feedback from clinicians on usability of the system. We also aim to understand how much
error (false positive cases) of the ML model can be accepted by clinicians. Secondly, the system

will be refined following the feedback and tested in a lab-controlled environment to further
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understand the system’s usability and validity. Clinician raters will use both the TransKinect and
TAI to evaluate the wheelchair users’ transfers. The ML models may be further refined using the
new collected data. Thirdly and lastly, we aim to conduct a field trial with the TransKinect in
multiple clinical settings to explore its utility, practicality and effectiveness as a clinical tool. Using
a simple 3D Depth Camera to watch a wheelchair transfer and produce a score in real-time could
provide a valuable evaluation and education tool for evaluating and training proper technique.
Patients in the clinic who are assessed with TransKinect will receive their results and education on
proper technique. Afterwards the quality of their transfers will be revaluated by follow-up
TransKinect assessments. A feature to compare side by side the pre and post training assessment
reports has been built into the TransKinect application per feedback from initial expert therapist
review of the application to facilitate comparisons in client performance between assessments.

It may be possible to extend the current work to evaluate assisted or dependent transfers.
An evaluation tool similar to the TAI has been developed for dependent transfers which evaluates
proper and improper caregiver techniques (e.g. Caregiver Assisted Transfer Technique Instrument).
However, the tool is still undergoing validity and reliability which is required before it can be used
for data labelling. In lieu of the tool it may be possible to label the data based on a biomechanical
analysis of the caregiver techniques (e.g. identifying techniques that cause loading at the lumber
spine to exceed certain levels or the lifting index set by the National Institute for Occupational
Safety and Health (NIOSH)) [119]. Assuming a solid gold standard could be identified then pilot
studies would be needed to determine whether the 3D depth motion sensor(s) can detect
differences in caregiver assisted transfer kinematic variables between the proper and improper
techniques. If so then the same methods we employed for item model training and time-series

phase delineation could be used to develop and test ML classifiers for predicting the quality of
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dependent transfer techniques. Refined algorithms could further be implemented in a similar

platform as TransKinect for evaluating caregiver techniques in the future.
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Appendix A. General Questionnaire for Wheelchair Users

DEMOGRAPHICS AND TRANSFER ACTIVITIES:

Age:

Type of disability
If SCI, at what level (please indicate)? Incomplete / Complete (Circle

One) Approximate month/day/year of onset or diagnosis

Gender Race

Handedness

How long have you used a wheelchair? / months/yrs
How many hours a day do you spend in your wheelchair? hours

Make of wheelchair (ie, Quickie, TiLite, Invacare):

Model of wheelchair (i.e., Q7, Aero, etc):

Arm rests YES NO Avre they removable? YES_
NO Foot rest type Fixed_
Removable

How many level transfers do you do each day on average?

How many non-level transfers do you do each day on average?

Do you use an assistive device (e.g., transfer board or lift) with any of your daily
transfers? YES / NO, if YES, please list:

Have you ever received formal training on how to transfer? YES NO
If YES, please list:
approximately how many hours of training? Hours

Additional Comments:
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Appendix B. Transfer Assessment Instrument 4.0

Transfer Assessment Instrument 4.0 — Independent Transfers

This ool is designed to abjectively unassisted transfess. The tool breaks down the transfer into three
components: wheelchair setup, body set up, and fight'landing. Scoring differs based on whether the user

is transferring from a manual or power wheelchair. Each section of the tool showld be completed before
advancing to the next phase. It is written in user-centeresd language but can be utilized by end wsers, their

caregivers, and clinicians, Space is allotted to score a transfer 1o and from a surface [2 total wransfers],

howeever only one transfer is necessary to use the tool,

Select Wheelchair Tg.-'pe:l Power wheelchair Manual wheelchair
Do vou wse a sliding board when teansfessing? i Mo
Phase I: Wheelchair Setup

Set up vour wheelchair to transfer to another surface [bed, mat table, couch], then answer the

following questions.

