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Abstract

Recent advances in nonlinear analytic methods for electroencephalography have clarified the reduced complexity of
spatiotemporal dynamics in brain activity observed in Alzheimer’s disease (AD). However, there are far fewer studies
exploring temporal scale dependent fractal properties in AD, despite the importance of studying the dynamics of brain
activity within physiologically relevant frequency ranges. Higuchi’s fractal dimension is a widely used index for evaluating
fractality in brain activity, but temporal-scale-specific characteristics are lost due to its requirement of averaging over the
entire range of temporal scales. In this study, we adapted Higuchi’s fractal algorithm into a method for investigating
temporal-scale-specific fractal properties. We then compared the values of the temporal-scale-specific fractal dimension
between healthy control (HC) and AD patient groups. Our data indicate that relative to the HC group, the AD group
demonstrated reduced fractality at both slow and fast temporal scales. Moreover, we confirmed that the fractality at fast
temporal scales correlates with cognitive decline. These properties might serve as a basis for a useful approach to
characterizing temporal neural dynamics in AD or other neurodegenerative disorders.
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Introduction

Recent advances in nonlinear analytic methods, applied to
various neuroimaging modalities, have clarified the spa-
tiotemporal dynamics of complex brain activity. Cortical
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synaptic weights have a log-normal distribution that can
lead to spontaneous activity (Teramae et al. 2012). This
activity constitutes the brain’s noisy internal state, with
irregular neuronal spiking and a low average firing rate
(=1 Hz) even in the absence of sensory stimulation
(Buzsaki and Mizuseki 2014). Feedback loops connecting
neural populations at multiple hierarchical levels of cortical
processing can produce corresponding recurrent patterns of
brain activity (Fell et al. 1999). Therefore, brain activity is
best modeled as a nonlinear dynamic process, which
includes multiple coupling strengths following various
distributions with heavy tails and feedback loops within
and across multiple neural populations (Stam 2005; Tera-
mae et al. 2012; Yamanishi et al. 2012; Strack et al. 2014,
Fletcher and Wennekers 2016; Geminiani et al. 2017).
Moreover, it has been demonstrated that the fluctuations
and variability generated by this nonlinear dynamic process
play an important role in the neural bases of cognitive
function, aging, and psychiatric disorders. For example,
Garrett et al. demonstrated that blood oxygen level-de-
pendent (BOLD) signal variability was negatively
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correlated with age and positively correlated with cognitive
function (Garrett et al. 2010, 2011). Mcintosh et al. also
showed that a larger variability of response times in single-
trial evoked electrical activity, as measured by electroen-
cephalography (EEG), was associated with increased
accuracy of recognition (Mclntosh et al. 2008). Zhang
et al. suggested that the spatiotemporal variability of
BOLD signals reflects brain functions themselves, and is
disturbed in psychiatric disorders such as schizophrenia,
autism spectrum disorder, and attention-deficit hyperac-
tivity disorder (ADHD) (Zhang et al. 2016).

Alzheimer’s disease (AD) involves three main types of
changes: progressive central neuron death, neurofibrillary
tangles, and senile plaques in widespread brain regions.
The pathological progression leads to cortical disconnec-
tion, which reportedly alters the complex nonlinear
behavior of the brain (Stam 2005; Delbeuck et al. 2003;
Adeli et al. 2005b; Yang and Tsai 2013; Takahashi 2013;
Bhat et al. 2015; Mammone et al. 2017). A variety of
methods based on nonlinear dynamics have been applied to
EEG data to characterize this alteration, including entropy
analysis, correlation dimension, and omega-complexity
(Yang and Tsai 2013; Takahashi 2013). Adeli et al.
developed novel mixture markers and computational
methods that, when combined with neural computing,
chaos theory, and wavelet analysis, greatly increase the
accuracy of diagnosis and detection of AD based on EEG
signals (Adeli et al. 2005b, a).

