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Abstract

Background—Approximately half of the 2.3 million people with multiple sclerosis (PWMS) will
fall in any three-month period. Currently clinicians rely on self-report measures or simple
functional assessments, administered at discrete time points, to assess fall risk. Wearable inertial
sensors are a promising technology for increasing the sensitivity of clinical assessments to
accurately predict fall risk, but current accelerometer-based approaches are limited.

Research question—Will metrics derived from wearable accelerometers during a 30-second
chair stand test (30CST) correlate with clinical measures of disease severity, balance confidence
and fatigue in PwMS, and can these metrics be used to accurately discriminate fallers from non-
fallers?

Methods—Thirty-eight PwMS (21 fallers) completed self-report outcome measures then
performed the 30CST while triaxial acceleration data were collected from inertial sensors adhered
to the thigh and chest. Accelerometer metrics were derived for the sit-to-stand and stand-to-sit
transitions and relationships with clinical metrics were assessed. Finally, the metrics were used to
develop a logistic regression model to classify fall status.

Results—Accelerometer-derived metrics were significantly associated with multiple clinical
metrics that capture disease severity, balance confidence and fatigue. Performance of a logistic
regression for classifying fall status was enhanced by including accelerometer features (accuracy
74%, AUC 0.78) compared to the standard of care (accuracy 68%, AUC 0.74) or patient reported
outcomes (accuracy 71%, AUC 0.75).
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Significance—Accelerometer derived metrics were associated with clinically relevant measures
of disease severity, fatigue and balance confidence during a balance challenging task. Inertial
sensors could feasibly be utilized to enhance the accuracy of functional assessments to identify fall
risk in PwMS. Simplicity of these accelerometer-based metrics could facilitate deployment for
community-based monitoring.
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Introduction

Multiple sclerosis is a degenerative neurological disease characterized by inflammation,
demyelination and axonal loss of the central nervous system that leads to sensorimotor
impairments affecting gait and balance. While disability severity (as measured by the
Expanded Disability Status Scale) is weighted toward gait impairment in the middle to end
range of the scale, even those with low disability levels experience sensorimotor and balance
deficits [1]. Approximately two-thirds of PwMS report mobility problems [2]. As a result of
these deficits, falls are common with approximately half of the 2.3 million PWMS
experiencing a fall in any three-month period [3]. Although contributions to balance
impairment and fall risk are multi-factorial, clinicians are limited by the equipment and time
available to conduct complex assessments. Thus, they often rely on self-report or
standardized functional assessments to screen for fall risk and direct intervention [4—6]. In
particular, quick assessments requiring minimal equipment, such as repeated chair stand
tests, the Timed 25 Foot Walk (T25W), or the Timed Up and Go (TUG), lend themselves
readily to outpatient and community-based settings. While these tests inherently require
postural control to maintain balance during transitions or gait and could theoretically provide
deeper insight into specific contributions to balance deficits, clinicians are limited to
interpreting results based on gross measures of performance such as completion time or
number of repetitions.

The repeated sit-to-stand (STS) paradigm in particular has been shown to provide insight
into functional strength [7], balance deficits and fall risk for multiple patient populations,
(e.g., see including PwMS [8,9]). The STS is a functionally demanding task [10] that elicits
muscular fatigue when performed repeatedly [11]. The 30-second chair stand test (30CST)
[7] requires the participant to perform repeated STS repetitions for 30-seconds, and the
number of repetitions performed serves as the primary outcome measure [12]. The 30CST
has been well studied in geriatric populations to establish healthy normative data for
community dwellers [13] and to approximate lower extremity strength [12,14]; however, it
has not been used to classify fallers nor to characterize balance impairment in PwMS. While
lower limb strength plays an important role in generating the propulsive forces required for
completing a STS transition, the STS also requires precise coordination of muscle activation
patterns of the lower extremity and erector spinae musculature to stabilize the body center of
mass as it transitions from forward to upward motion [15]. Thus, successful completion of a
STS transition depends on the interplay of lower limb strength and postural control
mechanisms [9,16]. Given that fatigue and balance problems are two of the most commonly
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reported symptoms in PWMS [17,18], this type of assessment seems particularly suited to
characterizing balance deficits and fall risk in PwMS.

