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difﬁculties. However, the baseline signals, i.e., vibration signals with only quiet breathing or
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apnea but without swallowing, are not well understood. In particular, to comprehend the
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contaminant effects of head motion on cervical accelerometry, we need to study the scaling
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behavior of these baseline signals. Dual-axis accelerometry data were collected from 50
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motions, all in the absence of swallowing. The denoised cervical vibrations were subjected

healthy adult participants under conditions of quiet breathing, apnea and selected head
Dual-axis swallowing accelerometry

to detrended ﬂuctuation analysis with empirically determined ﬁrst-order detrending. Strong

signals

persistence was identiﬁed in cervical vibration signals in both anterior–posterior (A–P) and

Scaling analysis

superior–inferior (S–I) directions, under all the above experimental conditions. Vibrations

Detrended ﬂuctuation analysis

in the A–P axes exhibited stronger correlations than those in the S–I axes, possibly as a
result of axis-speciﬁc effects of vasomotion. In both axes, stronger correlations were found
in the presence of head motion than without, suggesting that head movement signiﬁcantly
impacts baseline cervical accelerometry. No gender or age effects were found on statistical
persistence of either vibration axes. Future developments of cervical accelerometry-based
medical devices should actively mitigate the effects of head movement.
© 2010 Elsevier Ireland Ltd. All rights reserved.

1.

Introduction

The videoﬂuoroscopic swallowing study (VFSS) is the current gold standard for the detection and management of
dysphagia (swallowing difﬁculties) [1]. Nevertheless, VFSS is
not suitable for ongoing monitoring due to excessive exposure to radiation, long waiting lists at hospitals and lack of
availability in many communities [2,3]. In recent years, swallowing accelerometry has emerged as an alternative approach
for non-invasive assessment of swallowing disorders [4,5].
Swallowing accelerometry is a technique involving the attach-
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ment of an accelerometer at the patient’s neck. Traditionally,
single-axis accelerometers were used [6–9]. However, it has
been shown recently that dual-axis accelerometers yield more
information and enhance diagnostic capabilities [10,11], likely
as a result of the two-dimensional movement of the hyoid and
the larynx during swallowing [12,13].
In previous contributions it has been noted that various
phenomena, not related to swallowing, can alter the amplitude of swallowing accelerometry signals. These include small
low-frequency vibrations observed in the baseline state (e.g.,
[14]) or head motion effects during swallowing (e.g., [10,11]).
However, to the best of our knowledge, there are no contribu-
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tions considering the effects of these phenomena on dual-axis
swallowing accelerometry signals. In particular, given that the
aforementioned contaminant signals lie in the low-frequency
range and usually exist for the duration of a swallow, it is
worthwhile to examine the scaling behaviour of swallowing
accelerometry signals. Understanding such behaviour may
help uncover age, gender or head motions effects on dual-axis
swallowing accelerometry signals.
The main contributions of this paper are the exposure of
strong statistical persistence in baseline dual-axis cervical
vibration signals and the effects of demographic variables on
such dependencies. Throughout this paper, “baseline” refers
to dual-axis accelerometry signals collected at the neck during
quiet breathing and apnea, in the absence of swallowing.
This paper is organized as follows: in the next section, we
review the principles of scaling analysis and detrended ﬂuctuation analysis. In Section 3, we describe the data collection
and analysis methods. The results of the analysis are covered
in Section 4 along with a discussion. Finally, conclusions are
drawn in Section 5.

2.

Mathematical background

Signals acquired by a dual-axis accelerometer are analyzed in
this paper. Nevertheless, to avoid repetition, the discussion
below is based on a signal acquired from a single-axis only.
It should be noted, however, that the exact same analysis is
conducted for both axes. Furthermore, we will assume that the
acquired signals, x(n), represent observations made during the
time interval 0 ≤ n ≤ N − 1, where N represents the length of the
signal. From the time series point of view, we can consider x(n)
to be a discrete-time series since the observations are made
at ﬁxed time intervals from the discrete set of times,  (with
N representing the cardinality of ) [15]. The time series can
then be taken as a realization of the family of real-valued random variables {n , n ∈ } that are considered to be a stochastic
process deﬁned on a probability space [15].

2.1.