A chaos/fractal-based approach (Kantz and Schreiber
2004) may be well-suited to analyzing nonlinearity in the
brain. This is especially true when the alteration in AD is
interpreted as a change in the deterministic properties of
the nonlinear system. A growing number of studies utiliz-
ing this approach have demonstrated reduced fractality/
chaoticity in AD. Using Haussdorff’s fractal dimension,
Woyshville and Calabrese showed reduced complexity in
occipital loci of subjects with AD in a resting condition
(Woyshville and Calabrese 1994). Besthorn et al. reported
a decreasing correlation dimension in EEG signals of
patients with AD in an eyes-closed resting state (Besthorn
et al. 1995). Jelles et al. also observed reductions of this
correlation dimension in three conditions: eyes closed, eyes
open, and during an arithmetic task (Jelles et al. 1999).
Other methods, including the use of fractal dimensions and
the maximum Lyapunov exponent, have replicated these
reductions (Jeong 2004; Abasolo et al. 2008; Zappasodi
et al. 2014; Smits et al. 2016; Al-nuaimi et al. 2017).

EEG dynamics reflect different functions for each
physiologically relevant temporal scale. For example,
perception is associated with gamma band dynamics,
cognition with the beta band, and memory with the theta
band (Klimesch et al. 2007). Also, because of complex
activity generated by nonlinear dynamics, the power
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spectrum does not always conform to a simple power law
distribution over the entire frequency range (Ferree and
Hwa 2003; Miller et al. 2009). Thus, it is important to
measure complexity for specific temporal scales.

In fact, the temporal-scale dependence of complexity in
EEG signals has previously been studied in AD. In our
earlier review (Takahashi 2013), we introduced work based
on multiscale entropy, in which it was found that EEG
signals in AD demonstrated lower complexity at smaller
temporal scales and higher complexity at larger temporal
scales (Escudero et al. 2006; Park et al. 2007; Mizuno
et al. 2010). Adeli et al. demonstrated that alterations in
EEG signals in AD are localized to certain frequency bands
(delta and theta bands in an eyes-open condition; delta,
theta, and alpha bands in an eyes-closed condition) by
using the maximum Lyapunov exponent and correlation
dimension in band-specific EEG signals analyzed by
wavelet transformation (Adeli et al. 2008).

Higuchi’s fractal dimension, which is defined by the
power law for the length of a time series as a function of
the temporal scale (Higuchi 1988), has been widely used to
evaluate fractality in brain activity (Smits et al. 2016;
Accardo et al. 1997; Jeong et al. 2001; Goémez et al. 2009;
Nishimura et al. 2008; Zappasodi et al. 2014). Higuchi
reported that different power laws, i.e., different fractal
dimensions, often appear for different temporal scales
when his fractal algorithm is applied to an experimental
time series (Higuchi 1988). However, these temporal scale
specific characteristics are ignored in the final result,
because the algorithm averages over the entire temporal
scale range. For example, Smits et al. showed that Higu-
chi’s fractal dimension converges with increasing maxi-
mum value of temporal-scale (Smits et al. 2016). To detect
the temporal-scale specific characteristics, Higuchi pro-
posed a method for calculating the dimension at a specific
temporal scale (herein described as the temporal-scale-
specific fractal dimension) (Higuchi 1988). However, the
temporal-scale-specific fractal dimensions in band-specific
ranges of temporal scale have not been investigated in EEG
signals. An alternative approach by Adeli et al. introduced
a novel method for calculating fractal dimensions, includ-
ing Higuchi’s fractal dimension, by using wavelet trans-
formation to divide EEG signals into frequency bands
(Adeli et al. 2007). Their approach has produced insights
into neuropsychiatric disorders such as autism spectrum
disorder, seizure activity and epilepsy (Ahmadlou et al.
2010; Adeli et al. 2007). Ahmadlou er al. investigated
band-specific fractal dimensionality, and found decreased
fractality in the beta band of the AD EEG using this
approach (Ahmadlou et al. 2011).

