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Abstract
Background: Dysfunction of the autonomic nervous system is common in multiple sclerosis patients, and
probably present years before diagnosis, but its role in the disease is poorly understood.
Objectives: To study the autonomic nervous system in patients with multiple sclerosis using cardiac autonomic regulation measured with a wearable.
Methods: In a two-week study, we present a method to standardize the measurement of heart rate variability using a wearable sensor that allows the investigation of circadian trends. Using this method, we investigate the relationship of cardiac autonomic dysfunction with clinical hallmarks and subjective burden of
fatigue and autonomic symptoms.
Results: In 55 patients with multiple sclerosis and 24 healthy age- and gender-matched controls, we
assessed the cumulative circadian heart-rate variability trend of two weeks. The trend analysis revealed
an effect of inﬂammation (P = 0.0490, SMD = -0.5466) and progressive neurodegeneration (P = 0.0016,
SMD = 1.1491) on cardiac autonomic function. No association with subjective symptoms could be found.
Conclusions: Trend-based heart rate variability measured with a wearable provides the opportunity for
unobtrusive long-term assessment of autonomic functions in patients with multiple sclerosis. It revealed
a general dysregulation in patients with multiple sclerosis.
Keywords: multiple sclerosis, progressive, autonomic nervous system, wearable, heart rate variability,
cardiac autonomic dysfunction
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Introduction
Multiple sclerosis (MS) is a chronic inﬂammatory
disease of the central nervous system (CNS), characterized by multifocal inﬂammation and widespread
neurodegeneration. Both these pathological processes drive the course of the disease and add to
the clinical, radiological, and pathological heterogeneity of MS.1 Patients with MS (pwMS) are
affected by a broad spectrum of neurological disabilities, including motor dysfunction, sensory symptoms, visual problems, impairment in coordination,
cognition, fatigue and symptoms of the autonomic
nervous system. The autonomic nervous system