Scaling analysis

Baseline dual-axis swallowing accelerometry signals can be
wide-sense stationary processes [14]. If such a process is
denoted by {n : n = 0, 1, . . . } with mean,  , and variance, 2 ,
then its covariance function cov(n , n+k ) is independent of n
for all integers k [16]. Furthermore, its autocorrelation function
is then deﬁned as
k =

cov(n , n+k )
2

(1)

Often, the analysis of a time series stemming from such processes assumes that observations made over a large time span
are independent. This assumption is often violated in practice (e.g., [17,18]), and these lengthy time series can exhibit
long-range dependence. Hence, it is desirable to understand
whether acquired time series exhibit any short or long-range
dependence (e.g., [19,20]). Consider the sum,  s :

s =

s

k=1

k

(2)

where its variance is given by

var(s ) = s2 +

s 


cov(i , j )

(3)

i=1 j =
/ i

with s ∈ N.
The asymptotic behaviour of (3) can be used to differentiate two kinds of processes [17]. One group of processes
is characterized by an autocorrelation function that decays
exponentially fast [17,18]. Processes in this group include
short-range dependent processes with Markov chains and
auto-regressive moving average processes of ﬁnite order. The
second group of processes is characterized by an autocorrelation function that exhibits a behaviour different from an
exponentially decay, i.e., the correlation at very large lags can
still be non-zero. In other words, a time series with long-range
dependence exhibits a slowly decaying correlation that typically obeys a power-law function:
k ∼|k|−

(4)

where k denotes correlation lags and 0 <  < 1, is the rate of
decay. The long-range dependence of a time series implies
that although correlations at large lags can be very small, their
cumulative effect is not negligible.
Many empirical time series observe long-range dependence or persistence, manifesting as consecutive bursts of
small or large values [21]. In the frequency domain, a process
exhibiting long-range dependence has a spectral density of
the form [22]:
sx (ω)∼|ω|− as ω → 0

(5)

where > 0. On the other hand, a spectral density of a shortrange dependent process remains ﬁnite as ω → 0.
So-called Hurst exponents (denoted by H) are often used
to characterize the long-range dependence present in time
series (please refer to [22,23] for an in-depth coverage of the
topic and examples of various applications). The Hurst exponent can be related to the spectral density of long-range
dependent processes given by (5), namely, = 2H − 1 as long
as 0.5 < H < 1 [22]. There are several methods for estimating
the Hurst exponent such as rescaled range analysis, periodogram method, variance method, Whittle estimator, and
wavelet based methods [22,23]. However, there has been little
consistency in Hurst exponent estimates across the different
methods [24]. The discrepancy in the results indicate potential difﬁculties in applying Hurst estimators to experimental
data obtained from physical processes. An additional problem
arises if the given process contains multiple scaling exponents
across different scaling regions. In this case, linear regression cannot be used to estimate the exponent over all scales.
Doing so may yield a Hurst exponent estimate that grossly
misrepresents the scaling behaviour. Furthermore, long-range
dependence is associated with stationary processes [22], and
hence some estimators implicitly assume stationarity. From
previous studies, it is known that baseline dual-axis swallowing accelerometry signals can be stationary. Nevertheless,
once these signals include swallows, they become nonsta-
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tionary [11]. Hence, these traditional approaches for scaling
estimation are not applicable, and an alternative approach is
needed.

2.2.

Detrended ﬂuctuation analysis

(M) ∝ M˛

for the white Gaussian noise which is considered very rough,
while ˛ = 1.5 for the Brownian motion, which is considered very
smooth) [38].

3.

Detrended ﬂuctuation analysis (DFA) is a scaling analysis
method developed to address the aforementioned shortcomings of other scaling methods. DFA uses a scaling exponent ˛ to
represent the (auto-)correlation properties of a time series and
permits detection of statistical persistence behaviour embedded in nonstationary time series [25,26]. Furthermore, DFA
avoids detection of long-range correlations that are an artifact
of nonstationarity [27,28].
The algorithm for DFA has been outlined in previous contributions (e.g., [25–28]). Here, we only summarize the main
steps. Given the noisy discrete-time observations of a signal,
x(n), of length N, the ﬁrst step is to evaluate the cumulative
sum of the signal. Then, the integrated series is divided into L
non-overlapping segments of equal length, M. As outlined in
Section 3.2, one should carefully choose values of M. As the
next step, a local trend for each of the segments is calculated
by a least-square ﬁt of the data. Various polynomial orders
such as linear, quadratic, cubic, or higher order polynomials
can be used in the ﬁtting procedure. Then, the variance around
the local trend is determined. An increasing value of M will
inherently produce an increasing value of (M) due to the fact
that longer segments can introduce greater deviations from
a local trend. Therefore, DFA models ﬂuctuations which scale
with segment length, M, in a power-law fashion, independent
of external trends and signal amplitude, i.e.,
(6)

