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ABSTRACT

Multiple sclerosis is an immune-mediated disease of the central nervous system
that commonly results in impaired sensory function, balance, coordination, and fatigue.
Persons with multiple sclerosis (PwMS) experience high rates of falls, with over half
experiencing a fall in any three-month period. Presently, fall risk is assessed at biannual
office visits, but symptoms are known to fluctuate and it is not clear that these assessments
provide an adequate picture of a patient’s fall risk. Remote monitoring of a patient’s
balance and mobility with wearable sensors may provide a way to better characterize fall
risk, but technologies for making these measurements are just emerging. The purpose of
this work was to advance the state of science in remote monitoring of balance and mobility,
and to use the resulting technology to identify potential predictors of fall risk in PWMS.

The primary technical contribution of this work was a data analysis platform that
allows for remote characterization of balance and mobility impairment. The platform
detects walking and standing bouts from free-living wearable accelerometer data and
computes metrics that describe how patients are engaging in these balance-challenging
activities. This platform was leveraged to examine data from two cohorts of PWMS.

First, data from the platform were used to better understand the relationship
between walking bout duration and measures that describe how a patient is walking.
Walking metrics were significantly different between bouts of differing lengths, and
between walking bouts observed in and out of the clinic. Long remote bouts were the
closest to in-clinic measurements and were best able to identify PwMS at higher risk for
falls using deep learning models. Interestingly, short remote bouts were best when using
more traditional machine learning techniques.

Data from the platform were then used to investigate how much data is enough for
capturing valid measures of balance and mobility impairment remotely. Analysis revealed
only two days of data are needed to capture most measures of gait and postural sway in our
cohorts of PWMS. In general, minimum wear duration was predicted by the daily variability
of a measurement and number of daily observations.

Finally, data from the platform were used to further establish remote postural sway,
measured by chest-worn accelerometer, as a digital endpoint for balance impairment.
Chest-derived measures of sway were validated relative to gold-standard force platforms.
A new analysis approach, which builds individualized distributions of each postural sway
measure, was introduced that increased accuracy for classifying PwWMS’ risk for falls and
the strength of associations with patient-reported measures (PRMs) of balance impairment.
Remote measures of sway differed from these lab measures but had stronger associations
to PRMs. A patient-specific clustering approach for analyzing remote sway further
strengthened associations and enabled detection of PWMS at higher risk for falls.

Overall, this body of work addresses several key challenges of remote wearable
sensor data analysis and introduces remote postural sway as a novel digital endpoint for
balance impairment.
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CHAPTER 1: WEARABLES AND FALL RISK IN PERSONS WITH
MULTIPLE SCLEROSIS

1.1. About Multiple Sclerosis

Multiple Sclerosis (MS) is characterized by progressive demyelination and axonal
damage throughout the central nervous system [1], [2]. As a result, persons with MS
(PwMS) experience in symptoms including debilitating fatigue and impaired coordination,
muscle strength, and sensation [1]. Collectively, these symptoms lead to problems with
balance and postural control, especially during dynamic activities, as well as altered
movement and gait patterns [3]. MS is estimated to impact over 2.3 million people globally
with a typical symptom onset of 30 years old.
1.2. Falls in MS

Despite the young age of symptom onset, over half of PWMS experience a fall in
any given 3-month period, similar incidence to 80 year-old adults [4]. Over half of these
falls result in injury, which increases fear of falling and decreases quality of life [5]. As a
result of the young age of symptom onset coupled with the frequent falls, MS is a
substantial long-term burden on the health care system, costing an estimated to be $85.4
billion in the United States alone [6].
1.3. Clinical Assessment of Falls in MS

PwMS are most commonly assessed by a clinician at biannual office visits; an
observation frequency incapable of capturing the true time-varying nature of symptoms in
MS [7]. Fall history is one of the most important predictors of fall risk in PwMS [8], but
only 51% of falls are self-reported [9]. In clinical practice, fall prevention interventions are

not often prescribed until recurrent falls have been reported to a healthcare provider. An



objective method of characterizing fall risk may enhance our ability to prescribe
preventative interventions.
1.3.1. Patient Reported Measures

A common and accessible method to assess impairment and fall risk is to use a
questionnaire, known as patient reported measures (PRMs) [8], [10]-[21]. There are
several PRMs designed to capture differing aspects of MS. The most common PRMs are
the Activities-Specific Balance Confidence (ABC) to capture balance confidence [22],
Modified Fatigue Impact Scale (MFSI) to capture fatigue [23], [24], Multiple Sclerosis
Walking Scale (MSWS) to capture walking impairment [25] and Falls Efficacy Scale to
capture fear of falling [26]. The Expanded Disability Status Scale is a neurologist
administered PRM that is designed to assess overall disability. Each of these has been
shown to relate to fall risk in some respect; ABC has been shown to be the best predictor
of falls in PwMS [27], [28]. However, these assessments are subjective and only capture a
single observation and therefore cannot provide an objective assessment of PwMS’s
disease state.

1.3.2. Functional Assessments

Another means of assessing fall risk and impairment are functional assessments.
These are simple tasks that are designed to allow a clinician to assess mobility and
impairment. Examples include chair stand tests [29], [30], timed up and go [31], [32], walk
tests [33], [34], dual tasking [35], [36], balance tests [37]-[40], and reaction time
assessments [41]. While the results of these assessments may be related to fall risk [8],
[21], there is little consensus on standardized threshold that would considered a PWMS at

an elevated risk of falls [29]. Additionally, these assessments, such as the Berg Balance
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Assessment, may only be sensitive to more severe disease states [42]. Lastly, functional
assessments require a clinician and thereby only capture a one-time assessment and do not
account for any variability in time of day or participant’s schedules.
1.3.3. Clinical Interventions

Once an elevated risk of falls is identified, clinical interventions are typically
prescribed. Common interventions include pharmacological treatments, exercise/physical
therapy, education, home set up, and using assistive devices. Studies have found that these
interventions can significantly increase quality of life in MS both with and without
pharmacological treatment [43]-[45]. Exercise based interventions, however, have been
shown to be more effective in earlier stages of disease, highlighting the need for earlier
identification of fall risk [43].
1.4. Introduction to Wearable Sensing

Traditional gait and balance assessments require cumbersome equipment such as
motion capture or force platforms. In addition to the prohibitive cost of these technologies,
these methods also limit assessments to laboratory-based environments. Wearable inertial
measurement units may provide an opportunity to quickly and unobtrusively capture the
fall-related biomechanics of PwMS, and in clinical environments [46], [47]. To this end,
several recent studies have demonstrated the ability of body-worn sensors to capture
biomechanical measures associated with fall risk in PwMS (e.g., walking speed [48], stride
time variability [49], and balance measures of postural sway [50], [51]) and demonstrate
correlations with clinical assessments [51]-[53]. Recent advances in wearable technology
pair improvements in battery life with conformal designs [54] allow studies to be deployed

in the free-living environment. The advancing sensor design coupled with lower device



cost, compared to motion capture, make wearables-based assessments more accessible for
clinicians and patients. As a result, sensors are being integrated into point of care; thus,
algorithms and analysis techniques need to be designed to utilize these data.

1.5. Wearable Sensing Methods of Fall Risk Assessment

Objective fall risk assessments can also benefit from wearable sensors. While non-
wearable objective measures exist [28], [55], [56], wearables provide a simple low-cost
approach to measure motion and thus fall risk. Wearables allow fall risk assessment both
in laboratory/clinic environments and in free-living conditions. [47].

1.5.1. Laboratory Based Assessment Methods

Gait in PWMS is becoming a well-studied area, with several laboratory-collected
measures showing relationships to fall status [46], [52]. Studies assess various aspects of
gait such as stride time variability [49], backwards walking [57], and measures of stability
[55], [58]. The best performing models of fall classification utilize deep learning [27]
methods to learn representations straight from the raw data instead of using manual feature
extraction.

Wearables-based postural sway has not been used extensively in fall risk
assessment up to this point. Sun et al. shows that sway measures can be used to classify
fallers from non-fallers during a lab-based standing assessment, however, accuracy is poor
at 53% [59]. Most standing and balance related assessments are still conducted using force
plates [50] and analyze dynamic balance [40], [60]. As a result, several open questions
exist, regarding the best method to compute sway features, which body locations should be

measured, etc.



In addition to gait and sway assessments, there is a body of research aiming to
augment the already utilized functional assessments with wearables to increase sensitivity.
Studies have shown that adding sensors to chair stand tests [29], [61] and timed-up-and-go
tests [61] increases our ability to classify fall risk. While this is a promising method to
increase detection, these methods still require clinician supervision, thus limiting their
deployment to broader communities.

1.5.2. Remote Assessment Methods

In order to increase accessibility of assessments, wearables are beginning to be
leveraged in remote studies to monitor PWMS during their daily life [47]. Storm et al.
demonstrated that gait in PwWMS is significantly different during free-living conditions
compared to the lab [62]. The impact of these results on remote gait fall risk assessment
remains an open question that will be explored in this dissertation. Interestingly, studies
have found that remotely collected chair stand tests actually provide greater predictability
than those collected in the clinic [63]. Postural sway measures, however, have not been
investigated remotely prior to the work presented herein.

1.5.3. Prior Work

Prior to the completion of this dissertation work, the author completed a study
utilizing deep learning to classify fall risk from in lab walking [27]. In this analysis, one-
minute of hallway walking was found to provide excellent fall classification performance,
with an area under receiver operator characteristic curve (AUC) of 0.88, when using the
data from a thigh and chest accelerometer as input to deep learning models. This approach
outperformed other feature-based gait approaches and other clinical methods. However,

when this model was applied to remotely collected data in PwMS, the results were very



poor, with an AUC of 0.40. This result provided the motivation for the work presented
herein.
1.6. Purpose of Work

The purpose of this work is to address the challenges of remote monitoring to allow
for robust assessment of gait and balance impairment related to fall risk in persons with
MS. This will be investigated using a data analysis platform developed by the author to
characterize gait and postural sway remotely. In doing so, several questions will be
investigated. Does remote walking duration affect gait and fall risk assessment? How much
data is sufficient for remote monitoring? Can metrics of postural sway be measured from
the chest? Is there a more sensitive way to calculate measures of postural sway? And
finally, can remotely collected postural sway classify fall risk and demonstrate clinical

utility?



CHAPTER 2: OPEN-SOURCE DATASET REVEALS RELATIONSHIP
BETWEEN WALKING BOUT DURATION AND FALL RISK
CLASSIFICATION PERFORMANCE IN PERSONS WITH MULTIPLE
SCLEROSIS.
2.1. Introduction

Over 50% of falls result in injury and 66% of first-time falls require a visit to the
emergency department, reducing quality of life and yielding an estimated annual healthcare
cost of $80 billion in the United States alone [5]. Of the 2.3 million PWMS globally, over
half will experience a fall in any three-month period [64]. As MS is a chronic condition,
injurious falls pose a substantial and long-term burden to patient quality of life and the
healthcare system [65].

Given these impacts, effective fall prevention is critical. Fall risk in PWMS is
difficult to assess as it is known to vary both within and across days. Fall risk may be
elevated in the absence of an assistive device (e.g., walking sticks) [66] or during balance-
challenging tasks, such as walking, position transfers, and changes of direction [67].
However, current clinical assessments often only occur once every six months; an
observation frequency incapable of capturing the true time-varying nature of symptoms in
MS, limiting the ability to prescribe preventative interventions [7]. There is a clear need
for novel assessments that are sensitive to this inherent variability and that can capture the
relationship between symptom fluctuations and fall risk. One approach is for assessments
to incorporate continuous monitoring in free-living conditions, which provide far more
than a twice-per-year snapshot of symptoms, and advanced machine learning techniques

that can effectively capture the complex relationship between these movement data and fall



risk.

With the growing availability of wearable sensor data, it may now be possible to
leverage machine learning, and particularly deep learning models, to learn high-level
outcomes like fall risk directly from raw sensor data without manual feature engineering
[68], [69]. Studies employing deep learning for time series classification tasks, such as our
prior work classifying fall risk in PwWMS from in-lab measurements [27] and work from
others to detect falls and classify fall risk in non-MS populations with balance and mobility
impairment [70]-[78], have found superior results when compared to machine learning
techniques that rely on manually-constructed features. Notably, these results are achieved
despite the significant amounts of data needed for training deep learning models. It is
possible that given larger available datasets, performance of these models could improve
further, but the accumulation of these large datasets remains a barrier to entry for many
into the use of deep learning models for characterizing fall risk.

Remote gait monitoring in PWMS may enable continuous fall risk assessment and
the deployment of personalized fall prevention interventions. In this approach, data from
individual walking bouts could inform fall risk status instantaneously. This vision has
motivated the development of fall risk classification models that require only wearable
sensor data from a single gait bout as model inputs [27], [79], [80]. However, deploying
these models remotely comes with additional challenges that may impact model
performance. For example, it is well established in PwMS [62], [81], [82] and other
populations [83]-[85] that gait observed in the clinic differs from gait observed remotely
(especially for gait speed-dependent variables). Similarly, studies in older adults [86] and

PwMS [62] have also discovered that gait parameters change with walking bout duration.



However, it is currently unclear how walking bout duration relates to fall risk in PwWMS
[66], [86], and this has not been evaluated in previous development of fall risk
classification models [27], [79], [80].

The primary objective of this work is to share a new, open-source dataset that can
help other research groups develop digital biomarkers of impairment and fall risk in PwMS.
In service to this objective, we present a framework for remote gait analysis on this dataset
and use it to examine how gait parameters and fall risk classification performance, based
on feature-based machine learning and stride acceleration based deep learning methods,
change in relation to walking bout duration in PwMS.

2.2. Materials and Methods
2.2.1. Dataset: Subjects and Protocol

A sample of 38 PwWMS (21:17 fallers:non-fallers; 12:27 Male:Female, mean +
standard deviation age 51 + 12 y/o), recruited from the Multiple Sclerosis Center at
University of Vermont Medical Center participated in this study (exclusion: no major
health conditions other than MS, no acute exacerbations within the previous three-months,
ambulatory without the use of assistive devices). PWMS who self-reported to have fallen
within the previous six-months were characterized as fallers based on the criteria “consider
a fall as an event where you unintentionally came to rest on the ground or a lower level.”
All participants were asked to return for two additional identical study visits six-months
and one-year following their initial visit. Of the 38 original cohort, 28 returned for a six-
month follow-up (15:13 fallers:non-fallers; 8:20 Male:Female), and 15 returned for a one-
year follow-up (6:9 fallers:non-fallers;6:9 Male:Female). Patients completed self-reported

6-month fall history each visit, allowing their fall status to change at subsequent visits. The



high attrition rate observed in this study was largely due to the COVID-19 pandemic, as 3
six-month and 11 one-year follow-ups were cancelled for this reason.

On the day of testing, subjects provided written informed consent to participate in
the study. A neurologist with subspecialty expertise in MS completed the Expanded
Disability Status Scale (EDSS) for each subject [87]. Subjects were asked to complete the
our fall history survey: Fall Trips and Slips 6-month Survey, Activities-specific Balance
Confidence Scale (ABC) [22], Modified Fatigue Impact Scale (MFIS) [23], Neurological
Sleep Index (NSI) [88], and Twelve Item MS Walking Scale (MSWS) [25]. Two missing

NSI entries in the clinical survey data were filled using k-nearest-neighbors (n=3) [89].

Table 1 reports demographics of the sample.

Table 1: Subject Demographics

Visit Assessment Fallers Non-faller
N 21 17
Age 56.0 (9.05) 45 (12.92)
Sex SM:16F TM:10F
) ABC 75.0 (18.8) 91.4 (15.5)
Initial EDSS 3.3 (1.4) 2.3 (1.0)
MFIS 39.8 (17.9) 29.2 (16.7)
MSWS 55.0 (23.3) 27.5(11.5)
NSI 56.6 (17.2) 46.6 (22.2)
N 15 13
Age 55.3 (10.3) 44.2 (14.0)
Sex 4AM:11F 4M:9F
ABC 73.8 (14.1) 90.1 (11.5)
6-month EDSS 3.3(1.3) 2.0 (0.8)
MFIS 41.0 (17.2) 25.1(19.5)
MSWS 46.0 (22.3) 31.3 (14.0)
NSI 58.9 (23.3) 42.6 (23.2)
N 6 9
Age 57.0 (9.7) 49.9 (10.8)
1-year Sex 4M:2F 2M:7F
ABC 72.3 (22.0) 79.3 (17.1)
EDSS 3.6 (1.6) 2.3 (1.1)
MFIS 38.5 (14.4) 35.9 (18.9)
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MSWS 59.7 (24.4) 38.7 (12.3)
NSI 43.0 (23.4) 60.6 (13.0)
Mean (standard deviation) of survey results partitioned by fall status. ABC: Activity-
Specific Balance Confidence; EDSS: Expanded Disability Status Scale; MFIS: Modified
Fatigue Impact Scale; MSWS: MS Walking Scale; NSI: Neurological Sleep Index; N:
number of subjects in group

Subjects performed several activities in the lab completed in the following order:
right and left tibialis anterior maximum voluntary contraction, timed-up-and-go (TUG) [1],
timed 25-foot walk test [90], 30-second chair stand test [91], lying to standing transition,
three separate two-minute standing tests: tandem standing, feet shoulder-width apart eyes
open, and feet shoulder-width apart eyes close, one-minute hallway walk at a self-selected
pace including one turn, 30-second normal standing, 30-second upright sitting, 30-second
slouch sitting, and 30 seconds each lying on back, left side, right side, and prone. During
the lab visit, subjects were instrumented with MC10 BioStamp sensors. Accelerometer
(31.25 Hz, £16G) and electromyography (1000 Hz) were collected from the right and left
tibialis anterior. Accelerometer (250 Hz, £16G) and angular rate gyroscope data (250 Hz,
+2000°s) were collected from the chest and lower back as well as bilaterally from the
anterior thighs, proximal lateral shank, and dorsal aspect of the feet. Electromyography
was collected to allow the investigation of foot drop, a common cause of falls in PWMS
[92]. Detailed placement information can be found in Table 2. At the conclusion of the lab
visit, the participants were sent home with two MC10 BioStamp sensors for 48 hours
located on the medial chest and right anterior thigh measuring acceleration (31.25 Hz +
16G) placed in accordance with Table 2. Data from these sensors were recorded throughout
the subject’s daily life. These deidentified data are available at

https://simtk.org/projects/msense_ms_adls. This protocol was approved by the University
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of Vermont’s Institutional Review Board (CHRMS 18-0285). Portions of this dataset have
been used previously to support the development of approaches for characterizing fall risk
from lab-based gait and from in-lab and remotely tracked thirty-second chair-stand tests
[27], [29], [63]. In these studies, raw gait data collected in lab and deep learning models
were able to adequately classify fall risk, and chair-stand-tests conducted remotely and in

lab provided similar levels of fall risk classification performance.

Table 2: Sensor Placement

Location Sensing Modality 1 ~ Sensing Modality 2 Placement Details

Secured to sternum just

Medial Chest  Accel: 250 Hz, £16G Gyro: 259 Hz, below sternoclavicular
+2000°/s .
joint.
) Gyro: 250 Hz, Between or just above
Sacrum Accel: 250 Hz, £16G 120005 PSIS
Anterior ) Gyro: 250 Hz, Anterior aspect of thigh
Thigh (R/L) Accel: 250 Hz, £16G +2000°/s ~25% from knee to hip
Proximal ) Secured to proximal
Lateral Shank Accel: 250 Hz, £16G Gyi;b%f)?/?z’ lateral shank, ~4 fingers
(R/L) below fibular head
Tibialis
. Accel: 31.25 Hz Placed on muscle belly
Anterior ’ EMG: 1000 Hz .
(R/L) +16G (widest part) of TA
Dorsal Foot ) Gyro: 250 Hz, Placed on metatarsals 2-
(R/L) Accel: 250 Hz, £16G 120005 4

R/L: sensor placed symmetrically on right and left side of body; Accel: acceleration; EMG:
electromyography; Gyro: gyroscopic data (angular velocity); PSIS: posterior superior iliac
spine; TA: tibialis anterior.
2.2.2. Remote Gait Analysis
An overview of the remote gait analysis pipeline is presented in Figure 1. The
depicted framework begins with acceleration gathered from the BioStamp sensors located
on the thigh and chest followed by activity classification (e.g. finding walking), event

detection within walking bouts, feature extraction, and finally analysis. Each aspect of this

pipeline (gait bout identification, stride detection, parameter extraction, and analysis) are
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discussed in more detail below. In terms of analysis, we examine the impact of context and
bout duration on discriminating fallers from non-fallers, and on the performance of feature-
based and deep learning methods for classifying fall risk. These analyses are only

performed on the data from the initial study visit (n = 38).