(ANS), consisting of the sympathetic and parasympathetic nervous systems, regulates involuntary
body functions like heart rate (HR), respiration,
gastrointestinal, bladder, and sexual function.2
Symptoms of ANS dysfunction, like bladder and
sexual dysfunction, are among the symptoms with
the most signiﬁcant impact on the quality of life of
MS patients.3 Moreover, autonomic dysfunction
(AD) is present as early as ten years before an MS
diagnosis is established, making it the most prominent
symptom in the prodromal phase of MS.4 Much less is
known about cardiac autonomic dysfunction (cAD) in
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MS and its role in the disease.5 A recent meta-analysis
revealed a high prevalence of impairment in the sympathetic or the parasympathetic nervous system in
pwMS.6 In progressive forms of the disease, up to
84% of patients show signs of cAD associated with
spinal atrophy.7 Still, one-third of patients with subjective AD are asymptomatic during the head-tilt test8
Research on cAD in MS has been hampered by the
lack of a consensus deﬁnition of dysautonomia, different test batteries, and frequently relying on single
time-point measurements as opposed to long-term
measurements. Understanding cAD in MS provides
the opportunity to intervene in key pathophysiological processes of the disease, based on the important role of the ANS in inﬂammation and immune
regulation. The vagus nerve, which mediates parasympathetic effector functions, plays an important
role in regulating inﬂammation through the gut-brain
axis and triggers immunoregulatory responses in
target organs.9 Moreover, sympathetic ﬁbers modulate
immune responses through interaction with lymph
nodes, leading to the sympathetic nervous system’s
suppressing role in CNS-autoimmunity.10,11 Hence,
assessing the ANS provides key insights into the
disease, from the earliest stages of MS (i.e. the prodromal phase), to evaluating disease progression and
inﬂammation.
A common way to assess AD is by measuring cAD
by investigating inter-beat-intervals (IBIs) and calculating heart rate variability (HRV) metrics. Both
sympathetic and parasympathetic ﬁbers regulate
the millisecond differences between beats and
have been previously associated with ANS domain
dysfunctions.12 It has been shown that HRV
conveys similar information on cAD as more
involving autonomic test batteries such as the
Ewing battery.13–16
Wearable devices, such as smartwatches, allow
heartbeat detection on par with standard ECG
measures and provide an easy, non-invasive,
long-term observation of HRV, which is needed
for unobtrusive assessments in a chronic disease
like MS. 17
In this prospective study, we employed wearable
sensors to detect and follow cAD in the long term.
We developed a novel approach to analyze trends in
HRV over the circadian period, providing a new perspective on HRV analysis and the role of cAD in MS.
Finally, we assessed the impact of cAD on subjective
symptoms in MS and its association with the two key
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pathophysiological processes, namely inﬂammation,
and neurodegeneration.
Methods
Participants and procedures
This prospective study included patients diagnosed
with MS aged 18 or older without concomitant diseases. Patients were recruited at the neuroimmunology outpatient clinic of the University Hospital of
Zurich, Switzerland, between 29 November 2019
and 29 July 2021 and provided informed written
consent. Healthy controls were recruited from hospital staff as well as family and friends of the investigators, and included after exclusion of chronic illness,
regular intake of medication, presence of fatigue or
autonomic symptoms. They followed the same protocol as patients. The study protocol was reviewed and
approved by the Cantonal Ethics Committee of Zurich
and uploaded to kofam.ch (SNCTP000003494). This
study was conducted per the declaration of Helsinki,
and results are reported according to the STROBE
guidelines for cross-sectional trials.18
After inclusion, participants completed two validated
questionnaires, the fatigue scale for motor and cognitive functions (FSMC) and the abbreviated Composite
Autonomic Symptom Score (COMPASS-31).19,20
Demographic information, disease state and history
were extracted from the clinical information system
at the beginning of participation. An inﬂammatory
disease state was deﬁned as either radiological activity (GD + enhancing lesion, new T2 lesion, progressive lesion) or clinical relapse according to Lublin
et al. within the past 12 months.21 Further on, when
referring to inﬂammatory disease state we are using
this deﬁnition of disease activity. Additionally, we
further differentiated inﬂammation in radiological
activity within the past year.
A progressive disease state was deﬁned by neurological deterioration without a relapse event, according to Lublin et al. independent of the usual disease
course, meaning deteriorating symptoms in an
RRMS patients (previously also referred to
progressive-relapsing MS) also lead to inclusion in
this group.21 Further on we refer to progressive
patients to all patients showing objective deterioration
of symptoms independently of the current disease
label.
The ARMSS, as a measure of disease severity, was
calculated based on the EDSS at study inclusion.22
Clinical routine 3-Tesla MRI images on Phillips,
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Siemens and a GE scanner for T1, T2, and Flair3D
sequences have been exported and processed according to Cerri et al. using FreeSurfer 7.0.23
Over two weeks, each participant wore a wearable
sensor device that is CE-certiﬁed for heart-rate
detection (Everion, Biofourmis™, medical device
class IIa) and was given two sensors to allow continuous monitoring over a 24h period. Raw IBI measures of the photoplethysmography sensor and
magnitude of movement (sampled at 1Hz frequency)
of the participants were collected. The sensor
devices used in this study were previously validated
for consistency with a gold-standard Holter ECG
device.17