To identify the temporal scale characteristics of the
complex time-series of the AD EEG, we previously
attempted to calculate the temporal-scale-specific fractal
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dimension of AD (Nobukawa et al. 2017). However, the
parameter settings needed to estimate temporal-scale-
specific fractal dimension and the relationship between
temporal-scale-specific fractal dimension and cognitive
function have not been clarified. In this study, following up
on the results of our previous work (Nobukawa et al.
2017), we first derived a parameter set that can be used to
estimate the temporal-scale-specific fractal dimension.
Second, we evaluated the temporal scale and regional
characteristics of this dimension in healthy control (HC)
subjects and AD patients. Third, we investigated the cor-
relation between the temporal-scale-specific fractal
dimension and cognitive function, as estimated by the Mini
Mental State Examination (MMSE) score, (Folstein et al.
1975) in the AD group.

Materials and methods
Participants

In this study, we used the same participants who were
examined in our earlier study (Mizuno et al. 2010). The
patient group consisted of 16 subjects diagnosed with AD
(mean age 57.5 years, age range 43—64 years, SD of age:
4.7 years, 11 female), and 18 age-matched and sex-mat-
ched healthy controls (HC) (mean age 59.3 years, age
range 55-66 years, SD of age: 5.3 years, 11 female), as
shown in Table 1. All subjects provided written informed
consent before the research. Each AD subject was assessed
with the Functional Assessment Stages Test (FAST)
(Reisberg et al. 1986) and a Japanese version of the MMSE
(Folstein et al. 1975). According to the FAST assessments,
3 patients had mild (FAST 3), 7 moderate (FAST 4), and 6
slightly severe dementia (FAST 5). Their MMSE scores
were distributed in the ranges from 10 to 26 (mean score:
15.5, SD of score: 5.3).

EEG recordings
Recording and pre-processing of the EEG data were

accomplished as reported in our previous study (Mizuno
et al. 2010). Briefly, the subjects were studied while seated

Table 1 Physical characteristics of subjects (values represent mean
(SD, range))

HC subjects AD subjects p values

Male/female 7/11 5/11 0.72
Age (years, range) 59.3 (5.3, 55-66) 57.5 (4.7, 43-64) 0.31
MMSE score NA 15.5 (4.7, 10-26)

in an electrically shielded, soundproofed, and light-con-
trolled recording room. Standard scalp electrodes were
placed according to the International 10-20 System. EEG
was recorded with an 18-channel electroencephalogram
(EEG-4518, Nihon—Koden, Tokyo, Japan) at 16 electrode
sites: Fpl, Fp2, F3, Fz, F4, F7, F8, C3, C4, P3, Pz, P4, TS,
T6, O1 and O2, referenced to physically linked ear lobe
electrodes. Eye movements were monitored by means of
bipolar electro-oculography (EOG). EEG signals were
recorded with 200 Hz sampling frequency with a time
constant of 0.3 s, and a 1.5-60 Hz bandpass filter. Line
noise was eliminated by a 60 Hz notch filter. The impe-
dance of electrode/skin conductance was maintained at less
than 5 kQ for each electrode. EEG signals were recorded
for 10-15 min for each subject with the eyes closed. The
subjects were observed via a video monitoring system. The
state of vigilance of the subject was visually inspected
during recording using the EEG traces to ensure that only
epochs of eyes-closed wakefulness (and not light sleep)
were analyzed. When the subjects appeared to be drowsy,
they were asked to open their eyes and verbally reminded
to avoid drowsiness. Selection of segments recorded during
eyes-closed wakefulness was performed by visual inspec-
tion of EEG and EOG recordings. A subject was consid-
ered to be fully awake when alpha activity appeared
predominantly over the posterior regions, with concurrent
fast eye movements in the EOG channel (Wada et al.
1996).