The utility of wearable sensors has been established for biomechanical and gait analyses and
longer-term activity monitoring in research settings for PwMS (see reviews [19,20]). They
are portable and inexpensive, and thus have the potential to provide clinicians with detailed
performance data. Clinical translation could be enhanced by initial efforts focused on
translating research findings into simple metrics that augment assessments and can be used
to inform clinical decision making. Establishing correlation between validated clinical tools
and accelerometer-based metrics may facilitate clinical adoption. Previous studies have
characterized the STS transition using wearable sensors and derived metrics capable of
discriminating between groups; however, these studies relied on the gyroscope signal [21-
23] which limits long-term deployment to the home because of high power requirements
[24]. Additionally, previous studies have not explored the development of a statistical model
to identify fall risk based on 30CST performance in PwMS. Thus, the purpose of this study
was to derive accelerometer-based metrics from a minimal number of sensors to characterize
STS performance in PwMS during the 30CST. Metrics were used to explore (1) if there was
agreement with clinical outcome measures of disease severity, balance confidence, and
fatigue, (2) if they could be utilized to detect differences between fallers and nonfallers, and
(3) if they provided additional information to better inform identification of fall status when
compared to manually counted repetitions from the 30CST.

Thirty-eight PwWMS (mean age 50.6 + 12.1 (Table 1), 21 fallers, inclusion: no major health
conditions other than MS, no acute exacerbations within the previous 3-months, ambulatory
without assistive devices) were recruited from the neurology department at the University of
Vermont Medical Center. The experimental protocol was approved by the University of
Vermont IRB and all participants provided informed consent. A neurologist administered the
expanded disability status scale (EDSS) to quantify disease severity, and participants were
classified as fallers if they had sustained at least one fall in the previous 6-months.
Participants completed clinical outcome measures including the Modified Fatigue Impact
Scale (MFIS)[25], and the Activities-Specific Balance Confidence scale (ABC)[26]. These
were selected because they have previously been related to fall risk [27,28].

Triaxial accelerometer data (sample rate 250 Hz, +16G) were recorded from inertial sensors
(Biostamp, MC10, Inc., Lexington, MA) adhered directly to the skin on the anterior right
thigh and chest, which comprised a subset of sensors deployed as part of a larger study. The
participants performed a series of functional assessments including one trial each of the
30CST, T25W, and TUG. The 30CST was performed using a standard height (17-inch)
chair, and participants were instructed to complete as many sit-to-stand transitions as
possible with arms crossed over their chest, as quickly and safely as they felt comfortable.
Each participant also performed a 30-second static standing trial with instructions to
maintain a tall posture with their feet facing forward.
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A fully automated Matlab algorithm (Mathworks, Natick MA) was used to process the raw
accelerometer data and derive the metrics of interest. Raw accelerometer data were
transformed into anatomically-relevant reference frames using data from the static standing
trial and methods adapted from [28]. This was performed by projecting accelerometer data
onto anatomical axes using the direction of gravity and the known sensor locations on the
anterior aspect of the chest and thigh to resolve the accelerometer signal in a reference frame
with axes approximately aligned with the cranial-caudal (CC), anterior-posterior (AP) and
medial-lateral (ML) directions (Figure 1a). This convention was maintained throughout the
analysis, but it should be noted that while the CC component was aligned with gravity
during the standing calibration, the CC component is fixed in the thigh and will thus
represent an AP-directed acceleration at the onset of the sit-to-stand transition (i.e. while the
thigh is horizontal). Sit-to-stand (si-st) and stand-to-sit (st-si) transition phases (see Figure 1)
were determined by locating the stand (solid gray line in Figure 1b) and sit (solid black line
in Figure 1b) events during the task. The stand and sit events were identified as the
maximum and minimum values, respectively, in the CC component of the thigh
accelerometer signal that had been low pass filtered using a 3™ order Butterworth 1R filter
with a cutoff frequency equal to the dominant frequency observed during the 30CST (Figure
1b). This filtering approach isolates accelerometer signal content related to the changes in
body segment orientation characteristic of the STS task. Sit and stand events were used to
compute sit-stand duration (si-st time) and the stand-sit duration (st-si time) for each
transition. Chest accelerometer data were low-pass filtered in the same way to isolate the
gravitational acceleration of the CC and AP components of the trunk and trunk flexion
angles were approximated throughout the task using a method adapted from [29,30]. Briefly,
flexion was computed as the arctangent of the ratio of the AP and CC components of the
gravitational acceleration.