L. Using a ruler (if available), measure the distance from the front corner of your
wheelchair to the object to which you are transferring. What s the distance?

a, Lessthan 3 inches [score L]
b 3-5inches [score (L5 .
. Creater than 5 inches [score O]

By
o
Sl

2, What is the angle between your wheelchair and
the mat? Use an angle measurement toal if possible [see appendix).

a, 0-19 degrees [score O roow, score 1 pwe|
b 20-45 degress [score | roowe, score 0 pwe|
c. 48-90 degress [score O]

Nows |
\ -

3. Dhid you lock the brakes on your wheelchair?

| PETS

a. Wes, [ enpgaped the brakes {manual seheelchair) [scoFe L]
b Wes, [ turned my wheelchair off [ power wheelchair) [scoFe L]
. Mo [soope O]
d. Mot applicable, my wheelchair does not have brakes [scope NIA]

Sparing
Trardiber 1 | Tracdbes 2

Targer | | Traraler @

Trarciber 1 | Trascbar 2

|
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4.

L

Did wou remove the armeest from vour chair?

a Yes [scoee 1]
b. Mo, but my wheelchair does have armrests [scome O]
c. Mot applicable, my wheelchair does not have armrests [score MIA]
d. Mot possible, my wheelchair has armrests but they
cannot be remaved [bolted in, welded) [scome MIA]

Dhd wou remove the clothingsides puards or postural supports {thigh guides,
Lateral supports) from vour chaig?

a Y [score 1]
b. Mo [score 0]
c. Mo, however my clothing/sideguards don’t go amy higher

than my wheel [score MNIA]
d. Mot applicable, my wheelchais does not have

clothing/side guards [scope NIA]
e, Mot possible, my wheelchair has clothing/side guards bt

they cannot be removed (Dolted in, welded) [scome MYA]

Wis vour tramsfer set up to be level (top of cushion is level with the surface you
are transferring to)? Use a ruler (if possible) to measure the difference in height
between the top of the front corner your cushion and the susface vou ane
transferring to. What is the distance?

a My cushion height is within @ inch of the surface [scoee 1]
b. My cushion is more than L inch higher [score 0]
c. My cushion is more than L inch lower [score 0.5]

d. Mot possible to adjust height of wheelchairftransfer destination [score N/A]
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Phase II: Body Setup

Position your body for the transfer, adjusting your hips and legs as you normally would, then answer
the following questions

7. Where are your feet?

4. Both on footplate Jsoore O mwe, 1 pawc
b Ome on footplate, one on the ground lscore 0.5]
<. Both up on the surface | am transfersing to lscore 1]
d. Ome up on the surface [ am transferring to and one
of the ground/footplate lscore 0.5]
e, Bothon the floor score 1]
£ Cmoe on floor (1T am a single limb amputee] score 1]
# Omne on footplate (1 am a single limb amputee) score O mwe, 1 pawc]
h. Mot touching any susface {1Tam a dovhble limb amputes]  [score NJA]
i.

Mot touching any surface (1 am a double limb amputes)  [score MiA|

4. Did you scoot to vour hips to the front of vour seat, so ai
least 153 of your thigh was off the surface?

a Yes Jsoore 1]
b Mo Jsoore 0]
<. Mot possible, T am unable to maintain my balance
in this position soore NIA]

9. Where is vour leading arm {see images) once you

position it to transfer? |
4. Om the surface [ am transferring to behind my hip score 0]
b Om the surface [ am transferring to between my hip
and knes lscore 1]
. Om the surface [ am transferring to past my knee lscore 1]
d. Ivisinmy lap, | don't use this arm during ooy transfer lsoore NUA|

B hinsd Hig
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Phase I11: Flight

Complete your transfer between surfaces, then answer the questions on the following pages

10. Identify the type of surface you transferred FROM. Then, check the box of the type of hand position
that most closely represents the hand position you used for your push off hand when your hips were

score: 1 1 1 4] o 0.5

Scoring

Transfer 1 | Transfer 2

Firm Surface

AlTotal | A) Youl
Score Score:

B) Total B) Total

£ s
Positionss | Pasitions
Usedl: Used:
Score = Score =
AR A/B

SLone 1 1 0 0 Q5

(dge of Toilet Sem | MWersnetal Goak Bar Vertn ol ek Ber
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11. Identify the type of surface you transferred TQ. Then, check the box of the type of hand position that
most closely represents the hand position you used for your leading hand when your hips were moving
between surfaces, CHECK ALL THAT APPLY.

