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Introduction

Multiple sclerosis (MS) is a leading cause of disability affecting
people typically between the ages of 20 and 50 years, with
negative impacts on their quality of life.1 Although medications
may reduce the risk of relapses for those with relapsing remitting
MS (RRMS), there are limited treatments to slow disability
accrued from the progressive subtypes of MS.2 Measuring
disability accrual relies on self-report or the use of clinical
measures. Clinical measures for MS suffer from limitations in
their ability to detect changes in function that relate to disease
progression or intervention responsiveness. For example, the
Expanded Disability Status Scale is a widely accepted rater-
based categoricalmeasure that provides an overview of disability
in people with MS; however, it has limited reliability and
sensitivity for detecting small meaningful changes in motor
function. 3,4 Walk tests such as the Timed 25-foot Walk and
Timed-Up and Go are objective and reliable but only provide
quantitative information about a moment in time, limiting the
capture of daily (or even hourly) performance fluctuations that
may provide an early indication of progression. Self-reported
outcomes offer valuable personal perspectives but rely on
memory recall, which could be confounded with cognitive
changes or depression and anxiety. The heterogeneity of im-
pairments in MS makes it challenging to find an objective
outcome measure that reflects a person’s overall disability in-
cluding daily fluctuations, that can be implemented in a standard
way and demonstrates ecological validity. New biophysical
markers that can be tailored to a person’s disability, applied in a
person’s natural environment, and are simple to apply are greatly
needed. Recent studies have turned to the use of motion sensors,
such as accelerometers, aiming to develop a new gold standard
for quantifying walking mobility.5,6,7

The wearable accelerometer is a non-invasive, objective, and
inexpensive technology that records human movement in real-
time in a real-world context. Accelerometry data are simple to
acquire, making it possible to objectively study physical activity
in awide range of individuals at an unprecedented temporal level
(i.e., at minute level) in a person’s free-living environment.8,9

However, the methods used to analyze accelerometry data often
fall well short of the richness of the accelerometry data. Current
analysis methods largely rely on aggregated data summaries of
either activity intensity or duration of active times defined for
activity counts above a certain threshold; the data are often
summarized in daily totals10–13 which leads to a loss of detail
about diurnal distribution of physical activity over 24-h. Use of
aggregated data removes the ability to tailor the accelerometry
data to a person’s diurnal profile or to use it as a guide for
interventions, ultimately expanding its clinical usefulness.

To better understand how disease progression affects physical
activity, it is possible to evaluate data variations through a 24-h
period at refined resolutions rather than summing activity counts
over a whole day. Use of functional data analysis tools,14 allows
for study of the entire activity profile, capturing unique infor-
mation from each accelerometry dataset. Over the past decade,
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with an increasing interest in studying the more complex data
structures, new functional data analysis methods have been
developed for fast and accurate parameter estimations, expanding
the study of imaging data,15,16 accelerometry data, 17–19 and other
methods that capture continuous time series observations.

Although using accelerometry to study physical activity in
persons with MS has drawn increasing attention, to our
knowledge, no studies have yet applied functional data analysis
to better understand how diurnal patterns of activity are affected
by the levels of disability. Thus, in this study, our primary goal is
to use wrist-worn accelerometer data to characterize diurnal
patterns of physical activity over 24-h. A comparison of ac-
celerometry with both clinical measures of disability (i.e.,
walking) and the EDSS, is critical for establishing a reliable
biomarker of disability. Our second objective is to compare the
traditional linear models that study the single daily summary
(24-h aggregated data) to a functional data analysis technique,
Function-On-Scalar Regression (FOSR),19 which can model a
diurnal pattern as a functional outcome. Quantification of
mobility-specific indices, and detailed minute-by-minute ana-
lyses of the accelerometry datawill allowus to detect differences
in activity among individuals with MS. This work presents an
application of FOSR to accelerometery data emphasizing the
interpretation of the models for uncovering associations with
global disability, walking, and device use.

