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impairments along the auditory brainstem pathways. We explore the scaling behavior of the brainstem
in response to synthetic /da/ stimuli using a proposed pipeline including Multifractal Detrended Moving
Average Analysis (MFDMA) modified by SingularValue Decomposition. The scaling exponent confirms
that all normal sABR are classified into the non-stationary process. The average Hurst exponent is
H=0:77 - 0:12 at 68% confidence interval indicating long-range correlation which shows the first
universality behavior of sABR. Our findings exhibit that fluctuations in the SABR series are dictated by a
mechanism associated with long-term memory of the dynamic of the auditory system in the brainstem
level. The g-dependency of h(g) demonstrates that underlying data sets have multifractal nature
revealing the second universality behavior of the normal sABR samples. Comparing Hurst exponent

of original sABR with the results of the corresponding shuffled and surrogate series, we conclude that
its multifractality is almost due to the long-range temporal correlations which are devoted to the third
universality. Finally, the presence of long-range correlation which is related to the slow timescales in the
subcortical level and integration of information in the brainstem network is confirmed.

The scalp-recorded Auditory Brainstem Response (ABR) is the most common auditory evoked potential that
reflects the dynamics of the large populations of neurons along the auditory brainstem to simple acoustic sounds
(e.g., tones, click)'~. This evoked potential can be used for oto-neurological diagnosis, particularly possible
lesions along the auditory brainstem pathways*-.

However, the ABR to click sounds cannot anticipate encoding of complex sounds because of the nonlinear
dynamic behavior of the auditory system. Therefore, in the recent studies, more complex stimuli such as speech or
music have been used to evaluate the behavior of the brainstem to the more complex stimuli”®. The speech ABR
(sABR) comprises transient and sustained responses. Transient and non-periodic characteristics of the stimulus
are seen in the transient responses, while sustained time-locked responses including periodic characteristics are
shown in the sustained responses®-1. The sABR signal is a non-invasive and objective tool that is suited for eval-
uating individuals with developmental and learning problems and also for studying the role of the brainstem in
encoding complex sounds®"°.

The sABR signal is mostly contaminated by several types of external artifacts such as muscular movement,
electroencephalogram, non-biological noises, and trends. A more general definition of trend is a part of a series
representing a pattern or dominant behavior. As an illustration, monotonous and periodic features can be con-
sidered as well-known trends'*. Over the past two decades, various methods in time and frequency domains
have been used to analyze sABR using peak latency and amplitude, cross-correlation, Fourier analysis, and
cross-phasogram'>'. However, these methods conceal any grasp of the exact dynamical features of the sABR sig-
nals. Furthermore, most quantitative methods to evaluate the temporal dynamics of SABR need the sABR series
to be stationary in which the mean and variance of the signal do not change with time'”. While, the recent studies
have described non-linear and non-stationary dynamics of sABR signals, limiting the utility of these methods for
examining generic features of sABR signals'®!. In addition, due to the complex nature of sABR signals and the
presence of several types of noises, underlying signals are mimicked by noises and trends. Examining such data
based on linear analysis is not reliable encouraging taking into account non-linear methods which are effective
ways of explaining these complex relationships. Therefore, it is crucial to implement robust methods for analyzing
sABR signals in order to remove the destructive effects of various trends and noises.
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The integration of information over large time scales is an essential ingredient of neural networks. The dynam-
ics of this network are usually characterized by slow power-law decay or long-range temporal correlations. The
long-range temporal correlations intuitively guarantee some memory about the past neural activities across dif-
ferent cortical and sub-cortical areas. Mathematical description of long-range correlation corresponds to the
divergence of correlation function integration when the size of data becomes infinitely long. It has been exhib-
ited that various time series extracted from biological systems, including electrocardiography (ECG)?"*, electro-
encephalography (EEG)*-%, signal neuron discharge® and human gait®” behave as scale-invariant processes. The
power-law scaling studies have shown the universality of the behaviors in the complex biological systems®$-42,
Theuniversality indicates that there are properties for a large portion of systems which are independent of the
dynamics of systems. In addition, it represents the fact that, a few essential factors are necessary to determine
the scaling exponents of a complex system. Such scaling exponents characterize the behavior of a typical system.
Consequently, various systems which may seem to be independent of each other can be classified in a category
and they behave in a considerably similar manner*. For a typical system experiencing a phase transition, the
special value of the parameter at which the system changes its phase is the system’s critical point. For systems
that exhibit universality, the closer the parameter is to its critical value, the less sensitively the order parameter
depends on the details of the system. However, several other studies have emphasized extensive fluctuations in
scaling exponents across subjects*%. Similarly, it is revealed that long-range temporal correlations can change dra-
matically with small changes in the connectivity of the original networks®. So, it motivates us to evaluate whether
there is a universality of the behaviors in sABR signals.

The sABR series is contaminated by non-stationary sources including trends and non-biological noises. To
achieve reliable results, these spurious effects should be removed from the intrinsic fluctuations. Since there is no
universal definition for the trends, various methods have been proposed to eliminate the trends from the underlying
time series'. In order to examine long-range temporal correlation in non-stationary time series, some mathemat-
ical and computational methods have been proposed recently. Detrended fluctuation analysis (DFA) is the most
well-known nonlinear methods for studying non-linear, non-stationary time series*~*. DFA is a scaling analysis
that offers a quantitative parameter to characterize the correlation properties in non-stationary data by detrend-
ing the data on various time scales to remove spurious discovery of temporal correlations arising as an artifact of
non-stationarity. Therefore, this approach allows us to determine an exact scaling exponent of the time series.