Sliding Board

Fohge of Bited bamn | Mo ania Suah b B

Firm Surface

1 <6 from BCS 1 ¥ <6 from BOS

Scoring
Truvsler || Transfer 2
A) Total | A) Total

Sore: Soore

N/A
Bt Sogary o ters

B) Total | 8) Toul
s 2
Posatioms ~ Posibons
Useds Usad:

Sore = | Score -
sooee: 1 1 Q 0 05 AR AB
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12. When you finished the transfer, where was your leading hand
(see image) in relation to your hips?
a. Close to my hip
b. More than 6 inches from my hip

[score 1]
[score ]

#6 inches from hip

Close to hip

13. ‘When you transferred between surfaces which way were you leaning?
a [ was leaning backward, towards the surface | was

transferring to [soore 0]
b. My body remained upright [soore 0]
c. [ was leaning forward, away from the surface [ was

transferring to [soore 1]
d. I'm not sure [score 0]

Leaned Forward Sayed wpright Learied Bagkward
14. ‘When you transferred between surfaces did you {please circle

all that apply):
. Perform the movement in one smooth and fluid

motion [soore 1]
b. Use multiple ‘scoots” to complete my transfer [soore 1]

¢. Land or rest on the tire
NIA pwe]
d. Perform the movement in an abrupt manner where you had
to change directions or body positions in rapid manner to
avoid falling (unintentionally landing on an undesired

surface) [soore -0.3]
¢. Experienced a near fall {unintentionally landing on an

undesired surface) [score -1]
f. Experience a fall (unintentionally landing on an undesired

surface) [score -1]
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15. When you landed on the target surface (please cirdle all that apply):
4. Mo excessive movermnent occurred (no loss of balance) [score 1]
b. Experienced excessive movement (loss of balance) but did not
unintentionally land on an undesired surface (experience a fall)  [score -0.5]
c. Experienced excessive movemnent (loss of balance) and some
part of your body unintentionally landed on an undesired

surface (experience a fall) |score -1]

16. ‘When you transfer do you:

a Abways lead with the same arm [score O]
b. Alternate which arm you lead with [score 1]
Assistive Technology

17. [ use assistive technology (such as a transfer board or Lift) :
a Never, | am strong enough to perform the transfer

without a struggle [score 1]
b. Never, however | sometimes feel that [ struggle to

complete the transfer [score O]
¢. Sometimes when I feel tired or weak [score 1]
d. Sometimes, due to pain [score 1]
¢. Sometimes for safety or to preserve my arms [score 1]
f. All of the time because of fatigue or strength limitations [score 1]

18. If a sliding is used, when using the board do you:
4. Perform the transfer as multiple *lifts'/"scoots’, picking up
your hips and placing them over several steps [score 1]
b. Slide your hips along the board [score 0]

To calculate total score for Independent Transfers:
1. Sum all scores for Transfer 1 items (Box A)
2. Count £ N/A items for Transfer 1 {Box B)
3. Calculate a score for Transfer 1 {Box C):
a. 100% x A (19-B)

Ignore remaining steps if only 1 transfer completed
4, Sum all scores for Transfer 2 items (Box D)
5. Count £ N/A items for Transfer 2 {Box E)
6. Calculate a score for Transfer 2 (Box F):
a. 100% x [ (19-E)

7. Calculate the total score:
a. C+F/2
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Appendix C. Model training process and results of each TAI 4.0 item

Item 1 Wheelchair Distance

The KNN classifier was chosen for the item 1 model (Figure Ala). Four hundred and
seventy-two trials were split into the training set and 119 trials were into the test set. The transfer
technique deficit rate was 30%. Eighty-five features were selected into the feature engineering
process and 26 of them were applied into the final model (Figure Alb). For the model from the
training set, the AUC was .98, and the mean accuracy from CV was 75% (STD = 3%). After tuning
the model decision threshold, the test set AUC was .85, and precision was .96. Figure Alc shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.
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ETC
DTC
SvC
LsSvC
KNN
GNB
BNB
SGD
Ridge

Random Forest

AUC Type
B Test
s Training

Classifier

Gradient Boosting
Extra Trees Ensemble
Bagging

AdaBoost

QDA

LDA

0.0 0.2 0.4 0.6 0.8 1.0
AUC

Figure Ala. Model perforce of each classifier for item 1
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Stratified split data into training and