Methods

This study is a cross-sectional analysis of baseline accelerometry
data from two cohorts of individuals withMS, collected between
2016 and 2018 at Johns Hopkins University and the Kennedy
Krieger Institute. The goal was to include asmany participants as
possible, as such participants were included in all analyses if they
were diagnosed with relapsing-remitting MS with an EDSS
score between 1.0–6.5 (recruitment from the larger of the two
cohorts only included individuals with EDSS of 1–2 and 4–6.5),
had been stable on immunomodulatory therapy for >6months (if
applicable), had no relapse within 3 months of the study, could
follow complex directions, and had no activity restrictions.
Participants were excluded from the study if they were not
medically stable, had other neurological deficits, cancer, or other
diagnoses that prevented them from participating in the study
tests, or had plans that would significantly alter their activity
during the study ( time off work, vacation, etc.). All participants
gave written informed consent prior to participation, and the
Institutional Review Boards at Johns Hopkins Medical Institutes
and Kennedy Krieger Institute approved all procedures.

The following participant demographics were recorded:
sex, age, height, weight, and device use for walking.

Clinical measures

Expanded disability status scale (EDSS).20,21. Timed 25 Foot
Walk (T25FW): The average of two trials, reported in
seconds, is used in the analysis.22,23

Timed Up and Go (TUG): The second trial, reported in
seconds, is used in the analysis. 24,25,26

Accelerometry

Immediately following in-person informed consent the
clinical measures were completed and the accelerometer
was placed on the participant. Participants wore the Acti-
graph GTX-9 physical activity monitor for 2 weeks in a
free-living environment. The accelerometry devices were
registered to measure activity counts in 1-min epochs; only
the time of day was visible to the participant. Participants
were asked to wear the monitor at all times, including when
bathing. The device was worn on the non-dominant wrist.

For processing the collected accelerometery data, we
followed previously validated processing pipelines to ex-
clude invalid data and to summarize the activity counts into
total physical activity volume. The ActiGraph accel-
erometery software generated tri-axial activity data, which
we then summarized via minute-level activity counts.27 We
further exclude non-valid wearing days following the al-
gorithms described in literature,28 (1) we excluded time
intervals with minute-level zero counts longer than 90 min;
two non-zero counts are allowed within each 90 min non-
wear window, (2) a day with more than 12 non-wear hours
were defined as non-valid and excluded from our analysis.
Subjects with less than 3 days of valid wearing data were
excluded.

Since the activity count data exhibit high skewedness,
taking a log-transformation (i.e., natural log) makes the
minute level data follow a more symmetric distribution.
Therefore, we applied log (1 + activity counts) transfor-
mation to the minute-level activity counts and summed over
all 1440 min to obtain the daily total log-transformed ac-
tivity count (TLAC).17,29,30,31–33,34 We further averaged the
daily TLAC across all valid days for each subject. The daily
TLAC was used as our measurement to quantify the total
volume of activity. The diurnal patterns of physical activity
were calculated as follows. First, 30-min binning was
performed by averaging log-transformed activity counts
within 48 non-overlapping 30-min intervals. Finally, the
mean subject-specific diurnal patterns of physical activity
were obtained by averaging daily curves over all valid days.
Thus, in the main analysis, each mean subject-specific di-
urnal patterns of physical activity has been represented via
48 30-min log-transformed activity counts.

Statistical analyses

The primary predictor variables in this study include EDSS,
T25FW, and TUG, adjusted for scalar covariates of age,
body mass index (BMI) and sex. In models studying the
walking measurements, the use of an assistive device for
walking (Device) was also included as a covariate. We did
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not add assistive walking device to the EDSS model to
avoid bias, as it is incorporated into how the EDSS is scored.

To explore associations between the total daily volume of
physical activity and TUG, T25FW, and EDSS, three simple
linear regressions were adjusted for age, sex, and BMI and
fitted using Ordinary Least Squares. To build some intuition
behind functional regression models and bridge a gap be-
tween linear and functional regressions, we considered 12
separate linear regressions between physical activity in
twelve non-overlapping two-hour intervals representing the
24-h day and TUG, T25FW, and EDSS. For these regres-
sions, we obtained the responses by summing-up minute-
level log-transformed activity count within each of the 12
consecutive non-overlapping 2-h time windows. Specifi-
cally, we split the 24-h period into 12 intervals, such that the
first interval started at 0:01 a.m. and ends at 2:00 a.m. and
the second interval started at 2:01 a.m. and ended at 4:00 a.m.,
etc., we model activity at each time interval with the in-
terested predictors and covariates. Finally, to explore time-
of-day specific associations between physical activity and
TUG, T25FW and EDSS, three function-on-scalar regres-
sion (FOSR) were fitted. FOSR model diurnal activity
profiles are treated as functional responses. Thus, FOSR
flexibly assesses the time-varying associations between
subject-specific diurnal physical activity profile and subject-
specific clinical characteristics and demographics. Specifi-
cally, after adjusting for age, sex, and BMI, FOSR models
the association between the diurnal pattern of physical
activity, denoted as PAiðtÞ, and EDSSi as follows