Data processing
The IBIs were checked for artifacts based on the
method Berntson et al. proposed.24 Artifacts were
removed, and missing IBIs were linearly interpolated.
Subsequently, the data was divided into nonoverlapping 5-min segments. Segments that, due to
artifact correction, contained more than four interpolated heartbeats in a row were discarded as they are
to be considered unreliable.24 Furthermore, we
excluded all 5-min segments with excessive activity
(more details can be found in the supplements). To
calculate HRV metrics based on the IBIs, we followed
the recommendations of the HRV Task Force for time
domain (RMSSD, SDNN, pNN20, pNN50), frequency domain (HF, LF) and nonparametric domain
(SD1, SD2).12 For each valid segment, metrics for
time, frequency, and nonlinear domains were calculated using the open-source Python library pyHRV.25
According to Ciccone et al. and Antali et al., most
metrics are omitted due to redundancy or due to evidence of them being prone to artifacts, or artiﬁcial
noise, leaving SDNN, SD1, and SD2 as metrics for
evaluation.26,27
In a recent publication, Natarajan et al. presented
normative values for PPG sensor-based HRV features of more than 8 million Fitbit® users.28 We
divided the computed metrics by the provided age,
sex, and time-of-day speciﬁc normative values,
obtaining percentage scores..28,29 These represent
the percentage deviation of the measured value
from the reference, mitigating the inﬂuence of age,
sex, and time-of-day differences in group comparisons (also see Figure S2). Next, wake and sleep
events were manually labeled based on the accelerometer and HR data and were used to normalize
the time of day.
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At this point, for each HRV metric, we only have
single measurements computed from 5-min IBI segments. For each patient, we then super-imposed all
the available segments collected during the study.
To approximate the real HRV trend of the participants, we ﬁtted 10th degree polynomial regressions
for each HRV metric using the least squares
method. The resulting models estimate the relationship between the normalized time of the day and the
HRV, as shown in Figure 2. In the context of this
work, having such an approximation is useful to
obtain a smooth estimation of the trend for further
analysis and for visualization purposes (more details
can be found in the supplements). Subsequently, the
resulting trends were split into ten segments (timewindows), of which we calculated the median
values. Using an approximated trend calculated
from consecutive days allows us to compensate for
missing data due to artifacts. We tested the stability
of this approach by comparing the estimated timewindows when using only subsets of the available
data. Group differences were investigated by applying
A) an ordered search over all possible time-windows,
and B) based on the hypothesis of an adaptive disorder, approximated using the difference between the
values of two time-windows (referred to with Δ). We
computed the AUC for inﬂammatory activity within
12 months, progressive disease state, EDSS (threshold
≥ 3), ARMSS (threshold>4), the COMPASS-31
(threshold ≥ 17, as commonly used in diabetic neuropathy) and the FSMC (threshold ≥ 65, for severe
fatigue provided through the questionnaire) and chose
the best performing time-windows for our statistical
analysis.19,30 The outline of the data processing pipeline
can be seen in the supplemental Figure S3. Data is
available on request by contacting the authors.
Statistical analysis
For descriptive statistics, Chi-Square and MannWhitney-U tests were applied for categorical and continuous data, respectively. We calculated both the
monotone (Spearman rS) and linear (Pearson rP) relationships between variables. We considered α<0.05 signiﬁcant and employed Benjamini-Hochberg as post-hoc
adjustment for multiple testing.31 To calculate the AUC
conﬁdence intervals we used DeLong’s method.32
Finally, effect sizes and 95% CIs were reported using
the standardized mean difference (SMD). We check if
the HRV metrics are confounded by gender, age, or concomitant medications (comprehensive list in the supplemental Table S1) for all the resulting best windows and
report any signiﬁcant ﬁndings. Details on the software
environment and the libraries used in the analysis can
be found in the supplements.
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Results
Participants
We’ve included 79 participants (55 patients, 24 controls) as seen in Figure 1. There is no evidence for
age or gender differences (Table 1). Patients had a
mean disease duration of 8.77 years (SD:7.79,
minimum:0, maximum:28 years) and mostly a
relapsing-remitting (RRMS) disease course (46 of
55 patients). A signiﬁcant age difference between
progressive and relapsing patients was found. The
mean study duration was 13.380 (minimum:7,
maximum:14, SD:1.311) days. Of the RRMS group
17 (30.9%) patients experienced a clinically conﬁrmed relapse in the past year, and 5 (9.0%) showed
progressive deterioration of disability. (69.1%) had a
stable disease course under disease-modifying treatment. Of the 9 patients labeled as progressive MS
(PMS), 3 had a primary-progressive (33.3%) and 6
(66.6%) a secondary-progressive disease course.