26 features are selected

Train a new model using the data from

training set:

« AUC:0.98

«  Mean accuracy from S-fold-cross
validation: 75%

« STD: 3%

test set:
N =591 (trials)
-
Training set (80% of all transfer data): Test set: {20% of all transfer data)
n=472 n=119
1: 330 (70%) 1: 83 (70%)
% 0: 142 (30%) y \ 0: 36 (30%)
, : L
Select features based on TAI Find and remove correlated features:
statement: *  Compute the absolute value of the
*  Universal features coefficient matrix using all the
*  Spine Base, Spine Mid, Spine features
Shoulder, Meck, and Head * Determine a group of features that
Displacement in the X-axis have a Spearman’s correlation
coefficient greater than 0.9
85 features are selected *  From each group of correlated
. —‘ features, we will select one of them
and discard the rest
20 features are removed
\
L
T '
65 features are selected Model performance of the test set:
*  Classifier: KNN
Train a preliminary model using the *  AUC:0.90
data from training set: *+  Confusion Matrix:
*  Classifier: KNMN
. AUC:0.98 Predicted
1] 1
0 27 9
5
= 1 9 74
M A h
Remove features that has low
permutation importance
hJ ~ 39 features are removed

—

p
After tuning the decision threshold,

the model performance of the test
set:

* AUC:0.85

Precision: 0.96

*  Confusion Matrix:

1] 1

0 34 2
1 32 51

Figure Alb. Feature selection and training process of item 1 model
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ROC Curve
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Figure Alc. ROC curve, and relationship between precision, recall and decision threshold values of the item 1

model
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Item 2 Wheelchair Angle

The random forest classifier was chosen for the item 2 model (Figure A2a). Four hundred
and sixty-eight trials were split into the training set and 118 trials were into the test set. The transfer
technique deficit rate was 36%. Eighty-four features were selected into the feature engineering
process and 14 of them were applied into the final model (Figure A2b). For the model from the
training set, the AUC was .99, and the mean accuracy from CV was 87% (STD = 4%). After tuning
the model decision threshold, the test set AUC was .90, and precision was .91. Figure A2c shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.
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ETC AUC Type
DTC m Test
B Training

SvC
LsSvC
KNN
GNB
BNB
SGD
Ridge

Random Forest

Classifier

Gradient Boosting
Extra Trees Ensemble
Bagging

AdaBoost

QDA

LDA

0.0 0.2 0.4 0.6 0.8 1.0
AUC

Figure A2a. Model perforce of each classifier for item 2
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Stratified split data into training and

test set:
N = 586 (trials)
-
Training set (80% of all transfer data):
n =468
1: 300 (64%)
9 0: 168 (36%)

!

Select features based on TAI

statement:

*  Universal features

*  Starting/End Hip Angle,
Starting/End Shoulder Angle

84 features are selected

Test set: {20% of all transfer data)
n=118
1: 76 (64%)

Y 0: 42 (36%)

( Find and remove correlated features:

*  Compute the absolute value of the
coefficient matrix using all the
features

* Determine a group of features that
have a Spearman’s correlation
coefficient greater than 0.9

*  From each group of correlated
features, we will select one of them
and discard the rest

67 features are selected

Train a preliminary model using the
data from training set:

+ Classifier: Random Forest

= AUC:0.96

17 features are removed
\

-
Model performance of the test set:

*  Classifier: Random Forest

*  AUC:0.87

*  Confusion Matrix:

Ture

14 features are selected

Train a new model using the data from

training set:

« AUC:0.99

«  Mean accuracy from S-fold-cross
validation: 7%

« STD: 4%

Remove features that has low
permutation importance

53 features are removed

p
After tuning the decision threshold,

the model performance of the test
set:
* AUC:0.90

— ¢ Precision: 0.91

*  Confusion Matrix:
o 1

0 35 7
1 5 71

Figure A2b. Feature selection and training process of item 2 model
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ltem7 Feet Placement

The random forest classifier was chosen for the item 7 model (Figure A3a). Four hundred
and sixty-four trials were split into the training set and 117 trials were into the test set. The transfer
technique deficit rate was 39%. Eighty-nine features were selected into the feature engineering
process and 29 of them were applied into the final model (Figure A3Db). For the model from the
training set, the AUC was .99, and the mean accuracy from CV was 78% (STD = 3%). After tuning
the model decision threshold, the test set AUC was .85, and precision was .87. Figure A3c shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.
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ETC AUC Type
DTC B Test
B Training