The generalized form of DFA which is known as Multifractal Detrended Fluctuations Analysis (MFDFA) is
one of the best-known methods to capture multifractality in series?**°, and used in various fields, ranging from
cosmic microwave background radiations®’, sunspot fluctuations®*?, plasma fluctuations®, astronomy®*, eco-
nomic time series®=’, music®®*’, traffic jamming® to image processing®-®? and biological time series?"-*-31-63,
However this approach is not suitable to completely remove sinusoidal and power-law trends®%. In the presence
of a sinusoidal trend superimposed on the data, the fluctuation functions derived by MFDFA or MFDMA contain
at least one cross-over. Therefore, one can not assign a unique scaling exponent to clarify the fractality nature of
underlying process®**"-%. On the other hand, MFDFA contains discontinuity in its internal algorithm for captur-
ing local trends leading to discrepancy in computed scaling exponents. Therefore, MFDMA has been proposed
to quantify the statistical properties of mono (multi) fractal time series’°-"2. In addition, several robust methods
have been also proposed to remove trends such as Fourier Detrended Fluctuations Analysis (FDFA)”®, Adaptive
Detrending method (AD)*, Singular Value Decomposition (SVD)®”7%, and Empirical Mode Decomposition
(EMD)’%. In this study, we have used MFDMA and SVD-MFDMA approaches to remove crossover in our results.
The crossover is a changing point in a typical scaling function. More precisely, in the presence of a crossover, one
can assign different scaling exponents for two regimes. In our paper, we denote the point where a changing is
recognized in the fluctuation function behavior by s,””. The SVD method can remove trends corresponding to
the sinusoidal trends in the results’7®,

To the best of our knowledge, the multifractal analysis has not been used on the sABR series in the literature.
In this paper, for the first time, MFDMA’? method is used to capture the intrinsic multiscaling dynamics and
assessment of universality behavior of sABR signals. We will also utilize SVD detrending algorithm to remove
or at least decrease the influence of trends and noises as much as possible’>”. Then, the multifractal behavior
of sABR signals is checked and in the case of multifractality, we determine the sources of multifractality based
on the comparison the MFDMA results to those obtained via the MFDMA for shuftled and surrogate series.
Furthermore, we evaluate the pattern of SABR signals and measure long-range temporal correlations in SABR
series which has not been obtained as yet using other methods.

The rest of this paper is organized as follows. In section 2, the theoretical overview of MFDMA and SVD will
be explained in details. In section 3, experimental results of the multifractal methods on sABR series are dis-
cussed. The multifractality of SABR series is assessed in this section. Finally, section 4 is devoted to the conclusion.

Results
In this section, we utilize MFDMA accompanying SVD method to evaluate the multifractal nature and the com-
plexity of sSABR data leading to clarify the statistical behavior of observed sABR series.

The upper panel of Fig. 1 depicts a typical normal observed sABR signal and associated trend determined by
the SVD method. The corresponding residue between the observed time series and trend is plotted in the lower
panel of Fig. 1.

We use DMA on the observed sABR data sets. Our results demonstrate that there is a crossover time scale approxi-
mately equal to the 128 Hz in the fluctuation function versus scale. This crossover corresponds tos,, ~ 7.8 msec
and it is associated with the fundamental frequency of spoken syllable /da/. The scaling exponent for s <s, is
h(g=2)=1.75+£0.15 demonstrating non-stationary nature of time series in this regime (Fig. 2). The slope of
fluctuation function versus scale for s > s, is h(q=2)=1.31£0.19. As illustrated in Fig. 2, SVD as the
pre-processing algorithm can almost remove crossover which is almost devoted to the fundamental frequency. It
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Figure 1. Implementation of SVD on a typical normal sABR signal. The upper panel corresponds to observed
data (dash-dot line) and trend (solid line), while the bottom represents the residual data corresponding to clean
data.
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Figure 2. Log-Log plot of fluctuation function, F;(s), as a function of s for DMA, when we apply SVD as a pre-
processor on a typical SABR data. The solid lines indicate the scaling behavior of fluctuation functions.

is worth noting that mentioned behavior has been obtained for all g values as well as for other sABR samples used
in this paper.

In Fig. 3, we illustrate values of Hurst exponent determined by SVD-MFDMA for g =2 for all normal sABR
series including associated error-bar at 68% level of confidence. Our results show that Hurst exponent determined
by SVD-MFDMA for q =2 for all normal sABR series is H > 0.5 leading to long-range correlation behavior (equa-
tion (7)). The slope of F, for small s is dominated by intrinsic fluctuations and consequently, it can be considered
as a robust value for Hurst exponent®*-6¢,

The generalized Hurst exponents averaged on 40 normal sABR signals applied by the MFDMA method for
s <s, is shown in Fig. 4 (square symbols). For g > 0 the larger fluctuations have a dominant contribution in equa-
tion (5), while small fluctuations are magnified for g < 0. For a monofractal process, both mentioned behavior
are similar leading to have constant h(q). In another word, any g—dependency of generalized Hurst exponent
reveals the multifractal nature of the underlying process. The presence of q value enables us to manipulate the
contribution of noises and trends in the underlying signal. Triangle symbols in Fig. 4 correspond to generalized
Hurst exponent averaged on 40 normal sABR samples computed by SVD-MFDMA. The values of generalized
Hurst exponent by MFDMA for s < s, are higher than that of computed by SVD-MFDMA. This result confirms
that superimposed trends on data affect the value of fluctuations function even for s <s,, where we expect to
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Figure 3. The values of Hurst exponent computed by DMA for s < s, and SVD-MFDMA methods for normal
sABR series. The error-bar is reported at 1o confidence level.
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Figure 4. The g—dependency of the average h(q) when we apply MFDMA and SVD-MFDMA methods for 40
normal sABR signals.

obtain the nature of intrinsic fluctuations. Subsequently, to find reliable scaling exponents, we should implement
a pre-processing method to reduce the effect of trends in sSABR series.

The singularity spectrum f{c) of observed sABR series are shown in Fig. 5 (equation (9)).

The strength of multifractality nature of sSABR is examined by width of singularity spectrum, Aov= v, — Q-
The values of A for all normal sABR series including associated error-bar at 68% level of confidence value are
shown in Fig. 6.