where ˛ is the slope of the line observed in the log–log representation of (M) versus M.
Given that the scaling exponent is typically estimated as
the slope of a single line on a log–log plot of ﬂuctuations versus scale, the presence of multiple scaling effects can yield
inaccurate results. This crossover phenomenon (e.g., [27,29])
usually arises due to changes in the correlation properties of
the signal at different temporal or spatial scales [30]. Therefore, extracting the global exponent can be misleading in the
presence of crossover phenomena, and modiﬁcations to the
DFA should be used (e.g., [31]). ˛ can be related to correlation
properties of a time series and in some cases to (4), such that
 = 2 − 2˛ [25,32,33]. Furthermore, ˛ can be related to value
from the power spectral density deﬁned in (5) as = 2˛ − 1.
From this relationship, it is clear that ˛ is also related to the
Hurst exponent. In fact, ˛ = H for 0 ≤ H ≤ 1 and ˛ = H + 1 for H > 1
[34–36]. From a physical point of view, the value of ˛ has a speciﬁc meaning. In particular, there is no correlation present in
a time series when ˛ = 0.5, i.e., the time series is white noise
[25]. For ˛ > 0.5 it can be stated that the time series are positively correlated and for ˛ < 0.5 the time series is anticorrelated
[27,37]. In addition, two special cases have been pointed out in
the literature: ˛ = 1 indicates 1 / f noise, while ˛ = 1.5 indicates
Brownian noise [38]. A very popular description of the meaning
of ˛ is that it denotes the “roughness” of a time series. Higher
values of ˛ denote smoother time series (for example, ˛ = 0.5
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Methodology

Potential participants completed a short survey outlining
his/her medical history. Participants were excluded if they
had any known or prior symptoms of swallowing difﬁculties, or had a history of stroke or other neurological
conditions, head or neck cancer, neck or spinal injury or a tracheostomy. Fifty consenting healthy adults (18–65 years of age,
26 females) participated in this study. Participants were purposefully recruited such that 4 different age ranges, i.e., 18–34,
35–44, 45–54, and 55–65 were proportionally represented. The
research ethics board of Holland Bloorview Kids Rehabilitation Hospital (Toronto, Ontario, Canada) approved the study
protocol and all participants provided signed consent.
Participants were seated comfortably in a chair. A dualaxis accelerometer (ADXL322, Analog Devices) was placed on
the neck of each participant anterior to the cricoid cartilage
and secured with double-sided tape. The two axes were positioned in the anterior–posterior (A–P) and superior–inferior
(S–I) directions. Three additional sensors complemented the
dual-axis accelerometry measurements and conﬁrmed that
the participants were indeed following the data collection
protocol properly. In particular, we collected signals from a
triple-axis accelerometer (MMA7260Q, SparkFun Electronics)
attached to a headband and centred on the participant’s forehead to monitor head motions; a respiratory belt (1370G, Grass
Technologies) secured around the participant’s diaphragm to
monitor breathing patterns; and a microphone placed around
30 cm from the participant’s mouth to capture vocalizations.
The signals acquired from the dual-axis accelerometer were
processed in hardware using a band-pass ﬁlter and an ampliﬁer (P55, Grass Technologies). The pass band of the ﬁlter was
set to 0.1–3000 Hz. The sampling frequency of 10 kHz was used
to collect the ampliﬁed sensor data using a LabVIEW program
running on a computer. The data were stored on the hard drive
for subsequent analyses. Data collection from all the sensors
was synchronized in time. The experimental setup is shown
in Fig. 1.
The data collection procedure included seven primary
tasks that were completed by each participant:
Remain silent and motionless for 60 s.
Remain silent, motionless and stop respiration for 10 s.
Remain silent and tilt head to the left 10 times.
Remain silent and tilt head to the right 10 times.
Remain silent and tilt head downward (infero-anterior to
natural position) 10 times.
6. Remain silent and tilt head backward (infero-posterior to
natural position) 10 times.
7. Remain silent and rotate head from right to left 5 times,
and from left to right 5 times.