SvC
LsSvC
KNN
GNB
BNB
SGD
Ridge

Random Forest

Classifier

Gradient Boosting
Extra Trees Ensemble
Bagging

AdaBoost

QDA

LDA

0.0 0.2 0.4 0.6 0.8
AUC

Figure A3a. Model perforce of each classifier for item 7
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Stratified split data into training and

test set:
N = 581 (trials)
-
Training set (80% of all transfer data):
n =464
1: 283 (61%)
9 0: 181 (39%)

!

Select features based on TAI
statement:
*  Universal features

* Left / Right Knee, Ankle and Foot
Displacement

89 features are selected

70 features are selected

Train a preliminary model using the
data from training set:

+ Classifier: Random Forest

= AUC:0.99

Test set: {20% of all transfer data)
n=117

1: 71 (61%)

Y 0: 46 (39%)

( Find and remove correlated features:

*  Compute the absolute value of the
coefficient matrix using all the
features

* Determine a group of features that
have a Spearman’s correlation
coefficient greater than 0.9

*  From each group of correlated
features, we will select one of them
and discard the rest

19 features are removed
\

-
Model performance of the test set:

*  Classifier: Random Forest

*  AUC: 0.85

*  Confusion Matrix:

0 1
q o % 1
1 6 66

29 features are selected

Train a new model using the data from

training set:

« AUC:0.99

«  Mean accuracy from S-fold-cross
validation: 78%

« STD: 3%

Remove features that has low
permutation importance

41 features are removed

—

p
After tuning the decision threshold,

the model performance of the test
set:
* AUC:0.85

*  Precision: 0.87
*  Confusion Matrix:
(1] 1
0 i3 7
E 1 27 45

Figure A3b. Feature selection and training process of item 7 model
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Item 8 Hip Scooting

The random forest classifier was chosen for the item 8 model (Figure A4a). Four hundred
and sixty-two trials were split into the training set and 119 trials were into the test set. The transfer
technique deficit rate was 25%. Eighty-six features were selected into the feature engineering
process and 27 of them were applied into the final model (Figure A4b). For the model from the
training set, the AUC was .96, and the mean accuracy from CV was 80% (STD = 3%). After tuning
the model decision threshold, the test set AUC was .87, and precision was .90. Figure A4c shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.
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ETC AUC Type
DTC B Test
B Training

SvC
LsSvC
KNN
GNB
BNB
SGD
Ridge

Random Forest
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Gradient Boosting
Extra Trees Ensemble
Bagging

AdaBoost
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Figure Ada. Model perforce of each classifier for item 8
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Stratified split data into training and

test set:
N =591 (trials)
-
Training set (80% of all transfer data):
n=472
1: 354 (75%)
9 0: 118 (25%)

!

( Select features based on TAI
statement:
*  Universal features
+  Spine Base, Right/Left Hip
Displacement
* Spine Base, Right/Left Hip
Displacement in Y-axis

. 86 features are selected

65 features are selected

Train a preliminary model using the
data from training set:

+ Classifier: Random Forest

= AUC:0.97

Test set: {20% of all transfer data)
n=119
1: 89 (75%)

Y 0: 30 (25%)

( Find and remove correlated features:

*  Compute the absolute value of the
coefficient matrix using all the
features

* Determine a group of features that
have a Spearman’s correlation
coefficient greater than 0.9

*  From each group of correlated
features, we will select one of them
and discard the rest

21 features are removed
\

-
Model performance of the test set:

*  Classifier: Random Forest

= AUC: 0.8

*  Confusion Matrix:

0 1
J o v n
1 11 78

27 features are selected

Train a new model using the data from

training set:

« AUC:0.96

«  Mean accuracy from S-fold-cross
validation: 80%

« STD: 3%

Remove features that has low
permutation importance

38 features are removed

—

p
After tuning the decision threshold,

the model performance of the test
set:
* AUC:0.87

* Precision: 0.90
*  Confusion Matrix:
(1] 1
0 22 ]
E 1 14 75

Figure A4b. Feature selection and training process of item 8 model
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Precision and Recall Scores as a function of the decision threshold
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Item 9 Leading Arm Position before Transfer