PAiðtÞ ¼ β0ðtÞ þ agei∗β1ðtÞ þ sexiβ2ðtÞ þ BMI1∗β3ðtÞ
þ EDSSi∗β4ðtÞ,t ¼ 1,:::,48

Thus, FOSR model (1) estimates the adjusted relation-
ship between the functional outcome PAi and EDSSi at each

30-min epoch t Assuming smoothness of functional out-
comes, PAiðtÞ FOSR enforces similar smoothness on
functional regression parameters for the functional inter-
cept, β0ðtÞ the functional effect of age, β1ðtÞ, the functional
effect of sex, β2ðtÞ, the functional effect of BMI, β3ðtÞ, and
the functional effect of EDSS, β4ðtÞ. Thus, FOSR could be
viewed as an extension of the standard scalar linear re-
gression with a flexibility of having a time-varying asso-
ciation between the outcome and the predictor of interest,
described by functional or time-varying regression pa-
rameter β4ðtÞ The penalized generalized least square (GLS)
method was chosen for estimation and selection of the
tuning parameters in FOSR model.34 To test statistical
significance, we used pointwise confidence intervals and
assumed 0.05 significance level. All statistical analyses
were conducted using R (version 3.6.1). Functional re-
gression models are performed using the refund package
(version 0.1.17).

Results

For this study we enrolled 66 individuals with MS. Par-
ticipants with less than 3 days of valid wearing data were
excluded. Based on this criterion, two subjects were ex-
cluded due to zero wear time. After processing the accel-
erometry data following the above algorithms (using R
accelerometry package, version 3.1.2), we got 899 valid
days for the remaining 64 subjects (14 days per subject).
Additionally, four participants with non-functional walking
speeds (T25FW ranging from 35-53 s) were removed from
all analyses. Table 1 shows the participant summary in-
formation for 60 participants (43, 72%, female), ordered by
disability, based on EDSS. This study included people with
a wide range of disability, from EDSS 1.0–6.5, T25FW
(2.89–20 s) and TUG (3.85–41.12 s) with 13 participants

Table 1. Characteristics of population by EDSS score.

EDSS Participants (N) Assistive device (N) Age Mean (SD) BMI Mean (SD) T25FWMean (SD) TUGMean (SD) TLACMean (SD)

1 7 0 38.86 (13.01) 26 (5.03) 3.72 (0.66) 5.65 (0.64) 4.71 (0.44)
1.5 12 0 47 (10.22) 28.02 (6.04) 3.9 (0.34) 6.09 (0.8) 4.39 (0.61)
2 7 0 42.29 (11.31) 28.35 (5.75) 4.04 (0.86) 5.92 (1.07) 4.73 (0.42)
3 2 0 56 (8.49) 30.68 (4.18) 5.15 (0.48) 7.38 (0.45) 4.85 (0.32)
3.5 3 0 56 (10.58) 27.85 (5.61) 4.59 (0.78) 7.66 (1.65) 4.09 (0.4)
4 11 1 49 (13.75) 27.37 (6.22) 5.14 (1.24) 7.65 (1.31) 4.21 (0.69)
4.5 4 2 48 (5.48) 26.33 (7.9) 5.51 (1.54) 8.52 (3.92) 4.23 (0.67)
5 2 0 37.5 (9.19) 28 (8.77) 7.8 (0.48) 10.4 (0.88) 3.78 (0.86)
5.5 1 0 46 (�) 27.64 (�) 6.68 (�) 8.45 (�) 4.25 (�)
6 8 7 51.62 (11.78) 32.25 (7.26) 9.33 (3.6) 12.77 (4.09) 4.17 (0.21)
6.5 3 3 58.33 (5.13) 22.64 (4.46) 9.88 (2.31) 15.34 (6.06) 4.24 (0.48)
Total 60 13 47.53 (11.73) 27.96 (6.08) 5.50 (2.58) 8.13 (3.56) 4.36 (0.56)