1.
2.
3.
4.
5.

All participants were advised to refrain from swallowing
during each task, but were permitted to swallow accumulated
saliva between successive steps.
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value (M) is obtained and the error associated with the estimation of ˛ is inversely proportional to the square root of this
ratio [26]. In particular, the standard deviation of ˛ is given by
[26,42]:


˛ ∼
= 0.1

Fig. 1 – Instrumentation used for data collection in this
study.

3.1.

Data analysis

Using non-parametric signiﬁcance tests (e.g., the
Mann–Whitney test [39]), we checked for differences in
statistical persistence between the A–P and S–I directions for
the baseline dual-axis accelerometry signals. Furthermore,
we investigated possible demographic effects on those correlations. In this paper, a 5% statistical signiﬁcance level was
used.
Prior to statistical analysis, the acquired signals were preprocessed with the inverse ﬁlters developed in [14]. The
ﬁltered signals were then denoised using a 10-level discrete
wavelet transform using the discrete Meyer wavelet with soft
thresholding [40,41]. DFA was carried out using the minimal
and maximal values of the analyzing window and the order
of the ﬁtting polynomial, recommended in the following subsection.

3.2.
Initialization of DFA for dual-axis swallowing
accelerometry signals
There are three parameters in DFA: the smallest window size
over which ﬂuctuations are estimated, what we term the lower
cutoff value, Mmin ; the largest window size over which ﬂuctuations are estimated, what we term the upper cutoff value,
Mmax ; and the order of the ﬁtting polynomial. First, we consider how the analysis boundaries, Mmin and Mmax , are chosen.
It has been suggested that very large Mmax are preferred in
order to deal with possibly very long correlations [26]. Nevertheless, as Mmax approaches N the error in the estimation of ˛
increases signiﬁcantly. The ratio Mmax / N represents the number of statistically independent measurements by which the

Mmax
N

(7)

Hence, the goal in the analysis of any type of signals is
to have  ˛ signiﬁcantly smaller than the differences due to
the phenomena of interest. It has been empirically observed
that Mmax = N / 10 provides satisfactory results [26,27], which
provides  ˛ ≈ 0.03. Unfortunately, analogous guidelines for
choosing the lower cutoff value are not available. It has been
suggested that Mmin should be chosen such that Markovian
correlations do not affect the estimation of ˛ [26]. Hence, different values for the lower cutoff value have been used in
different applications. In some cases, the lower cutoff value
is only a few data points (e.g., [37]). Nonetheless, for the scaling analysis of swallowing signals, we implemented a lower
cutoff value of Mmin = N / 100. This value enables us to analyze
signals over a decade of window sizes. Due to the fact that
the error in the estimation of ˛ increases proportionally with
window size, a signal dependent rather than ﬁxed upper cut
off value was implemented (i.e., Mmax = N / 10). Hence, the window lengths used in the analysis were given by the following
set of values:
M=



M : M ∈ N and

 N 
100

≤M≤

 N 
10

(8)

where the set contains ﬁfty points equally spaced on a logarithmic scale. Hence, the set M provided us with a sufﬁcient
number of points to carry out an accurate ﬁtting of a local
trend.
The order of the ﬁtting polynomial depends on the characteristics of the signals under analysis. A ﬁrst-order polynomial
was used for dual-axis cervical signals considered in this
paper. To understand this particular choice, let’s consider
cumulative sum of a sample signal shown in Fig. 2(a), representing baseline vibrations in the A–P direction. The signal is
divided into segments of the longest window size (i.e., a window with its length equal to N / 10). Polynomial ﬁtting using
ﬁrst, second and third orders are shown in Fig. 2(b)–(d), respectively. These ﬁgures depict that the local trend (thick solid line)
is most accurately modeled by a ﬁrst-order polynomial. Higher
order polynomials tend to overﬁt the local trend. Therefore, for
the rest of the analysis, a ﬁrst-order polynomial was used to
model local trends.

4.