Now, we compare the fluctuation function of original sSABR with the results of the corresponding shuffled and
surrogate series to determine the nature of multifractality. In Fig. 7, the g dependence of the h(q) are shown for
original, shuffled and surrogate series averaged on all normal sABR data sets. The sABR series values have been
randomly shuffled to destroy the long-range correlations in the data. The shuffled data behaves as a monofractal
signal and the h(q) does not change in general with g (Fig. 7). The sABR series have long-range correlations in
different scales as it is obvious from the variance of h(g) values corresponding to different gs. The presence of the
long-range power-law correlations exhibit the fractal dynamics of the under investigation system®.

The values of the Hurst exponent h(q=2) for original, surrogate and shuffled sABR signal with MFDMA
method averaging on 40 normal individuals are indicated in Table 1.
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Figure 5. The singularity spectrum f{cr) vs a when we apply MFDMA and MFDMA-SVD methods averaging
on 40 normal sABR signals.
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Figure 6. The values of the complexity measure, Ac, computed by MFDMA and SVD-MFDMA methods for
normal s-ABR series. The error-bar is reported at 1o confidence level.

Discussion
In this study, we have examined the large-scale dynamics of neural oscillations in the normal auditory system in
the brainstem level. The presence of the long-range power-law correlations exhibit the fractal dynamics of the
under-investigation system®. Long-range temporal correlation has been obtained in a wide range of complex bio-
logical systems, including DNA sequences®, heart rate®?, medullary sympathetic neurons in neurophysiology®*%4,
human brain oscillations® and long memory in human coordination®. All the studies lend considerable credence
to the argument that an intrinsic part of the mechanism of neural information processing is the scale-free tempo-
ral correlation*!. Various studies have revealed long-range temporal correlations in the neural oscillations of the
normal human brain reflecting a memory of the underlying dynamics****%. In the present study, we have used
the non-invasively recorded sABR to examine whether such scaling behavior occurs in the subcortical auditory
structure.

We proposed a pipeline containing a combination of multifractal analysis (MFDMA) with singular value
decomposition (SVD) to determine the multifractal characterization of the SABR series in the presence of trends.
Our results based on the MFDMA, which does not have the discontinuity like the MFDFA method, reveal a
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Figure 7. Generalized Hurst exponent, h(q), of the original, surrogate and shuffled sABR signals averaging on
40 normal individuals.

sABR surrogate data | shuffled data
MFDMA 1.754+0.15 1.57£0.06 0.5340.06
SVD-MFDMA 1.774+0.18 1.624+0.12 0.50+0.09

Table 1. The values of the Hurst exponent h(g=2) for original, surrogate and shuffled sABR signal with
MFDMA method averaging on 40 normal people.

cross-over,s, ~ 7.8msec approximately equal to the fundamental frequency in the fluctuation functions versus
scale for all sSABR samples. The slope of F,(s) as a function of s averaged on all sSABR series for s <s, is 1.7540.15,
while this slope for s > s, is 1.31 +-0.19 demonstrating that MFDMA cannot remove sinusoidal trends which are
almost devoted to the fundamental frequency (Fig. 2). To determine the reliable generalized Hurst exponents of
normal sABR signals, we applied SVD as a pre-processing algorithm to remove sinusoidal trends (Fig. 2). After
applying SVD on our data sets, the MFDMA showed self-similarity features in normal sABR series. Also, the
self-similarity parameters attained with the MFDMA method for s <s, and by SVD-MFDMA for all available
scales were invariant across subjects revealing a universality class for normal sABR samples subjected to the
long-range temporal correlated signal. The presence of the g—dependency of h(q) and Aca =0 indicate the pres-
ence of robust multifractality in the sSABR series corresponding to the second universality property. The width of
the singularity spectrum on average equates to Aav=0.36 4 0.22 at 1¢ confidence interval quantifying the amount
of multifractality of sABR series. The results demonstrate the complex structure of the sABR series revealing the
presence of long-range correlation, which has been related to the slow timescales in subcortical level and integra-
tion of information in brainstem network™.

We have also found the source of multifractality in the sABR is almost related to the long-range temporal
correlations confirmed by comparing generalized Hurst exponent of original sABR series with the results of the
corresponding shuffled which is devoted to the third universality. This means that we have a generic property
in all data sets from the source of multifractality point of view. By comparing the scaling exponents of original
data with that of computing for surrogate series, we obtained that the contribution of probability distribution
function broadness in complexity behavior is not significant. Our findings exhibited that fluctuations in the SABR
series are dictated by a mechanism associated with long-term memory of the dynamic of the auditory system
in the brainstem level revealing third universality class®’. This evaluation provides deeper insight into the time
series originating from the auditory system in the brainstem level. Further studies are required to examine how
the long-range correlation is affected by different pathological conditions and evaluate the hypothesis that the
MFDMA analysis of SABR series would reveal the difference in the long-range temporal correlation between
pathological and normal conditions quantitatively. This pipeline can be used as a pre-processor to remove differ-
ent types of noises and trends and also evaluation of other features of underlying sABR series. Evaluation of this
approach as a diagnostic method is in progress.

Methods

Participants and procedures. Forty volunteers from Iran University of Medical Sciences (18 women and
22 men), aged 20-28 years (mean & SD = 22.77 £ 2.05) contributed to this experiment. Based on their self-report,
they were right-handed and monolingual Persian speakers with no history of auditory, learning or neurologic
problems. The study has been explained to subjects and then the informed consent has been collected from
them. All procedures have been approved by the deputy of research review board, Iran University of medical
sciences. It is worth mentioning that we followed the relevant approved guidelines in this research. The stimuli
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Figure 8. A typical /da/ stimulus (upper panel) and corresponding response (sABR) series (lower panel).

consisted of a 40 ms speech syllable /da/ provided with Biologic Navigator instrument (Natus Medical Inc., San
Carlos, CA, USA). The speech signals are presented to the subjects at a sampling frequency of 44.1 kHz through
the computer’s internal sound card. The fundamental frequency (F,) of this syllable is 128 Hz. Complex nature
combining both transient and sustained features, the universality of the syllable in most phonetic inventories and
its research potential in hearing and learning disorders motivate researchers to utilize Consonant-vowel stimulus
/da/ in auditory brainstem study®®. The contact electrodes were positioned at the vertex (Cz) as noninverting,
earlobes (inverting) and forehead (Fpz) as ground. The stimulus was presented monoaurally at 80 dB nHL via
Biologic insert earphone (580-SINSER), with a repetition rate of 7.1/s. The sABR responses were recorded using
1024 digital sampling points over an 85.33 ms time window in the right ear. Finally, the average of total 6000
artifact free responses was collected from every volunteer. Figure 8 indicates a typical synthesis stimulus of /da/
and sABR signals used for further analysis. It is worth noting that, here we collect s-ABR series in the brainstem
level (superior olivary complex and lateral lemniscus) to investigate the brainstem temporal encoding of speech.