Abbreviations: N=sample size for that variable; SD=standard deviation; BMI=body mass index; T25FW= Time (seconds) for The Timed 25-Foot Walk
Test; TUG=Time (seconds) for the Timed Up and Go Test; TLAC=Total Log Activity Count.
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requiring a device for the walking tests. The three indi-
viduals with an EDSS of 6.5 each used a walker. The av-
erage age is 52.84 years and the average BMI score is
26.63 kg/m2. Total log-transformed activity counts (TLAC),
are described as a measure of the total volume of physical
activity and trends down with the increase in EDSS.

Figures 1(a)–(c) show the diurnal variability of activity
of all participants via the “cloud” of black dots and howwell
this variability is explained via a simple linear regression
for the total daily physical activity outcome (Figure 1(a)), 12
linear regressions for two-hour physical activity outcomes
(Figure 1(b)), and function-on-scalar regression for the
diurnal physical activity outcome (Figure 1(c)). The gray
background highlights time periods that are (pointwise for
FOSR) statistically significant at 0.05 level of significance.
In each Figure, black dots represent participant’s time-of-
day specific 30-min TLACs. In Figure 1(a), horizontal lines
correspond to the fitted values from simple linear regression
presented in the first column of Table 2 with TLAC as
the main outcome and EDSS as the main predictor variable.
Results from this analysis (i.e., representing different EDSS
levels) are overlaid on the individual data (i.e., the “cloud”
of dots). Dark blue lines correspond to higher disability (i.e.,
higher EDSS), and light blue represents lower disability
(i.e., dark blue). The shaded region indicates that the EDSS
significantly explains variability in physical activity across
the 24-h period, with lower EDSS (less disability, light blue)
indicative of more activity and higher EDSS (more dis-
ability, dark blue) indicative of less activity. This figure
clearly shows the limitations of simple linear regression that
assumes constant level of activity across the day and results

in an inability to capture significant diurnal variability of
physical activity.

Tables 3–5 report the R-squares and p-values for the
significant time intervals identified by the 2-h linear models
which when compared to the time windows identified by the
FOSR modelling show consistency but also illustrate ar-
bitrarily selecting time intervals limits the ability to fully
identify significant periods of time such as nighttime hours,
as seen in this sample.

Figure 1(b) and Table 3 show the relationship between
EDSS and physical activity for each of the twelve 2-h in-
crements. As can be seen from the figure, EDSS explains
very different amounts of the physical activity variability
(i.e., the “cloud”) across different times of the day. From 12:
00–22:00, participants with greater disability (dark blue)
have significantly lower activity then participants with less
disability (light blue). By contrast, overnight and earlier in
the day, the EDSS does not significantly distinguish among
participants with higher or lower disability (dark blue and
light blue lines overlap). The shaded regions, 12:00–22:00
indicate times when the EDSS significantly explains the
variability in physical activity.

Finally, Figure 1(c) shows the results of the FOSR model
with EDSS as the main predictor. The main advantage of
this model is that it does not require any pre-specification of
time intervals and adapt to the data. Thus, as it can be seen at
the figure, it results in more flexible and less restrictive
determination of the times of the day when EDSS best
explains the diurnal variability of physical activity. Using
the FOSR model, the EDSS significantly explains vari-
ability in activity from 12:00–22:00; our model shows that

Figure 1. Scatter plot showing diurnal physical activity of all participants, overlaid with regression results for the EDSS as the main
predictor variable. Each black dot represents the average log-transformed activity count over every 30-min, across 24-h days for an
individual participant. 1(a). Results from a simple linear regression for the total daily physical activity outcome. 1(b). Results from twelve
linear regressions for the two-hour physical activity outcome. 1(c). Results from the function-on-scalar regression for the diurnal physical
activity outcome. The gray background highlights time periods that are statistically significant at 0.05 level of significance.
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participants with greater disability (dark blue) are less
physically active during these times.