Figure 1: Pipeline for free-living gait analysis from BioStamp nPoint wearable
sensor data.
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Pipeline for free-living gait analysis from BioStamp nPoint wearable sensor data. Activity
classification is performed via deep neural network (BiLSTM architecture) on windows of
accelerometer data sampled from the chest and thigh. Walking bouts are extracted from the
resulting activity timeseries and gait events are identified using previously validated
approaches to detect strides. Gait parameters are extracted from each walking bout and
used for further analysis.
2.2.3. Activity Classification

Activity classification was carried out with wearable sensor data from the chest and
thigh. Gait bouts were identified using a deep learning approach that leverages a Long
Short Term Memory (LSTM), a type of recurrent neural network for analyzing time series
data, architecture adapted from [93]. Specifically, the network is composed of a single
Bidirectional LSTM (BiLSMT) layer with 215 hidden units [94], a 40% drop out layer

[95], and Adam optimization [96]. This classifier was developed using 58% data from

PwMS, 26% from healthy adults, and 16% from persons with Parkinson’s Disease to
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provide a wide variety of example gait and non-gait data for training. Data labeled as gait
were sampled from prescribed slow, comfortable, and fast walking trials completed
overground, as well on a treadmill for healthy adults. Data labeled as non-gait were
sampled from standing, sitting, lying, running and stair ascent and descent. Ten-fold cross
validation was conducted on the training set consisting of 20,000 4-second observations
(50:50 gait:non-gait) yielding validation accuracy of 98.5%. Performance on a held-out test
set consisting of 3,000 observations (50:50 gait:non-gait) was 98.4%, providing evidence
that the classifier is well positioned to be used on new datasets. This network was then
leveraged to identify all walking bouts completed by all subjects during the 48-hour free-
living wear period. Walking bouts were identified by classifying 4-second segments of
data, where consecutive walking segments were concatenated into a single bout.
2.2.4. Stride Detection

Following walking bout identification, strides were extracted using the method
described and validated in [97], [98]. At a high level, this stride extraction method estimates
step and stride frequency from the power spectral density of the thigh accelerometer signal.
A filter bank based on these frequencies then provides the signals used to identify foot-off
and foot-contact events from specific signal features. This algorithm has been validated on
a wide range of walking speeds, 0.56-1.78 m/s [98], which covers the expected range of
walking speeds for PwWMS [99]. Bouts with fewer than two extracted strides were removed
automatically before proceeding with the analysis that follows.

2.2.5. Gait Parameter Extraction
Following walking bout and stride identification, the following features were

calculated for each stride and averaged for each bout; stance time, swing time, stride time,
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coefficient of variation of stride time (stride time CV), duty factor, and coefficient of
variation of duty factor (duty factor CV) [97]. The remaining features were calculated on
the entire bout: Root mean square of the anterior-posterior acceleration from the chest
sensor (RMS AP) [100], medial-lateral frequency dispersion of the chest sensor (Freqd
ML) [100], and the entropy ratio between the thigh and chest [101]. Lyapunov exponent of
the medial lateral (Ly ML) and anterior-posterior (Ly AP) chest sensor were calculated for
gait bouts longer than 60 seconds [100].

The features mentioned above were selected based on previous literature that
demonstrates their association with MS-induced gait impairment and fall risk. Stance time,
swing time, and stride time have been shown to be significantly correlated with patient
reported walking impairment in PwMS [102]. Stride time, duty factor [103], RMS AP, and
Freqd ML have been shown to identify differences in walking impairment between PwMS
and healthy controls [100]. Stride time CV has been shown to be strongly associated with
fall risk in PwMS [104]. Non-linear measures, entropy ratio [101] and Lyapunov exponent
in the ML and AP directions of chest acceleration [100], have been shown to capture gait
stability in PwMS.

2.2.6. Walking Content and Bout Duration Analysis

Gait parameter data were grouped into one of three categories based on the duration
of the walking bout from which they were extracted: short — 8 seconds or shorter; medium
— 12-28 seconds; or long — 32 seconds or longer. These durations were based on results
reported in other examinations of free-living gait [105]. Comparisons to gait parameters
derived from lab-collected hallway-walking data and combined home data, grouped as all,

were also made, see Table 4. Bouts where strides could not be identified or with
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physiologically impossible values, defined as two standard deviations above and below the
population average stride time, were deleted (496 removed in total). Gait parameters for
each walking bout in each duration were summarized using mean, median, max, min,
standard deviation, 5™ percentile, and 95" percentile for each subject.

Group differences in each of the gait parameters were identified using Wilcoxon
Rank Sum tests between fallers and non-fallers at each bout duration and between in-lab
and free-living contexts. A significance threshold of @ = 0.05 was used for all statistical
testing.

2.2.7. Feature-based Fall Risk Classification

Statistical models that require extracted features for discriminating between
individuals at high and low risk for falls were trained and tested on five different feature-
sets: gait parameters calculated on short, medium, and long gait bouts, all free-living gait
bouts, and in-lab gait data. These feature-sets contained one entry per identified valid
walking bout. Classifier performance was established using leave-one-subject-out cross
validation (LOSO-CV). In this approach, data from all but one participant (N = 37) were
partitioned into a training dataset while data from the remaining subject was used for
testing. This process was repeated until data from each subject had been included in the
test set. The LOSO-CV approach ensures the model was tested on subjects it had not
previously seen, which provides a realistic estimate of how the model would perform
during real-world use. The normalized posterior probabilities, known as the decision
scores, assigned to the held-out subject were combined to calculate an overall model
performance by considering the area under the receiver operating characteristic curve

(AUC). AUC was chosen as the main performance metric because it provides a
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comprehensive measure of how well a classifier is able to discriminate between groups
without selecting a specific threshold and allows the results to be compared to other studies.

Features were normalized using z-scores then reduced using principal components
analysis (PCA) within each iteration of the LOSO-CV. Prior to feature reduction, short,
medium, and all-bouts have 8§ features per input, long bouts have 9 features per input, and
lab bouts have 11 features per input. To explain the discrepancy in the number of features,
note that Entropy Ratio is computed for the long bouts and Entropy Ratio, Lyapunov
Exponent AP-direction, and Lyapunov Exponent ML-direction are computed for lab
walking. The principal components that explained 95% of the variance of these reduced
feature sets were extracted, resulting in approximately 6 principal components for each
home walking duration and 7 principal components for lab data. The reduced feature sets
were then used to train Logistic Regression (LR) [106], Support Vector Machine (SVM)
[107], Decision Tree [108], K-Nearest Neighbors (KNN) [109], and Ensemble of Trees
(ENS) [108] binary statistical classification models to discriminate between subjects at
high and low fall risk. A variety of model types were used to capture different relationships
in the feature space, as each model excels with different shaped feature spaces [110].
Similar modeling approaches have been used previously to assess fall risk, as the fall risk
of non-fallers is considered low and fallers high [27], [111]. Model hyperparameters were
optimized with MATLAB’s Optimize Hyperparameters feature, with no access to test data,
for each input feature set to provide the highest classification performance in terms of

AUC.
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2.2.8. Deep Learning Fall Risk Classification

Based on previous literature [27], we also developed deep learning models for
classifying walking fall risk. As used previously, we leveraged Long Short-Term Memory
(LSTM) networks for this analysis. In our prior work, we demonstrated that the best
classification performance was achieved considering four strides of data per input to the
model, and showed that model performance changed with the number of strides considered
[27]. For our analysis, we first optimized our networks to provide the best performance
using four strides per input. This was done by extracting every walking bout with four or
more strides and concatenating every consecutive, non-overlapping, four strides into a
model input. These inputs contain three channels of raw acceleration from both the thigh
and chest sensor from sequential strides. These data were arranged as a 6xN cell array,
where the six represents the number of acceleration channels from both sensors and N
represents the lengths of each stride summed. In the example case of a four-stride input,
each input consisted of the thigh and chest acceleration from extracted stride 1
concatenated with the data from stride 2, then 3 and 4. Model outputs were a decision
score for each input representing the posterior probability that the input belonged to a given
class. Models were trained using LOSOCV, where n = 36 for training, n = 1 for validation,
and n = 1 for testing for each training iteration (n = 35). A modified LOSOCV procedure
was used for the deep learning methods to include an additional validation set to investigate
the impacts of 18djustting the number of training epochs; note, this method ensures that all
data from a given subject is only included in one of the training, validation, or test sets.
Using four stride inputs, we optimized our model over the number of LSTM or

Bidirectional LSTM (BiLSTM) layers, training epochs, and number of hidden units based
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on the validation performance. The best two models were then selected and used to train
inputs with one through twenty-two strides. The model referred to as LSTM 2 consisted of
the following layers: an LSTM layer with 290 hidden units, 30% dropout, BILSTM layer
with 10 hidden units, 40% dropout, a fully connected layer, and softmax. The model
referred to as LSTM 3 consisted of the following layers: an LSTM layer with 85 hidden
units, 55% dropout, an LSTM layer with 85 hidden units, 55% dropout, an LSTM layer
with 235 hidden units, 45% dropout, a fully connected layer, and softmax. The models
were trained for 55 and 125 epochs, respectively, and both utilized Adam optimization.
Model denoted as ABC contained the subjects’ ABC score in the model inputs.
Performance was assessed using area under the receiver operator curve (AUC) from the
held-out test set for individual input predictions and for an aggregated model performance
using the median classification from each subject.
2.3. Results

A total of 15,097 free-living walking bouts were analyzed, with 9,135 (61%)
identified as short, 4,840 (32%) as medium, and only 1,122 (7%) as long. Gait parameters
differed considerably between bout lengths (Table 3). Notably, stride time CV, swing time,
duty factor CV, RMS AP, and Freqd ML were significantly different between all bout
durations. Stride time CV and RMS AP increased, and Freqd ML decreased with increasing
duration. The increase in stride time CV at home may indicate greater stride to stride
variability. Swing time of short and medium bouts was similar and greater than that
observed during long bouts. Collectively, the increase in motion in the direction of travel
and decrease in lateral motion implies that PwMS walk with greater stability during longer

walking bouts.
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Table 3: Difference of Medians Testing for Free-Living Gait Parameters from
Differing Bout Lengths

Comparison Feature Median 1 Median 2 p-value
Stride Time 1.16 1.16 0.460

Stride Time CV 0.067 0.085 <0.001
Stance Time 0.71 0.71 0.644
Swing Time 0.44 0.45 0.012
48vs.12:28 U or 0.62 0.62 0.025

Duty Factor CV 0.042 0.054 <0.001

RMS AP 0.14 0.14 <0.001

Freqd ML 0.62 0.60 <0.001

Stride Time 1.16 1.12 <0.001

Stride Time CV 0.067 0.079 <0.001

Stance Time 0.71 0.69 <0.001

Swing Time 0.44 0.42 <0.001
4-8 vs. 32+ Duty Factor 0.62 0.62 0.005

Duty Factor CV 0.04 0.051 <0.001

RMS AP 0.14 0.15 <0.001

Freqd ML 0.62 0.55 <0.001

Stride Time 1.16 1.12 <0.001

Stride Time CV 0.085 0.079 <0.001

Stance Time 0.71 0.69 <0.001

12-28 vs. Swing Time 0.45 0.42 <0.001
32+ Duty Factor 0.62 0.62 0.081
Duty Factor CV 0.054 0.051 0.011

RMS AP 0.14 0.15 <0.001

Freqd ML 0.61 0.55 <0.001

Rank sum test with level of significance a = 0.05, significant results bolded and italicized.
Stride, swing, and stance time in seconds; Freqd ML in Hz; RMS AP in g; Duty Factor is
unitless.

Significant differences between home and lab walking were found for all bout
durations (Table 4). Freqd ML was significantly higher in free-living than in-lab conditions
for all walking durations, with the shorter durations showing the largest differences. Stride
time was also increased in free-living gait, with significant differences found in short,
medium, and combined walking durations. As expected, these results imply that longer
free-living walking bouts are the most similar to those completed in the lab, however,

significant differences in the longer bouts remain. Specifically, the long free-living bouts
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have significantly higher entropy ratios, and Lyapunov exponents in the AP direction than

those completed in the lab — each of which indicates a decrease in stability in free-living

situations.

Table 4: Difference of Medians Testing for Free-Living and in Lab Gait Parameters

from Differing Bout Lengths

Comparison Feature Median Med.la.n p-value
In-lab Free-living
Stride Time 1.11 1.16 <0.001
Stride Time CV 0.06 0.067 0.030
Stance Time 0.69 0.71 0.001
Swing Time 0.42 0.44 0.045
Lab data vs 4-8 Duty Factor 0.62 0.62 0.473
Duty Factor CV 0.045 0.042 <0.001
RMS AP 0.14 0.14 0.641
Freqd ML 0.55 0.62 <0.001
Stride Time 1.11 1.16 <0.001
Stride Time CV 0.06 0.085 <0.001
Stance Time 0.69 0.71 0.001
Lab data vs. 12- Swing Time 0.42 0.45 0.014
28 Duty Factor 0.62 0.62 0.979
Duty Factor CV 0.045 0.054 0.050
RMS AP 0.14 0.14 0.538
Freqd ML 0.55 0.60 <0.001
Stride Time 1.11 1.12 0.160
Stride Time CV 0.060 0.079 <0.001
Stance Time 0.69 0.69 0.206
Swing Time 0.42 0.42 0.312
Duty Factor 0.62 0.62 0.776
Lab data vs. 32+ Duty Factor CV 0.045 0.051 0.050
RMS AP 0.14 0.15 0.042
Freqd ML 0.55 0.55 0.205
Lyapunov AP 0.006 0.014 <0.001
Lyapunov ML 0.013 0.012 0.194
Entropy Ratio 1.78 2.55 <0.001
Stride Time 1.11 1.16 <0.001
Stride Time CV 0.060 0.064 0.821
Stance Time 0.69 0.71 0.002
Lab data vs All Swing Time 0.42 0.44 0.037
home data Duty Factor 0.62 0.62 0.673
Duty Factor CV 0.045 0.042 0.195
RMS AP 0.14 0.14 0.948
Freqd ML 0.55 0.61 <0.001
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Unit of stride, swing, and stance duration is seconds. Unit Freqd ML is Hz, RMS AP is Vg,
and Duty Factor is unitless. All p-values found using a rank sum test using a significance
threshold of 0.05, significant results are bolded and italicized.

Significant differences between the gait parameters of fallers and non-fallers were
observed for short and long walking bouts as seen in Table 5. Notably, in short walking
bouts, we see fallers have a lower RMS AP, signifying higher impairment as expected
[100]. This suggests short and long walking bouts are more sensitive to fall risk compared
to medium duration walking bouts. Fall classification models trained on the gait parameters
explored in this study performed best on lab walking bouts and short walking bouts when

considering home walking only (see AUC of knn for 8-seconds or less in Fig. 2).

Figure 2: Fall Risk Classification Model AUC for Short Home, Medium Home,
Long Home, All Home, and In-Lab Walking Bouts
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Table S: Significant Differences of Medians of Gait Parameters for Fallers vs Non-
Fallers from Differing Bout Lengths

Bout . Median
Duration Feature Median Faller Non-faller p-value
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Max RMS AP 0.25 0.36 0.012

4.3 Med RMS AP 0.13 0.15 0.019
Mean RMS AP 0.14 0.15 0.019
95 P RMS AP 0.20 0.22 0.037
12-28 No significant differences
5% P Duty Factor 0.57 0.58 0.017
Mean Duty Factor 0.61 0.62 0.017
Med Duty Factor 0.61 0.63 0.018
30+ Max Duty Factor 0.65 0.66 0.029
Max Stance Time 0.79 0.86 0.033
95% P Duty Factor 0.64 0.65 0.038
Min Entropy Ratio 1.06 0.92 0.039
Med Swing Time 0.43 0.43 0.040

Unit of step, swing, and stance duration is seconds. Unit Freqd ML is Hz, RMS AP is Vg,
and Duty Factor is unitless. All p-values found using a rank sum test using a significance
threshold of 0.03, significant results are bolded and italicized. 5% or 95" P: 5% or 95%
percentile; Med: Median.

The best overall feature-based fall classifier was a decision tree model using lab
walking bouts. Performance of this model was characterized by an AUC of 0.70. The best
performing feature-based home fall classification model was a KNN with short bout inputs
achieving an AUC of 0.63. The KNN model also performed best for medium walking
bouts, and all home walking bouts, providing AUCs of 0.52 and 0.59 respectively. The best
performing feature-based model on long home walking bouts was the LR model, with an
AUC of 0.54. The best performing deep learning model was the LSTM 2 trained on inputs
with 22 strides with ABC for all walking bouts using the median aggregation of all
classifications at home with an AUC of 0.76. The best performing non-aggregated model
was LSTM 3 with ABC trained on input with three strides from all walking bouts. Detailed
performance of the models can be found in Table S1, located in the appendix. Figure 3
reveals that when using the median aggregation, the performance of the medium bouts sees

a notable improvement compared to the other bout lengths, suggesting that the aggregation

may be reducing some of the noise inherent in that walking duration. Figure 4 shows the
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performance of each model relative to its input size, which seems to show that short,
medium, and long bouts continue to increase their performance with dataset size. In
contrast, the all-bouts models seem to achieve stable performance levels as dataset size is

increased.

Figure 3: Fall risk classification model AUC for best performing deep learning model
from short, medium, long, and all walking bouts for 1-5 inputs per stride without
aggregation (left) and with median aggregation (right).
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Figure 4: Fall risk classification model AUC for LSTM 2 ABC and LSTM 3 ABC for
all stride durations colored by bout length, short (blue), medium (pink), long (red),

and all (black), plotted against the training set size for each model.
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Fall risk classification model AUC for LSTM 2 ABC and LSTM 3 ABC for all stride
durations colored by bout length, short (blue), medium (pink), long (red), and all (black),
plotted against the training set size for each model showing increasing performance,
increasing exponential fits, for several model/bout configurations with data set size. Notice
the stronger increasing trends in the right LSTM 3 plots in all and long bouts compared to
the LSTM 2 plot. Additionally notice the increase in slope of short LSTM 2 compared to
short LSTM 3. This suggests that the larger models are needed to capture variability in
longer bouts and smaller models perform better with shorted bouts. Note, the medium trend
(not shown) was strongly increasing for both LSTM 2 and 3.

The impact of these results is twofold. First, considering the feature-based methods,
these models show that overall fall risk is best predicted by lab walking and that for free
living gait fall risk is best predicted by considering short-duration walking bouts. Second,
we show that deep learning models trained on raw stride data perform better on home data
when considering all bouts and using a larger number of strides per input. As the strides
per input increase, the gait is likely more similar to steady-lab walking than variable free-

living walking. With this hypothesis, both the feature-based models and deep learning
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modeling reach a similar conclusion (supported by Table 4), namely that many consecutive
clean strides are needed to classify fall risk using this framework. Figure 4, however, shows
that the performance of both models using medium, and all bouts seems to increase with
dataset size. Short bouts using the LSTM 2 model also appear to show and increasing
performance with more data, however, the limited range of data set sizes for small data
limits the ability to find trends. Performance using long bouts is better captured using a
larger model such as LSTM 3 which shows improvement with increasing data set size
compared to the smaller LSTM 2 model where this trend does not exist. These trends,
however, suggest that the addition of more data, and perhaps models that can better account
for the variability may provide better performance.
2.4. Discussion

In this paper we present a novel wearable sensor dataset collected from PwMS.
This dataset includes data from a supervised laboratory visit, neurologist assessments,
patient reported measures, and an unsupervised monitoring period for each PwMS. Novel
findings from the in-lab period of this study have found walking and 30-second chair
stand tests to be indicative of fall risk [27], [29]. Analysis of free-living 30-second chair
stand tests and posture transitions have also revealed relationships with fall risk and
impairment [63]. Herein, we presented a preliminary analysis of walking in the free-
living environment as it relates to fall risk and differing lengths of walking bouts.