MFDMA. The multifractal detrended moving average analysis is a modified version of multifractal detrended
fluctuation analysis (MFDFA). MFDMA method has been introduced to solve the presence of a discontinuity
for fitting a polynomial at the boundary of each partition in MFDFA”>%, This algorithm is described as follows:

o Consider sABR(i) as a time series where i=1, ..., N, then, construct the sequence of cumulative sums as
follow:

X() = 3"/ [[sABR() — (sABR)], ~ j=1, .., N. )

here (.) corresponds to average on available data.
« Calculate the moving average function X (j):

—~

L 6=Da-0)]
X() = -

X — k),
S —|(s—Doy (2)

where s is the window size, and § is the position parameter varying in the range [0, 1]. Hence, the moving average

0=0is called the backward moving average, § = 0.5 corresponds to the centered moving average, and 6 =1 refers

to the forward moving average’"’2. Throughout this paper we set §=0.0 due to its robustness reported in various
72,90

papers’®
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o Construct the detrended data by subtracting computed moving average function from the cumulative series
Xas:

e() = XG) — X0, (3)
wheres—s, <i<N-—s,

o Now, divide (i) into N,= int[N/s] non-overlapping windows with the size of s and then we have fluctuation
function as follows:

F2 o) = 55260 4 - D).
Si=1

(4)
o Calculate the gth order of overall fluctuation function by:
1
9 = | L5 mp ]q
K I\]s v=1 (5)
for =0 according to UHospital’s rule, we have:
1 Ok
Fo(s) = exp|— > InF(s, v)|.
sv=1 (6)
Finally, the scaling form F(s) is supposed to be as follows:
Fils) ~ 5", @)

The h(q) is called the generalized Hurst exponent®®*?!. Any g-dependency of h(g), represents multifractality
in underlying time series. For non-stationary time series, Hurst exponent derived by MFDMA is h(g=2) > 1,
thus in this case Hurst exponent is given by: H=h(q=2) — 1. For stationary random time series H=0.5, while
for persistent time series 0.5 < H < 1.0. For anti-correlated time series, H < 0.5%092-%4 The correlation properties
and self-similarity of time series can be measured using Hurst exponent. It can also determine the presence of
long range correlation.

To compute the reliable generalized Hurst exponent (equation 7), generally the likelihood statistics has been
implemented®*¢. For a Gaussian distribution, 68% confidence interval corresponds to the integration over vari-
able on the interval represented by [—o, +0]. In this paper we computed the standard deviation of scaling expo-
nents and reported by +o in order to clarify the statistical uncertainty in derived exponents (to make more sense
see also®®). There is a non-linear dependency between 7(g) and g in multifractal signals. The Hurst exponent h(g)
is related to the scaling exponent 7(q) by the following formula:

7(q) = qh(g) — 1. ®)

To characterize multifractality more quantitatively, the so-called singularity spectrum is defined by Legendre
transformation as®”%:

fla) =qla — k(@] + 1, 9)
and
a = h(g) + qH'(q (10)

where « is the holder exponent and far) denotes the dimension of the subset series that is characterized by a. In
other word, the singularity spectrum reveals a value indicating the scaling behavior of the signal. The domain of

Holder spectrum, o € [t Q] > becomes®®2%%%:
Xmin = lim M,
q—+00 8q ( 11 )
amax = lim m >
q—-x 0q (12)

The width of the spectrum, Aq, gives a measure of the multifractality (complexity) of the spectrum. It can be
explained as follows:

Aa = Qmax — Xnin- (13)

The higher values of the multifractality nature represent the complexity of underlying time series. The origin
of multifractality in a SABR series can be confirmed by evaluating the corresponding shuffled and the surrogate
time series. As explained in more details by J.W. Kantelhardt ef al.”’, generally, there is two different types of mul-
tifractality in a time series: (i) Multifractality due to a broadness probability density function of the time series. In
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this case, the multifractality of the time series cannot be removed by random shuffling. (ii) Multifractality due to
variations of long-range correlations in small and large fluctuations. Here, the probability density function of the
time series can have a distribution with finite moments. The shuffling procedure destroys all long-range correla-
tions. In another word, the auto-correlation of a shuffled series behaves as (x(#)x(t')) ~ Op;..(f — t'). Hence, if
the multifractality of the original time series belongs to the long-range correlation, the shuffled data will show the
non-fractal scaling. However, the multifractality due to the broadness of the probability density function is not
affected by the shuffling procedure. To determine the multifractality due to the broadness of the probability den-
sity function, the surrogate method is used. If the multifractality of the original time series belongs to a broad
probability density function, h(q) obtained by the surrogate method will be independent of q. If sSABR series has
both kinds of multifractality, then the shuffled and surrogate series will have weaker multifractality than the orig-
inal time series.

SingularValue Decomposition (SVD). SVD method can be determined in the following steps®”¢%7%;
(1): Construct a matrix which its elements are sSABR series with the following order:

(k) = (sABRy, sABRy, ., -+, SABRy N_(4_1)r)> 1 <k <d (14)
N
r=1:]|

2] (15)

where d is embedding dimension, 7 is the time delay. For a time series with length N, the maximum value of
embedding dimension d is equal to d < N — (d — 1)1+ 197578,
(2):Decompose matrix I to left (U, ;) and right (Viy_ 1)1« (n—(d—1yn) orthogonal matrices:

r = usv, (16)

where Y, (v_(4-1)- is @ diagonal matrix and its elements are the singular values. We set 2p + 1 the dominant
eigenvalues in the matrix ¥ to zero to eliminate long periods. Then, set the dominant eigenvalues in the matrix ¥
to zero. The resulting matrix will be ¥*.