The data were stored on an optical disk for off-line
analysis. Other pre-processing steps (e.g., filtering, artifact
removal or data reconstruction) were avoided, because they
might have disrupted the intrinsic dynamics of the data.
Epochs without artifacts were selected by visual inspection.
To provide adequate information for analysis of long-range
temporal dynamics, we initially prepared a single contin-
uous artifact-free 60-s (12,000 data points) epoch during
the eyes-closed resting condition. From this dataset, 1000
data points at the beginning and end were removed to avoid
interference by the 1.5-60 Hz bandpass filter. Finally,
Higuchi’s fractal dimension was calculated on the contin-
uous 50-s (10,000 data points) epoch.

Fractal analysis

For the fractal analysis of EEG data, we used Higuchi’s
fractal algorithm (Higuchi 1988). If the EEG signal at a site
has fractal characteristics, similar patterns arise at different
temporal scales. To quantify this similarity, first, using
scale k, the EEG data X(r)(0, 1, ...,T) is down-sampled to
{X(m),X(m+k),X(m+2k),..,X(m~+ [(T —m)/klk)}
where [ ] indicates the Gauss symbol and m is the first
sample. The length of X at each scale k is defined by
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In this study, we estimated the D value in the range of
kmin <k <kmax. Concretely, D can be derived as the
slope of {(log(L(kmin)),log(1/kmin)), (log(L(kmin+1)),
log(1/kmin+1)); - - -, (log(L(kmax)) ,log(1/kmax))}, using
the linear least-squares method.

Power analysis

Along with the analysis for temporal-scale-specific fractal
dimension, we also performed power spectral analysis as in
conventional EEG analyses. The power spectrum density
(PSD) (dB/Hz) was estimated using a fast Fourier trans-
form. A Hanning window was applied to the 60 s time-
series for the calculation.

Statistical analysis

Group differences were analyzed using independent two-
tailed 7 tests. Because the temporal-scale-specific fractal
dimension values were found to have a skewed distribu-
tion, we log-transformed them to obtain an approximately
normal distribution. Associations between temporal-scale-
specific fractal dimensions and cognitive function esti-
mated by MMSE score were evaluated using Pearson’s
correlation coefficient. The Benjamini-Hochberg false
discovery rate (FDR) correction was applied for multiple
comparisons. For sensor-wise group comparisons, g <0.05
was used for fractal dimensions calculated over the entire
range of temporal scales (Dentire; 16 p values), for tem-
poral-scale-specific fractal dimensions (Dslow, Dalpha,
and Dfast; 48 p values), and for PSD (896 p values: 56
frequency points (5 — —60 Hz, width of bin is 1.0 Hz) x 16
electrodes).

Additionally, repeated measures analysis of variance
(ANOVA), with group (HC vs. AD) as between-subjects
factor and node (16 nodes of Fp1-O2) as within-subjects
factor, was performed to test for group differences at each
frequency band. The Greenhouse-Geisser adjustment was
applied to the degrees of freedom, and a two-tailed o level
of 0.05 was considered statistically significant.
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Results
Power analysis

To observe the differences in power spectrum between
EEG signals of HC and AD, as shown in Fig. 1, the average
PSD of the HC group and AD group were calculated for
each electrode. Significant enhancement of PSD in the
delta—theta bands (2-8 Hz) (¢ <0.05) were identified in the
AD group across all electrodes, which is consistent with
previous findings of slowing wave of AD (Ishii et al.
2017).

Temporal-scale-specific fractal dimension

Parameter setting for temporal-scale-specific fractal
dimension

We evaluated the range of k to derive temporal-scale-
specific fractal dimension. Figure 2 shows the typical
example of dependence of (L(k)) on k for 1 <k <200 in
the case of Fz node from subjects in the HC and AD
groups. Figure 3 shows the slopes of (L(k)) between kmin
and kmax given by the (L(k)) values appearing in Fig. 2 as
a function of kmin in the cases of kmax — kmin =
2,5,10,20 cases. For kmax — kmin>10, a smoothed
dependency of D on kmin is obtained. Therefore, using the
ranges kmax — kmin > 10, we calculated temporal-scale-
specific fractal dimensions for the slow, alpha, and fast
bands in the HC and AD groups (see Table 2). Here, the
kmin, max are derived from [1/fmax, min| (f max, min Hz
are upper/lower limits of frequency band). In the case of
division into 5 bands (delta, theta, alpha, beta, and gamma
band), kmin—kmax becomes less than 10 scales. Therefore,
we used 3 bands instead (slow, alpha, and fast). Figure 4
shows the resulting temporal-scale-specific fractal dimen-
sions Dslow, alpha, fast at Fz in the HC and AD groups.
From this result, the temporal-scale-specific nature can be
confirmed in both groups.