Results and discussions

Table 1 summarizes ˛ values for signals in both A–P and S–I
directions. A number of observations are in order. The statistical persistence observed in the A–P and the S–I directions are
statistically different in all cases (p 0.01), except for Test 3
(p = 0.61). ˛ values in the A–P direction are higher than those
in the S–I directions denoting stronger correlations. These
results resonate with the ﬁndings of [14], which reports that
the peak frequencies of the small vibrations associated with
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Fig. 2 – Choice of polynomial order for detrending in DFA. Cumulative sum of a sample cervical accelerometry signal is
depicted in (a). Subsequent graphs show polynomial ﬁts (solid line): (b) ﬁrst-order; (c) quadratic; (d) third-order.

vasomotion near the thryroid cartilage are lower in the A–P
direction than those in the S–I direction.
Hence, the vibrations in the A–P direction are dominated
by low-frequency components indicative of strong statistical
persistence. Observations should be also made regarding the
effect of head position. In the A–P direction, the ˛ values were
statistically equal when considering all head tilting (Tests 3–6,
p = 0.46, Kruskal–Wallis test). For both directions, higher ˛ values are observed in tasks involving head movements (Tests
3–7) than in tasks without head motion (Tests 1 and 2). In the
S–I direction, head movements induced statistically equivalent persistence for Tests 5 and 6 (Mann–Whitney test, p = 0.77).
The results from both directions suggest that similar head
positions (or movements) induced vibrations with similar statistical characteristics in the dual-axis cervical accelerometry
signals. These results conﬁrm ﬁndings from previous publications (e.g., [10,11]), which noted that head movements can
signiﬁcantly alter the amplitudes of dual-axis accelerometry
signals.

Table 1 – Direction-based differences in ˛ values.
Test

1. Motionless and quiet breathing
2. Motionless and apnea
3. Tilt head left
4. Tilt head right
5. Tilt head down
6. Tilt head back
7. Head rotation

Overall
A–P

S–I

1.30 ± 0.18
1.08 ± 0.27
1.40 ± 0.20
1.42 ± 0.17
1.46 ± 0.19
1.42 ± 0.19
1.52 ± 0.15

1.11 ± 0.31
0.63 ± 0.24
1.39 ± 0.25
1.27 ± 0.23
1.14 ± 0.31
1.16 ± 0.23
1.42 ± 0.22

It has been previously observed that there are no genderbased differences in the frequency content of cervical
accelerometry signals [14]. As shown in Table 2, our analysis
resonates with this previous ﬁnding. There are no genderbased differences in ˛ values in either the A–P (p > 0.34) or
S–I (p > 0.23) directions. However, within each gender, statistical differences generally exist between ˛ values in the A–P
and S–I directions (p < 0.02). The only exception occurs when
considering Test 3 (p > 0.44) for both genders, where the ˛ values are statistically equal between the A–P and S–I directions.
Also, Test 7 (p = 0.24) for male participants and Test 4 (p = 0.08)
for female participants have statistically equal ˛ values for the
A–P and S–I directions, likely due to the high variability of the
˛ values for these two tests.
Tables 3 and 4 group ˛ values according to age for the A–P
and S–I directions, respectively. The ˛ values in the S–I direction are statistically different from the ˛ values in the A–P
direction for all age groups. Furthermore, a linear regression
revealed no dependence of ˛ values on age in the A–P direction for Tests 1–6 (p > 0.08). These results are in accordance
with those presented in [14], which showed that the baseline
characteristics of dual-axis swallowing accelerometry signals
are not statistically associated with the age or gender of participants.
Nevertheless, several interesting observations can be made
about the statistical persistence of the cervical signals in the
S–I direction (Tables 3 and 4). First, even though the regression analysis showed no age dependence, we observed that
the mean ˛ values increase with age for some of completed
task.
In essence, higher ˛ values denote stronger correlations
(longer dependencies). Second, increasing ˛ values with age
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Table 2 – Gender-based differences in ˛ values.
Test

Male

1. Motionless and quiet breathing
2. Motionless and apnea
3. Tilt head left
4. Tilt head right
5. Tilt head down
6. Tilt head back
7. Head rotation

Female

A–P

S–I

A–P

S–I

1.28 ± 0.19
1.04 ± 0.26
1.42 ± 0.21
1.41 ± 0.18
1.45 ± 0.19
1.41 ± 0.19
1.53 ± 0.15

1.06 ± 0.38
0.61 ± 0.25
1.39 ± 0.27
1.25 ± 0.23
1.12 ± 0.38
1.11 ± 0.22
1.44 ± 0.22

1.32 ± 0.17
1.11 ± 0.29
1.38 ± 0.20
1.41 ± 0.17
1.46 ± 0.20
1.43 ± 0.19
1.52 ± 0.16