The random forest classifier was chosen for the item 9 model (Figure A5a). Four hundred
and sixty-four trials were split into the training set and 117 trials were into the test set. The transfer
technique deficit rate was 17%. Sixty-eight features were selected into the feature engineering
process and 27 of them were applied into the final model (Figure A5b). For the model from the
training set, the AUC was .96, and the mean accuracy from CV was 84% (STD = 5%). After tuning
the model decision threshold, the test set AUC was .94, and precision was .96. Figure A5c shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.
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Figure A5a. Model perforce of each classifier for item 9
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Stratified split data into training and

test set:
N = 581 (trials)
-
Training set (80% of all transfer data):
n =464
1: 385 (83%)
% 0: 79 (17%)

!

Select features based on TAI
statement:
*  Universal features
* Leading Forearm Length and
Leading Upper Arm Length

68 features are selected

Test set: {20% of all transfer data)
n=117
1. 97 (B3%)

Y 0: 20(17%)

( Find and remove correlated features:

*  Compute the absolute value of the
coefficient matrix using all the
features

* Determine a group of features that
have a Spearman’s correlation
coefficient greater than 0.9

*  From each group of correlated
features, we will select one of them
and discard the rest

57 features are selected

Train a preliminary model using the
data from training set:

+ Classifier: Random Forest

= AUC:0.97

11 features are removed
\

-
Model performance of the test set:

*  Classifier: Random Forest

* AUC:0.94

*  Confusion Matrix:

0 1
M o 17 3
-
1 5 @2

27 features are selected

Train a new model using the data from

training set:

« AUC:0.96

«  Mean accuracy from S-fold-cross
validation: 84%

« STD: 5%

Remove features that has low
permutation importance

20 features are removed

p
After tuning the decision threshold,

the model performance of the test
set:
* AUC:0.94

— ¢ Precision: 0.96

*  Confusion Matrix:
o 1

0 16 4
1 5 92

Figure A5b. Feature selection and training process of item 9 model
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Item 10 Push-off Handgrip

The KNN classifier was chosen for the item 10 model (Figure A6a). Four hundred and
sixty-four trials were split into the training set and 116 trials were into the test set. The transfer
technique deficit rate was 41%. Seventy features were selected into the feature engineering process
and 38 of them were applied into the final model (Figure A6b). For the model from the training
set, the AUC was .97, and the mean accuracy from CV was 72% (STD = 3%). After tuning the
model decision threshold, the test set AUC was .82, and precision was .92. Figure A6c shows the
ROC curve, and the relationship between precision, recall when adjusting decision threshold of

the outcomes from the test set.
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Figure A6a. Model perforce of each classifier for item 10
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Stratified split data into training and

test set:
N = 580 (trials)
-
Training set (80% of all transfer data):
n =464
1: 274 (59%)
9 0: 190 (41%) J

!

Select features based on TAI
statement:
*  Universal features
*  Push off Handgrip Area

70 features are selected

Test set: {20% of all transfer data)
n=116

1: 68 (59%)

Y 0: 48 (41%)

( Find and remove correlated features:

*  Compute the absolute value of the
coefficient matrix using all the
features

* Determine a group of features that
have a Spearman’s correlation
coefficient greater than 0.9

*  From each group of correlated
features, we will select one of them
and discard the rest

59 features are selected

Train a preliminary model using the
data from training set:

«  Classifier: KNM

= AUC:0.98

11 features are removed
\

-
Model performance of the test set:

*  Classifier: KNN

*  AUC:0.87

*  Confusion Matrix:

w 0
- 1

0 1

40 7
15 54

38 features are selected

Train a new model using the data from

training set:

« AUC:0.497

«  Mean accuracy from S-fold-cross
validation: 72%

« STD: 3%

Remove features that has low
permutation importance

21 features are removed

—

p
After tuning the decision threshold,

the model performance of the test
set:
* AUC:0.82

*  Precision: 0.92
*  Confusion Matrix:
(1] 1
0 43 4
E 1 23 45

Figure A6b. Feature selection and training process of item 10 model
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Item 11 Leading Handgrip