The main finding from this study is that both gait bout length and environment
influence wearables-based fall classification in PWMS. Specifically, the best performance
overall was observed for classifiers that use lab data or long, steady walking bouts that are

similar to the lab (Fig. 2 and Table A1). The best performing feature-based model on free-
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living data was trained on short walking bouts, suggesting that short free-living bouts may
be worth further exploration with a more nuanced feature-set. Our best un-aggregated deep
learning model was trained on 3-stride inputs from all bouts. We hypothesize this
performed best because deep learning models require a large amount of data to train and
considering all bouts allows the model access to far more data than just the short bouts.

Compared to other fall risk classification studies, the performance of our remote
fall risk classifier is on par with many lab-based studies, but still lags behind the best
approaches. In-lab studies have achieved AUCs between 0.73 and 0.79 in older adults
[112]. In PWMS an in-lab study using the dynamic gait index achieved an AUC of 0.80
[55] and our prior work, where a deep learning model was used on walking data, achieved
an AUC of 0.88 [27]. The difference between our previous lab-based fall risk performance
of 0.88 and the performances presented herein highlights a key challenge in using deep
learning methods on remote data. Namely, that the model must be able to reconcile the
additional variability in gait observed under free living conditions. Performance was
observed to increase with increasing dataset size in figure 4, indicating that deep learning
approaches may be able to learn appropriate representations of the data to account for this
variability, but the dataset considered here is likely not large enough. By open-sourcing
these data, we aim to allow future researchers to realize the promise of deep learning for
fall risk classification in PwMS.

Our finding that bout length and environment influence discrimination of fallers
from non-fallers is in agreement with similar gait-based classification applications in
patients with neurological disorders. For example, one study found that the features that

best discriminate between PwMS and healthy controls were different when using lab data
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and home data [113]. Similarly, other studies demonstrate that shorter walking bouts
provide better discriminative power when trying to identify a person with Parkinson’s
Disease versus healthy controls as well [105], and pace is different in free-living walking
compared to in-lab for PWMS [62].

The influence of bout length and environment on fall classification is likely related
to the observed differences in the various gait descriptors used as features in the
classification models (Tables 3 and 4). This finding contributes more generally to the
growing body of evidence that controlled in-lab observations of gait are not representative
of free-living conditions. In the current study, this discrepancy was more pronounced for
short and medium walking bouts than for long; a finding which is likely due to the fact that
the in-lab walking bout was, by our definition, a long walking bout (one-minute long).
Differences observed between gait parameters calculated at differing bout lengths (see
Table 3) show that stride, stance, and swing time decrease as bout duration increases. This
likely means that PWMS are increasing their cadence for longer walking bouts. The
observed decrease in ML frequency dispersion with increasing bout length also suggests
PwMS walk more steadily, with less lateral motion for long duration walking bouts. These
results are consistent with Storm et al., who found that gait pace significantly increased
and variability significantly decreased with increasing bout length [62]. Karle et al. found
little correlation between an in-lab 2-minute walk test and free-living walking [81]. In older
adults, Najafi et. Al observed significantly different walking strategies between short and
long walks [86]. The reason for this change in gait is unknown, however, it can be
speculated that shorter walking bouts may elicit more goal-direction actions towards

activities other than walking while longer bouts are more purposeful [105]. Further
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expanding on the involuntary nature of shorter walking bouts, subjects may be more likely
to be dual-task walking, in other words focused on more than just walking, and may be
more impacted by the start-up and stopping strides [114]. This conjecture aligns with
research on dual-task walking in PwMS that shows dual-task walking is more
discriminative of impairment than single task walking [57].

The distribution of bout length in free-living gait from the current sample (61%
short, 32% medium, 7% long) is comparable to what has been observed in Parkinson’s
disease [105]. Preliminarily, this consistency across populations may suggest a
phenomenon that is representative of free-living gait more generally. This raises important
questions concerning remote gait analysis more broadly to be investigated in future
research. For example, does bout length explain the free-living vs. in-lab discrepancy in
various gait descriptors consistently observed across multiple populations? If the observed
distribution of bout lengths does generalize, then free-living gait is generally short-bout
and less purposeful while long, purposeful walking is rare. Further, given that in-lab
investigations of gait are controlled and supervised by a clinician or researcher, they may
naturally elicit more purposeful walking from the subject (even over short distances) and
be less prone to the impacts of fatigue inherent in daily-life. Thus, differences in free-living
and in-lab gait may be explained by the fact that aggregated metrics of free-living data
(e.g., average gait speed in a 24-hour period) are dominated by those characteristic of short-
duration gait bouts (> 50%) and is influenced to a far lesser extent by metrics characteristic
of long-duration and purposeful gait bouts (< 10%).

There are several limitations to our study. First, our relatively small sample with

moderate to low impairment may not generalize to a larger population of PwMS,
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particularly PwWMS with EDSS greater than six, who were not represented in this study.
Other studies utilize different sensing modalities that provide gait speed, which was not
available with our data collection set up. Additionally, our analysis methods require a four
second window to be classified as non-walking to denote separate bouts. This definition of
what defines a separate bout may impact certain gait quantity metrics, however, our study
uses gait quality metrics which have been shown to be independent of temporal gait bout
definitions [115]. Lastly, symptoms in PwWMS are known to fluctuate over differing time
scales and thus, 48 hours may not have been a long enough collection time to provide an
accurate depiction of each participants overall mobility status [7]. Future work will be
needed to determine how gait parameters vary in PwMS on longer time scales.

With the presented dataset, we hope to alleviate one of the most challenging issues
related to human subject research with wearables: not having enough data. Publicly
available datasets gathered from PwMS are largely related to medical imaging [116]-[118]
and medication [119]. One dataset tackles a related issue: remote fall detection in PwMS
[120], however, it is lacking data from PwMS who have yet to become recurrent fallers,
preventing the investigation of gait as it relates to distinguishing fallers from non-fallers
and potentially fall-risk prediction. Utilizing the presented data, potentially with other
collected or open-source data, researchers may be able to leverage deep learning to enhance
the performance of their digital biomarkers and phenotypes, and particularly for detecting
fall risk in PWMS in both lab and free-living environments. With that said, the vision of
real-time monitoring fall risk monitoring comes with challenges such as when and how to
alert the user to an elevated fall risk, how or if to integrate with their comprehensive care,

and these data need to be protected. These are all challenges that will need to be addressed
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and researched in the future as we move towards a preventative care paradigm for falls in
PwMS and other populations with balance and mobility impairment.
2.5. Conclusion

Herein, we introduce a new open-source dataset featuring activities of daily living
and functional assessments from a lab environment as well as two days of free-living data
in PWMS. This dataset features data from PwMS with lower impairment, including
approximately half that do not yet have recurrent fall histories. As an example use case, we
present a study of gait in the free-living environment. In this study, we explored differences
in gait parameters calculated on short, medium, and long duration walking bouts.
Specifically, we investigated the significant differences between durations of home
walking and in-lab walking and fall classification performance using features calculated
from differing walking durations. Several significant differences were found between the
gait parameters at differing durations. We also demonstrated that fall risk classification
performance using gait changes based on walking bout duration. Short walking bouts, 8
seconds or less, were found to be the most discriminative, providing significant differences
between fallers and non-fallers and providing the best free-living fall classification
performance in the feature-based models. Additionally, we demonstrated that in-lab
walking gait parameters are significantly different from free-living walking, at all
durations, and that fall risk models used on remote data should be trained with remote data.
While future studies are required to assess the reliability of these findings over a longer
time period, these results suggest that remote gait analysis may benefit from focusing on

short walking bouts in future analysis.
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CHAPTER THREE: HOW MUCH DATA IS ENOUGH? A RELIABLE
METHODOLOGY TO EXAMINE LONG-TERM WEARABLE DATA
ACQUISITION IN GAIT AND POSTURAL SWAY
3.1. Introduction

Wearable sensors are increasingly common, with a vast number of uses including
health research [47], [56], [63], [121]-[128], and fitness tracking [129]-[131]. Laboratory-
based studies of features of gait and postural sway have contributed important foundational
knowledge to the field of wearable sensor-based movement tracking [59], [122], [132]-
[136]. However, they also indicate that movement characteristics measured in the lab often
do not reflect those displayed during daily life, and thus only capture a limited picture of
balance and mobility impairment [123], [137], [138]. Recent advances in wearable
technology pair improvements in battery life with conformal designs [54], allowing studies
to be deployed in the free-living environment. Work in this emerging area has focused
largely on demonstrating feasibility [139] and identifying reliable measures of gait
performance [121], [137].

Many free-living studies of balance and mobility have been conducted in older adults,
however, these studies may be more informative in certain clinical populations, such as
those with neurological disorders [47], [140]. For example, persons with multiple sclerosis
(PWMS) experience symptom fluctuations due to disease. As a result, a bi-annual clinic
visit or in-lab assessment may not capture an accurate picture of their impairment, nor its
variability [141]. In contrast, remote observation with wearable sensors could enable a
more accurate assessment of balance and mobility impairment that is sensitive to variability

over time and is captured while patients are engaging in their everyday lives. However, it

32



is not yet clear how long we must monitor these patients to capture an accurate picture of
their impairment and its variability. Prior studies have found that the necessary wear
duration for capturing measures of mobility impairment depends on the activity, metric,
and population being considered. For example, two to three days of data are required to
capture gait speed, and four days are required for capturing daily step counts in healthy
adults [138], [142]. Three days are needed for remotely monitoring chair stand tests in
healthy adults and persons with Parkinson’s disease [143]. Between two and seven days
are required for physical activity metrics (e.g., Actigraphy) depending on which metric is
being considered [ 144]-[149]. While these studies recommend sensor wear durations, there
is not an established method for arriving at these conclusions. Some studies rely on intra-
class correlations (ICC) for this analysis [ 138], [ 143]. Others use analysis of variance [146],
generalizability theory [148] (similar to ICC), or a combination of ICC and difference
testing [147]. Each of these approaches considers different aspects of the data, leading to
slightly different conclusions. Moreover, these methods do not consider how wear duration
impacts the relationship between sensor-derived parameters and other important variables
such as patient-reported measures of impairment. This burgeoning field of research has
only considered a small subset of potential wearable-derived metrics for characterizing
balance and mobility impairment and a standardized and rigorous process for evaluating
necessary wear duration remains an unmet need.

For PWMS, prior work has identified key laboratory-based measures of balance and
mobility impairment that can be derived from wearable sensor data. Spatiotemporal gait
metrics, such as gait speed and stride time, have been associated with disease severity

[137],[150] and fall risk [122]. Similarly, postural sway metrics have been associated with
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fall risk and balance impairment in PWMS [56], [151]. Given these findings, it is likely that
remote monitoring of gait and postural sway could be important in this population.
However, it remains unclear how long PwWMS must be monitored in the free-living
environment to provide reliable measurements of these parameters.

The purpose of this work is to demonstrate a comprehensive and reproducible
approach for determining the wearable monitoring duration needed to capture an accurate
picture of impairment and its variability. We aim to establish this minimum monitoring
period to balance patient burden, convenience, and cost. We apply this approach to study
the impact of wear duration on postural sway and gait measures in PwMS.

3.2. Materials and Methods

An overview of the approach used for studying the wear duration required for
capturing gait and balance impairment and its variability with wearables in a sample of
PwMS is provided in Figure 5. As depicted, we remotely collected data from PwMS, used
a classification model to identify period of walking and standing, computed metrics of gait
and sway, and then performed our analysis of wear duration. The sample and associated
experimental protocol are detailed in Section 3.2.1. The framework for detecting walking
and standing bouts and extracting associated balance and mobility performance parameters
is presented in Section 3.2.2. Finally, the three-stage wear duration analysis is presented in

Section 3.2.3 along with details for how it was implemented in this study.
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Figure 5: Overview of approach for wear duration analysis.
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Accelerometer data were collected from BioStamp nPoint® (Medidata) devices worn on
the chest and bilaterally on the thighs by a sample of persons with multiple sclerosis
(PwMS) for six-weeks. Sensors were worn for all hours of the day during monitoring
periods. A deep learning approach was used to detect bouts of walking and standing from
which performance measures were extracted. Measures were analyzed through a three-
stage process to determine the number of days of wear required to capture an accurate
picture of impairment and its variability.

3.2.1. Participants and Protocol
Herein we consider data from 22 PwMS (5:16 Male:Female, mean + standard
deviation age 51 + 9 y/o) recruited from the Multiple Sclerosis Center at University of
Vermont Medical Center and from the University of Vermont’s IDEAL for MS Program
(inclusion: no condition affecting balance and mobility other than MS, ambulatory without

aid, no known skin hypersensiveity to adhesives or hydrogel, not preg-t or breastfeeding).

Participants were asked to complete biweekly at-home sensor wear for 12 weeks,
yielding six weeks of sensor data for analysis. All participants completed at least two-
weeks of monitoring (n=22), 21 participants completed five weeks and 19 completed all
six weeks of monitoring. During the sensor wear weeks, participants were asked to

complete a daily 30-second chair stand test, a one-minute walk, and a 30-second standing
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balance assessment (upright and still for 30-seconds). Each evening participants were
asked to complete a daily falls survey and the Acitivity-Specific Balance Confidence
assessment (ABC) [22]. At the end of each non-sensor wear week, participants were asked
to complete the Modified Fatigue Impact Scale (MFIS) [23] and 12 item Multiple Sclerosis
Walking Scale (MSWS) [25]. This timing was chosen because these surveys ask
participants to recall the past two weeks. During active sensor wear weeks, participants
were instrumented with BioStamp nPoint sensors for all hours of the day located on the
left upper chest, and bilaterally on the anterior aspect of each thigh collecting acceleration
(31.25 Hz, £16G) and electromyography (250 Hz) data. This sensor system is FDA cleared
and details of these sensors has been perviously disucssed [152]. Data from the sensors was
saved locally on the sensors and then uploaded to the nPoint cloud via a provided dock
following a daily sensor change. Participants were also asked to fill out the Patient-
Determined Disease Steps (PDDS) following the completion of their monitoring period
[153]. Due to the remote nature of the study, patient disability was assessed with PDDS
instead of a neurologist-conduct Expanded Disability Severity Assessment [154]. The
mean (std) survey results for our cohort are as follows: PDDS 0.88 (1.05); ABC 77.6 (21.9);
MFIS 28.3 (16.1); MSWS 19.1 (7.1). This protocol was approved by the University of

Vermont’s Institutional Review Board (CHRMS 21-0401).
3.2.2. Remote Analysis Pipeline

Periods of walking and standing were identified in the wearable accelerometer data
from each participant using a classification model described previously [123]. Briefly, this
model uses a deep learning approach where windows of raw accelerometer data from the

thigh and chest are classified as walking, standing, sitting, lying or other using a model
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with two Long-Short-Term-Memory layers [123], [155]. This model was trained on over
100,000 four-second observations of acceleration from a different cohort of PWMS, healthy

adults, and persons with Parkinson’s disease resulting in a validation accuracy over 96%.

Following activity classification, gait events were identified using the thigh
acceleration-based method described in previous work [98], [121]. Walking bouts with two
or more valid strides were used for analysis. Temporal, stability, and asymmetry measures
of gait were extracted from each bout. The temporal gait parameters (computed for each
stride and averaged across the bout) considered were stride duration, stance duration, swing
duration, duty factor and double support duration [121]. The gait asymmetry parameters

considered were duty factor asymmetry (normalized using the L1-norm, Asymmetry =

|Right—Left|
0.5(|Right|+|Left])

), an affine transformation of the correlation between right thigh and left

thigh raw acceleration such that a result of one corresponds to a correlation of zero with
the transformation (Correlation Asymmetry = 0.5 * (1 — corr(right,left)), and
asymmetry of an ensemble average of stride acceleration between the right and left leg
normalized by the L1-norm method (Acceleration Asymmetry) [121]. The gait stability
parameters considered were the root-mean-square (RMS) of the anterior-posterior (AP)
acceleration (RMS AP), frequency dispersion of the media-lateral (ML) acceleration [135],
entropy ratio between the trunk and thigh [156], and Lyapunov Exponent of the AP and
ML directions [135]. The entropy ratio was only calculated for walking bouts longer than
30 seconds, and the Lyapunov Exponent was only calculated for walking bouts longer than

one minute. Entropy ratio asymmetry normalized using the L1 method was also calculated.
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3.2.3. Wear-time Analysis

We propose a three-stage process for analyzing the wear duration required for
capturing impairment and its variability with wearables. The stages include 1) difference
testing, 2) intra-class correlation (ICC), and 3) correlation to established clinical measures.
These three stages fit nicely into the emerging framework for identifying digital medicine
technologies that are fit for purpose [140], [157]. Specifically, Stages 1 and 2 are key
aspects of Analytical Validation, which aims to establish the performance of algorithms
that translate raw sensor data into measures of human physiology or behavior. Stage 3 is a
key aspect of Clinical Validation, which aims to demonstrate that a digital medicine
technology captures the phenotype of interest in the intended clinical population. To inform
the proposed three-stage analysis, the researcher must first partition their dataset into
candidate wear durations (e.g., 1 hour, 1 day, 1 week, 1 month) and choose a duration
(baseline) they aim to compare against. The baseline should be a wear duration that is
expected a priori to capture impairment and its variabilty for the measures being
considered. In Stage 1, statistical difference testing (e.g., ranksum tests) is used to identify
the wear durations that demonstrate significant differences in the median, 95% percentile,
or variability (coefficient of variation — CV) relative to baseline. In Stage 2 intra-class
correlation analysis is used to identify the reliability of measures extracted from each wear
duration relative to baseline. We recommend conducting this analysis with the median, 95"
percentile, and variability of each measure, to capture the central tendency and edges of
the distribution, using a ‘C-k’ or similarity type correlation, as done previously, with the
addition of CV to capture variability [138]. Wear durations that demonstrate an ICC of 0.7
and higher provided reliable measures. In Stage 3, correlation (e.g., Spearman rank
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correlation) between measures extracted from each wear duration and estabished clinical
measures are examined. Wear durations that yield significant correlations with established
clinical measures are said to capture the clinical phenotype of interest in the intended

patient population.

For the dataset of PwMS we considered here, one week of data served as the
baseline, and we examined wear durations of one, two, or three days, and two, three, four,
five, and six weeks in Stages 1 and 2. For Stage 3, we examined wear durations of between
one and fourteen days. For the statistical analysis, we leveraged non-parametric ranksum
testing with a significance threshold of 0.05 for Stage 1 and ‘C-k’ type ICCs (threshold of
0.7 indicating a strong ICC) for Stage 2. For Stage 3, we computed Spearman rank
correlations between sensor-derived measures (median, 95" percentile, and CV) at each
wear duration and the the ABC (median over the two weeks) and MFIS (sampled at the
end of the two weeks). The ABC captured balance confidence and has been shown to relate
to fall risk and other functional-assessments [158], [159]. The MFIS captured fatigue [ 160],
which has been shown to relate to fall risk [159], and is widely used clinically [161]. We
considered the emergence of a significant correlation followed by similar strength
correlations to be a reliable estimate for required wear duration. A power analysis was
performed on selected features to determine the stability of these findings. This was done
using a bootstrap with 1,000 replicates and comparing the synthetic data between two

durations [162].

The outlined three-stage wear duration analysis allows us to identify the number of
days of wear required for capturing impairment and its variability with wearables.