Reliability of HRV trend approximation
Analyzing the HRV segments obtained from all possible combinations of available days reveals that the
results quickly become correlated with the values estimated using the complete data, as seen in Figure 2.
Using seven days of data, we found rP = 0.9616
(range: [0.8024, 0.9999]), rP = 0.9495 (range:
[0.7846, 0.9998]), and rP = 0.9524 (range: [0.7901,
0.9998]) for SD1%, SD2% and SDNN% respectively.
This suggests that measurement periods of ≥ 7 days
are sufﬁcient and that the approximated trends are
stable.
Furthermore, we compared nonlinear-domain metrics
with frequency-domain measures. The correlation
between SD1% and HF% is rP = 0.9611, while the
correlation between the other pair of metrics is rP =
0.8859. Hence, SD1% and SD2% follow similar trends
as HF% and LF%, respectively. Given the more reliable normative data available for nonlinear-domain

Figure 1. Flow chart of the recruitment process and overview of excluded participants.

4

www.sagepub.com/msjetc

Hilty et al.

Figure 2. Left: Pearson correlation of the median from the ten approximated trend segments using all possible combinations
of available days compared to the full data for all three metrics. The approximations quickly converge, showing that one
week of data collection may be sufﬁcient. Right: An example of trend approximation (line) for one patient using the
super-imposed daily data (dots) for each metric. Grey dots represent sleep and wake data replicated to the margins to avoid
spurious values in the polynomial ﬁt.

metrics and their superior reliability in PPG measurements, using SD1% and SD2% is the better choice.27
Associations of CAD with clinical characteristics
The circadian trends, as seen in Figure 3, allow us to
infer differences in all three measures between pwMS
and controls. Table 2 shows the best single time
window discriminating pwMS from healthy controls
(P = 0.0333, SMD = 0.6705, CI:[0.1774, 1.1594]).
In Table 3, the best time windows for adaptive, proportional changes in HRV is shown. In this case,
the difference between 0–20% of wake and 40–60%
is signiﬁcantly different between pwMS and controls
(P = 0.0016, SMD = 0.8235, CI: [0.3243, 1.3178]).

shows an association with concomitant medications
(rP = −0.3489, P = 0.0271, CI: [-0.5622, −0.0921]) and
age (rP = -0.3489, P = 0.0271, CI: [-0.5622, −0.0921]).
However, using the adaptation a signiﬁcant difference
of recent inﬂammatory activity can be reported (P =
0.0490, SMD = -0.5466, CI:[-1.0871, −0.0012]), here
we see no confounding factors. Radiological activity
showed very similar results: No difference is found
with single windows and being the same window as
inﬂammation the same association with medication
and age was found. The adaptation during 80–100%
of wake and 60–80% of sleep is signiﬁcantly different
(P = 0.0355, SMD = -0.7905, CI:[-1.4442, −0.1297])
in patients with radiological activity.

The following comparisons were made between
patient subgroups. An inﬂammatory disease state
cannot be differentiated using a single segment (P =
0.0947, SMD = -0.5055, CI:[-1.0446, 0.0383]), but

Progressive disease shows a vastly different trend
with a signiﬁcant difference in both single measure
(P = 0.0148, SMD = 0.7994, CI:[0.1705, 1.4213])
and adaptive difference (P = 0.0016, SMD = 1.1491,
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Table 1. Demographic characteristics of the study population.
Control
Number
Age, mean (SD)
Ethnicity, n(%)

Gender, n (%)
MS type, n (%)
EDSS, mean (SD)
Disease duration, mean (SD)
Inﬂam. activity, n (%)
Progressive state, n (%)
DMT, n (%)

FSMC, mean (SD)

COMPASS-31, mean (SD)
Concomittant medication, n (%)

Asian
Caucasian
Hispanic
Middle-Eastern
m
w
PMS
RRMS

no
yes
no
yes
None
Dimethylfumarat
Natalizumab
Rituximab
Ocrelizumab
Ozanimod
Siponimod
Teriﬂunomide
aHSCT
total
cognitive
motoric
no
yes