Tables 3 and 4 show the results for the 12 regression
models with 2-h physical activity outcomes and T25FWand
TUG as the predictors, respectively. In Figure 2, we plot
results for the FOSRmodel for T25FW (Figure 2(a)) and for
TUG (Figure 2(b)), respectively. The FOSR fits display
diurnal variability of physical activity corresponding to the
different levels of performance on these walking tests (dark
blue lines indicate longer times). The model for T25FW
(Figure 2(a)) indicates the importance of three specific times
(highlighted), early morning 7:30–08:00, mid-afternoon 13:
00–15:30, and early evening 19:00–20:30 when the T25FW
significantly explains variability in physical activity (p <
0.01). During these times, slower walking is significantly
associated with lower physical activity. In the last FOSR
model (Figure 2(b)), TUG is significantly associated with
activity during the night 22:00–01:30 and early morning 06:
00–08:00 h and is not significantly associated with physical
activity during other times. Specifically, between 22:00 and
01:30 participants with slower walking times were more
active than participants with faster walking time (lighter
blue). By contrast, there are times that do not distinguish
among participants with slower walking. For example, in
Figure 2(a) and (b)10:00–12:00 h show dark blue (slower
walkers) and light blue (faster walkers) largely overlap.

Discussion

Everyday physical activitymeasuredwith accelerometrymay
provide a sensitive near real-time modality for tracking MS
disease severity. In this study, we examined the objective
mobility measurements of accelerometry in persons with MS
by looking at the 24-h activity patterns in comparison to the
total daily physical activity. The accelerometry-measured

physical activity showed significant diurnal variability
across 24-h, a phenomenon that has not been previously
characterized in MS. By using time-of-day specific linear
models as well as modeling with FOSR, we identified the
unique relationships between physical activity at specific
times of day and global disability (i.e., EDSS) and measures
of walking (i.e., T25FW and TUG). The EDSS is highly
correlated with physical activity between the hours of 12:00
and 22:00. The timed walking tests correlate better with
morning and evening activity. By comparing the models at
different temporal resolution, expanding the time span of
the data has revealed the complexity of physical activity
throughout the day. For example, activity is not simply
decreased across the entire 24-h period in individuals who
have more severe disease. Analyzing the activity profiles in
relation to the disability in MS provides novel insights to

Table 2. Results of 24-h TLAC linear models.

EDSS model R^2 = 0.167 T25FW model R^2 = 0.146 TUG model R^2 = 0.130

—

Coefficient
(95% CI p-value

var.
R^2 —

Coefficient
(95% CI p-value

var.
R^2 —

Coefficient
(95% CI p-value

var.
R^2

EDSS �0.08
(–0.16, 0)

0.044 0.072 T25FW �0.04 (�0.12,
0.03)

0.249 0.024 TUG �0.01 (�0.06,
0.03)

0.557 0.006

Age �0.01
(�0.02, 0)

0.236 0.025 Age �0.01 (�0.02,
0)

0.137 0.040 Age �0.01 (�0.02,
0)

0.162 0.036

Female 0.01
(�0.29, 0.32)

0.932 0.000 Female �0.01 (�0.33,
0.3)

0.93 0.000 Female �0.02 (�0.34,
0.3)

0.907 0.000

BMI �0.02
(�0.04, 0.01)

0.137 0.040 BMI �0.02 (�0.04,
0.01)

0.166 0.035 BMI �0.02 (�0.04,
0.01)

0.142 0.040

— — — — Device �0.03 (�0.49,
0.43)

0.896 0.000 Device �0.13 (�0.56,
0.29)

0.531 0.007

Abbreviations: EDSS= Expanded Disability Status Scale; BMI= Body Mass Index; T25FW= Time (seconds) for The Timed 25-Foot Walk Test; TUG=Time
(seconds) for the Timed Up and Go Test.