However, it is important that we also understand what factors may impact wear duration
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so that we can better predict how many days may be required. To this end, we employed
regression analysis to investigate our hypothesis that longer wear periods are required for
measures with relatively few observations or with high variability during a given day. We
operationalized this hypothesis by defining the wear duration as number of days required
to yield no statistically significant differences relative to baseline and strong ICCs for a
given physiological measure. Number of observations was captured by considering the
average number of times a measure was computed per day and variability was captured

with the CV of the measure per subject across a two-day period.

3.3. Results

Examining the outcome of the three-stage wear duration analysis, we first report
results of the difference testing (Diff) and intra-class correlation (ICC) analysis for
measures of gait (Section 3.3.1) and postural sway (Section 3.3.2) across the wear durations
noted above. In Section 3.3.3 we then examine the correlations between the gait and sway
measures and PRMs of balance confidence and fatigue for wear durations ranging from
one day to two weeks. Finally, in Section 3.3.4, we present findings from the regression
analysis.

The results of the Diff and ICC stages of the wear duration analysis for the gait and
sway measures are summarized in Table 6 for a baseline wear duration of one week. This
table reports a percentage of features that have strong ICCs, in the ICC column, and
percentage of features that do not have significant differences in the Diff column.

Percentages were used to report the results in a simple frame of reference.

Table 6: Summary of reliability analysis including difference testing and intra-class
correlation

Comparison Gait ICC Gait Diff Sway ICC Sway Diff
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Median 95" CV Median 95" CV Median 95" CV Median 95" CV

P P P P
1 Day v 1 100 80 60 100 100 80 38 46 8 100 100 77
Week (n=22)
2 Daysv 1 100 100 90 100 100 100 100 92 92 100 100 100
Week (n=22)
3 Daysv1 100 100 100 100 100 100 100 100 100 100 100 100
Week (n=22)
2 Weeks v 1 100 100 100 100 100 100 100 100 85 100 100 100
Week (n=22)
3 Weeks v 1 100 100 100 100 100 100 100 100 100 100 100 100
Week (n=21)
4 Weeks v 1 100 90 80 100 100 100 100 100 100 100 100 100
Week (n=21)
5 Weeks v 1 100 90 90 100 100 100 100 100 85 100 100 100
Week (n=21)
6 Weeks v 1 100 100 100 100 100 100 100 100 85 100 100 100
Week (n=19)
Weekday v 100 90 90 100 100 100 100 100 100 100 100 100
Weekend
(n=22)

7 Summary results of ranksum difference testing (Diff) and intra-class correlation (ICC)
for gait (10 parameters) and sway (13 parameters) measures in persons with multiple
sclerosis (MS). For Diff, values are percentage of features that did not have a significant
difference across wear durations. For ICC, values are percentage of features that had
strong (=0.70) ICC between the compared wear durations. Lyapunov Exponent AP,
Lyapunov Exponent ML, Entropy Ratio, and Entropy Ratio Asymmetry are not included
in this summary analysis. Data used to inform this table are reported in Appendix B.

3.3.1. Difference Testing and Intra-Class Correlation for Gait Measures

The results of Table 6 suggest that an adequate median of stabillity, asymmetry,
and temporal gait measures can be obtained from one day of data in this sample, as there
were not significant differences between gait measures at those wear durations and all ICCs
were strong. However, for 95" percentile only 80% of the gait measures have strong ICCs
(RMS_AP and stance duration are weak, see Table B3 for detailed results). For CV we
observed only 60% of gait mesures have strong ICC from one day (Double Support
Duration, Stance, Stride, and Swing Duration are weak) and one significant difference
(Swing Suration). Increasing the wear duration to two days eliminated these weak ICCs,
aside from one weak CV of Swing Duration ICC, and the significant difference for the

temporal, stability and asymmetry gait measures relative to baseline in this sample of
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PwMS. Notably, as we examined the comparisons of wear durations of one week and
longer, we saw that some gait measures exhibit reduced ICC strength (significant
differences are not detected) for wear durations of 4 and 5 weeks. This reduction in ICC is
still observed in bootstraped samples, suggesting a reduction in sample size is an unlikely

explanation.

Interestingly, we found that at least two days of monitoring are needed for entropy
ratio measures (Entropy Ratio, and Entropy Ratio Asymmetry) and that one full week is
needed for Lyapunov exponent measures (Lyapunov Exponent AP, Lyapunov Exponent
ML) of gait stability in PWMS (see Table B3). These gait measures likely required longer
wear durations because they can only be computed from walking bouts of at least 30
(entropy) or 60 (lyapunov exponent) seconds, effectively limiting the number of
observations of these measures each day. Comparing weekdays to weekend, we observed
strong agreement between timeframes, however, we saw the Lyapunov exponent features
and double support duration did not exhibit strong ICCs (see Table B3). With the presented

information we cannot speculate on why these differences were obervered.
3.3.2. Difference Testing and Intra-Class Correlation for Postural Sway Measures

For postural sway measures, the results of Table 6 indicate that sway may require longer
durations than were required for gait. Only 38% of measures show strong ICCs for their
median (46% for 95 percentile and 8% for CV) and 23% show differences in their CV for
one day of data. Two days of data improved the results (no significant differences, median
ICCs all strong, 92% of 95" percentile and CV ICCs are strong), and all measures had
strong ICCs and no significant differences after three days. The features that fail to show a

strong ICC for two days of data are 95 percentile of Sway Area and CV of the Mean
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Period. Moving to longer comparisons, including three days, and one week to longer
periods, we found the data remains consistent with no significant differences aside from
some features demonstrating weak ICCs for CV comparing one-week to longer durations.
Unlike the gait measures, we did not oberserve any difference between weekdays and
weekends. We speculate that postural sway measures require more data than gait measures
because the sway features have a wider distribution of values and/or we only consider
standing bouts that were 30 seconds or longer, thereby reducing our observations of these
features. The bootstrapped power analysis suggests that the observed ICCs would slightly
increase (<10%) with a larger sample size, however this small increase would not change

our conclusions regarding the number of days required.

3.3.3. Correlation of Gait and Sway Features to PRMs
The results of Stage 3 of the wear duration analysis are reported in the heat maps
of Figures 6 and 7 where gait and postural sway measures are correlated with PRMs of
balance confidence (Figure 6) and fatigue (Figure 7). Significant correlations are indicated
with colored boxes while those in black do not reach significance. Only features that

display significance for at least one wear period are depicted.
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Figure 6: ABC: Movement Feature Correlations to Diagnostic Target

ABC: Movement Feature Correlations to Diagnostic Target
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Spearman correlation between Activity-Specific Balance Confidence (ABC) and measures
of gait and postural sway by number of sensor-wear days. Cells shaded in blue represent
significant correlations and cells shaded in black were not significant. PCTL: Percentile;
CV: Coefficient of Variation; RMS: Root Mean Square; AP: Anterior-Posterior; ML:
Medial-Lateral.

Considering the correlations between the measures of gait and postural sway and
balance confidence (Figure 6), we saw the amount of time required to establish a steady
significant correlation varies by feature. Both the median and 95" percentile of gait
asymmetry measures provided reliable correlations with only one day of data and the
strongest correlations were seen within the first two days of data for most. In the sway

features, we saw two days were required to establish a significant correlation with Range,
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and four days were required to estalish significant correlations with the 50" percentile
frequency. The fluctuation of significance seen in other features may suggest these features
were not as consistent across a longer period of time. Interestingly, most significant
correlations with the ABC survey occurred with the median or 95" percentile of the
features, not the CV. This may suggest that the ABC survey is not sensistive to variation
in these gait and sway features and instead is related to more extreme values and typical

values of participants during walking and standing activities.

In contrast to the PRM of balance confidence, for the correlations between the
measures of gait and postural sway and PRM of fatigue (Figure 7), we did not find a steady
nor significant relationship between MFIS and gait asymmetry. As with the ABC, Range
is reliably established with only two days of data. Two new consistent relationships that
emerged from this analysis are sway Distance and the gait feature RMS AP, which provide

reliable correlation after at least two and four days of data, respectively.

Considering the correlation results to both PRMs, unsurprisingly we find different
results for each survey. This idea makes sense because we would not expect all features to
have the same relationship between balance confidence and fatigue, or other clinical
comparisons. Taking these differences into account, we considered a feature reliable when
a significant relationship appears with either survey (ABC or MFIS) and the strength
remains similar in the following days. With these criteria, we would consider the gait
asymmetry features to be clinically valid with one day of data based on the ABC PRM
results, even though the MFIS relationships were less clear. An example of a relationship

we would not consider valid is the correlation between the 95™ percentile of correlation
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asymmetry and MFIS, which is significant at two days and then drops out of significance

with an approximate 0.18 drop in the correlation coefficient as well, as seen in Figure 3.

Figure 7: MFIS: Movement Feature Correlations to Diagnostic Target

MFIS: Movement Feature Correlations to Diagnostic Target
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Spearman correlation between Modified Fatigue Impact Scale (MFIS) and measures of gait
and postural sway by number of sensor-wear days. Cells shaded in blue represent
significant correlations and cells shaded in black were not significant. PCTL: Percentile;
CV: Coefficient of Variation; RMS: Root Mean Square; AP: Anterior-Posterior; ML:
Medial-Lateral.

3.3.4. Analysis of Factors Impacting Wear Duration

Results from the proposed three-stage wear duration analysis suggest that wear
duration is dependent on both the physiological measure being considered (analytical
validation aspects) and the underlying disease state (clinical validation) that was being
assessed. Specifically, in considering the results of Table 6, there seemed to be support for
our hypothesis that wear duration is impacted by how often one observes a given measure
during a day and the inherent variability of the measure. For example, the Lyapunov
exponent-based measure of gait stability has very few observations per day relative to more

traditional gait measures and takes almost a week of data rather than only two days.
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Similarly, postural sway measures inherently have more variability than gait measures and
require more days of data. However, to address our hypothesis more directly, we also
present the regression results of Table 7. Here, we regress variability (log-transformed CV),
number of observations (count), and their interaction on wear duration. All predictors,
including an intercept, were at least trend-level significant and the model explains over
40% of the variance in wear duration. Based on the model coefficients, one can see that
our hypothesis is supported. Controlling for count, an increase in measure variability will
yield a subsequent increase in required wear duration. Similarly, controlling for variability,
a decrease in the number of daily observations will yield a subsequent increase in required
wear duration. Interestingly, the trend-level interaction term suggests that as variability
increases, the relative impact of the number of daily observations on wear duration

decreases.

Table 7: Wear duration time regression analysis

Coefficient Estimate Standard Error P-Value
Intercept 4.41 0.53 <0.01
Log CV 0.86 0.41 0.047
Count -0.011 0.0029 <0.01
Interaction (Log CV * Count) -0.0040 0.0020 0.054

R-Squared: 0.46; Adjusted R-Squared: 0.39

Number of Observations: 27

7 Regression analysis of days required for each feature using the log of the coefficient of
variation (CV) and feature count computed from two days as predictors: Days Required ~
1 + Log CV + Count + Interaction. Bolded p-values represent significant predictors at a
0.05 significance threshold.

3.4. Discussion

We have proposed a three-stage analysis for determining the wear duration required

for capturing impairment and its variability with wearables that aligns with current best
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practices for developing digital medicine technologies that are fit for purpose. The process
was used to examine data from a sample of PWMS who have mild to moderate balance and
mobility impairment. We now discuss these results, place them in the context of existing

literature, and suggest next steps for future researchers.

Results from the proposed three stage wear duration analysis are more nuanced than
expected and illustrate that each stage provides unique insights. The results of Stages 1 and
2 (difference testing and ICC, Table 6) suggest two days of monitoring are sufficient for
most gait and sway features in this sample of PWMS. These results align with prior work
in older adults that suggests that two to three days of data are required for measuring gait
speed [138]. However, some measures, like Lyapunov exponent-based gait stability, can
require up to a week of data in this sample. The results of Stage 3 (correlation with PRMs)
suggest that two to three days are needed to find relationships with balance confidence and
a week may be needed to find significant relationships with fatigue. Collectively, these
results suggest that wear duration is dependent on both the measure being considered and
the underlying disease state being addressed. This likely means that studies that use only
one method to determine the necessary wear duration (e.g., [138], [143]) may not be
capturing the full picture and could either be collecting data for too long, wasting resources
and increasing patient burden, or not long enough, yielding unreliable measures or missing

key relationships with the underlying disease state being monitored.

Regression results support our hypothesis that wear duration is impacted by how
often a given measure is observed during a day and the inherent variability of the measure.
These results could be used to inform deployment of wearables for characterizing digital

biomarkers of impairment in several ways. First, given estimates of the number of
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observations of a measure and its variability, the model could be used to predict an estimate
of necessary wear duration. These parameters could be estimated from a small study (two
days of remote wear based on the results presented here), or potentially from values
reported in the literature. For example, remote studies of gait often report number of
observed walking bouts each day and variability of the associated gait measures (e.g., see
supplementary material of [138]) which could inform this estimate. This result could also
be used to inform protocol changes to reduce the number of required days. For example, if
a measure like Lyapunov exponent-based gait stability is critical for a given application,
the protocol could include asking participants to engage in a certain number of longer

duration walking bouts each day to increase the number of observations.

The proposed approach is in line with developing best practices for ensuring that
digital medicine technologies are fit for purpose. As we push to realize the promise of
digital medicine enabled by remote patient monitoring with cutting edge wearables, it is
critical that the associated measures of impairment are appropriately validated and in the
intended patient populations. As demonstrated by the results of Table 6 and Figures 6 and
7, the wear duration analysis presented herein is a key aspect of this validation as the
resulting conclusions are impacted by the wear duration considered. Moreover, this
multifaceted approach is important as each aspect provides slightly different information
and can lead to different conclusions. Importantly, this analysis impacts every application
of wearables in digital medicine and can inform the use of these technologies for informing
clinical care or as novel endpoints in clinical trials. In the specific studies of gait and
postural sway, these results suggest that studies aiming to capture remote assessment of
variability likely need only 2-3 days to adequately assess these parameters per monitoring
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period. This finding may alter study design to include several 2-3 day snap shots over a

long period of time instead of one long block of monitoring.

There are several limitations to this study, including the limited sample size, and
lack of demographic and geographic diversity of the PwMS. We suspect some of the
correlations that alternate between significant or not may resolve to a cleaner relationship
and firmer conclusions with a larger sample size. Additionally, we do not how long the
two-to-three-day monitoring period is valid for. Particularly in PwMS where we observe
symptom fluctuations, studies should be conducted to analyze the change between several
two-to-three-day monitoring periods occurring throughout the year. Lastly, our approach
requires the collection of a long baseline monitoring period, which may be prohibitive in
some populations. In these circumstances, using the regression approach to determine

necessary wear time may be more appropriate.
3.5. Conclusion

Herein, we present an analysis framework designed to establish a minimum
duration of wearable sensor data needed to estimate features in the free-living environment.
This approach combines previously used methods, difference testing and intra-class
correlation, with an analysis of correlations to PRMs. In the present study, we employ this
method to find that the intra-feature variance between two days in PwMS compared to one
week of data is low, however, if the desired outcome of the study is strong correlations
with clinical assessments and surveys, a longer monitoring period is likely needed for
optimal results. Regression results also reveal necessary wear time is significantly related

to number of observations and variability.
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CHAPTER FOUR: CHEST-BASED WEARABLES AND INDIVIDUALIZED
DISTRIBUTIONS FOR ASSESSING POSTURAL SWAY IN PERSONS WITH
MULTIPLE SCLEROSIS

4.1. Introduction

Balance and mobility impairment affect a wide variety of individuals including
older adults and those living with musculoskeletal and neurological disorders [163]-[167].
Persons with multiple sclerosis (PwMS) are particularly impacted [168]-[170]. Multiple
sclerosis (MS) is associated with progressive demyelination of central nervous system
axons which leads to delayed or altered nerve communication and subsequent sensory
impairment, motor impairment, fatigue, and reduction in postural control. These
impairments are often most impactful during balance challenging activities [171]. As a
result, over half of PWMS fall in any given three-month period, similar incidence to 80
year-old adults [172], however symptoms of MS typically manifest around age 30 years
[173]. This heightened risk for falls impacts quality of life and creates a long-term care
burden [174].

Balance impairment is typically assessed with subjective patient reported
measures (PRM) [22], non-instrumented balance assessments [175], [176] and/or balance
assessments using force platforms [177], [178]. Force platforms have emerged as the gold
standard for postural sway analysis, which considers objective movement features captured
during a period of standing for characterizing balance impairment [177]. Studies utilizing
force platforms have been able to distinguish between impaired individuals and healthy
controls [177] and classify the fall risk of older adults [179] and PwMS [59]. However,

force platforms are expensive and limit accessibility to specialized clinics or research
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laboratories. To address these challenges, studies have shown that postural sway can be
assessed using data from just a sacral accelerometer [177], [180], [181]. Sacral sensor-
derived postural sway measures have been used to classify fall risk in PwMS [180],
distinguish between disease states [59], [177], [182] and to augment current assessment
techniques [183], thereby achieving similar clinical utility to the force platform.

New chest-worn sensor patches are increasingly being used clinically to capture
cardiac electrophysiology over long periods of time, replacing more cumbersome Holter
monitors [152], [184]. In addition to being less cumbersome than Holter monitors, these
chest-worn sensors may be easier to apply in remote settings compared to a sacral sensor
when used for movement analysis. Cardiac measures, such as heart rate, have been shown
to relate to disease severity and fatigue in PwMS [185] and may inform new measures of
fatiguability [186]. Wide adoption of these devices, which often include accelerometers,
may also provide an opportunity for expanding our ability to capture measures of postural
sway using these devices, but chest-worn accelerometers have not yet been validated for
this purpose. Validation of chest-based sway measures would allow postural sway to be
assessed from a growing class of sensors and in studies not conducive to traditional force
plate or sacrum measurements.

The purpose of this study is to validate the measurement of postural sway features
gathered from chest-worn accelerometers. We compare chest-based measures to current
measurement techniques to establish current validity. Then we compare the clinical
significance of chest and sacrum-based measurements. We also introduce a new method of
computing postural sway features by generating a distribution of feature values, which

allows more nuanced relationships to be found.
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4.2. Methods

In addressing these objectives, we first establish concurrent validity of postural
sway measures derived from a chest-worn accelerometer by comparing them to gold-
standard force platform measures. We then examine the clinical significance of these
measures by investigating relationships to PRMs and determining which measures can
detect differences in tasks and between PwMS at high and low risk for experiencing a fall
based on their prior fall history. We first present the data processing methodology
leveraged for computing postural sway measures and then describe how we establish

concurrent validity and clinical significance.

Figure 8: Process overview of Individualized Distributions (ID) and a 30-second single

observation (SO) methods.
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Data were collected using wearable sensors located on the chest and sacrum during various
standing tasks. Features were computed using ID or SO method. The resulting feature
displays the value of an example feature computed using the standard SO method on top
of the distribution obtained from the ID method.