24
33.5 (10.6)
3 (12.5)
18 (75.0)
1 (4.2)
2 (8.3)
11 (45.8)
13 (54.2)

Patient

P-Value

55
36.8 (9.5)

0.200
0.019

51 (94.4)
3 (5.6)
20 (36.4)
35 (63.6)
9 (16.4)
46 (83.6)
2.2 (1.4)
6.7 (6.3)
38 (69.1)
17 (30.9)
41 (74.5)
14 (25.5)
8 (14.5)
6 (10.9)
12 (21.8)
4 (7.3)
15 (27.3)
2 (3.6)
1 (1.8)
1 (1.8)
6 (10.9)
53.0 (21.8)
26.2 (11.6)
26.8 (11.1)
16.9 (8.6)
35 (63.6)
20 (36.4)

0.588

Data are mean (SD) or n (%). MS: multiple sclerosis; PMS: progressive multiple sclerosis; RRMS: relapsing-remitting
multiple sclerosis; COMPASS-31: Composite Autonomic Symptom Score; EDSS: expanded disability status score;
FSMC: Fatigue Score for motor functions and cognition; aHSCT: autologous hematopoetic stem cell transplantation;
DMT: disease modifying therapy; Inﬂam. activity is deﬁned as conﬁrmed clinical relapse or GD + enhancing lesion in the
past 12 months. Progressive state is deﬁned as conﬁrmed clinical progression based on Lublin et al.17 Concomitant
medication is deﬁned as non-DMT therapies with a known inﬂuence on heart-rate, a list can be found in the supplemental
Table S1.

CI:[0.4995, 1.7890]). However, the single windows
are confounded by age (rP = −0.3335, P = 0.0385, CI:
[-0.5501, −0.0748]), which is not the case for adaptive
differences.
To differentiate between patients with low (<3) or
moderate-to-high EDSS ( ≥ 3), the best single
window is 60–80% of sleep, which showed a signiﬁcant
difference (P = 0.0389, SMD = 0.6163, CI:[0.0383,
1.1888]). Furthermore, signiﬁcant Spearman and Pearson
correlations were found between EDSS and HRV
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measurements (rS = -0.3775, P = 0.0135, CI:[-0.5843,
−0.1247] and rP = -0.3502, P = 0.0263, CI:[-0.5632,
−0.0936]) and unsurprisingly also age (rP = -0.3434,
P = 0.0308, CI:[-0.5579, −0.0859]). The windows
with the strongest proportional HRV difference are
60–100% of the day and 40–80% of sleep (P = 0.0034,
SMD = 0.9333, CI:[0.3388, 1.5197]). Also in this case, correlations with EDSS (rS = -0.3781, P = 0.0073, CI:[-0.5847,
−0.1253] and rP = -0.3492, P = 0.0103, CI:[-0.5624,
−0.0924]) and age (rP = -0.3241, P = 0.0237, CI:[-0.5427,
−0.0643]) were found.

www.sagepub.com/msjetc

Figure 3. A standardized day starting with waking up in the morning and ending with waking up the day after represented by ten segments (20%), ﬁve during awake and ﬁve during
sleep. The median of the approximated HRV trends of participants groups is shown in the line diagram. The histogram corresponds to the total data availability per segment. The top
heat map shows optimal single time windows, the bottom one is the optimal windows for adaptive assessment, ranking the top 10 best AUCs. HC refers to healthy controls, pwMS to
patients with multiple sclerosis. During awake hours either early morning or late evening shows differences in the HRV metrics between subgroups, meanwhile signals are converging
during a majority of the daytime. Patients with a progressive disease course show a substantially different circadian adaptation, predominantly during sleep.