(3): Determine the filtered matrixasI* = ULV,

(4): Map back the filtered matrix on to a filtered time series as follows:

SABR; ;| = Ej (17)
where 1 <j<N—(d—1)7and 1 <i<d. Finally, the cleaned sABR series will be used as input for MFDMA.
Data Availability

The datasets analyzed during the current study are not publicly available due to legal reasons but are available
from the corresponding author on a reasonable request.

References
1. Plack, C.J. The sense of hearing (Routledge, 2018).
2. Burkard, R. F, Eggermont, J. ]. & Don, M. Auditory evoked potentials: basic principles and clinical application (Lippincott Williams &
Wilkins, 2007).
3. Sampath, N., Subramaniam, S., Sankaran, V., Kumar, R. & KR, S. B. Brainstem auditory evoked potentials for intraoperative
neurophysiological monitoring. J. Neuroanaesth. Critical Care 3, S1-S3 (2016).
4. Hall, J. W. Introduction to audiology today (Pearson Boston, MA, 2014).
. Ferraro, J. A, Folsom, R., Mand], L. R., Hurley, A. & Moorhouse, R. Auditory electrophysiological assessment. In An Essential Guide
to Hearing and Balance Disorders, 139-170 (Psychology Press, 2018).
6. Skoe, E., Brody, L. & Theodore, R. M. Reading ability reflects individual differences in auditory brainstem function, even into
adulthood. Brain language 164, 25-31 (2017).
7. Kouni, S. N., Koutsojannis, C., Ziavra, N. & Giannopoulos, S. A novel method of brainstem auditory evoked potentials using
complex verbal stimuli. North Am. journal medical sciences 6,418 (2014).
8. Skoe, E. & Kraus, N. Auditory brainstem response to complex sounds: a tutorial. Ear hearing 31, 302 (2010).
Reichenbach, C. S., Braiman, C., Schiff, N. D., Hudspeth, A. & Reichenbach, T. The auditory-brainstem response to continuous,
non-repetitive speech is modulated by the speech envelope and reflects speech processing. Front. computational neuroscience 10, 47
(2016).
10. Sanfins, M. D., Borges, L. R., Ubiali, T. & Colella-Santos, M. E. Speech auditory brainstem response (speech abr) in the differential
diagnosis of scholastic difficulties. Braz. journal otorhinolaryngology 83, 112-116 (2017).
. Tarasenko, M. et al. Sa62. the auditory brainstem response to complex sounds (cabr) indexes cognitive network function in
schizophrenia. Schizophr. bulletin 43, S135 (2017).
12. Bellier, L. et al. Speech auditory brainstem response through hearing aid stimulation. Hear. research 325, 49-54 (2015).
13. Koravand, A., Al Osman, R., Rivest, V. & Poulin, C. Speech-evoked auditory brainstem responses in children with hearing loss. Int.
journal pediatric otorhinolaryngology 99, 24-29 (2017).
14. Wu, Z., Huang, N. E,, Long, S. R. & Peng, C.-K. On the trend, detrending, and variability of nonlinear and nonstationary time series.
Proc. Natl. Acad. Sci. 104, 14889-14894 (2007).
15. Fujihira, H. & Shiraishi, K. Correlations between word intelligibility under reverberation and speech auditory brainstem responses
in elderly listeners. Clin. Neurophysiol. 126, 96-102 (2015).
16. Skoe, E., Nicol, T. & Kraus, N. Cross-phaseogram: objective neural index of speech sound differentiation. J. neuroscience methods
196, 308-317 (2011).
17. Parish, L. et al. Long-range temporal correlations in epileptogenic and non-epileptogenic human hippocampus. Neurosci. 125,
1069-1076 (2004).

w

o

1

—

SCIENTIFIC REPORTS |

(2019) 9:1751 | https://doi.org/10.1038/s41598-018-38215-w 9


https://doi.org/10.1038/s41598-018-38215-w

www.nature.com/scientificreports/

18.

19.

20.
21.

22

23.

24

25.

26.

27.

28.

29.

30.

31.

32

33.

34,

35.

36.

37.

38.

39.
40.

41.

42.

43.
44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Mozaffarilegha, M., Esteki, A., Ahadi, M. & Nazeri, A. Identification of dynamic patterns of speech-evoked auditory brainstem
response based on ensemble empirical mode decomposition and nonlinear time series analysis methods. Int. J. Bifurc. Chaos 26,
1650202 (2016).

Mozaffarilegha, M., Namazi, H., Tahaei, A. A. & Jafari, S. Complexity-based analysis of the difference between normal subjects and
subjects with stuttering in speech evoked auditory brainstem response. J. Med. Biol. Eng. 1-8 (2018).

Kantelhardt, J. W. Fractal and multifractal time series (Encyclopedia of Complexity and Systems Science, 2009).

Kudinov, A., Lebedev, D. Y., Tsvetkov, V. & Tsvetkov, I. Mathematical model of the multifractal dynamics and analysis of heart rates.
Math. Model. Comput. Simulations 7, 214-221 (2015).

Zhang, C., Yin, A., Liu, H. & Zhang, J. Design and application of electrocardiograph diagnosis system based on multifractal theory.
In International Conference on Advanced Hybrid Information Processing, 433-447 (Springer, 2017).

Sikdar, D., Roy, R. & Mahadevappa, M. Epilepsy and seizure characterisation by multifractal analysis of eeg subbands. Biomed. Signal
Process. Control. 41, 264-270 (2018).

. Chatterjee, S., Pratiher, S. & Bose, R. Multifractal detrended fluctuation analysis based novel feature extraction technique for

automated detection of focal and non-focal electroencephalogram signals. IET Sci. Meas. & Technol. 11,1014-1021 (2017).