4.2.1. Data Processing for Postural Sway Parameters

Wearable accelerometer data were gathered from the chest and sacrum locations

using Biostamp nPoint® (Medidata) sensors (62 Hz + 16G, see Figure 8). The chest sensor
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was secured to the sternum, just below the sternoclavicular joint and the sacrum sensor was
placed between or just above the posterior superior iliac spine. Following a standing
calibration activity which allowed projection of accelerometer measurements along
anatomical directions, the acceleration data were down sampled to 31.25 Hz and a 4" order,
zero-phase Butterworth low-pass filter with a cutoff frequency of 3.5 Hz was applied
before computing the magnitude of the acceleration in the horizontal plane. Thirty-second
epochs of these data were used to compute 15 postural sway features. These features
included thirteen features from Mancini et al [177]: Jerk, Distance (Dist), Root-Mean-
Square (RMS), Path, Range, Mean Velocity (MV), Mean Frequency (MF), Area, Power
(Pwr), median power frequency (F50), 95% power frequency (F95), Centroidal Frequency
(CF), and Frequency Dispersion (FD). We also considered two features that capture signal
complexity: Approximate Entropy (ApEn) [187], and Lyapunov Exponent (LyExp) [182],
[188].
4.2.2. Concurrent Validity

4.2.2.1. Subjects and Protocol

For establishing concurrent validity, we considered data from 16 PwMS (4:12
Male:Female, mean (standard deviation) age 50.6 (10.5) y/o) recruited from the Multiple
Sclerosis Center at University of Vermont Medical Center (inclusion: no condition
affecting balance/mobility other than MS, ambulatory without aid, no known
hypersensitivity to adhesives or hydrogel, not pregnant or breastfeeding). Participants were
asked to complete several functional assessments in a supervised laboratory setting. For
this analysis, we consider data from a standing task where participants stood on a force

platform for 30 seconds with their eyes open and with their feet a comfortable width apart.
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Wearable sensor data were collected as described above and ground truth center of pressure
(COP) data were collected with an AMTI Force Platform (1000 Hz) that was down sampled
to 100 Hz and filtered using a 4™-order, zero-phase Butterworth low-pass filter with a cutoff
frequency of 10 Hz. Participants were also asked to complete the following PRMs: Activity
Specific Balance Confidence (ABC) [22], Modified Fatigue Impact Scale (MFIS) [23],
Multiple Sclerosis Walking Scale (MSWS) [25], and Patient-Determined Disease Steps
(PDDS) to characterize the sample [153]. The mean (standard deviation) of the PRMs for
this cohort were as follows: ABC 80.4 (19.6); MFIS 31.7 (16.5); MSWS 20.3 (8.1); PDDS
0.93 (1.1). This protocol was approved by the UVM Institutional Review Board (CHRMS
21-0401).

4.2.2.2. Statistical Analysis

Gold standard values of the aforementioned postural sway parameters are computed
from force platform COP data. From the same trial, we also computed the sway features
from accelerometer data collected from the previously validated sacrum location and our
proposed chest location. Sacrum findings will be used to contextualize results and to enable
comparison to previous sacrum sensor validation studies.

Relationships between the force plate and sensor features are established using
Spearman correlation (significance level of 0.05) as done in previous validation studies
[177]. Sensor-derived features demonstrating a significant association with the gold
standard parameters are considered valid at the recorded location.

Spearman correlation between features within a measurement type and location are
also considered to characterize the independence of the postural sway feature set. We

considered features to be linearly dependent at significant correlation of |0.7| or higher.
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4.2.3. Clinical Significance

4.2.3.1. Subjects and Protocol

For examining clinical significance, we consider data from a separate, larger sample
of 39 PwWMS (21:18 fallers:non-fallers; 12:27 Male:Female, mean =+ standard deviation age
51 £ 12 y/o), recruited from the Multiple Sclerosis Center at University of Vermont
Medical Center (exclusion: no major health conditions other than MS, no acute
exacerbations within the previous three-months, ambulatory without the use of assistive
devices). PWMS who self-reported to have fallen within the previous six-months were
characterized as fallers based on the criteria “consider a fall as an event where you
unintentionally came to rest on the ground or a lower level.” This study has been previously
described in detail and the data are publicly available [189]. Participants were asked to
complete various activities of daily living, several PRMs, and a neurologist administered
Expanded Disability Status Scale (EDSS) [154]. In this analysis we utilize chest and
sacrum acceleration data from three two-minute standing trials, eyes-open comfortable
standing, eyes-closed standing, and tandem standing, where participants were asked to
stand with their feet in a straight line. We also utilize the ABC, MFIS, and MSWS PRMs.
The mean and standard deviation of these assessments is broken down between fallers and
non-faller in Table 8. This protocol was approved by the University of Vermont’s

Institutional Review Board (CHRMS 18-0285).

Table 8: Subject Demographics

Assessment: N Age Sex ABC EDSS MFIS MSWS
Fallers 71 56.0 (9.1) 15211: 75.0 (18.8) 3.3(1.4) 39.8(17.9) 55.0(22.3)
45.0(12.9) 7™M 91.4(15.5) 2.3(1.0) 29.2(16.7) 27.5(11.5)

Non-Fallers 18 11F

Mean (standard deviation) of assessments and patient reported measures partitioned by fall
status. ABC: Activity-Specific Balance Confidence; EDSS: Expanded Disability Status
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Scale; MFIS: Modified Fatigue Impact Scale; MSWS: MS Walking Scale; N: number of
subjects in group.

4.2.3.2. Statistical Analysis

Following traditional approaches, we calculate the outlined features of sway based
on sensor data from the first 30 seconds of each two-minute balance assessment trial
(Single Observation - SO). We also considered postural sway parameters derived from
subject-specific distributions created by computing each feature for a sequence of 30
second windows offset by five samples (0.16 seconds) over one-minute of data from each
balance assessment (Individualized Distribution Method - ID). We then extracted the 5th
percentile, 25th percentile, median, 75th percentile, 95th percentile, and standard deviation
to characterize each distribution. These approaches result in one feature per sway metric in
the SO method and six distribution features of each sway metric for ID. For this reason, we
consider a significant result for a sway measure if one or more of the ID features
demonstrate significance. This process is outlined in Figure 8, where the difference
between the two computational approaches is evident.

Wilcoxon rank sum tests [190] were used to detect differences in medians between
normal and eyes-closed standing, normal and tandem standing, and eyes-closed and tandem
standing. Significant differences indicate that a given sensor-derived measure of postural
sway is sensitive to expected differences in balance performance (i.e., eyes open > eyes
closed > tandem). This same approach was used to determine if these sensor-derived
measures of postural sway were significantly different between fallers and non-fallers in
the eyes-open, eyes-closed, and tandem standing tests. Effect size of differences is assessed
with Cohen’s D [191]. Finally, Spearman rank correlation is used to identify significant

associations between sensor-derived measures of postural sway and PRMs. These were
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examined for features derived using both the SO and ID approaches to determine how
sensitive each approach is to MS-specific balance impairment.
4.3. Results

4.3.1. Concurrent Validity

Five chest- and sacrum-derived postural sway features were significantly and
positively correlated with the force platform (Table 9). Five postural sway features were
also significantly correlated between chest and sacrum sensors. Jerk had the strongest
correlation among all comparisons (r = 0.71-0.91), followed by Range (r = 0.60-0.94) and
Distance (r = 0.58-0.74). Significant, moderate correlations were also found for FD, MF,
and ApEn.

Chest-derived and sacrum-derived postural sway features have more collinearity
between features compared to the force plate derived features (see Figure 9 for heatmaps
illustrating significant associations between features measured with chest sensors — top,
and a force plate — bottom). In the chest sensor, sacrum sensor, and force platform data,
RMS, Path, MV, Area, and Power are highly positively correlated and Dist and MF are
highly negatively correlated. In the chest and sacrum sensor data, F50 and F95 are highly
positively correlated whereas they are highly negatively correlated in the force plate data.
In the chest sensor data, FD and ApEn are positively correlated and in the chest and sacrum
sensor data, CF and Range are positively correlated. The high number of features that are
colinear within all three instrumentation setups suggests that while this feature set is well
established in the literature [50], [59], [134], [180], [192] many of the features may contain
very similar information, and the number of features reported may be able to be reduced,

at least in this cohort.
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Table 9: Eyes Open Postural Sway Feature Correlation

Chest & FP Sacrum & FP  Chest & Sacrum
Feature r p r p r p
Jerk 0.88 <0.01 0.71 <0.01 091 <0.01
Dist 0.71 <0.01 0.74 <0.01 0.58 0.02
RMS - - - - - -
Path - - -
Range 0.60 0.01 0.74 <0.01 094 <0.01
MV - -
MF 0.78 <0.01 - - - -
Area - - - - - -
Pwr - - - - - -
F50 - - - - - -
F95 - - - - - -
CF 0.44 0.09 0.59 0.02 043 0.10
FD 0.62 0.01 0.63 0.01  0.51 0.04
ApEn - - - - 0.53 0.03
LyExp - - - - - -

Significant correlations of postural sway features amongst sensors and force platform (FP)
comparisons. Results approaching significance (0.05 <p < 0.10) are italicized.
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Figure 9: Heat maps illustrating significant correlations between postural sway
features derived from the chest sensor (top) and force platform (bottom).

Jerk
Dist
RMS ( 0.95 0.61
Path -0.96 0.61
Range JUX 0. 0.62 -0. 04
MV

MF N 0.56 -4':,(\(» -0.63

Area 0.56 0.88 -0.91 0.52

- -0.94 -0.95 0.61

F50 -(0.94 -0.94 -0.96 -0.60 -0.88 -0.94

"

Pwr

Chest Sway Featurcs

F95 (1.95 -0.96 097 -0.63 091 0.95
T 0.61 0.61 0.62 0.58

D
ApLn

LyExp

& ot o e WA @ o D @ & © R

Chest Sway Features

o [

Force Plate Sway Featurcs
o 2
b
Z B

KD

ApLn 0.67
LyExp -0.64

" L ¢ c 6
o gt ?3,\% \"1\\‘\‘3- HF W 3 gt &N o & © ?\QQ,“\DI\:;,&Q

Force Plate Sway Featurcs

Correlations of features from chest and force plate data to themselves. Boxes are colored
based on correlation strength and direction (positive/negative). Non-significant
correlations are shown in white. o = 0.05.

60



4.3.2. Clinical Significance

As shown in Figure 10, the ID method found more significant differences in
features than the SO method between tasks for both chest and sacrum sensor locations.
These tasks were expected to elicit varying levels of balance performance in this cohort
such that performance during the eyes open task would be significantly better than during
the eyes closed task and both would be significantly better than during the tandem standing
task. As expected, significant differences in postural sway features were observed between
each of the tasks. The largest number of significant differences were found between the
eyes-open and tandem standing tasks and between the eyes-closed and tandem standing
tasks. In contrast, few significant differences were found between the eyes-open and eyes-
closed tasks. The effect sizes of these differences range from 0.42-0.80 when comparing
eyes open to eyes closed, 0.21 to 1.91 comparing eyes open to tandem standing, and 0.21
to 1.81 when comparing eyes closed to tandem standing. The larger number of differences
found in the ID method mean the effect sizes range from comparable to those of the SO

method for the strongest effects to much weaker in the more nuanced differences.
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Figure 10: Number of significant differences in features between tasks in chest and
sacrum sensors for the Single Observation (SO) and the Individualized
Distributions (ID) methods.
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Tasks: eyes-open (EO), eyes-closed (EC), and tandem standing (TS), are expected to elicit
significantly different postural sway performance. For the ID method, multiple significant
differences within each postural sway feature’s statistics are not included (i.e., significant
median and standard deviation differences of jerk count as one significant correlation, not
two). a = 0.05.

Considering faller and non-faller groups, the most differences were detected with
the ID method during the tandem standing task with the chest sensor location. Jerk, MV,
Area, CF, and FD all demonstrated statistically significant differences with moderate effect
sizes ranging from 0.29 to 0.60. Additional details on these results can be found in Table
C5. Using the ID method for the eyes closed and tandem standing tasks, Range and MV
were found to be approaching significance for the sacrum and chest sensor locations. Only
Range computed from the sacrum sensor during the eyes-closed task was found to be
approaching a significant difference in the SO method.

The greatest number of significant or trend level relationships between postural
sway features and PRMs were consistently found from the ID method. In the ID method,
the edges of the distribution are important, as demonstrated by our strongest correlations

coming from the 5" percentile of these distributions. The chest sensors with the ID method
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found significant and approaching significant relationships in at least one of the six
statistics between MF and four of the five PRMs (Figure 11, Tables C1-C4). In the SO
method, no significant relationships were found between MF and the PRMs.

Considering correlations of postural sway features from both computational
methods, the chest sensor features had more associations with MSWS while the sacrum
sensor had more associations with EDSS and MFIS (see Figure 11). For example, during
the tandem standing task the sacrum sensor had seven significant EDSS correlations using
the SO method and eight using the ID method, while the chest sensor had two significant
EDSS correlations using both methods. While the sacrum sensor had several additional
relationships between postural sway features and PRMs, as compared to the chest sensor,

the overall level of association was similar between the two sensor locations.
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Figure 11: Significant correlations between age, EDSS, ABC, MFIS, and MSWS and
postural sway features.
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Comparing standing tasks, tandem standing consistently demonstrated the greatest
number of significant relationships between postural sway features and PRMs across both
computational methods. For example, considering the chest sensor location, the ID method
had eight postural sway features significantly associated with ABC in the tandem standing
task, only four from the eyes-closed task, and no significant associations from the eyes-
open task. The bottom of Figure 11 demonstrates the range of correlations between ABC
and tandem standing for each computational method and shows the increased median and
overall stronger correlations observed using the ID method. As a result of the ID method,
the strongest correlation increased by 21%. The remaining correlation information is
located in Tables C1-C4. One of these highly correlated features was jerk. Figure 12
depicts jerk ID computed for each subject during the tandem standing task. From these
distributions, it is clear that there is significant variability in the Jerk across the collection
of 30-second epochs sampled from the one-minute of tandem standing task data. There is
also a clear relationship between ID-computed Jerk and EDSS (left) and ABC (right) such
that subjects with a higher EDSS and lower ABC score (less balance confidence) show
higher jerk. The strongest correlations observed were between the 5™ percentile of Jerk

with EDSS and ABC were 0.54 and 0.47, respectively.
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Figure 12: Individualized distributions of Jerk with subject sorted in order of EDSS
on left and ABC on right.
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Individualized distributions of Jerk found using the chest sensor data for the tandem
standing task with subjects sorted in order of Expanded Disability Severity Score (EDSS)
shown on the left and Activities Specific Balance Confidence Score (ABC) shown on the
right. Higher EDSS and balance confidence subjects are at the top of the figures. The
strongest correlations were 0.54 and 0.47 for EDSS and ABC with the 5" percentile.
4.4. Discussion

The purpose of this work was to validate the measurement of postural sway features
from a chest-worn accelerometer and to advance a new approach for considering postural
sway data that better captures expected variability in sway performance. In doing so, we
investigated the concurrent validity of this approach by comparing to gold standard force
platform derived measures. We then further explored the significance and sensitivity of
sway features from chest and sacrum sensors by exploring differences between standing
tasks, differences between fallers and non-fallers, and correlations to PRMs in a sample of
PwMS.

Our investigation of concurrent validity suggests valid measures of postural sway
can be gathered from a chest accelerometer. We found that five chest-, and five sacrum-
computed features were significantly correlated with force platform-derived features

(Table 9). These results align with prior validations of sensor-derived measures of postural
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sway, but from a new body location that has emerged as having broad clinical utility and
acceptance for wearable device use, both in clinic and at home. For example, a previous
study investigating the concurrent validity of a sacrum accelerometer for measuring sway
found eight measures significantly correlated using a slightly larger sample with more
pronounced balance impairment [177].

Our investigation of clinical significance indicates that chest acceleration-derived
measures of postural sway are related to PRMs of balance confidence (ABC), fatigue
(MFIS), and walking impairment (MSWS) as well as neurologist-administered measures
of disability (EDSS). Significant associations were observed for features derived from each
of the tasks, with the tandem standing task providing the largest number of significant
relationships. This is likely because tandem standing was the most balance challenging task
performed. Prior studies have shown that a person’s ability to respond to postural
perturbations and engage in balance challenging tasks, like tandem standing, is clinically
relevant and is associated with characteristics like fall risk [193], [194].

Additionally, our analysis suggests that conducting a one-minute trial and creating
subject specific distributions is more sensitive to MS-related disability than a single 30-
second epoch of data as considered in traditional postural sway analysis. This was
manifested in task differences (Figure 10), faller-non-faller comparisons, and PRM
correlations (Figure 11). This is likely a result of the ID method’s inherent ability to resolve
the variability and extremes of balance performance observed during balance assessments.
This is particularly apparent in the PRM correlations for data collected during the eyes-
open task. Using the traditional SO method, very few significant correlations were

observed (two from chest, six from sacrum), which suggests that the task may not be
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providing information relevant to MS-related balance or mobility impairment. However,
the ID method reveals several additional significant relationships - 10 from chest and 13
from sacrum.

The increased sensitivity of the ID method also leads to stronger relationships to
PRMs. As shown in Figure 11, the ID approach yields a 21% increase in correlation
strength above the SO approach. This is a substantial increase for a method that looks at
the same postural sway data, just in a slightly different way by sliding a window instead
on computing one value. This increase in correlation strength has a number of important
impacts. Notably, the sample size required to resolve a correlation of 0.39 with 80% power
is N=36. In contrast, only N=24 participants are needed to resolve a correlation of 0.47
with 80% power. Fewer required participants reduces study burden (cost, time) for
participants and researchers alike.

Considering the results from Figure 9, there is significant collinearity in this set
of postural sway features, despite extensive use in the literature. Combining the results of
Figure 9 with Tables C1 and C2 suggests that this feature set can be reduced while
capturing the same relationships. Within the set of highly correlated features, Path, MF,
RMS, Power, Area, F95, and F50, we found Path, RMS, Power, and Area were only
significantly related to PRMs when computed from the chest and MF, F50, and F95 were
only significantly related to PRMs when computed from the sacrum. If we were to down
select for future work the features from these sets that are related to the most PRMs, we
would keep Area for chest measurements and F50 for sacrum. Following a similar
procedure as discussed above, we could continue to reduce the feature set to obtain a

minimal set of Jerk, Dist, Range, Area, F50, ApEn, and LyExp.
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Consistently, we observed the features Jerk and Range to provide the strongest and
most significant relationships to PRMs in addition to being able to distinguish fallers from
non-fallers. However, based on our previous findings [192], the strength of these
relationships is poor compared to those observed on postural sway data collected during
daily life (e.g., Range and ABC had a correlation of 0.71 from free living data compared
to the 0.36 observed using the ID method). This difference may be related to the well
documented issue that laboratory based tests are not able to adequately capture the
variability with which people, and particularly PwMS whose symptoms are known to
change dramatically from day to day, move in free living environments [189], [195].
Considering the results presented herein and our previous findings, postural sway features
computed from chest accelerometer data are valid, which allows for easy sensor placement
if deployed in a remote setting. Collectively, these results highlight the need for an in-depth
investigation of wearable-derived postural sway measures in the free-living environment.

There are several limitations to this study. First, our analysis of concurrent validity
is based on a relatively small sample of 16 PwMS, compared to the 39 PwMS used to
determine clinical significance, but this size is similar to those used in other postural sway
validations (e.g., [134], [177]). There is a lack of demographic and regional diversity in
this sample. Additionally, our proposed ID approach requires at least one minute of data
and therefore may not be compatible with existing datasets or ongoing study designs where
only 30 seconds of postural sway are captured. Finally, our inclusion criteria limit these
studies to lower impairment individuals. We expect a more impaired sample would result

in stronger signals, however, that remains untested with our current dataset.
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Despite these limitations, due to the ease of placement, ability to be utilized on a
growing class of wearables and validity relative to gold standard measures, chest
acceleration derived features of postural sway show promise to serve as a powerful tool for
understanding impairment in PWMS in a clinical setting and at home. We find these
methods have similar sensitivity to previously validated measures, thereby allowing
sensitive assessments of postural sway in study designs not conducive to force platforms
or sacrum sensors. Moreover, the presented ID approach will likely increase the utility of
these measures. Further studies are needed to assess the ability of this approach to identify
fallers from non-fallers and these relationships need to be investigated in the home
environment to test the viability of these methods outside of the clinic to further explore
how these interesting findings may be extended to impact comprehensive care of PwWMS
and potentially to other conditions that impact balance and mobility.