Table 3. Linear model results of EDSS over 2-h intervals.

time.interval
EDSS Coefficient
(95% CI) p-value var.R^2a

model.
R^2

00:00–02:00 0.002 (�0.18, 0.18) 0.983 0.038 0.118
02:00–04:00 �0.031 (�0.13, 0.07) 0.533 0.022 0.104
04:00–06:00 �0.008 (�0.1, 0.09) 0.871 �0.073 0.017
06:00–08:00 �0.074 (�0.32, 0.17) 0.544 �0.058 0.031
08:00–10:00 0.021 (�0.19, 0.23) 0.837 �0.018 0.067
10:00–12:00 �0.048 (�0.19, 0.09) 0.496 �0.003 0.081
12:00–14:00 �0.121 (-0.23, –0.01) 0.028 0.078 0.155
14:00–16:00 �0.127 (-0.24, –0.02) 0.024 0.074 0.152
16:00–18:00 �0.167 (-0.27, –0.07) 0.00138 0.29 0.35
18:00–20:00 �0.219 (-0.34, –0.1) 0.0005 0.267 0.329
20:00–22:00 �0.196 (-0.36, –0.03) 0.021 0.131 0.204
22:00–24:00 �0.004 (-0.23, 0.23) 0.975 0 0.084

avar.R^2 indicates R^2 value for EDSS 2-h model; Abbreviations: EDSS=
Expanded Disability Status Scale.
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time periods that may be targeted to better track the pro-
gression of MS or more precisely estimate the treatment
effect in clinical trials and can also be used for more accurate
clinical guidance about physical activity to individuals with
MS.

Daytime activity in this MS sample shows a high cor-
relation with the EDSS, our measure of disease severity. The
most significant period is from 12:00 to 22:00-h, not in the
morning hours or overnight. This is an important and novel
observation; since the EDSS is considered the gold standard
for measuring global disability and progression in MS, we
might assume that this would consistently relate to activity
throughout the day. However, our data show that people
across the disability spectrum have similar levels of
morning activity, presumably taking care of essential tasks
of daily living (e.g., getting up, getting out of bed, and

eating breakfast). Also, it is not uncommon for people with
MS to report that fatigue limits them later in the day, or that
tasks are completed more slowly later in the day. The time
period between 12:00 and 22:00-h is likely reflective of a
sum of worsening neurological symptoms, weakness,
sensory loss, walking endurance, ataxia, cognitive changes,
etc. that is often described as global disability

It is interesting that clinical tests of walking and balance
give us information beyond the afternoon hours. Different
from the EDSS, which focuses on global measures of dis-
ability, walking, and balance tests relate more specifically to
functional capacity. Capacity reflects a person’s ability to
complete a task.35 Timed walking measures, such as the
T25FW and TUG give us a measure of capacity, as they
focus on speed, not endurance. Earlier and greater partic-
ipation (i.e., physical activity) in activities of daily living in
the morning hours (06:00–08:00) correlates with faster
timed walking. These measures, in contrast, correlate with
less rest at night (i.e., more physical activity). Additionally,
each walking measure gives us information about the re-
lationship of 24-h activity patterns in MS and functional
capacity. The TUG correlates with less rest at night (i.e.,
more physical activity). The T25FW shows that while all
disability levels reach a similar activity level at 10:00, there
are two times (13:00 and 19:00) in the afternoon hours when
physical activity more greatly diverges. We know that a
person with greater disability (slower walking) has lower
overall activity at these times. However, the data from this
study show that at night, people are more active if they are
slower walkers. This could reflect that the daytime activity
of slower walkers is quite low and thus it does not take much
activity at night to be notable. Another possibility for this is
that individuals who are slower walkers have additional
symptoms that are either not captured in the EDSS and/or
they may not sleep as well ( restless legs, spasticity, noc-
turia, etc.), perhaps reflecting spinal cord pathology. An-
other explanation has been described in animal models,
which show that greater use of leg muscles during the day
can affect sleep at night.36 Although the mechanism is
unclear it is important to consider that sleep impairment may
contribute. We know that individuals with MS are less
physically active than other healthy individuals their age.37

Both circadian rhythm disturbance and sleep impairment
occur in MS and both may be associated with disease
worsening.38–40 Circadian rhythm abnormalities are com-
monly linked with sleep disturbance, we know that sleep
disturbance affects nearly 50% of people with MS.41–43

Furthermore, while fatigue in MS is multifactorial, sleep
impairment is a primary contributor to its severity and
previous studies have suggested a link between higher
fatigue levels and subsequent brain atrophy in people with
MS.44 The mechanism for the finding that slower walking
speed is related to less rest at night (i.e., more activity at a
time when rest is important) requires further study. The use

Table 4. Linear model results of T25FW over 2-h intervals.