Comparison between HC and AD by temporal-scale-specific
fractal dimension

We calculated the fractal dimension within the entire
temporal scale range and for specific temporal ranges in the
HC and AD groups, as shown in Fig. 5a, b. Table 3 sum-
marizes the results of the ANOVAs on Dentire and
Dslow, Dalpha, Dfast. Testing for group differences
between HC and AD revealed an effect of group for the
entire, slow and fast ranges. In post-hoc ¢ tests, the Dentire
values for the AD group were lower than the values for the
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HC group. Although group x node interactions were not
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Table 2 Ranges of k and fractal

. . . Frequency range
dimension corresponding to d y rang

kmin — kmax Temporal-scale-specific fractal dimension

each frequency range Entire range (1.5-60 Hz)

Slow range (2-8 Hz)
Alpha range (8-13 Hz)
Fast range (13-60 Hz)

3-133 Dentire
25-100 Dslow
15-25 Dalpha

3-25 Dfast

28 . . .
® HC t=0.7 (p=0.45)
2.6 & AD ]
241 1
922} =28 (p=0.01) 1
<
- ]
a a2l 3 t=-3.8 (p=9.8x 107

1.4 . . .
slow alpha fast

frequency

Fig. 4 Temporal-scale-specific fractal dimension Dslow, alpha, fast
in the k ranges given by Table 2 at Fz in the HC and AD groups

temporal-scale-specific fractal dimensions for the AD
group were low in the slow and fast bands. In particular,
although group x node interactions were not confirmed in
ANOVAs, the ¢ values at F3, Fz, C3, C4, T5, T6, P3, P4, Pz
and O2 in the slow range, subjected to the FDR criteria
(¢<0.05), were significantly lower. Those at all nodes
were also significantly lower in the fast range (g <0.05).

Correlations of temporal-scale-specific fractal dimension
with MMSE score in AD

The upper parts of Fig. 6 show the correlations between the
fractal dimension and MMSE scores in the AD group
across the range of recording sites. The Dentire correlation
values were all greater than or equal to 0.4. For the specific
band case, Dfast showed higher correlations (2 0.6) than
the entire range and the other temporal-scale-specific
fractal dimensions. The lower part of Fig. 6 shows a
scatterplot of Dfast at Fz node and MMSE score for the AD
subjects. High correlations were also observed from this
result.

Validity of the epoch length of EEG signals

To check the validity of the epoch length of EEG signals
for temporal-scale-specific fractal dimension, Fig. 7a
shows the variation of fractality against the changing epoch
length at Fz in the HC and AD groups. Here, the temporal-
scale-specific fractal dimensions in segmented epochs were
averaged over the full 50 s. All temporal-scale-specific
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fractal dimensions converged in the range =30 s. There-
fore, the epoch length of 50 s that was used in the analyses
above is valid for all temporal-scale-specific fractal
dimensions.

We also evaluated the fractality using shorter evaluation
time-series. In Fig. 7b, the variation of fractality resulting
from shortening the evaluation time-series length is rep-
resented. The first epoch in a 50 s time-series was used for
each length case. It is noteworthy that the values Dfast
maintained significant differences between AD and HC,
even when the length of the time-series was short, i.e.,
t=-34(p=25x10)at5s.