4.5. Conclusion

We examine the use of a chest-worn accelerometer to capture measures of postural
sway. We utilized a force platform to establish the concurrent validity of chest-based
postural sway measures and then analyzed the clinical significance of these measures. We
found sway measures from the chest were able to distinguish between standing tasks and
fall status and were significantly related to PRMs of balance confidence, fatigue, and
walking impairment, and a neurologist administered measure of MS-related disability in a
sample of PwWMS. Additionally, we presented a new means of processing postural sway
features that results in greater sensitivity to task difference and fall status and exposes more
associations with PRMs. These findings support the use of chest-worn accelerometers for

characterizing postural sway.
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CHAPTER FIVE: ASSESSING FREE-LIVING POSTURAL SWAY IN
PERSONS WITH MULTIPLE SCLEROSIS
5.1. Introduction

Multiple sclerosis (MS) is a immune mediated disorder leading to the
demyelination of central nervous system axons affecting an estimated 2.8 million people
worldwide [196]. Subsequently, nerve signals are altered or delayed leading to sensory
impairment, motor impairment, fatigue, and postural instability. As a result, an estimated
50-80% of persons with multiple sclerosis (PwMS) have balance and gait disfunction and
over 50% experience a fall in any given 3-month period [4], [197]. This incidence of falls
is similar to 80 year-old adults, however, symptoms of MS typically manifest around 30
years-old creating a long-term quality of life and health care burden [198], [199].

Postural instability and balance impairment are typically assessed with subjective
patient reported measures (PRM) [22], non-instrumented balance assessments [175], [176]
and/or balance assessments using force platforms [177], [178]. Force platforms are the gold
standard for postural sway analysis, which considers objective movement features captured
during a period of standing for characterizing balance impairment [177]. Studies utilizing
force platforms have been able to distinguish impaired individuals from controls [177] and
classify the fall risk of older adults [179] and PwMS [59]. However, force platforms are
expensive and limit accessibility to specialized clinics or research laboratories. To address
these challenges, studies have shown that postural sway can be assessed using data from
just a sacral or chest accelerometer [51], [177], [180], [181]. Sensor-derived postural sway
measures have been used to classify fall risk in PWMS [180], distinguish between disease

states [51], [59], [177], [182], [200] and to augment current assessment techniques [183],
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thereby achieving similar clinical utility to the force platform.

These promising balance assessments, however, are all performed in clinical or
laboratory settings, which limits their accessibility. Therefore, an investigation into
remotely assessed postural sway is needed. Recent studies of chest accelerometer-based
postural sway have found stronger relationships to PRMs from remotely collected
measures compared to in-clinic assessment [51], [53]. These differing relationships to
PRMs may be explained by differences between remote and in-clinic measures. Studies
comparing remote and in-clinic gait have found the remote parameters are significantly
different and have higher variability compared to those from an in-clinic assessment [201],
[202]. As a result, separate models are needed to examine in-clinic and remote gait, but it
is not yet clear if these same discrepancies in data exist for postural sway.

Another challenging aspect of remote monitoring is the inherent increase in
variability, compared to laboratory measures. This additional variability creates challenges
for interpretability and requires additional care to be taken during analysis such that simple
averaging of parameters across days or weeks may not be appropriate. One approach is to
ask participants to perform repeated prescribed activities throughout the monitoring period
to provide consistent context for analysis. For example, this approach has been applied to
30-second chair stand tests [203] and ten-meter walk tests [204], where participants were
asked to complete multiple trials remotely. Another approach is to use GPS data to capture
measurements in consistent physical locations, again providing context for analysis [205].
While these approaches help control variability, they also reduce the data available for
analysis, potentially losing important information in favor of simplified analyses. There

may instead be a benefit to pursuing new methods that allow us to select which data to
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analyze in a fully unsupervised manner, but these approaches have not yet been developed.

The purpose of this work is to introduce remote postural sway as a potential
biomarker for balance impairment in PwMS. In doing so, we compare postural sway
features computed in-clinic and remotely, demonstrate relationships to PRMs, investigate
the ability of remote postural sway to classify fall risk in PwWMS, and show how data-driven
clustering can help identify which remote postural sway observations to analyze.
5.2. Methods

To address the goal of introducing remotely collected postural sway as a biomarker,
we collected free-living data from PwMS as shown in the first section of Figure 13. We
then utilize our activity classification model to determine was activities participants are
performing at home using raw acceleration, depicted in the middle section of Figure 13.
first present a comparison of features to the commonly used laboratory assessment. Then
we examine postural sway features computed from the standing bouts and determine which
data are suitable for analysis, depicted in the last section of Figure 13. Lastly, we utilize
our selected measures of remote postural sway to correlated to PRMs, classify fall risk, and

attempt to contextualize our findings.
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Figure 13: Data Processing Overview
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Data processing overview. Free-living data collected from thigh and chest accelerometer
and then classified using a deep learning classifier. Features of postural sway were
computed for each standing bout. Feature values vary through the day, clustering
techniques were used to find similar data.
5.2.1. Participants and Protocol

To address these objectives, we utilize a dataset of 33 PwMS (16:17 fallers:non-
fallers; 10:23 Male:Female, mean + standard deviation age 50 = 13 y/o), recruited from the
Multiple Sclerosis Center at University of Vermont Medical Center (exclusion: no major
health conditions other than MS, no acute exacerbations within the previous three-months,
ambulatory without the use of assistive devices). PWMS who self-reported to have fallen
within the previous six-months were characterized as fallers based on the criteria “consider
a fall as an event where you unintentionally came to rest on the ground or a lower level.”
Our analysis required a subset of the larger publicly available dataset that has been

described in detail in our previous work [202]. Participants were asked to complete several

PRMs, several activities of daily living, and a neurologist administered Expanded
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Disability Status Scale (EDSS) assessment [206] during a laboratory visit. Participants
were then asked to complete a 48-hour monitoring period of daily life immediately
following the laboratory visit. The PRMs utilized in this analysis were Activities-Specific
Balance Confidence (ABC) [22], Multiple Sclerosis Walking Scale (MSWS) [207], and
Modified Fatigue Impact Scale (MFIS) [208]. The in-laboratory assessment used in this
analysis was a 2-minute standing balance assessment where participants were instructed to
stand with their feet should width apart. The lab and remote assessment periods were
instrumented with Biostamp nPoint® (Medidata) sensors (62 Hz £ 16G) located on the
chest and thigh. The chest sensor was secured to the sternum, just below the
sternoclavicular joint and the thigh sensor was on the anterior aspect of the right thigh
~25% from the knee to hip.
5.2.2. Data Processing
5.2.2.1. Remote Activity Identification

Data recorded from both the laboratory and remote sessions were first reoriented to
align the cranial-caudal axis with gravity based on the first ten seconds of the lab standing
trial. Following calibration, remote data was classified using a previously described
classification framework that identifies bouts of walking, standing, sitting, and lying [53],
[209]. Briefly, this model uses a Bidirectional Long-Short-Term Memory Network
(BILSTM) to perform classifications on raw acceleration data from a chest and thigh
sensor. This model was trained on a mix of persons with MS, Parkinson’s, and healthy
adults and provides a 97% accuracy on a held-out test set. This model was used to identify
all remote standing bouts that were 30-seconds or longer. 30-seconds was chosen as the

minimum because this is length of the typical in balance lab assessment [51], [177]. The

75



first minute of the laboratory standing balance assessment was used for in-lab analysis.
Data was processed using the individualized distributions [51] approach where a 30-second
window is slid 5 samples over the trial to create a distribution of each sway parameter.
5.2.2.2. Postural Sway Parameter Extraction
Following the identification of standing periods in both lab and remote data, the
acceleration data were down sampled to 31.25 Hz and a 4th order, zero-phase Butterworth
low-pass filter with a cutoff frequency of 3.5 Hz was applied before computing the
magnitude of the acceleration in the horizontal plane. Fifteen features were computed for
each 30-second lab epoch and/or valid remote standing period. These features included
thirteen features from Mancini et al [177]: Jerk, Distance (Dist), Root-Mean-Square
(RMS), Path, Range, Mean Velocity (MV), Mean Frequency (MF), Area, Power (Pwr),
median power frequency (F50), 95% power frequency (F95), Centroidal Frequency (CF),
and Frequency Dispersion (FD). We also considered two features that capture signal
complexity: Approximate Entropy (ApEn) [187], and Lyapunov Exponent (LyExp) [182],
[188].
5.2.2.3. Data Clustering Methodology
Clustering methods provide a way to sort through the data in an unsupervised
manner to find similar data. A popular method of clustering is called ‘K-Means.” This
method begins with an initial but not optimal clustering, then relocates each point to its
new nearest center, updates the clustering centers by calculating the mean of the member
points, and repeats the relocating-and-updating process until convergence criteria are
satisfied [210], [211]. These techniques may be able to sort through the different type of

data that may exist in remote analyses from participants performing other activities while
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standing such as washing dishes, standing in line, etc. Similar methods have been used to
cluster symptoms in PwWMS to increase predictability of physical activity in PWMS [212].
We will examine whether these methods increase relationships found in remote postural
sway herein.

To filter the noise that is inherent in remotely collected data, we employed the
aforementioned kmeans clustering [210], [211] to identify similar subsets of data. The
optimal number of clusters was chosen using MATLAB’s evalclusters function with
DaviesBouldin criterion and Euclidean distance for 1 to 5 clusters. This was performed for
each participant and resulted in an average of best number of clusters of 4. Then using the
z-scores of the reduced feature set, four clusters were identified for each participant. The
clusters were assigned based on the sorted centroid of the feature FD because this feature
is strongly related to impairment and is a measure of the range of movements in a standing
bout. Cluster 1 contains all the data from the cluster with the highest centroid of FD, cluster
4 contains the data with the lowest FD, and clusters 2 and 3 fall in between sequentially.

5.2.3. Statistical Analysis

With the postural sway features extracted from both the lab and home standing,
first we used a Ranksum difference test to check for differences in medians. Effect sizes of
these differences were reported by Cohen’s D. Median and inter-quartile range (IQR) are
also reported for each feature. Then, we computed the spearman correlations between the
postural sway features and PRMs. The multiple observations of features per participant
were aggregated using the following summary statistics: 5™ percentile (P5), 25" percentile
(P25), median (Med), 75" percentile (P75), 95" percentile (P95), and standard deviation

(STD). The results of the strongest significant aggregation were reported. Using the results
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of the correlations to PRMs and previously published [51] cross-correlations between the
features, we then selected a reduced feature-set for remote analysis containing features that
demonstrate correlations to PRMs and are not highly correlated to each other. When
choosing between highly related features, the feature with the strongest remote PRM
correlation was chosen. Details of feature correlations are provided in the results; however,
the reduced remote feature set contained the following features: RMS, Range, Area, CF,
FD, and LyExp.

To examine the clinical significance of the clusters, we computed spearman
correlations to both ABC and EDSS for the data from each cluster and compared the
features with a Ranksum test to lab features. Due to the reduced amount of data per
participant, correlations were performed using the raw feature values instead of summary
statistics. Additionally, we computed the spearman correlation of the lab features with
clustered features for the median and 95™ percentile of each feature. For comparison, these
same methods have been applied to the non-clustered data.

5.2.4. Fall Risk Classification

Using the features extracted from both in lab and remote data, the six-month fall
history was used to inform classification models of fallers and non-fallers. Logistic
regression (LR) and support vector machine (SVM) classification models were trained,
optimized, and tested separately on both the lab and remote features. Leave-One-Subject-
Out cross-validation (LOSOCV) was performed to ensure data from participants was not
in both the test and training set. Performance was assessed using area under the receiver
operating characteristic curve (AUC), accuracy (acc), sensitivity (sens), specificity (spec),

and F1 score. Model performance was computed using both the outputs from each
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individual input and by aggregating the median decision score from each observation of an
individual participant, resulting in one prediction per participant. Lastly, the weights of the
LR model were then used to measure feature importance.

We also created fall risk classification models with features from each cluster. Both
LR and SVM models were trained and evaluated using LOSOCV, and performance of each
cluster was again assessed using AUC, accuracy, sensitivity, specificity, and F1 score, both
with and without aggregation. Hyperparameters of both models were tuned, lasso
regularization was used with OptimizeLearnRate to train the LR models and the SVM
model was found to perform best with a linear kernel and SMO solver. The model weights
from the lasso regression were also considered for feature importance. The number of faller
and non-faller observations for each cluster was also reported. A permutation analysis was
conducted to compare the model AUC against random chance, this was done using 100 run
average of classification results compared to 1000 replicates of permuted labels.
5.3. Results

All fifteen sway features computed were significantly different between the lab and
all remote data as seen in Table 10. Very high effect sizes were also observed for Pwr,
Path, and RMS. When correlating the remote data to PRMs, seen in Table 11, we found
the strongest relationships across all PRMs with the feature FD, frequency dispersion. The
PRMs ABC and MFIS demonstrated the most significant correlations to remote sway,
however, the strongest relationship observed, r = -0.62, was the 75" percentile of FD with

MSWS.

Table 10: Difference Testing Between Lab and Remote Sway

Feature Lab Median LabIQR Remote Median Remote IQR P-value Cohen’s D
Jerk 0.043 0.041 0.103 0.132 <0.001 0.838
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Dist 0.001 0.002 0.006 0.011 <0.001 0.904

RMS 0.045 0.034 0.709 0.118 <0.001 8.50
Path 1.39 1.071 222 3.749 <0.001 8.37
Range 0.066 0.054 0.392 0.353 <0.001 1.45
MV 1.24 1.127 21.6 4.015 <0.001 7.51
MF 195 548.7 541 2995 <0.001 0.63
Area 0.018 0.029 4.84 3.213 <0.001 2.20
Pwr 0.002 0.033 0.503 0.160 <0.001 4.64
F50 0.081 0.033 0.080 0.0002 <0.001 1.48
F95 0.225 0.026 0.217 0.003 <0.001 1.35
CF 0.701 0.057 0.715 0.011 <0.001 0.711
FD 1.85 0.251 1.788 0.035 <0.001 1.00
ApEn 0.515 0.178 0.343 0.282 <0.001 1.05
LyExp -0.457 14.74 -2.54 5.464 <0.001 1.13

Median and interquartile range (IQR) testing of lab and remote sway metrics with ranksum
difference testing and Cohen’s D effect size (o = 0.05)

Table 11: Correlations of Remote Sway Features to Patient Reported Measures

Feature EDSS ABC MFIS MSWS
Jerk - - - - - - - -
Dist - - - - - - - -
RMS - - - - P75 034 - -
Path - - - - P75 0.32 - -
Range - - STD 0.36 - - - -
MV - - - - Med 0.33 - -
MF - - - - - - - -
Area - - P75 039 STD 045 STD 0.30
Pwr - - - - P75 034 - -
F50 - - - - - - - -
F95 - - - - - - - -
CF P75 038 Med -0.51 Med 038 Med 049
FD P75 -059 P75 056 P75 -040 P75 -0.62
ApEn - - PS5 031 P5 -033 PS5 -0.32
LyExp - - STD 0.38 - - - -

Strongest spearman correlations observed between sway features and patient reported
measured. EDSS: Expanded Disability Severity Scale; ABC: Activities-Specific Balance
Confidence; MFIS: Modified Fatigue Impact Scale; MSWS: Multiple Sclerosis Walking
Scale; P5: 5™ Percentile; Med: Median; P75: 75" Percentile; STD: Standard Deviation;
Strongest correlation for each patient reported measure in italics. (o = 0.10).

Measures of postural sway were found to be able to assess fall risk when computed
on in-lab data. We observed an AUC of 0.74 fall risk classification which increased to 0.79

when we took the median of each participants classifications. This was found using a

logistic regression model and the weights of the model for a feature importance are
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depicted in Figure 14. To establish a baseline remote data performance, we first fit models
using all the collected data. The best performing model was a logistic regression with AUC
of 0.52 before aggregation and 0.44 after, suggesting the model is unable to perform any
better than guessing likely due to noisy data. More model performance details can be found

in Table 13.

Figure 14: Feature importance of logistic regression model for in-lab fall risk
classification.
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Feature importance of postural sway features computed from in-lab fall risk classification.

Clustering methods were then applied to investigate whether selecting subsets of
data would provide an increase over all data performance by potentially removing noise
and identifying similar data. The average optimal number of clusters was found to be 4,

the optimal number of clusters for each participant is depicted in Figure 15.
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Figure 15: Optimal number of clusters for each participant for kmeans clustering.
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Each cluster was found to establish differing relationships to PRMs. As seen in
Table 12, the strongest correlation to ABC was observed with FD from cluster 2, however,
the strongest correlation to EDSS was observed with RMS from cluster 3. Overall, features
from clusters 1-3 all establish meaningful correlations to PRMs while cluster 4 does not.
When compared to lab data, all features were different between the clusters and lab data
except ApEn for cluster 1 and ApEn, CF, and FD for cluster 2. Only clusters 2 and 3 have
significant correlations between lab derived and clustered features. The feature RMS has a
correlation of 0.36 and 0.43 with the median of clusters 2 and 3 respectively. The feature
CF was also significantly correlated with cluster 2 (r = -0.46). Interestingly, while not
significant, the features Range and FD, are negatively correlated with the lab data for all
home data and clusters 1-3. All other features, including those from all home data, were
not significantly correlated to lab-derived features. When averaging the amount of time
spent in each cluster across all of the participants, fallers spent 12.05% of the time in cluster
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1, 25.94% in cluster 2, 42.83% in cluster 3, and 19.18% in cluster 4. Non-fallers spent

7.69% in cluster 1, 24.35% in cluster 2, 38.56% in cluster 3, and 29.43% in cluster 4.

Differences in time spent in clusters 1 and 4 between fallers and non-fallers approaches
significance, (p = 0.055, p = 0.050, respectively), however, this was not the case for
clusters 2 and 3. Figure 16 demonstrates the z-score differences between the clusters
and all of the home data. Here we find Range and FD are both higher and CF is lower

in clusters 1 and 2 compared to home.

Figure 16: Z-score differences of clustered data and lab data for selected features.

Z-Score From All Home Data

4 I RVS
[ Range
[ Area
Sr [ cF
I FD

6 [ LyExp

7 L L L L L
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Lab

Differences between clustered data and all home data. Z-scores computed from difference
between clustered/lab feature and all home data.

Table 12: Correlations of Clustered Features to EDSS and ABC

All Data
Feature RMS Range Area CF FD LyExp
EDSS -038 -0.14 -0.13 0.18 -0.26 0.14

ABC 024 0.25 - -021 025 -0.07
Cluster 1

EDSS -0.18 -0.22 - 024 -038 -0.21

ABC - 0.51 -0.21 -0.57 0.55 0.33
Cluster 2

EDSS -0.30 -0.25 - 041 -0.55 0.10

ABC 0.20 0.40 - -0.55 0.64 -0.12
Cluster 3
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EDSS -0.61 -0.19 -038 0.22 -0.27 0.30
ABC 042 033 0.14 -021 020 -0.16

Cluster 4
EDSS - - 0.17 0.17 -0.16 0.11
ABC -0.12 - -0.22 -0.19 0.19 -

EDSS: Expanded Disability Severity Scale; ABC: Activities-Specific Balance Confidence.
Spearman correlation between postural sway features from each cluster and patient
reported measures. (o = 0.05).

Training models to classify fall risk from the different clusters of data revealed
vastly difference performance between clusters. Considering the aggregation of 48 hours
of data, clusters 1-4 achieve AUCs of 0.57, 0.71, 0.53, and 0.32 respectively, as shown in
Table 13. SVM models were found to perform best for clusters 1-3 while a logistic
regression model provided the best performance for cluster 4. Overall, cluster 2 exhibits
the strongest fall classification performance. Cluster 1 has a strong unaggregated
performance, AUC 0.73 with the highest observed accuracy, sensitivity, and F1 score,
however cluster 1 has a strong class imbalance toward fallers, which is corrected for by
aggregation resulting in the AUC of 0.57. Details regarding class balances, additional

model performance measures, and significance tests for model results are provided in Table

13.

Table 13: Fall risk classification performance by input data source of postural sway
features.