time.interval
T25FW Coefficient
(95% CI) p-value var.R^2a model.R^2

00:00–02:00 0.065 (�0.1, 0.23) 0.432 0.05 0.13
02:00–04:00 �0.002 (�0.09, 0.09) 0.973 0.015 0.098
04:00–06:00 �0.001 (�0.09, 0.09) 0.981 �0.074 0.016
06:00–08:00 �0.203 (�0.42, 0.01) 0.065 0.002 0.087
08:00–10:00 �0.053 (�0.24, 0.14) 0.575 �0.014 0.072
10:00–12:00 �0.010 (�0.14, 0.12) 0.882 �0.007 0.078
12:00–14:00 �0.038 (�0.14, 0.06) 0.45 0.042 0.123
14:00–16:00 �0.126 (-0.23, –0.03) 0.014 0.094 0.17
16:00–18:00 �0.025 (�0.12, 0.07) 0.602 0.218 0.284
18:00–20:00 �0.105 (�0.22, 0.01) 0.071 0.203 0.27
20:00–22:00 �0.086 (�0.24, 0.07) 0.267 0.098 0.174
22:00–24:00 0.075 (�0.14, 0.28) 0.479 0.009 0.093

avar.R^2 indicates R^2 value for T25FW 2-h model.; Abbreviations,
T25FW= Time (seconds) for The Timed 25-Foot Walk Test.

Table 5. Linear model results of TUG over 2-h intervals.

time.interval
TUG Coefficient
(95% CI) p-value var.R^2a model.R^2

00:00–02:00 0.092 (�0.01, 0.2) 0.089 0.089 0.166
02:00–04:00 0.007 (�0.05, 0.07) 0.817 0.016 0.099
04:00–06:00 �0.017 (�0.07, 0.04) 0.56 �0.068 0.023
06:00–08:00 �0.152 (-0.29, -0.01) 0.036 0.02 0.103
08:00–10:00 �0.049 (�0.18, 0.08) 0.435 �0.008 0.077
10:00–12:00 �0.018 (�0.1, 0.07) 0.678 �0.004 0.081
12:00–14:00 �0.013 (�0.08, 0.05) 0.706 0.034 0.116
14:00–16:00 �0.074 (-0.14, -0.01) 0.031 0.071 0.149
16:00–18:00 �0.013 (�0.08, 0.05) 0.675 0.217 0.283
18:00–20:00 �0.059 (�0.14, 0.02) 0.129 0.188 0.257
20:00–22:00 �0.007 (�0.11, 0.1) 0.89 0.077 0.155
22:00–24:00 0.130 (�0.01, 0.27) 0.061 0.064 0.143

avar.R^2 indicates R^2 value for TUG 2-h model. TUG=Time (seconds) for
the Timed Up and Go Test.
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of participant reported outcomes in future work may offer
needed insights into strategies people may use to control
fatigue and other symptoms.

Accelerometry

Body-worn accelerometers offer an opportunity to study
physical activity in individuals in their free-living envi-
ronment. However, assessing the immense data that is
captured continuously using accelerometry is challenging.
A variety of methods have been used. Some studies apply
total activity counts which sums the magnitude of the one-
minute activity counts, or the TLAC 29 while others adopt
summary metrics to measure specific information of in-
terest. For instance, Di et al.,11 used various accelerometry-
derived measures such as the total volume of sedentary
behavior, intra-daily variability, and relative amplitude, to
study joint and individual associations between physical
activity, sleep and circadian rhythm, and gait speed. For the
past few years, studies using accelerometry in MS have
primarily focused on aggregated data summaries using
primary outcome measures such as counts per minute
summarized over 24 hours45–47 or maximal walking dis-
tance.48 However, as shown in our results, use of only

aggregate data summaries misses much of the rich infor-
mation from activity fluctuations that can be quantified
when we directly evaluate physical activity patterns.

Accelerometry also offers the potential for improving
clinical recommendations and offers information that could
be used for designing tailored rehabilitation interventions.
We know that increased physical activity relates to better
quality of life in healthy and MS populations. Current
conventional practice is to simply provide guidelines for
“ideal” activity levels and motivate patients with MS to do
more. However, this study shows that there are particular
times of the day when activity is lower for people with MS
at differing levels of disability. And the data show, EDSS
nor timed walking, explain broad variability in physical
activity from 08:30 to 12:30, making this time period in-
teresting for further study. This analysis therefore offers key
information useful for designing more specific targeted
interventions offering insight into times of day when ac-
tivity is particularly lacking, for identifying poor sleep
patterns and a quantitative way to measure change.