Discussion and conclusion

In this study, we introduced a new approach that captures
the temporal-scale-specific EEG fractal properties of AD
patients. The results indicate that when fractality was
integrated across the full range of temporal scales, the AD
group exhibited reduced fractality. When temporal-scale-
specific fractal properties were analyzed, reduced fractality
were again observed. Specifically, in the AD group,
reduced fractality was observed for faster frequency ranges
(the beta and gamma range). Moreover, by evaluating the
relationship between cognitive function measured by
MMSE and the temporal-scale-specific fractal dimensions,
we confirmed that the fractality at faster temporal scales
correlates with cognitive decline. This reduced fractality
can be detected even when the length of the time-series is
small.

Reduced fractality is associated with reduced complex-
ity, which is consistent with the well-established hypoth-
esis (Stam 2005; Jeong 2004) that EEG signals in AD
exhibit less complexity. EEG oscillations on the slow
temporal scale are mainly determined by global regional
coupling (Tononi et al. 1994; Friston et al. 1995). We have
previously reported the value of multiscale entropy, which
captures EEG complexity on multiple temporal scales
(Mizuno et al. 2010). In this study, we found reduced EEG
complexity in a scale-dependent manner that agrees well
with our recent findings.

Stam et al. used a graph-theoretical analysis to argue
that the decreasing functional connectivity in beta bands is
related to cognitive function (Stam et al. 2009). Our result
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Table 3 Repeated measures ANOVA results for temporal-scale-
specific fractal dimensions comparing the AD and HC groups for each
temporal ranges

Frequency band  Group effect Group x node

Entire band F=53,p=002 F=0.56,p=0.59
Slow band F=80,p=80x10" F=097,p=0.39
Alpha band F=08,p=0.35 F=0.7,p=0.047
Fast band F=147p=55x10*% F=10,p=038

For clarity, comparisons with p <0.05 are shown in bold
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group than in the HC group, while warm colors indicate the opposite.
Upper panels indicate ¢ values at all nodes. Lower panels are cases
meeting the FDR criterion ¢ <0.05

shown in Fig. 6, that is, high correlation between Dfast and
the MMSE score, is consistent with their finding. Also,
studies of neurotransmitter changes in AD reported that
dysfunction of the gamma- aminobutyric acid (GABA)
signaling system leads to reduced oscillatory gamma band
activity (Nava-Mesa et al. 2014; Govindpani et al. 2017,
Calvo-Flores Guzman et al. 2018). Thus, the temporal-
scale-specific fractal characteristics of AD in the fast bands
might reflect these changes in fast band activity. Ahmadlou
et al. also investigated band-specific fractal dimensionality
(Ahmadlou et al. 2011). They divided EEG signals into
frequency bands by wavelet analysis before calculating
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Fig. 6 Correlation between temporal-scale-specific fractal dimension
and Mini Mental State Examination (MMSE) score in Alzheimer’s
disease (AD) subjects (upper panels). Scatterplot for the AD subjects
of Dfast at Fz node and MMSE score (lower panel)

Higuchi’s fractal dimension. Interestingly, despite
methodological difference, they reported decreased beta
band fractality across widespread brain regions, which is
similar to our finding. However, this subdivision approach
restricts frequency components, which may lead to per-
turbation of fractal properties determined by Eq. (2). If this
type of band-pass filter is applied to EEG signals in our
proposed method, due to the disturbance of the (L(k))
distribution, the significant difference in fractality is abol-
ished (see appendix). In our proposed method, this distur-

@ Springer

bance can be avoided by using EEG signals composed of
the entire set of frequency components.

More interestingly, the fast temporal-scale-specific
fractal dimension converges and shows significant differ-
ences between HC and AD even with a short evaluation
time-length of 5 s. However, the measure for the slow scale
range does not show a significant difference, because it
requires a longer time-series for evaluation. Therefore, the
fast temporal-scale-specific fractal dimension might be a
useful biomarker of AD that can be utilized even with a
short time-series of EEG.