Data Model Input Size AGG ACC SPE SEN AUC F1 p-val
Lab LR F: 3008 None  0.69 0.74 0.64 0.74 0.67 <0.001
NF: 3196 Med 0.76 0.82 0.69 0.79 0.69  0.003

F: 2337 None  0.62 0.39 0.62 0.52 0.62  0.034

NF: 2308 Med 0.45 0.65 0.56 0.44 0.50 0417

All Home LR

Cl SVM F: 200 None 0.77 0.55 0.87 0.73 0.84 <0.001
NF: 93 Med 0.60 0.57 0.63 0.57 0.63 0.299
2 SVM F: 643 None 0.69 0.69 0.69 0.72 0.71  <0.001
NEF: 555 Med 0.73 0.86 0.63 0.71 0.71 0.018
3 SVM F: 1065 None 0.58 0.73 0.43 0.53 0.51 0.003
NF: 998 Med 0.53 0.79 0.31 0.53 0.42 0.111
C4 LR F: 495 None 0.50 0.44 0.58 0.31 0.50  <0.001

NEF: 658 Med 0.40 0.29 0.50 0.32 0.47 0.151
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Fall risk classification performance by input data source of postural sway features. C1 —
C4: Cluster 1 — Cluster 4; LR: Logistic Regression; SVM: Support Vector Machine; AGG:
Aggregation; F: Fallers; NF: Non-fallers; Med: Median; ACC: Accuracy; SPE: Specificity;
SEN: Sensitivity; AUC: Area Under Curve. p-val: p-values of permutation test. Bold
values signify the highest performance in column or significance of P-values. Note: results
tested to be significantly different from random, results lower than AUC of 0.5 are tested
for a significant performance reduction compared to random.

5.4. Discussion

The purpose of this work was to introduce postural sway as a remote digital
biomarker. In doing so, we compared the metrics to those computed from a lab standing
assessment, computed correlations to PRMs, and trained fall classification models to
establish clinical significance. In these analyses, we explored the impact of selecting
subsets of data by clustering compared to considering all free-living data.

When comparing lab and remotely collected postural sway, all features were found
to be significantly different with larger IQRs observed in many cases. Interestingly, many
of the features with high effect sizes were related to sway path, suggesting that perhaps
sway patterns are more variable at home. These findings suggest that modeling approaches
need to be trained using data from the targeted use environment. Similar observations were
made in remotely collected gait in PwMS [202].

Our investigation of clinical significance finds several significant correlations
between PRMs and remote sway features. The strongest correlations were observed with
FD for EDSS, ABC, and MSWS, while Area provided the strongest correlations to MFIS.
In our previous studies, we have found few significant relationships between standard eyes-
open standing and PRMs in the lab [51]. The strongest in-lab correlation we observed was

-0.37 between Dist and MFIS while in this analysis we not only find a stronger relationship

to MFIS with Area (r=0.45), we also find a correlation of -0.62 between FD and MSWS
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when considering remotely collected sway. Based on these findings, it is clear that remote
sway demonstrates clinical significance in relation to PRMs.

Using the remote and lab measures to train fall classification models, however, we
find that considering all the remote data is not clinically meaningful when trying to classify
fall risk, highlighting the need for some level of preprocessing such as clustering. The in-
lab features were able to achieve an AUC of 0.79 in an eyes-open balance assessment
compared to 0.52 remotely. Investigating the feature importance of the well fit lab model
reveals the most important features from this set in the lab are RMS, Path, MV, Area, and
Pwr. These findings are different from those previously found in MS that suggest the three
domains to explain balance variance are sway amplitude and velocity and sway frequency
and jerk in the anterior-posterior (AP) and medial-lateral (ML) directions [213]. These
features may not arise as important in this analysis because we do not require our
participants to perform a lying calibration and therefore cannot distinguish between AP
and ML features.

When clustering methods were applied to the remote data, we found differing
relationships with each cluster. Based on ranksum tests, cluster 2 provided the fewest
significant differences when compared to the lab standing, followed by cluster 1. All
features were significantly different for clusters 3 and 4. When correlating these home and
clustered features with the lab-derived features, we find most features are not correlated,
meaning lab performance is not indicative of real world standing. Additionally, features
like CF, FD, and Range have negative correlations, suggesting that those who have less
sway in the lab assessment have larger sway ranges at home. This may reflect an increase

in confidence and movement in those who are less impaired. We also found the overall
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highest correlations when using data from cluster 2 between ABC and FD (r=0.64).
Interestingly, however, the strongest correlation to EDSS was found between RMS in
cluster 3 (r=0.61). This suggests that the clusters may capture different relationships within
the data.

Perhaps the most interesting finding is that when the data from the clusters were
used to train fall risk models, cluster 2 was able to achieve performance near that of the lab
assessment. These clustering results show promise that accurate assessments can still be
made with remote data when appropriate data are selected for analysis. Herein, the
clustering was simply used as a method to select different sets of unique data. The improved
performance and correlations observed when doing so motives using similar unsupervised
methods to remove unwanted data or select data of interest in future remote analyses. A
similar approach may have been able to explain the differences between fall classification
performance of PWMS from gait from the lab and home [122], [202].

There are some limitations to this study. First, our analysis was based on a relatively
small sample of 33 PwMS. There is a lack of demographic and regional diversity in this
sample. Additionally, our methods do not distinguish between AP and ML direction
features, which may provide different results when doing so. Finally, our inclusion criteria
limit these studies to lower impairment individuals. We expect a more impaired sample
would result in stronger signals, however, that remains untested with our current dataset.

Despite these limitations, we were still able to provide strong results and
motivations for the remote assessment of postural sway. Future studies need to be done to

determine if these same clustering methods can be applied to deep learning methods of fall
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risk classification. Studies should also be done to determine if similar clustering methods
provide meaning findings in other fields of remote analysis, such as for gait.
5.5. Conclusion

Herein we examine the use of postural sway as a remote digital biomarker. We
demonstrated that sway measures collected in the lab are significantly different from those
collected remotely and that stronger correlations are found with remote data. However, lab
sway features were able to accurately assess fall risk while remote measures were unable
to do so. To address this, we applied a clustering method to identify similar data at home
and found differing relationships to PRMs and fall risk within each cluster. The best
performing cluster was able to achieve similar performance to lab collected sway and
provided stronger correlations than both the lab and all home data. The results presented
herein motivate the inclusion of postural sway as an analysis method in future remote

studies.
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CHAPTER SIX: CONCLUSION
6.1. Summary of Developments

The goal of this dissertation was to address challenges of remote monitoring to
allow for robust assessment of gait and balance impairment related to fall risk in persons
with multiple sclerosis. These challenges and questions were examined with a data analysis
platform that was developed for remote analysis. This platform detects the participants’
activities, such as walking and standing, and then computes the appropriate gait, sway, or
other activity features and outputs the results for further analysis. This platform was
designed to function with data from several studies and patient cohorts to facilitate remote
analysis for others and in future work.

The introduction provided in Chapter 1 motivates and discusses falls in MS, current
techniques of fall risk assessment, and how wearable sensing can be used to improve the
standard of care. Specifically, this includes discussion of how remote studies may be more
appropriate and accessible, however, there are few studies investigating fall risk remotely,
particularly in the field of postural sway. Further, prior work is discussed and how the
excellent performance achieved using in-lab assessments techniques did not translate when
applied to remote data. Based on these challenges, this work aimed to answer the following
questions: Does walking duration affect gait and fall risk assessment? How much data is
enough? Can we measure postural sway from the chest? Is there a better way to compute
sway metrics? Can remotely collected postural sway classify fall risk and demonstrate
clinical utility?

Chapter two addresses the challenges regarding walking duration. The major

contribution of this work is the demonstration that features of gait do change in PwMS
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based on walking duration. This builds upon on the work on Storm et al. that demonstrated
significant differences between lab and remote gait parameters [137]. As a result, walking
duration also has an impact on fall risk classification models. In this analysis, it was found
that longer walks were most similar to in-lab walking. These longer walks also provided
the input data to the best performing fall risk classification models. In addition to these
findings, the data set used to train these models was released publicly to address the
common lack of data in clinical populations.

Chapter three addresses a common question asked by reviewers when reviewing a
remote study: how much data is enough? To answer this question, this study utilized six
weeks of data and compared features of gait and sway computed from shorter durations of
wear. Searching through literature on methods to determine sufficient monitoring time,
there was a lack of a defined methodology to do so. Therefore, this study proposed a
standardized three-part method to determine an adequate monitoring period. First
difference testing and intra-class correlation were used to establish analytical validation.
Then clinical significance was established by correlating to PRMs. Applying this analysis
to gait and sway features, we found that most measures were analytically valid in two to
three days of monitoring and in some cases, longer periods of monitoring were needed to
establish clinical significance. Overall, the number of days required was found to be
significantly related coefficient of variation of the feature and number of daily
observations.

Chapter four addresses two challenges in the field of postural sway. First, can sway
features be obtained from the chest for more convenient remote monitoring. Second, is

there a better method to compute sway features than first proposed in Mancini et al. where
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features are computed once based on a 30-second standing period [50]. In this analysis,
sway measures computed from the chest were found to be comparable to the previously
validated sacrum accelerometer location. Once concurrent validity was established, chest
measures were also found to relate to PRMs and demonstrate differences between fallers
and non-fallers. This study also proposed a novel method of computing postural sway
features called Individualized Distributions (ID). This approach required an additional 30-
seconds of standing data and used a sliding window approach to create a distribution of
each feature rather than a single value. The resulting distribution was found to capture more
differences between fallers and non-fallers and have more numerous and stronger
correlations to PRMs.

Chapter five builds upon the finding that postural sway can be assessed from the
chest and only requires two days of monitoring. This study presents an analysis of remotely
collected postural sway and shows its relationship to PRMs, fall risk, and different groups
of data that exists in remote data. Measures of remote sway were found to provide stronger
correlations to PRMs when compared to lab-derived features, however, lab-derived
features far outperformed remote features when classifying fall risk. To explain this
performance discrepancy, clustering was employed to identify clusters of similar remote
data that may provide improved predictive power. In doing so, one cluster was able to
obtain fall classification performance nearing in-lab performance while also improving
upon the remote correlations to PRMs.

6.2. Implications of Work
This work answers foundational questions and challenges required to successfully

design, collect, and analyze wearable sensors data in remote settings and also provides a
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platform for remote analysis. Chapter two explains that the duration of the activity, gait in
this case, has an impact on participant performance and prediction power. Future studies
need to consider this notion when performing remote analyses. Chapter two also outlines
an open-sourced dataset that was released along with the paper. This serves to help fill the
clinical population data shortage and encourage other groups to share study data as well.

Chapter three has several implications for future study design. The finding that two-
three days is sufficient to monitor features of gait and sway suggests longer studies may be
a waste of resources. More frequent shorter observation periods may be more useful when
trying to track aspects of disease like symptom fluctuations. The number of required days
to adequately measure a feature was found to be related to variability and number of
observations. This knowledge can be applied during feature engineering and development
to ensure the selected features are appropriate for the desired study length. Additionally,
this study also proposed a framework that can be used to perform similar analyses in other
populations or activities.

Chapter four demonstrates that sway measures can be obtained from the far more
accessible chest sensor location compared to a sacrum sensor. This allows these measures
to be obtained the growing number of cardiac-focuses wearables and alleviates the remote
monitoring of postural sway. In addition, this study also demonstrates that sway measures
computed using individualized distributions provide greater predictive power compared to
those computed in the standard approach.

Lastly, Chapter 5 builds upon previous findings and demonstrates that postural
sway is a clinically significant remote digital endpoint. This is the first study to formally

introduce remote sway in PwMS and other populations. The use of clustering to find
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stronger relationships also suggests similar methods may be used in other fields of remote
analysis. The remote analysis framework used to perform these analyses was licensed for
use by Medidata Solutions and is being broadly applied to other clinical populations.
Overall, this work shows clinically significant measures can be obtained remotely when

proper processing and analysis is performed.
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Appendix A
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Median N/A N/A LSATBI‘é 2 0.65 LSAT];\é 2 0.63 LSATBI‘é 2 0.63
None NA N/A LSTM 3 0.65 LSTM 2 0.66 LSTM 2 0.69
ABC : ABC : ABC :

None | LSTM2 0.64 LSTM 3 062 LSTM 3 0.6 LSTM 3 0.6

5| Median | LSTM3 LTM 2 LSTM 3 LTM 2
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3| Median | L5TM3 LETM 3 LSTM 3 LETM 3
ABC 0.65 ABC 0.74 ABC 0.60 ABC 0.73
None | LSTM3 0.66 LSTM 2 0.60 LSTM 3 0.66 LSTM 2 071

2| edian | L8TM 3 LT 2 LSTM 3 LT 2
ABC 0.66 ABC 0.73 ABC 0.64 ABC 0.73
None | LSTM2 065 LSTM 2 061 LSTM 2 0.69 LSTM 3 0.69
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LSTM: Long-Short Term Memory Neural Network; LSTM 2: Model with one LSTM layer and one BilSTM layer; LSTM 3: Model
with LSTM Layers; AGG: Aggregation technique (none or median of all remote stride observations); AUC: Area Under the Receiver
Operating Characteristic Curve; ABC: Activity Specific Balance Confidence added as input feature; N/A: Not enough data available
to extract specified number of strides from each subject.
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Appendix B

Difference Testing Results

Table B1: Gait Feature Ranksum Difference Testing in Persons with MS

Gait Feature 1Dv 2Dv 3Dv WE v 1Wyv 1Wyv 1Wyv 1Wyv 1Wyv
14 total 1w 1w 1w WD 2W 3w 4W 5W 6W

Acceleration Asymmetry
Correlation Asymmetry
Double Support Duration CV
Duty Factor

Duty Factor Asymmetry
Entropy Ratio

Entropy Ratio Asymmetry
Frequency Dispersion ML
Lyapunov Exponent AP
Lyapunov Exponent ML
RMS AP

Stance Duration

Stride Duration

Swing Duration CV
Number of Significant 2-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV
Differences 0-M 0-M 0-M 0-M 0-M 0-M 0-M 0-M 0-M

0-95"P  0-95"P  0-95%"P  0-95"P 0-95"P 0-95"P  0-95"P 0-95"P 0-95% P
Bl Difference testing of gait features for PWMS. A significant difference of the feature at the timeframe is denoted by
CV, M, or 95" P for Coefficient of Variation, Median, and 95% Percentile, respectively. The timeframes are abbreviated
as follows: 1D = 1 Day, 2D = 2Days, 1W = 1 Week, WE = Weekend, WD = Weekday, etc. If the box is empty, no
significant difference was found. The significance threshold was 0.05.

Table B2: Sway Feature Ranksum Difference Testing in Persons with MS

Sway Feature 1Dv 2Dv 3Dv WE v 1Wv 1Wv 1Wv 1Wv 1Wv
13 total 1w 1w 1w WD 2W 3w 4W SW 6W

Area CvV

Centroidal Frequency

Distance

50" Percentile Frequency
95" Percentile Frequency
Frequency Dispersion

Jerk

Mean Period CV

Mean Velocity

Path

Power CV

Range

RMS EEEE___—_————hhmmmmmmmmmmmm———————————————————————
Number of Significant 3-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV 0-CV
Differences 0-M 0-M 0-M 0-M 0-M 0-M 0-M 0-M 0-M

0-95"P  0-95"P  0-95%P  0-95"P 0-95"P 0-95"P 0-95%P 0-95"P 0-95%P
B2 Difference testing of sway features for PwWMS. Timeframes are abbreviated as follows: 1D = 1 Day, 2D = 2Days, 1W
=1 Week, WE = Weekend, WD = Weekday, etc. A significant difference of the feature at the timeframe is denoted by
CV, M, or 95" P for Coefficient of Variation, Median, and 95" Percentile, respectively. If the box is empty, no significant
difference was found. The significance threshold was 0.05.

ICC Results
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Table B3: Intra-class Correlation Wear Duration Gait Analysis in Persons with MS

Gait Feature 1Dv 2D v1W 3Dv WE v 1Wv 1Wv 1Wv 1Wv 1Wv
14 total 1W 1W WD 2W 3W 4W S5W 6W
Acceleration 0.92 0.95 0.98 0.96 0.99 0.97 0.96 0.95 0.98
Asymmetry 0.89 0.97 0.98 0.94 0.98 0.97 0.94 0.93 0.98
0.80 0.90 0.91 0.92 0.98 0.90 091 0.89 0.94
Correlation 0.96 0.98 0.99 0.98 1.00 0.99 0.98 0.97 0.96
Asymmetry 0.75 0.90 0.95 0.91 0.98 0.96 0.95 0.96 0.95
0.94 0.96 0.98 0.95 0.98 0.98 0.96 0.93 0.96
Double Support 0.95 0.96 0.98 0.93 0.99 0.98 0.87 0.89 0.96
Duration 0.84 0.83 0.91 0.38 0.93 0.88 0.74 0.48 0.72
0.62 0.84 0.98 0.60 0.96 0.92 0.87 0.78 0.79
Duty Factor 0.96 0.98 0.99 0.98 0.98 0.97 0.91 0.95 0.93
0.70 0.94 0.97 0.96 0.99 0.96 0.95 0.86 0.89
0.80 091 0.92 0.87 0.97 0.93 0.84 0.76 0.83
Duty Factor 0.96 0.97 0.99 0.98 0.99 0.99 0.97 0.98 0.97
Asymmetry 0.79 0.97 0.96 0.96 0.99 0.99 0.95 0.97 0.96
0.89 0.94 0.97 0.96 0.97 0.97 0.95 0.94 0.96
Entropy Ratio - 0.84 0.85 0.71 0.98 0.95 0.62 - -
- 0.91 0.96 0.91 0.98 0.97 0.81 - -
- 0.82 0.91 0.90 0.87 0.90 0.53 - -
Entropy Ratio - 0.97 0.96 0.88 0.95 0.94 0.92 - -
Asymmetry - 0.83 0.85 0.60 0.86 0.87 0.78 - -
- 0.45 0.72 0.32 091 0.85 0.39 - -
Frequency 0.96 0.95 0.97 0.94 0.99 0.99 0.93 0.89 0.79
Dispersion ML 0.76 0.93 0.95 0.93 0.99 0.99 0.96 0.89 0.96
0.87 0.94 0.98 0.87 0.98 0.98 091 0.84 0.94
Lyapunov Exponent - - - 0.57 0.99 0.97 0.83 0.66 0.89
AP - - - 0.71 0.97 0.97 0.73 0.44 0.93
- - - 0.02 0.00 0.00 0.08 0.19 0.00
Lyapunov Exponent - - - 0.79 0.84 0.88 0.83 0.84 0.92
ML - - - 0.57 0.98 0.97 0.80 0.60 0.82
- - - 0.15 0.57 0.07 0.53 0.00 0.00
RMS AP 0.83 0.95 0.96 0.94 0.98 0.97 0.88 0.94 0.95
0.68 0.93 0.95 0.87 0.97 0.92 0.86 0.87 0.90
0.83 0.88 0.94 0.86 0.95 0.95 0.64 0.83 091
Stance Duration 0.89 0.95 0.98 0.89 0.99 0.98 0.93 0.94 0.98
0.53 0.96 0.96 0.90 0.99 0.98 0.94 0.88 0.92
0.57 0.94 0.96 0.85 0.97 0.96 0.78 0.85 0.88
Stride Duration 0.92 0.95 0.99 0.90 0.99 0.99 0.96 0.98 0.99
0.84 0.92 0.95 0.88 0.98 0.97 0.95 0.88 0.96
0.45 0.90 0.96 0.81 0.97 0.95 0.84 0.90 0.94
Swing Duration 0.97 0.98 0.99 0.96 0.99 0.98 0.93 0.96 0.97
0.82 091 0.92 0.92 0.96 0.93 0.82 0.80 0.87
0.38 0.65 0.78 0.72 0.94 0.86 0.58 0.59 0.72
Number of Strong 10 12 12 13 14 14 13 11 12
Correlations 8 12 12 11 14 14 14 9 12
6 10 12 10 12 12 8 9 10

B3 Intra-class correlation of gait features between differing timeframes in PWMS. Non-shaded cells are the correlations
between feature medians, grey shaded cells are the correlation between feature 95" percentiles and blue shaded cells are
the correlation between feature coefficient of variation (CV) values. Features and/or timeframes are abbreviated as
follows: AP: Anterior-posterior; ML: Medio-lateral; RMS: Root Mean Square; 1D = 1 Day, 2D =2Days, 1W =1 Week,
WE = Weekend, WD = Weekday, etc. Correlations are considered strong if the reported value is greater than or equal to
0.70, values below are bolded and italicized.