The si-st and st-si phases were further delineated (four phases total, Figure 1b) to reflect the
change from AP to CC directed movement mid-transition [15], and to isolate the initiation of
the si-st transition (lift-off phase, Figure 1c) and the portion of the st-si phase immediately
preceding the sit phase during eccentric control, including the final forward lean [31] to
touch down (touch-down phase, Figure 1c). As illustrated in Figure 1, these events were
located for each transition by identifying the inflection points, computed by taking the
maximum and minimum of the derivative of the low pass filtered CC accelerometer signal,
which corresponded to the sit-to-stand (gray dashed line) and stand-to-sit (black dotted line)
events, respectively. Peak thigh accelerations were extracted in the four phases (absolute
maximum) from raw accelerometer signals bandpass filtered using a 3rd-order Butterworth
IR filter with cutoff frequencies of 5 and 20Hz. These cutoffs were selected to limit signal
content to a physiologically relevant range while also removing the effects of changes in
sensor orientation.

Metrics for characterizing task performance included the number of repetitions
(automatically computed from thigh accelerometer data) and the mean and coefficient of
variation (CV) of each accelerometer-derived measure extracted from each STS repetition
completed during the 30CST by each participant described above. These measures were the
si-st time and the st-si time (4 features), peak CC, AP and ML acceleration of the thigh
during the four phases (24 features), and peak trunk flexion during the si-st and st-si phases
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(4 features). Matlab (Mathworks, Natick MA) source code for extracting these metrics is
available from https://github.com/M-SenseResearchGroup/30CST.

Independent sample t-tests and Wilcoxon Rank Sum Tests (for non-normal variables
determined via Kolmogorov-Smirnov test) were used to evaluate differences between fallers
and non-fallers for all clinical outcome measures and accelerometer-derived metrics.

Supervised machine learning was used to train logistic regression models for classifying
participant fall status based on accelerometer-derived metrics. Model performance was
established using leave-one-subject-out cross validation (LOSO-CV). In this approach data
from all but one subject was partitioned into a training set, features that best discriminated
between fallers and non-fallers were selected via Davies-Bouldin feature selection, and a
model was trained to predict the fall status of the held-out subject. This process was repeated
until fall status had been predicted for each subject. To provide context, the performance of
the accelerometer-based model was compared to models trained to classify fall status based
on clinical features (ABC score, number of 30CST repetitions, TUG time and T25W time).
Model performance was primarily assessed by considering the area under the receiver
operating characteristic curve (AUC), but model accuracy, sensitivity, and specificity for a
posterior probability threshold of 0.5 were also computed.

Finally, Spearman correlations were used to evaluate the relationship between accelerometer
derived metrics and clinical measures of disease severity (EDSS), balance confidence (ABC)
and fatigue (MFIS). Correlation strength was interpreted as per [32]. Effect size was
evaluated for all metrics demonstrating statistically significant differences using the Cohen’s
d'statistic (d). All statistical analyses were performed in SPSS (SPSS Inc., Chicago, IL).

Fallers and non-fallers demonstrated statistically significant differences in age (p=0.0086,
0=0.0.87), EDSS (0.006, ¢=0.88), ABC (p=0.001, ¢=1.00) and MFIS (p=0.01, ¢=0.82)
(Table 1). We also found a statistically significant difference between fallers and non-fallers
for 30CST (p=0.003, 0=0.88), T25W (p = 0.024, ¢=0.74) and TUG (p = 0.006, 0=0.67)
performance. As for the acceleration derived metrics, we detected differences between the
groups for mean si-st time (p=0.005, ¢=0.93), mean st-si time (p=0.004, ¢=0.91), CV st-si
time (p=0.001, d= 0.63), mean peak CC thigh acceleration during the si-st transition
(p=0.007, @=0.85), mean peak CC thigh acceleration during the st-si transition (p=0.035,
a=0.68) and mean peak AP thigh acceleration during the st-si transition (p=0.037, d=0.67)
(Table 1).