Pavlov, A. N., Maksimenko, V. A., Runnova, A. E., Khramova, M. V. & Pisarchik, A. N. Multifractal analysis of real and imaginary
movements: Eeg study. In Saratov Fall Meeting2017: Laser Physics and Photonics XVIIIL; and Computational Biophysics and Analysis
of Biomedical Data IV, vol. 10717, 107171P (International Society for Optics and Photonics, 2018).

Franga, L. G. et al. Fractal and multifractal properties of electrographic recordings of human brain activity. arXiv preprint
arXiv:1806.03889 (2018).

Sikdar, D., Roy, R. & Mahadevappa, M. Multifractal analysis of electroencephalogram for human speech modalities. In Neural
Engineering (NER), 2017 8th International IEEE/EMBS Conference on, 637-640 (IEEE, 2017).

Khoshnoud, S., Nazari, M. A. & Shamsi, M. Functional brain dynamic analysis of adhd and control children using nonlinear
dynamical features of eeg signals. J. integrative neuroscience 1-14 (2018).

Chakraborty, M., Das, T. & Ghosh, D. Detecting the origin of multifractality of eeg signals with sleep apnea syndrome using
multifractal detrended fluctuation analysis method. In Control, Instrumentation, Energy ¢ Communication (CIEC), 2016 2nd
International Conference on, 135-139 (IEEE, 2016).

Chiang, J.-Y. et al. Detrended fluctuation analysis of heart rate dynamics is an important prognostic factor in patients with end-stage
renal disease receiving peritoneal dialysis. PloS one 11, €0147282 (2016).

Maity, A. K. et al. Multifractal detrended fluctuation analysis of alpha and theta eeg rhythms with musical stimuli. Chaos, Solitons &
Fractals 81, 52-67 (2015).

Karperien, A. L. & Jelinek, H. F. Morphology and fractal-based classifications of neurons and microglia. In The Fractal Geometry of
the Brain, 91-108 (Springer, 2016).

Namazi, H., Kulish, V. V. & Akrami, A. The analysis of the influence of fractal structure of stimuli on fractal dynamics in fixational
eye movements and eeg signal. Sci. reports 6 (2016).

Chakraborty, M., Das, T. & Ghosh, D. Comparative analysis of different fractal methods in studying post-ictal ecg signals of epilepsy
patient. In Control, Measurement and Instrumentation (CMI), 2016 IEEE First International Conference on, 219-223 (IEEE, 2016).
Favela, L. H., Coey, C. A., Griff, E. R. & Richardson, M. J. Fractal analysis reveals subclasses of neurons and suggests an explanation
of their spontaneous activity. Neurosci. letters 626, 54-58 (2016).

Andres, D. On the motion of spikes: a model of multifractality as observed in the neuronal activity of the human basal ganglia.
bioRxiv 223164 (2017).

Cavanaugh, J. T, Kelty-Stephen, D. G. & Stergiou, N. Multifractality, interactivity, and the adaptive capacity of the human movement
system: a perspective for advancing the conceptual basis of neurologic physical therapy. J. Neurol. Phys. Ther. 41,245-251 (2017).
Balasubramaniam, R., Hove, M. J. & Médé, B. Factorization of force and timing in sensorimotor performance: Long-range
correlation properties of two different task goals. Top. cognitive science 10, 120132 (2018).

Breakspear, M. Dynamic models of large-scale brain activity. Nat. neuroscience 20, 340 (2017).

Sangiuliano Intra, F. et al. Long-range temporal correlations in alpha oscillations stabilize perception of ambiguous visual stimuli.
Front. human neuroscience 12, 159 (2018).

Blythe, D. A. & Nikulin, V. V. Long-range temporal correlations in neural narrowband time-series arise due to critical dynamics.
PloS one 12, 0175628 (2017).

Meisel, C., Klaus, A., Vyazovskiy, V. V. & Plenz, D. The interplay between long-and short-range temporal correlations shapes cortex
dynamics across vigilance states. J. neuroscience 0448-17 (2017).

Kadanoff, L. P. Scaling and universality in statistical physics. Phys. A: Stat. Mech. its Appl. 163, 1-14 (1990).

Borges, A. E. T, Giraud, A.-L., Mansvelder, H. D. & Linkenkaer-Hansen, K. Scale-free amplitude modulation of neuronal oscillations
tracks comprehension of accelerated speech. J. Neurosci. 1515-17 (2017).

Poil, S.-S., Hardstone, R., Mansvelder, H. D. & Linkenkaer-Hansen, K. Critical-state dynamics of avalanches and oscillations jointly
emerge from balanced excitation/inhibition in neuronal networks. J. Neurosci. 32, 9817-9823 (2012).

Piskorski, J. et al. Properties of asymmetric detrended fluctuation analysis in the time series of rr intervals. Phys. A: Stat. Mech. its
Appl. 491, 347-360 (2018).

Chen, S., Gallagher, M. J., Papadopoulos, M. C. & Saadoun, S. Non-linear dynamical analysis of intraspinal pressure signal predicts
outcome after spinal cord injury. Front. neurology 9 (2018).

Li, X., Wang, E. & Wu, G. Monitoring depth of anesthesia using detrended fluctuation analysis based on eeg signals. J. Med. Biol. Eng.
37,171-180 (2017).

Sharifi, M. et al. Complexity of eye fixation duration time series in reading of persian texts: A multifractal detrended fluctuation
analysis. arXiv preprint arXiv:1707.02932 (2017).

Movahed, M. S., Ghasemi, E, Rahvar, S. & Tabar, M. R. R. Long-range correlation in cosmic microwave background adiation. Phys.
Rev. E 84, 021103 (2011).

Movahed, M. S., Jafari, G., Ghasemi, F,, Rahvar, S. & Tabar, M. R. R. Multifractal detrended fluctuation analysis of sunspot time
series. J. Stat. Mech. Theory Exp. 2006, P02003 (2006).