Table B4: Intra-class Correlation Wear Duration Sway Analysis in Persons with MS

Sway Feature
(13 total)

IDviIW 2Dv1IW 3DvI1W WE v

WD
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1Wv
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1Wv
4W

1Wv
5W

1Wv
6W



Area 0.49 0.86 0.94 0.93 0.96 0.94 0.84 0.87 0.93
0.40 0.38 0.95 0.91 0.98 0.95 0.92 0.81 0.96
0.46 0.81 0.89 0.85 0.92 0.90 0.88 0.86 0.91
Centroidal 0.84 0.96 0.99 0.95 1.00 0.99 0.97 0.98 0.99
Frequency 0.73 0.90 0.97 0.88 0.99 0.99 0.96 0.97 0.98
0.49 0.90 0.95 0.91 0.96 0.96 0.93 0.92 0.95
Distance 0.75 0.94 0.97 0.94 0.97 0.97 0.83 0.89 0.94
0.46 0.86 0.95 0.76 0.96 0.92 0.89 0.88 0.92
0.47 0.94 0.96 0.93 0.96 0.96 0.77 0.86 0.94
50" Percentile 0.80 0.96 0.99 0.96 0.98 0.97 0.94 0.95 0.96
Frequency 0.74 0.94 0.98 0.94 0.98 0.98 0.94 0.96 0.97
0.52 0.84 0.88 0.78 0.96 0.93 0.90 0.83 0.91
95t Percentile 0.74 0.97 0.99 0.97 0.98 0.96 0.95 0.94 0.96
Frequency 0.64 0.94 0.98 0.94 0.98 0.98 0.95 0.97 0.98
0.32 0.71 0.90 0.79 0.95 0.91 0.56 0.88 0.89
Frequency 0.64 0.95 0.96 0.95 0.98 0.98 0.91 0.93 0.97
Dispersion 0.66 0.91 0.96 0.89 0.97 0.95 0.93 0.92 0.94
0.46 0.87 0.93 0.93 0.97 0.96 0.86 0.92 0.95
Jerk 0.85 0.88 0.96 0.92 0.98 0.95 0.71 0.84 0.92
0.68 0.87 0.96 0.87 0.96 0.93 0.76 0.83 0.90
0.27 0.79 0.87 0.90 0.93 0.91 0.87 0.83 0.90
Mean Period 0.01 0.97 0.97 0.97 0.90 0.90 0.84 0.83 0.94
0.43 0.78 0.96 0.90 0.94 0.96 0.95 0.72 0.96
0.56 0.67 0.87 0.49 0.84 0.83 0.40 0.41 0.75
Mean Velocity 0.56 0.97 0.96 0.96 0.97 0.96 0.95 0.94 0.96
0.85 0.80 0.93 0.94 0.95 0.97 0.94 0.86 0.97
0.72 0.94 0.97 0.90 0.92 0.90 0.76 0.93 0.88
Path 0.51 0.97 0.96 0.98 0.97 0.96 0.95 0.93 0.96
0.84 0.79 0.94 0.94 0.95 0.97 0.94 0.86 0.97
0.62 0.91 0.96 0.94 0.94 0.93 0.83 0.93 0.91
Power 0.24 0.96 0.95 0.98 0.96 0.97 0.97 0.92 0.97
0.82 0.72 0.94 0.94 0.95 0.97 0.92 0.82 0.97
0.77 0.91 0.96 0.93 0.94 0.92 0.76 0.92 0.88
Range 0.65 0.91 0.94 0.94 0.97 0.97 0.82 0.88 0.96
0.48 0.94 0.97 0.95 0.98 0.96 0.88 0.91 0.94
0.39 0.77 0.87 0.68 0.91 0.87 0.85 0.58 0.83
RMS 0.49 0.97 0.96 0.97 0.97 0.97 0.95 0.93 0.97
0.83 0.79 0.95 0.94 0.95 0.97 0.93 0.86 0.98
0.61 0.92 0.96 0.95 0.95 0.94 0.93 0.93 0.92
Number of Strong 5 13 13 13 13 13 13 13 13
Correlations 6 12 13 13 13 13 13 13 13
1 12 13 11 13 13 11 11 13

B4 Intra-class correlation of sway features between differing timeframes in PwMS. Non-shaded cells are the correlations
between feature medians, grey shaded cells are the correlation between feature 95" percentiles and blue shaded cells are
the correlation between feature coefficient of variation (CV) values. Timeframes are abbreviated as follows: 1D = 1 Day,
2D = 2Days, 1W =1 Week, WE = Weekend, WD = Weekday, etc. Correlations are considered strong if the reported

value is greater than or equal to 0.70, values below are bolded and italicized.
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Appendix C

TABLE Cl1
PRM AND POSTURAL SWAY FEATURES CORRELATIONS F(E)R CHEST SENSOR LOCATION USING SO METHOD
Age EDSS ABC MFIS MSWS
Feature EO EC TS EO EC TS EO EC TS EO EC TS EO EC TS
Jerk - - 0.41 0.28 043 0.48 - -0.40 -0.39 - - 0.28 - 0.39 031
Dist - - - - - - - - - - - - - - -
RMS - - - - - - - - -0.32 - - - - - 0.38
Path - - - - - - - - -0.32 - - - - - 0.36
Range - - - - 032 027 - -0.32  -0.26 - - 0.26 - 036 028
MV - - - - - - - - -0.31 - - - - - 0.36
MF - - - - - - - - - - - - - - -
Area - - - - - - - - -0.35 - - - - 0.29 043
Pwr - - - - - - - - -0.32 - - - - - 0.38
F50 - - - - - - - - - - - - - - -
F95 - - - - - - - - - - - - - - -
CF - - - - - - - - - - - - - - -
FD - - - - - - - - - - - - - - -
ApEn - - - - - - - - - - - - - - -
LyExp - - - - - - - - - - - - -0.30 - -

Significant and approaching significant correlations of postural sway features with PRMs for the Single Observation (SO) method.
Approaching significant correlations are italicized. Eyes-Open (EO); Eyes-Closed (EC); Tandem Standing (TS).

TABLE C2
PRM AND POSTURAL SWAY FEATURES CORRELATIONS F(():R SACRUM SENSOR LOCATION USING SO METHOD
Age EDSS ABC MFIS MSWS
Feature | EO EC TS EO EC TS EO EC TS EO EC TS EO EC TS
Jerk - - 037 042 050 049 -034 -0.50 -0.37 - 0.32 036 - 048 0.30
Dist 0.33 - - - 0.27 033 - - - - - - - - -
RMS - - - - - - - - - - - - - - -
Path - - - - - - - - - - - - - - -
Range 0.38 031 034 036 036 047 -038 -038 -0.42 - 033 027 033 051 040
MV - - - - - - - - - - - - - - -
MF -0.29 - - - - -0.34 - - - - - - - - -
Area - - - - - - - - - - - - - - -
Pwr - - - - - - - - - - - - - - -
F50 - - - 0.27 - 0.29 - - - - - - - - 0.27
F95 - - - - - 0.27 - - - - - - - - -
CF - - - - - - - - - - - -0.32 - - -
FD - -0.27 - - - - - - - - - - - - -
ApEn - -0.38 - - - - - - - - - - - - -
LyExp - - - - - 0.44 - - - - - - - - 0.27

Significant and approaching significant correlations of postural sway features with PRMs for the Single Observation (SO) method.
Approaching significant correlations are italicized. Eyes-Open (EO); Eyes-Closed (EC); Tandem Standing (TS).
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TABLE C3
PRM AND POSTURAL SWAY FEATURES CORRELATIONS FOR CHEST SENSOR LOCATION USING ID METHOD

Age EDSS ABC MFIS MSWS
Summary
Feature  Statistic EO EC TS EO EC TS EO EC TS EO EC TS EO EC TS
pS - 0.30 033 - 0.46 0.54 - 038 -047 - - 037 - - 0.38
p25 - 0.30 0.32 0.27 0.45 0.49 - 036  -043 - - 0.33 - - 0.33
Jerk Med - - 033 - 045 0.49 - 036 -0.44 - - 035 - - 0.34
p75 o s 031 s 0.45 043 s 037  -038 s - 0.31 - - 0.30
P95 - - 0.34 0.28 0.46 0.43 - 036  -037 - - 0.31 - - 0.30
STD - - 0.27 = 034 o - 032
pS - - - - - - - 0.32 - - -0.43 - - -0.43
P25 - s s s s o s 0.28 031  -028  -0.48 - - 048 027
Dist Med - - - - - - - - 027 | -038  -047 - 030  -047
P75 - = = = - - - - - 037 -045 - 031 -045 028
P95 - - - - - - - - - 035 -032 - - -0.32
STD - - - - s o s s s 033 -030 - - -030 _ 0.29
pS - - - - - - - - -0.34 - - - - - 0.35
p25 - - - - - - - - -0.36 - - - = = 037
RMS Med . - - - - - - - 035 - - - - - 0.36
P75 - - - - - - - - -0.34 - - - = = 0.35
P95 R - - - - - - - -0.35 - - - - - 0.36
STD - B B B B - - - - -0.27
pS - - - - - - - - -0.31 - - - - - 0.33
P25 - - - - - - - - -0.33 - - - = = 0.33
Path Med . - - - - - - - 034 - - - - - 0.34
P75 - - - - - - - - -0.33 - - - = = 0.34
P95 R - - - - - - - -0.35 - - - - - 0.36
STD 5 = = = = 5 = = = = 5 = = = 0.27
pS - - - - 0.28 - - 027 032 - - - - - 0.26
p25 - - - - - 031 - - 0.36 - - - - - 0.31
Range Med - - - - - 0.27 - - 0.32 - - - - - 0.28
P75 - - - - - - - - -0.29
P95 R - - - - - - - -0.31 - - - - - 0.32
STD - - 035
pS . _ . - - _ - - - - - - 0.28 - 0.27
P25 - - - - - - - - -0.27 - - - = = 0.29
MV Med . - - - - - - - -0.28 - - - - - 0.29
P75 - - - - - - - - -0.29 - - - = = 0.30
P95 R - - - - - - - -0.32 - - - - - 0.34
STD - - - s s o s s 032 -0.36 - - - - 0.34
pS - - - - - - - - - 0.32 0.37 - 0.33 0.37
p25 : - s s s o s 025 - 0.28 0.45 - 0.35 0.45
MF Med - - - - - - - 026 - - 0.43 - 031 0.43
P75 - - - - - - - -0.33 - - 0.40 = = 0.40
P95 - - - - 0.27 - - -0.37 - - 0.40 - - 0.40
STD 5 - - s s o s 032 - - 0.36 - - 0.36
pS - - - - - - - - -0.32 - - - - - 0.38
P25 - - - - - - - - -0.33 - - - = = 037
Area Med . - - - - - - - 033 - - - - - 0.39
P75 - - - - - - - - -0.33 - - - = = 0.39
P95 R - - - - - - - -0.32 - - - - - 0.39
STD B B B B B B B B B B B B B B 0.33
pS - - - - - - - - -0.34 - - - - - 0.35
Pwr p25 B B B B B B B B 036 B B B - - 037
Med . - - - - - - - 035 - - - - - 0.36
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P75 - - - - - - - - 034 - - - s s 0.35
P95 R - - - - - - - -0.35 - - - - - 0.36
STD - - - - - - - - -0.29 - - - s s 0.31

TABLE C3 (CONT.)
PRM AND POSTURAL SWAY FEATURES CORRELATIONS FOR CHEST SENSOR LOCATION USING ID METHOD

Age EDSS ABC MFIS MSWS
Summary
Feature  Statistic EO EC TS EO EC TS EO EC TS EO EC TS EO EC TS
FS0 gD e L e N 5 M
F95 Med . . . . . . . . . . . 0.27 . . .
CF N/A R R R R R R R R R R R R R R R
FD STD . . . . . . . . . . . 0.31 . . .
p5 - - - - - - - - - 0.27 - - - - -
ApEn p25 - - - - 0.26 - - - - 0.28 034 - - 0.34 -
Med - - - - - - - - - 029 027 - - 0.27 -
p75 - - - - - - - - - - 0.26 - - 0.26 -
p25 - - - - - - - 0.26 - - - - - - -
LyExp Med . . . . . . . 0.28 = = = = = = =
STD 0.33 - - - - - - - - - - - - - -

Significant and approaching significant correlations of postural sway features with PRMs for the Individualized Distributions (ID)
method. Approaching significant correlations are italicized. Eyes-Open (EO); Eyes-Closed (EC); Tandem Standing (TS).
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TABLE C4
PRM AND POSTURAL SWAY FEATURES CORRELATIONS FOR SACRUM SENSOR LOCATION USING ID METHOD

Age EDSS ABC MFIS MSWS
Feature  Summary Statistic | EO  EC TS EO EC TS EO EC TS EO EC TS EO EC TS
pS - - 0.34 | 0.33 0.51 056 | -032 -041 -045 | - - 0.41 - 0.39  0.37
p25 - - 0.35 | 0.33 0.50 0.56 @ -032 -041 -045 | - - 042 | - 040 0.36
Jerk Med - - 0.32 | 0.33 0.50 0.52 -0.33  -047 -042 | - - 040 | - 044 032
p75 - - 0.31 031 0.53 050 @ -032 -049 -040 | - 0.28 040 | - 0.47 0.30
p95 - - 0.32 | 0.31 0.51 049 | -0.31 -048 -039 | - 0.29 040 | - 0.47 0.31
STD - - - 0.31 041 - -0.30 -042 - - 0.44 028 | - 046 -
pS - - - - - 036 | - - -0.27 | - - - - - -
p25 - - - - - 036 | - - -0.36 | - - - - - -
. Med - - - - - - - - - - - - 0.28 - -
Dist
p75 - - - - - - -0.32 - - - - - 029 - -
p95 - - - - - - -0.27 - - - - - - - -
STD - - - - - - -0.32 - - - - - - - -
RMS N/A - - - - - - - - - - - - - - -
Path N/A - - - - - - - - - - - - - - -
pS - 037 - - 042 044 | -037 -042 -0.52 | - - 0.37 | 0.33 049  0.46
p25 - 0.33 - - 0.35 048 -0.41 -037 -048 | - - 0.29 | 035 0.45 0.37
Range Med - 034 - - 0.34 046 | -037 -035 -044 | - - - 0.32 0.42 0.37
p75 - 037 - - 035 042 -030 -032 -040 | - - - 0.29 043 0.33
p95 - 0.35 0.30 | - 0.31 046 | -0.27 -0.30 -0.46 | - - 0.31 - 0.41 0.44
STD - - - - - 0.35 - - -0.27 | - - - - - 0.34
MV STD - - - - - - - - -0.28 | 033  -0.29 - - - -
p75 - - - - - -0.34 | - - 0.31 - - - - - -
MF
p95 - - - - - -0.31 | - - - - - - - - -
p25 - - - - - - -0.28 - - - - - - - -
Med - - - - - - -0.29 - - - - - - - -
Area P75 - - - - - - -0.28 - - - - - - - -
p95 - - - - - - -0.30 - - - - - - - -
STD - - - - - - -0.37 - - - - - 029 - -
Pwr N/A - - - - - - - - - - - - - - -
p25 - - - - - 0.31 - - -0.27 | - - - - - -
Med - - - - - 0.31 - - -0.28 | - - 027 | - - -
F50 p75 - - - - - 0.31 - - -0.28 | - - - - - 0.27
p95 - - - - - 029 | - - - - - - - - 0.27
STD - - - - - 029 | - - -0.27 | - - - - - 0.29
pS - - - - - 029 | - - - - - 0.28 | - - -
p25 - - - - - 029 | - - -0.27 | - - 0.28 | - - -
Med - - - - - 0.28 | - - -0.27 | - - 027 | - - -
F95
p75 - - - - - 029 | - - - - - - - - -
p95 - - - - - - - - - - - - - - 0.27
STD - - - - - 0.30 | - - -0.31 | - - - - - 0.33
pS - - - - - - - - 027 | - - -0.29 | - - -
CF p75 - - - - - - - - - - - -0.27 | - - -
STD - - - - - 029 | - - -0.31 | - - - - - 0.31
pS - -0.31 - - - - - - - - - - -0.35 - -
p25 - -0.31 - - - - - - - - - - - - -
FD
Med - -0.27 - - - - - - - - - - - - -
p95 - - - - - 027 | - - - - - 029 | - - -
pS - -0.30 - - - - - - - - - - - - -
p25 - -0.32 - - - - - - - - - - - - -
Med - -0.34 - - - - - - - - - - -0.27 - -
ApEn
p75 - -0.36 - - - - - - - - - - -0.31 - -
p95 - -0.37 - - - - - - - - - - -0.33 - -
STD - - - -0.44 - - 039 - - -0.45 -034 - -0.38  -034 -




TABLE C4 (CONT.)
PRM AND POSTURAL SWAY FEATURES CORRELATIONS FOR SACRUM SENSOR LOCATION USING ID METHOD

Age EDSS ABC MFIS MSWS
Feature Summary Statistic EO EC TS EO EC TS EO EC TS EO EC TS EO EC TS
p5 - - - - - 0.29 - - -0.31 - - - - - 0.33
p25 - - - - - 0.43 - - -0.36 - - 0.33 - - 0.31
LyExp Med - - - - - 0.40 - - -0.42 - - 0.30 - - 0.37
p75 - - - - - 0.31 - - -0.29 - - - - - 0.30
p95 - - - - - 0.34 - - -0.28 - - - - - 0.28

Significant and approaching significant correlations of postural sway features with PRMs for the Individualized Distributions (ID) method. Approaching significant
correlations are italicized. Eyes-Open (EO); Eyes-Closed (EC); Tandem Standing (TS).

TABLE C5
FALLER NON-FALLER COMPARISONS FOR CHEST AND SACRUM DERIVED POSTURAL SWAY FEATURES

Eyes-Closed Single Observation

Chest Sacrum
Feature Statistic F Med NF Med P Cohen's d F Med NF Med P Cohen's d

Range N/A - - - - 0.05 0.03 0.08 0.42

Eyes-Open Subject Specific Distribution

MV STD 0.09 0.14 0.06 -0.35 - - - -

Eyes-Closed Subject Specific Distribution

Jerk STD - - - - 0.00 0.00 0.08 0.48
p95 - - - - 0.06 0.04 0.08 0.47
Range
STD - - - - 0.01 0.00 0.05 0.36
Tandem Standing Subject Specific Distribution
p75 0.10 0.08 0.06 0.36 - - - -
Jerk P95 0.11 0.08 0.06 0.41 - - - -
STD 0.01 0.00 0.10 0.48 - - - -
Range pS - - - - 0.06 0.04 0.05 0.59
MV STD 0.19 0.09 0.05 0.60 - - - -
pS 0.06 0.03 0.08 0.33 - - - -
p25 0.07 0.04 0.07 0.34 - - - -
Area
Med 0.09 0.04 0.07 0.29 - - - -
p75 0.09 0.04 0.07 0.32 - - - -
Med 0.70 0.71 0.05 -0.56 - - - -
CF
p75 0.70 0.71 0.05 -0.51 - - - -
pS 1.77 1.71 0.06 0.36 - - - -
p25 1.82 1.76 0.05 0.39 - - - -
FD Med 1.85 1.78 0.04 0.43 - - - -
p75 1.90 1.81 0.05 0.46 - - - -
P95 1.96 1.85 0.04 0.48 - - - -

Significant and nearing significant differences between fallers (F) and non-fallers (NF) for features of postural sway. Median (Med), p values(p), and Cohen's d
reported for each test. Results provided for features computed from chest and sacrum.
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