Model performance for a logistic regression model based only on clinical outcome measures
was highest for the ABC as the sole model feature (Table 2, Model 1) with an AUC of 0.75
and accuracy of 71%. The functional assessment gross performance measure that best
classified falls status was the 30CST number of repetitions, which outperformed both the
TUG and T25W (Table 2, Models 2—4). Of the 32 accelerometer derived metrics, three
metrics were chosen within each iteration of the LOSO-CV to include in the accelerometer
feature only driven model. The accelerometer features that optimized model performance
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were a combination of acceleration and temporal features with information from both si-st
and st-si transition phases (si-st time, st-si time, and mean peak CC si-st (1) accel) and
yielded model accuracy of 74% with an AUC of 0.77 (Table 2, Model 5) . When all possible
clinical outcome measures and accelerometer metrics were combined, the features selected
within the LOSO-CV were the ABC and the same three accelerometer features, resulting in
a slight improvement in AUC, but not accuracy (Table 2, Model 6). Model features selected
by LOSO-CV were chosen for 290% of the LOSO iterations.

Multiple accelerometer derived metrics from a single thigh sensor moderately correlated to
all three clinical outcome measures: EDSS, ABC and MFIS (Table 3), including number of
repetitions performed and all metrics selected for model inclusion through LOSO cross-
validation (mean si-st time, mean st-ti time, and mean peak CC si-st (1) accel). All computed
metrics demonstrating statistically significant correlations are presented in Table 3.

Discussion

Wearable sensors are emerging as a new tool for quantifying biomechanics, especially as
they relate to balance and mobility dysfunction in PwMS [19,20,33,34]. Their use to
augment functional assessments like the 30CST can provide clinicians with deeper insight
into performance [21,22,35]. However, to enable long term deployment in the community
setting, there is a need for simple and interpretable metrics that enhance the sensitivity of
common clinical tools to detect elevated fall risk and inform intervention strategies. Herein,
we characterize the 30CST using a minimal number of wearable sensors and explore
associations with balance confidence, fatigue and disease severity in a sample of PwMS. We
show that biomechanically-relevant metrics extracted from data recorded by a single
wearable accelerometer are correlated with clinically-meaningful measures. Performance of
a logistic regression model to classify fallers with only accelerometer-derived metrics was
comparable to models with features consisting only of clinical outcome measures and
functional assessment gross performance measures (see Table 2, Model 5 AUC, Accuracy
and Sensitivity compared to Models 1-4).

We demonstrated that the 30CST outperforms (Table 2, Model 2) other functional
assessments (Table 2, Models 3 and 4) in this cohort, suggesting that the 30CST might lend
itself to discriminating between fallers and non-fallers in PwMS by exacerbating balance
deficits with muscular fatigue, thus impacting performance. Interestingly, the ABC
outperforms all functional outcome measures in terms of AUC and accuracy (Table 2, Model
1) for classifying fallers, which is consistent with previous studies [36]; however, patient
reported outcome measures may not accurately quantify changes over time due to
interventions [37], thus limiting their utility for assessing the effectiveness of interventions
to improve balance and decrease fall risk in research studies and in the clinic. Taken
together, these findings suggest the 30CST may be especially useful for monitoring balance
impairment and fall risk in PwMS.

Generally, greater impairment in all domains (fatigue, balance, disease severity) was
reflected in decreased acceleration signatures in all components (AP, CC and ML), and
increased time to complete the transitions (see Table 3), suggesting participants adopt a
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slower [38], more cautious strategy as they fatigue and/or confidence in their balance is
diminished. Increased CC acceleration at the thigh, which was anteriorly directed at the
onset of the si-st transition, might reflect the importance of knee extensor strength for a
successful sit-to-stand transition, which is consistent in other studies of PwMS and total
knee arthroplasty [22,39].