Madanchi, A., Absalan, M., Lohmann, G., Anvari, M. & Tabar, M. R. R. Strong short-term non-linearity of solar irradiance
fluctuations. Sol. Energy 144, 1-9 (2017).

Shaw, P. K., Saha, D., Ghosh, S., Janaki, M. & Iyengar, A. S. Investigation of multifractal nature of floating potential fluctuations
obtained from a dc glow discharge magnetized plasma. Phys. A: Stat. Mech. its Appl. 469, 363-371 (2017).

Zunino, L., Gulich, D., Funes, G. & Ziad, A. Experimental confirmation of long-memory correlations in star-wander data. Opt.
letters 39,3718-3721 (2014).

Cao, G., He, L.-Y. & Cao, J. Multifractal detrended fluctuation analysis (mf-dfa). In Multifractal Detrended Analysis Method and Its
Application in Financial Markets, 21-47 (Springer, 2018).

Tiwari, A. K., Albulescu, C. T. & Yoon, S.-M. A multifractal detrended fluctuation analysis of financial market efficiency:Comparison
using dow jones sector etf indices. Phys. A: Stat. Mech. its Appl. 483, 182-192 (2017).

Ferreira, P, Dionsio, A. & Movahed, S. Assessment of 48 stock markets using adaptive multifractal approach. Phys. A: Stat. Mech. its
Appl. 486.

SCIENTIFICREPORTS| (2019) 9:1751 | https://doi.org/10.1038/s41598-018-38215-w 10


https://doi.org/10.1038/s41598-018-38215-w

www.nature.com/scientificreports/

58.

59.

60.
61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.
72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Nag, S., Sanyal, S., Banerjee, A., Sengupta, R. & Ghosh, D. Music of brain and music on brain: A novel eeg sonification approach.
arXiv preprint arXiv:1712.08336 (2017).

Ghosh, D, Sengupta, R, Sanyal, S. & Banerjee, A. Gestalt phenomenon in music: Which frequencies do we really hear? In Musicality
of Human Brain through Fractal Analytics, 145-163 (Springer, 2018).

Qiu, T., Wan, C., Zou, X.-X. & Wang, X.-F Scaling and multifractality in road accidental distances. Fractals 26, 1850014 (2018).
Chen, X., Yao, G., Cai, J., Huang, Y. & Yuan, X. Fractal and multifractal analysis of different hydraulic flow units based on micro-ct
images. J. Nat. Gas Sci. Eng. 48, 145-156 (2017).

Ibrahim, M. A., Ojo, O. A. & Oluwafisoye, P. A. On feature selection methods for accurate classification and analysis of emphysema
ct images. Int. J. Med. Imaging 5,70 (2018).

Costa, A. A., Amon, M. ], Sporns, O. & Favela, L. H. Fractal analyses of networks of integrate-and-fire stochastic spiking neurons.
In International Workshop on Complex Networks, 161-171 (Springer, 2018).

Hu, K, Ivanov, P. C,, Chen, Z., Carpena, P. & Stanley, H. E. Effect of trends on detrended fluctuation analysis. Phys. Rev. E 64,011114
(2001).

Wei, Y.-L., Yu, Z.-G., Zou, H.-L. & Anh, V. Multifractal temporally weighted detrended cross-correlation analysis to quantify power-
law cross-correlation and its application to stock markets. Chaos: An Interdiscip. ]. Nonlinear Sci. 27, 063111 (2017).

Li, R., Wang, J. & Chen, Y. Effect of the signal filtering on detrended fluctuation analysis. Phys. A: Stat. Mech. its Appl. 494, 446-453
(2018).

Nagarajan, R. & Kavasseri, R. G. Minimizing the effect of trends on detrended fluctuation analysis of long-range correlated noise.
Phys. A: Stat. Mech. its Appl. 354, 182-198 (2005).

Eghdami, I, Panahi, H. & Movahed, S. Multifractal analysis of pulsar timing residuals: Assessment of gravitational waves detection.
The Astrophysical Journal 864, 162 (2018).

Nagarajan, R. & Kavasseri, R. G. Minimizing the effect of periodic and quasi-periodic trends in detrended fluctuation analysis.
Chaos, Solitons & Fractals 26, 777-784 (2005).

Arianos, S. & Carbone, A. Detrending moving average algorithm: A closed-form approximation of the scaling law. Phys. A: Stat.
Mech. its Appl. 382, 9-15 (2007).

Gu, G.-F et al. Detrending moving average algorithm for multifractals. Phys. Rev. E 82, 011136 (2010).

Shao, Y.-H., Gu, G.-E, Jiang, Z.-Q. & Zhou, W.-X. Effects of polynomial trends on detrending moving average analysis. Fractals 23,
1550034 (2015).

Kiyono, K. Establishing a direct connection between detrended fluctuation analysis and fourier analysis. Phys. Rev. E 92, 042925
(2015).

Jung, M., Lee, H. & Tani, ]. Adaptive detrending to accelerate convolutional gated recurrent unit training for contextual video
recognition. Neural Networks 105, 356-370 (2018).

Maiorino, E., Bianchi, E M., Livi, L., Rizzi, A. & Sadeghian, A. Data-driven detrending of nonstationary fractal time series with echo
state networks. Inf. Sci. 382, 359-373 (2017).

Liu, H., Zhang, J., Cheng, Y. & Lu, C. Fault diagnosis of gearbox using empirical mode decomposition and multi-fractal detrended
cross-correlation analysis. J. Sound Vib. 385, 350-371 (2016).

Kantelhardt, J. W. et al. Multifractal detrended fluctuation analysis of nonstationary time series. Phys. A: Stat. Mech. its Appl. 316,
87-114 (2002).

Hajian, S. & Movahed, M. S. Multifractal detrended cross-correlation analysis of sunspot numbers and river flow fluctuations. Phys.
A: Stat. Mech. its Appl. 389, 4942-4957 (2010).