The KNN classifier was chosen for the item 11 model (Figure A7a). Four hundred and
sixty-four trials were split into the training set and 116 trials were into the test set. The transfer
technique deficit rate was 42%. Seventy features were selected into the feature engineering process
and 35 of them were applied into the final model (Figure A7b). For the model from the training
set, the AUC was .95, and the mean accuracy from CV was 76% (STD = 3%). After tuning the
model decision threshold, the test set AUC was .87, and precision was .91. Figure A7c shows the
ROC curve, and the relationship between precision, recall when adjusting decision threshold of

the outcomes from the test set.
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Figure A7hb. Feature selection and training process of item 11 model
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Item 12 Leading Hand Position after Transfer

The random forest classifier was chosen for the item 12 model (Figure A8a). Four hundred
and seventy-two trials were split into the training set and 119 trials were into the test set. The
transfer technique deficit rate was 11%. Eighty features were selected into the feature engineering
process and 23 of them were applied into the final model (Figure A8Db). For the model from the
training set, the AUC was .98, and the mean accuracy from CV was 88% (STD = 2%). After tuning
the model decision threshold, the test set AUC was .85, and precision was .95. Figure A8c shows
the ROC curve, and the relationship between precision, recall when adjusting decision threshold

of the outcomes from the test set.

131



LsvC
KNN
GNB
BNB
SGD

Ridge

Random Forest

Classifier

Gradient Boosting

Extra Trees Ensemble

Bagging
AdaBoost
AUC Type
QDA e Test

LDA B Training

0.0 0.2 0.4 0.6 0.8
AUC

Figure A8a. Model perforce of each classifier for item 12

132



Stratified split data into training and
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Figure A8b. Feature selection and training process of item 12 model
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Item 13 Trunk Leaning

The random forest classifier was chosen for the item 13 model (Figure A9a). Four hundred
and seventy-two trials were split into the training set and 119 trials were into the test set. The
transfer technique deficit rate was 29%. Thirty-one features were selected into the feature
engineering process and 9 of them were applied into the final model (Figure A9b). For the model
from the training set, the AUC was .94, and the mean accuracy from CV was 80% (STD = 3%).
After tuning the model decision threshold, the test set AUC was .89, and precision was .94. Figure
A9c shows the ROC curve, and the relationship between precision, recall when adjusting decision

threshold of the outcomes from the test set.
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Figure A9b. Feature selection and training process of item 13 model
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Item 14 Flight

The random forest classifier was chosen for the item 14 model (Figure A10a). Four hundred
and seventy-two trials were split into the training set and 119 trials were into the test set. The
transfer technique deficit rate was 32%. One-hundred and seventy-five features were selected into
the feature engineering process and 40 of them were applied into the final model (Figure A10b).
For the model from the training set, the AUC was .95, and the mean accuracy from CV was 73%
(STD = 3%). After tuning the model decision threshold, the test set AUC was .87, and the precision
was .91. Figure A10c shows the ROC curve, and the relationship between precision, recall when

adjusting decision threshold of the outcomes from the test set.
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Figure Al0a. Model perforce of each classifier for item 14

140



Stratified split data into training and
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Figure A10b. Feature selection and training process of item 14 model
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Item 15 Landing

The random forest classifier was chosen for the item 15 model (Figure Alla). Four hundred
and seventy-two trials were split into the training set and 119 trials were into the test set. The
transfer technique deficit rate was 21%. One-hundred and seventy-five features were selected into
the feature engineering process and 33 of them were applied into the final model (Figure Allb).
For the model from the training set, the AUC was .83, and the mean accuracy from CV was 80%
(STD =2%). After tuning the model decision threshold, the test set AUC was .79, and the precision
was .91. Figure Allc shows the ROC curve, and the relationship between precision, recall when

adjusting decision threshold of the outcomes from the test set.
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Figure Alla. Model perforce of each classifier for item 15
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Stratified split data into training and

test set:
N =591 (trials)
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Training set (80% of all transfer data):
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Figure Allb. Feature selection and training process of item 15 model
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Appendix D. Model Perforce of Each Classifier for the Machine Learning Method
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Figure D1. Model perforce of each classifier for the machine learning method (Chapter 3, Section

3.2.3.3 Machine Learning Method of Phase Delineation)
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