The results presented herein demonstrate that a combination of temporal and acceleration-
derived features at specific phases of the sit-to-stand and stand-to-sit transitions compare
favorably to the current outcome measure of the 30CST for classifying fall status (see Table
2). One key difference in our study was the derivation of features solely based on the
accelerometer signal, obviating the need for gyroscopes, which expands the applicability to
community and home monitoring. Additionally, these data suggest that a single thigh-worn
sensor would be sufficient for analyzing the 30CST. This creates exciting possibilities for
clinicians who may want to monitor the effectiveness of an intervention or understand how
fluctuating symptoms directly lead to changes in balance and motor control. While counting
the number of repetitions is quick and requires minimal equipment, we have shown that
including accelerometer features at specific transition phases of interest improves the
model’s ability to discriminate fallers from non-fallers (Table 2). Practically, a single
accelerometer could be made readily available for quick measurements in clinical settings,
or the model could be deployed as a mobile application that leverages the accelerometer
inherent to every smart phone. Alternatively, given that adults perform an average of 60 sit-
to-stands transitions per day [40], accelerometer metrics could be used to monitor single sit-
to-stand repetitions during daily life to inform acute fall risk.

While our study included a relatively small sample size, it was comparable to similar studies
that derived metrics from thigh and chest sensors to classify fall status in the elderly [41] and
PwWMS [22]. Witchel et al [22] analyzed 819 features from 40 participants (17 PwMS) using
the gyroscope signal and compared results from PwMS to healthy participants. Our feature
set was limited to metrics that could be related to physiological factors associated with
performance, and in the future might be informative for directing intervention. Despite our
relatively small feature set and generally lower cohort EDSS score, our accelerometer-
derived features from a single sensor were discriminatory for classifying falls, which further
supports our clinical goal of identifying people at risk for falling and deploying interventions
pre-emptively. These promising results point toward the need for future validation of this
model using motion capture in a larger sample including greater disability to better
understand how it will generalize to new subjects. Future studies will include accelerometer
data from unsupervised daily life and longitudinal follow up data to understand if our
metrics are sensitive to changes over time and predictive of future falls for PwWMS.

Conclusions

We describe a new method for automatically analyzing the performance of the 30CST using
data from wearable sensors. Simple accelerometer-based metrics were moderately correlated
with clinically validated measures and were better able to differentiate fallers from non-
fallers than the standard outcome measure of the 30CST. These results motivate future
research investigating the use of this technology for quantifying fall risk in PWMS.
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Highlights
Open-source, automated analysis of 30-second chair stand test for PwMS
Wearable sensor metrics correlate with EDSS, balance confidence and fatigue
Wearable sensor metrics differ significantly between fallers and non-fallers

Fall status classification enhanced by inclusion of wearable sensor metrics
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Figure 1.
Overview of the algorithm for identifying and extracting accelerometer metrics from a single

thigh sensor during a portion of the 30CST. Raw tri-axial accelerometer data (a) was
transformed into the anatomically-relevant reference frame (right) using the direction of
gravity to align the z-axis (CC component). The CC component of the signal was low pass
filtered (b) to identify sit (solid black line), stand (solid gray line), and inflection points
(dotted lines) to isolate four phases during the sit-stand-sit transition. Raw accelerometer
data were then bandpass filtered (c) and used to extract peaks (indicated by circles) in the
identified regions of interest.
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Table 1.

Characteristics and results of clinical and accelerometer derived metrics for study participants

Participant Characteristic / Metric
Age (yrs)

CLINICAL METRICS

EDSS

MFIS

ABC

30CST (#)

T25W (s)

TUG (s)

Cohort (Mean + SD)

50.6 +12.1

2913
35.6+17.6
81.9+18.0
116£3.1
58+14
92+25

ACCELEROMETER DERIVED METRICS

Mean si-st time (s)

Mean st-si time (s)

CV st-si time ()

Mean peak CC si-st (1) accel (G)
Mean peak CC st-si (1) accel (G)
Mean peak AP st-si (1) accel (G)