Lack of effective statistical tools to study accelerometry
data could be one of the reasons that activity profiles have
not been previously analyzed. In this study, we have in-
troduced two possible methods which could utilize the data

Figure 2. Scatter plot showing diurnal physical activity of all participants, overlaid with regression results for each walking measures as
the main predictor variable. Each black dot represents the average log transformed activity count over every 30-min, across 24-h days
for an individual participant. 2(a). Results from the function-on-scalar regression for the diurnal physical activity outcome, with T25FW
as the main predictor variable. 2(b). Results from the function-on-scalar regression for the diurnal physical activity outcome, with TUG as
the main predictor variable. The gray background highlights time periods that are statistically significant at 0.05 level of significance for
the predictor variable.
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at a refined resolution to evaluate physical activity patterns
with other covariates. One approach is to perform multiple
linear regression models on activity count summaries over a
specified time span across the whole day. In this study, we
expanded the data resolution to 2-h intervals and have
identified significant periods through the day that related
specifically to each of the clinic measures of interest.
However, the issue with performing multiple linear re-
gression models over disjoint time intervals is that we lose
information at the boundary of the neighboring intervals. To
account for the time-to-time covariances, we further applied
FOSR modeling that simultaneously evaluates the associ-
ations between physical activity and the clinic measure-
ments using the whole dataset. By expanding the resolution
of the physical activity data, we are able to show the extent
to which MS disease severity is reflected in daytime activity
and sleep. On average, individuals with MS show a pattern
of lower activity during the night with activity ramping up
through the morning and sustained higher activity in the
afternoon and declining activity in the evening. This is
perhaps only the first step for better understanding the rich
data collected using accelerometry. Alternative approaches
could be used to better distinguish between types of activity.
For example, one could identify walking, and other com-
mon daily activities, summarizing each using key metrics
such as time spent in each activity and quality of walking
(quantified using accelerometry-derived gait parameters),
then relate those summaries to the disease severity and
functional status of individuals with MS. This type of work
is needed for future research.

Strengths and limitations

There are strengths and limitations from this study that are
important to consider. Strengths of this study include the use
of accelerometry data and novel statistical methods for data
analysis. Accelerometry allows for the quantification and
tracking of subtle symptomatic changes that may fluctuate
over time and otherwise may be missed or ignored by par-
ticipant memory. Accelerometry provides a potential tool
available to the person with MS with a broad range of
disability, their caregivers or physician to objectively monitor
their activity patterns, whichmay be useful for early detection
of disease changes. The use of FOSRmodeling allows for the
identification of particular times to focus on physical activity
this may be useful for clinical trials or devising times to
participate in activities. A limitation of this study is that it is
only a cross-sectional analysis on a relatively small sample,
thus limiting our knowledge of the directionality and mag-
nitude of the relationships discovered. Consequently, we are
unable to make conclusions about changes in accelerometry
measures with longitudinal disease progression. We are
currently collecting longitudinal data and will apply similar

analyses. We limited our analysis to individuals with
moderate disability; however, the analysis used here could
provide critical new information about less active behavior
during specific times of the day in individuals with more
severe disability. Given the small sample size we did not
look at other individual factors that are known to con-
tribute to physical activity such as medication effects,
disease duration, other comorbidities, employment status,
seasonal activity changes, or living environment; all of
which would be important considerations for future in-
vestigations. The inclusion of a non-impaired control
group would also be important. As with all accelerometry
studies, without a current standard method to evaluate
activity it is difficult to compare the data from this study
with other studies. An important step would be to establish
universal consensus on data analyses for accelerometry
where evaluating activity patterns may contribute greatly.

Conclusion

Using novel data analytical methods, we used the readily
available temporal resolution and richness of 24-h accel-
erometry data to associate MS disability and diurnal 24-h
patterns of physical activity. Our analysis using function-
on-scalar modelling technique provides a deeper under-
standing of disability manifestation through a discovery of
functionally meaningful insights extracted from 24-h ac-
celerometry data.
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