Hilty et al.
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Table 2. Single time windows discriminating patient characteristics.
Group
pwMS
Inﬂammation
Radiological activity
Clinical activity
Progression
EDSS
ARMSS
COMPASS-31
COMPASS-31 pwMS
Severe FSMC fatigue

Time window
40%-80% night
80%-100% night
80%-100% night
0%-100% night
40%-100% night
60%-80% night
80%-100% night
40%-60% night
20%-40% day
40%-80% day

Metric
SD2%
SD2%
SD2%
SD2%
SD2%
SD2%
SDNN%
SD2%
SD1%
SD2%

AUC
0.6712
0.6626
0.655
0.7381
0.7544
0.7087
0.6381
0.7163
0.6273
0.6772

95% CI
0.5378,
0.5167,
0.4749,
0.5531,
0.5916,
0.5464,
0.4927,
0.5699,
0.4736,
0.5056,

0.8046
0.8086
0.8352
0.9231
0.9171
0.871
0.7836
0.8628
0.781
0.8489

Optimized time windows and HRV metric based on the AUC to differentiate between patient characteristics: pwMS
differentiated from healthy controls (55/79), pwMS with recent inﬂammatory activity (24/55), pwMS with current
radiological activity (12/55), pwMS with current clinical activity (6/55), pwMS with objectiﬁed progressive disease (14/
55), pwMS with EDSS ≥ 3 (18/55), pwMS with ARMSS ≥ 4 (37/55), pwMS with COMPASS-31 > 17 compared to
healthy controls (26/50), pwMS with COMPASS-31 ≥ 17 compared to pwMS wih COMPASS-31 < 17 (26/51) and
pwMS with FSMC total score ≥ 65 compared to pwMS without fatigue (21/39).

Table 3. Adaptative difference between time windows discriminating patient subgroups.
Group
pwMS
Inﬂammation
Radiological activity
Clinical activity
Progression
EDSS
ARMSS
COMPASS-31
COMPASS-31 pwMS
Severe FSMC fatigue
fafatfatigue

Time windows
0%-20% day and
40%-60% night
80%-100% day and
40%-100% night
80%-100% day and
60%-80% night
0%-80% day and
20%-60% night
80%-100% day and
20%-60% night
60%-100% day and
40%-80% night
0%-20% night and
40%-80% night
60%-80% night and
80%-100% night
40%-80% night and
80%-100% night
40%-80% night and
80%-100% night

Metric

AUC

95% CI

ΔSDNN%

0.7402

[0.6221, 0.8582]

ΔSD1%

0.6707

[0.5236, 0.8178]

ΔSD1%

0.7403

[0.5564, 0.9242]

ΔSD1%

0.6497

[0.3663, 0.933]

ΔSDNN%

0.777

[0.6448, 0.9092]

ΔSDNN%

0.7477

[0.6146, 0.8809]

ΔSDNN%

0.6742

[0.5126, 0.8358]

ΔSD1%

0.7628

[0.6282, 0.8975]

ΔSD1%

0.6658

[0.5146, 0.8169]

ΔSD1%

0.6587

[0.4827, 0.8348]

Optimized difference between two time windows and HRV metric based on the AUC to differentiate between patient
characteristics: pwMS differentiated from healthy controls (55/79), pwMS with recent inﬂammatory activity (24/55),
pwMS with current radiological activity (12/55), pwMS with current clinical activity (6/55), pwMS with objectiﬁed
progressive disease (14/55), pwMS with EDSS ≥ 3 (18/55), pwMS with ARMSS ≥ 4 (37/55), pwMS with
COMPASS-31 > 17 compared to healthy controls (26/50), pwMS with COMPASS-31 ≥ 17 compared to pwMS wih
COMPASS-31 < 17 (26/51) and pwMS with FSMC total score ≥ 65 compared to pwMS without fatigue (21/39).
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Figure 4. Effect size of difference in pwMS per metric displayed as standardized mean difference with 95% CI.
Mann-Whitney-U test was applied and * signiﬁes a p-value <0.05, ** a p-value <0.01, after Benjaminin-Hochberg
correction. COMPASS-31 results are displayed both as differences between HC and subjective AD and within patients with
or without subjective AD. Other effects where performed only within pwMS.