1.15 ± 0.25
0.66 ± 0.24
1.39 ± 0.23
1.29 ± 0.23
1.17 ± 0.24
1.20 ± 0.23
1.39 ± 0.21

Table 3 – ˛ variation in the A–P direction according to age of participants.
Test

18 ≤ Age < 35

35 ≤ Age < 45

45 ≤ Age < 55

55 ≤ Age < 65

p-Values

Test 1
Test 2
Test 3
Test 4
Test 5
Test 6
Test 7

1.26 ± 0.18
1.06 ± 0.28
1.34 ± 0.14
1.38 ± 0.14
1.42 ± 0.18
1.43 ± 0.21
1.49 ± 0.17

1.34 ± 0.16
1.05 ± 0.20
1.48 ± 0.21
1.48 ± 0.17
1.52 ± 0.20
1.43 ± 0.22
1.63 ± 0.10

1.32 ± 0.23
1.21 ± 0.26
1.36 ± 0.26
1.41 ± 0.17
1.52 ± 0.14
1.40 ± 0.18
1.52 ± 0.15

1.33 ± 0.12
0.96 ± 0.32
1.49 ± 0.18
1.43 ± 0.23
1.39 ± 0.25
1.43 ± 0.17
1.50 ± 0.13

0.14
0.86
0.28
0.40
0.55
0.58
0.43

Table 4 – ˛ variation in the S–I direction according to age of participants.
Test

18 ≤ Age < 35

35 ≤ Age < 45

45 ≤ Age < 55

55 ≤ Age < 65

p-Values

Test 1
Test 2
Test 3
Test 4
Test 5
Test 6
Test 7

1.09 ± 0.31
0.60 ± 0.25
1.36 ± 0.27
1.32 ± 0.19
1.16 ± 0.23
1.18 ± 0.24
1.41 ± 0.21

1.15 ± 0.33
0.59 ± 0.27
1.49 ± 0.09
1.29 ± 0.14
1.11 ± 0.23
1.22 ± 0.16
1.49 ± 0.18

1.13 ± 0.34
0.68 ± 0.19
1.35 ± 0.32
1.21 ± 0.27
1.18 ± 0.30
1.07 ± 0.15
1.34 ± 0.24

1.04 ± 0.34
0.67 ± 0.29
1.43 ± 0.19
1.26 ± 0.32
1.08 ± 0.53
1.17 ± 0.40
1.44 ± 0.25

0.74
0.33
0.91
0.27
0.63
0.73
0.87

Fig. 3 – Cervical signals in the S–I direction during Test 1 from participants in two different age groups. A recording from a
19-year-old participant (a) and zoomed-in partition (b). A recording from a 65-year-old participant (c) and zoomed-in
partition (d).
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were observed regardless of whether or not the participants
moved their heads (Tables 3 and 4, Tests 1–2 vs. Tests 3–7).
This indicates that higher ˛ values are not simply due to an
age-related decrease in motor skills, but likely attributable in
part to some other physiological/anatomical phenomena. A
possible explanation for these observations stem from the
age-related changes of human cardiovascular system. It is
well known that human cardiac dynamics slow down with
the age (e.g., [43,44]). Given that heart beats can be observed
in these baseline recordings as shown in Fig. 3, we speculate that the age-related increases in ˛ values are precisely
due to slower cardiovascular dynamics. In other words, slower
variations induce longer range dependencies. Differences in
cardiac dynamics for participants from different age groups
were also easily observed in Fig. 3(b) and (c). Younger participants have two strong components within each heart beat,
while in older participants, the second component usually has
decreased amplitude. Our speculations seem to align with the
observations of [45], which analyzed cardiac interbeat interval
dynamics using DFA. The authors also found higher ˛ values
in older participants, when considering cardiac time series up
to approximately 30 heart beats, which was approximately the
length of the time series considered in this paper.

5.

Conclusion

In this paper, scaling analysis was conducted on baseline
dual-axis cervical accelerometry signals in the absence of
swallowing. We found that low frequency, small vibrations
present in dual-axis cervical accelerometry signals introduced
strong statistical persistence in these signals. Various head
movements also had a strong inﬂuence on the long-range
dependence of cervical accelerometry. Generally, the A–P axis
experienced greater long-range dependence than the S–I axis.
No gender-based differences were found in the observed
long-range dependencies. Further developments of cervical
accelerometry-based medical devices should account for head
motion.
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