1.35+£0.33
1.38+0.36
0.06 +0.05
0.17+0.10
0.11+0.06
0.18+0.11

Fallers (Mean + SD)
55.3+8.6

34+12
42.3+143
73.7+19.4
104+27
6.2+15
10.0+23

149+0.34
1.52+0.38
0.08 +0.06
0.13+0.08
0.10 £0.06
0.15+0.08

Non-Fallers (Mean + SD)
448+ 135

23+12
27.8+18.2
91.5+£9.2
13.1+£3.0
52+10
83+26

1.18+0.23
1.19+0.24
0.05+0.02
0.21+0.10
0.13+0.06
0.22+0.13

P
0.006

0.006
0.01

0.001
0.003
0.024
0.006

0.005
0.004
0.001
0.007
0.035
0.037

d
0.87

0.88
0.82
1.00
0.88
0.74
0.67

0.93
091
0.63
0.85
0.68
0.67

Page 13

P-values are based on Independent sample T-test (or Wilcoxon Rank Sum Tests when the test for normality was violated) and effect sizes were
evaluated using Cohen’s d. Clinical measures include Expanded Disability Status Scale (EDSS), Modified Fatigue Impact Scale (MFIS), Activity

Balance Confidence (ABC), 30-Second Chair Stand Test (30CST), Timed 25 Foot Walk (T25W) and the Timed Up and Go (TUG).
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Table 2.

Classification performance for logistic regression models comparing model features from clinical outcome
measures and accelerometer-derived metrics. Model features were chosen for inclusion based on a leave-one-
subject-out cross-validation. All parameters chosen by the leave-one-out cross validation were chosen for at
least 90% of the test observations.

Model AUC Accuracy Sensitity Specificity Parameters

1 0.75 0.71 0.71 0.71 ABC

2 0.74 0.68 0.81 0.53 30CST performance (# Reps)

3 0.65 0.66 0.62 0.71 TUG performance (s)

4 0.63 0.62 0.56 0.59 T25W performance (s)

5 077 0.74 0.81 0.65 Mean si-st time, mean st-si time, mean peak CC si-st (1) accel

6 0.78 0.71 0.71 0.71 ABC, mean si-st time, mean st-si time, mean peak CC si-st (1) accel
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Table 3.

Page 15

Statistically significant correlations (/) and the associated p-values (p) between accelerometer derived metrics
and clinical measures (non-significant correlations not reported). All metrics were derived from the thigh

sensor except for mean st-si trunk flexion, which was derived from the chest sensor.

Metric

30CST Repetitions
SIT-TO-STAND METRICS
Mean si-st time (s)

Mean peak CC si-st (1) accel (G)
Mean peak ML si-st (1) accel (G)
Mean peak ML si-st (2) accel (G)
Mean peak CC si-st (2) accel (G)
STAND-TO-SIT METRICS
Mean st-si time (s)

CV st-si time (s)

Mean peak CC st-si (1) accel (G)
Mean peak ML st-si (1) accel (G)
Mean peak AP st-si (1) accel (G)

EDSS
P
p<0.001

p < 0.001
0.002
p < 0.001
0.024
0.035

0.001
0.026
0.001
0.009
0.001

-0.56

0.56

-0.50
-0.58
-0.36
-0.34

0.53
0.36
-0.51
-0.42
-0.52

MFIS
P
0.005

0.006
p <0.001
0.001
0.019
p <0.001

0.005
0.014
0.026
0.029
0.001

-0.45

0.44

-0.62
-0.52
-0.39
-0.56

0.45
0.40
-0.37
-0.36
-0.52

ABC
P
p <0.001

p < 0.001
p <0.001
p <0.001
0.008
0.007

0.001
0.01

0.013
0.018
0.004

0.54

-0.54
0.58
0.55
0.42
0.43

-0.51
-0.41
0.40
0.38
0.45

Expanded Disability Status Scale (EDSS), Modified Fatigue Impact Scale (MFIS), Activity Balance Confidence (ABC), 30-second chair stand test
(30CST), sit-to-stand transition (si-st), stand-to-sit transition (st-si), caudal-cranial (CC), anterior-posterior (AP), medial-lateral (ML), acceleration

(accel)
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