Pavlov, A. N., Runnova, A. E., Maksimenko, V. A., Grishina, D. S. & Hramov, A. E. Detection of eeg-patterns associated with real and
imaginary movements using detrended fluctuation analysis. In Dynamics and Fluctuations in Biomedical Photonics XV, vol. 10493,
1049315 (International Society for Optics and Photonics, 2018).

Alves, L. G. et al. Long-range correlations and fractal dynamics in c. elegans: Changes with aging and stress. Phys. Rev. E 96, 022417
(2017).

Sutthibutpong, T. et al. Long-range correlations in the mechanics of small dna circles under topological stress revealed by multi-scale
simulation. Nucleic acids research 44,9121-9130 (2016).

Bhaduri, A. & Ghosh, D. Quantitative assessment of heart rate dynamics during meditation: An ecg based study with multi-fractality
and visibility graph. Front. physiology 7, 44 (2016).

Lewis, C. D., Gebber, G. L., Larsen, P. D. & Barman, S. M. Long-term correlations in the spike trains of medullary sympathetic
neurons. J. neurophysiology 85, 1614-1622 (2001).

Richard, A., Orio, P. & Tanré, E. An integrate-and-fire model to generate spike trains with long-range dependence. J. computational
neuroscience 1-16 (2018).

Colombo, M. A. et al. More severe insomnia complaints in people with stronger long-range temporal correlations in wake resting-
state eeg. Front. physiology 7, 576 (2016).

Ducharme, S. W. & van Emmerik, R. E. Fractal dynamics, variability, and coordination in human locomotion. Kinesiol. Rev. 7, 26-35
(2018).

Dimitriadis, S. I. & Linden, D. Modulation of brain criticality via suppression of eeg long-range temporal correlations (Irtcs) in a
closed-loop neurofeedback stimulation. Clin. Neurophysiol. 127, 2878-2881 (2016).

BinKhamis, G., Leger, A., Bell, S. L., O’Driscoll, M. & Kluk, K. Methodological approaches to recording speech auditory brainstem
responses: Effect of stimulus duration, background, consonant, and number of repetitions. J. Hear. Sci. 7 (2017).

Alessio, E., Carbone, A., Castelli, G. & Frappietro, V. Second-order moving average and scaling of stochastic time series. The Eur.
Phys. J. B-Condensed Matter Complex Syst. 27, 197-200 (2002).

Xu, H.-C., Gu, G.-F. & Zhou, W.-X. Direct determination approach for the multifractal detrending moving average analysis. Phys.
Rev. E 96, 052201 (2017).

. Hurst, H. E. Long-term storage capacity of reservoirs. Trans. Amer. Soc. Civ. Eng. 116, 770-808 (1951).

. Peng, C.-K. et al. Mosaic organization of dna nucleotides. Phys. review e 49, 1685 (1994).

. Taqqu, M. S., Vadim, T. & Walter, W. Estimators for long-range dependence: an empirical study. Fractals 3.04, 785-798 (1995).

. Delignieres, D., Kjerstin, T. & Loic, L. Methodological issues in the application of monofractal analyses in psychological and

behavioral research. Nonlinear Dynamics Psychol. Life Sci 9, 435-462 (2005).

. Indrayan, A. & Malhotra, R. K. Medical biostatistics (Chapman and Hall/CRC, 2017).

. Royall, R. Statistical evidence: a likelihood paradigm (Routledge, 2017).

. Feder, J. Fractals, plenum press, n (1988).

. Peitgen, H.-O,, Jiirgens, H. & Saupe, D. Chaos and fractals: new frontiers of science (Springer Science & Business Media, 2006).
. Muzy, J.-E, Bacry, E. & Arneodo, A. The multifractal formalism revisited with wavelets. Int. J. Bifurc. Chaos 4, 245-302 (1994).

Acknowledgements
The authors thank Mohsen Ahadi for collecting the data. This work was partially supported by the Iran National
Science Foundation (INSF) through the Grant number 96010213.

SCIENTIFICREPORTS| (2019) 9:1751 | https://doi.org/10.1038/s41598-018-38215-w 11


https://doi.org/10.1038/s41598-018-38215-w

www.nature.com/scientificreports/

Author Contributions

M.M. and S.M.S.M. designed the study; M.M. conducted the experiment; M.M. and S.M.S.M. analyzed the
results; S.M.S.M. supervised the project; all authors discussed the results and commented on the manuscript at
all stages.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-38215-w.

Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

T | icense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2019

SCIENTIFICREPORTS| (2019) 9:1751 | https://doi.org/10.1038/s41598-018-38215-w 12


https://doi.org/10.1038/s41598-018-38215-w
https://doi.org/10.1038/s41598-018-38215-w
http://creativecommons.org/licenses/by/4.0/

	Long-range temporal correlation in Auditory Brainstem Responses to Spoken Syllable/da/

	Results

	Discussion

	Methods

	Participants and procedures. 
	MFDMA. 
	Singular Value Decomposition (SVD). 

	Acknowledgements

	Figure 1 Implementation of SVD on a typical normal sABR signal.
	Figure 2 Log-Log plot of fluctuation function, , as a function of s for DMA, when we apply SVD as a pre-processor on a typical sABR data.
	Figure 3 The values of Hurst exponent computed by DMA for s < s× and SVD-MFDMA methods for normal sABR series.
	Figure 4 The q−dependency of the average h(q) when we apply MFDMA and SVD-MFDMA methods for 40 normal sABR signals.
	Figure 5 The singularity spectrum f(α) vs α when we apply MFDMA and MFDMA-SVD methods averaging on 40 normal sABR signals.
	Figure 6 The values of the complexity measure, Δα, computed by MFDMA and SVD-MFDMA methods for normal s-ABR series.
	Figure 7 Generalized Hurst exponent, h(q), of the original, surrogate and shuffled sABR signals averaging on 40 normal individuals.
	Figure 8 A typical /da/ stimulus (upper panel) and corresponding response (sABR) series (lower panel).
	Table 1 The values of the Hurst exponent h(q = 2) for original, surrogate and shuffled sABR signal with MFDMA method averaging on 40 normal people.