Grouping with the ARMSS gave us similar windows
to the EDSS. There are no signiﬁcant differences or
correlations with single time windows and an association
with medication can be made (P = 0.0231, SMD =
0.5816, CI: [0.0186, 1.1393]). However, adaptative
differences showed a signiﬁcant difference (P = 0.0436,
SMD = 0.5604, CI:[-0.0153, 1.1311]), but no correlations
between the ARMSS and HRV trends were signiﬁcant.
Associations between HRV and WML volume can
be found in supplemental Table S2. The supplemental
Table S3 summarizes all the results in the best timewindows for these groups.
Assessing subjective symptoms
Subjective AD is commonly reported along with
fatigue in pwMS. Hence, we tried to associate HRV

www.sagepub.com/msjetc

and subjective autonomic symptoms based on the
COMPASS-31 and FSMC questionnaires (also see
Figure 4). As seen in Figure 3, the pwMS with subjective AD show the strongest difference from
healthy controls during the 40–60% window in the
night using SD2% (P = 0.0261, SMD = 0.7492,
CI:[0.171, 1.3201]), confounded by medication (P =
0.0228, SMD = 0.5307, CI: [-0.0557, 1.1119]). No
correlation was found between the COMPASS-31
score and the single segments. Furthermore, concomitant medications seem to confound the HRV measures
(P = 0.0104, SMD = 0.5457, CI: [-0.0159, 1.1023]).
The adaptive proportional change in HRV between
the 60–80% and 80–100% of the night showed a signiﬁcant difference between the groups (P = 0.0014,
SMD = -1.1196 CI:[-1.7127, −0.5165]), here no
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effect of medication is found, however a gender association (P = 0.0096, SMD = 0.9831, CI: [0.3649,
1.5923]) in this window. Moreover, we can neither
report a correlation between HRV and the questionnaire’s score, nor a difference in patients with and
without subjective ANS symptoms or between nonand severely fatigued patients according to the
FSMC. The supplemental Table S4 summarizes all
the results in the best time-windows for these
groups. Furthermore, the supplemental Figure S1
illustrates the median HRV trends of the groups not
previously shown in Figure 3. Finally, the supplemental ﬁgure S4 shows the cross-validity of the best timewindows for the different groups as measured by the
AUC.
Discussion
In this study, we present a new approach for analyzing
the cardiac autonomic nervous system in the context
of MS. Both sympathetic and parasympathetic dysfunctions have been described in pwMS with variable
results.33 However, a clear understanding of the role
of cAD in MS was hampered by the heterogeneity
of study designs, methodologies, and inconsistencies
of related ﬁndings.34 As a key ﬁnding, we show that
the analysis of HRV, based on the adaptation of the
autonomic system throughout the circadian rhythm,
is a promising method to quantify cAD in MS and
allows new insights into disease-related changes. In
addition, using this novel method, we can deduce speciﬁc patterns of circadian adaptation during different
stages of the disease.
A circadian variation in the control of HR and therefore HRV has been described previously in adults and
children, showing relevant ﬂuctuations in cardiac
autonomic function during sleep.35,36 Our results are
consistent with these studies, conﬁrming a ﬂuctuation
of HRV values over 24h. However, we demonstrate
that a continuous measurement of at least seven
days is required to establish a robust trend to assess
the changes of HRV throughout the circadian
rhythm. Measurements over shorter periods are
limited by the variability in daily HRV and may
have contributed to the heterogeneous results
observed in previous studies on cAD in MS, which
relied on short-term or even single-time-point measurements.34 It is difﬁcult to overcome these effects
even by standardizing the measurement time due to
inter-individual heterogeneity.
So far, it is unclear whether cAD in MS is related to
sympathetic or parasympathetic dysfunction or both.
In healthy controls, circadian ﬂuctuation has been
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considered to be related to a sympathetic withdrawal
rather than parasympathetic activity.35,36 Our study
is the ﬁrst to recognize autonomic dysfunction in
pwMS in the context of circadian differences.
Assessing a general trend instead of individual measurements provides several beneﬁts: 1) it is more
robust towards outliers as compared to single time
windows, 2) temporal variations in HRV are being
captured reliably, and 3) circadian ﬂuctuations of
HRV can be quantiﬁed and do not act as confounding
factor.
Our results show a strong association of cAD with a
progressive disease state in pwMS, for disability
(EDSS), and disease severity (ARMSS). This association has been described previously and was considered to be linked to axonal loss.7 However, not all
studies came to this conclusion, highlighting the
need to control for activities and trend detection in
assessing long-term HRV.37,38 In this study, a progressive disease state is characterized by a reduced
circadian adaptation of the ANS, most prominently
during sleep and a generally reduced HRV.
A different effect on cAD can be observed in patients
with inﬂammatory disease activity. Investigation of
the trend from evening to the end of the night
showed a signiﬁcant effect in SDNN% and SD1%.
While HCs generally showed a decrease in the
evening, followed by an increase in SDNN% and
SD1%, an inﬂammatory disease state failed to show
this adaptation and presented less variance across
the day.
Previous work in pwMS showed that primarily
morning windows were used to assess HRV, and an
association with inﬂammatory disease activity was
shown.39 Our analysis reveals that even though high
measures in the morning are present, the circadian
adaptation from almost normal values throughout
the day transforms into a drop during the night,
mainly in the vagally associated measure SD1%.
One could hypothesize that the relative change in
SD2%, as a measure of sympathetic activity, is
lower, suggesting SD2% overactivity during the
night and overall, less variability during the day
than in HCs.
Within MS patients, the progressive group behaved
differently from patients with inﬂammatory disease
activity. Adamec et al. report a predominantly parasympathetic dysfunction in progressive patients.40
Interestingly, Flachenecker et al. hypothesized that
the sympathetic nervous system might be dysregulated
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in pwMS due to its close relationship with inﬂammatory
activity, while parasympathetic dysfunction might primarily result from structural damage in the CNS.39
This connection is reﬂected in a relation of SD1%
with MRI white matter lesion volume and a weaker
signal in the mainly sympathetic SD2% arm of the
ANS in progressive patients.
Altogether, our data suggests that pwMS experience
reduced variability in circadian HRV. This is particularly true in case of high cerebral lesion volume and in
progressive disease, which is most strongly associated
with SD1%.
Even though we could not ﬁnd within-patient differences in subjective AD measured by the
COMPASS-31 score, there is a signiﬁcant difference
between HCs and pwMS with regard to subjective
AD, when using our markers of cAD. This suggests
that the presence cAD is associated with the disease,
but is not directly related to subjective symptoms. A
shortcoming of this study is the heterogeneity of the
study population, which might obscure a scaling
effect for subjective symptoms of AD.
Future studies should also include quality of life
assessments to explore further connections of subjective AD, fatigue, and MS-related quality of life. The
brain MRI scans used in the study were acquired
during clinical routine. Although all scans came
from the same MRI center, they were not based on
a standardized protocol. Hence, we suggest a standardized acquisition protocols for future studies to investigate the relation of structural damage in the CNS and
cAD. Ideally, a quantiﬁcation of lesion load in the
spinal cord would allow to assess a possible link
between spinal cord damage and cAD.
Altogether, the current results suggest easy applicability and transferability of this novel method of HRV
analysis to other devices and study setups. A better
understanding of the role of the ANS in MS offers a
wide range of opportunities in MS care, ranging
from a potential application as a biomarker for the
earliest stages of the disease or as a target for intervention through immuno-regulation and symptomatic
therapies.
The advantage of a wearable is that it can potentially
be worn for months, and many FDA and EMA certiﬁed products are already available on the market.
Thus, longitudinal observation of patients may
allow new objective measurements of an important
symptom domain. However, there is a need for
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larger cohorts to conﬁrm the results and establish
ﬁxed time windows for assessing cAD in pwMS.
The latter would provide the opportunity to standardize the HRV parameters when using them in different
studies in the future.
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