Several limitations of this study must be considered.
Higuchi’s fractal dimension characterizes variation as a
function of the k range. To characterize temporal-scale-
specific properties, in this study we utilized k ranges cor-
responding to the conventional functional frequency bands:
slow (delta/theta), alpha band, and fast band (beta/gamma).
However, these ranges might need to be optimized for
specific brain functions and diseases. This type of opti-
mization should be considered in future work. Regarding
cognitive functions, we evaluated the relationship between
the temporal-scale-specific dimension and MMSE score in
AD. However, due to the ceiling effect for the MMSE, a
wide range of cognitive functions cannot be dealt with.
Therefore, in future work, we should consider the rela-
tionship with other cognitive tests, while expanding the
pool of healthy subjects. It is also important to evaluate the
temporal-scale-specific fractal dimension in subjects per-
forming cognitive tasks (rather than resting).

In conclusion, the AD group showed temporal-scale-
specific reduced fractality and this reduced fractality was
associated with cognitive decline. These findings highlight
the potential utility of examining temporal-scale-specic
fractality of EEG signals in diagnosing AD and evaluating
disease severity. Additionally, the possible diagnostic
utility of our method was confirmed even with short data
sets, which is advantageous in a clinical setting. Although
several limitations need to be clarified, characterizing
temporal-scale specific fractal properties in neurophysio-
logical data may serve as a powerful complementary
approach for diagnosing neurodegenerative diseases.
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Appendix

To estimate the temporal-scale-specific fractal dimensions,
we used the (L(k)) distribution for EEG signals composed
of the entire frequency range (1.5-60 Hz) in this study.
Here, we investigated the influence on the (L(k)) distri-
bution of adopting band-pass filters for the slow, alpha, and
fast bands. Figure 8a shows the dependence of the mean
value (L(k)) of the HC and AD group on k at Fz in the
entire (1.5-60 Hz), slow (2-8 Hz), alpha (8-13 Hz), and
fast (13-60) band cases. The value for (L(k)) in entire band
follows a power law in k <200. However, the value of
(L(k)) for both groups in the slow, alpha, and fast bands
does not obey the power law in the range k= 50.

(b)
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—J—AD
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slow

5 10 15 20 25 30 35 40 45 50
length of time-series [sec]

dimension. b Variation of fractality against shortening evaluation
time-series length at Fz in HC and AD group

In our proposed method, the temporal-scale-specific
fractal properties were derived using scale-specific k ran-
ges. Instead of the scale-specific ranges, by the above
distribution of (L(k)) for band-specific time-series, the
temporal-scale-specific fractal properties were estimated as
shown in Fig. 8b. Here, the Higuchi fractal dimension was
estimated with the common kmin, max = 1,35. kmax was
used as the minimum right edge of the distribution of
(L(k)) in all subjects. As a result, the significant group
differences observed with our method (see Fig. 5) disap-
peared. Therefore, the temporal-scale-specific fractal
properties cannot be extracted by the band-pass filtering
process, due to the disruption of the power law of (L(k)).

References

Abasolo D, Escudero J, Hornero R, Espino P, Gomez C (2008) Fractal
dimension of the EEG in Alzheimer’s disease. In: Encyclopedia
of healthcare information systems, IGI Global, pp 603-609

Accardo A, Affinito M, Carrozzi M, Bouquet F (1997) Use of the
fractal dimension for the analysis of electroencephalographic

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Cognitive Neurodynamics (2019) 13:1-11

A 10
&4
v
10
—entire band
10~ £ |—slow band
alpha band
— fast band |
10° : :
10! 102
k
10
10
A 10
<4
v
10
—entire band
107 f|—slow band
alpha band \
— fast band
107 : :
10! 10
k
(b)
2.2 T T T
E |t
= HC t=2.44 (p=0.02)
§ oL & AD 1
g t=0.79 (p=0.43)
B 18t L 1
Q
5]
[3u]
216 t=0.31 (p=0.75) ]
AN
&
24— :
T slow alpha fast
frequency

Fig. 8 a Dependence of the mean value (L(k)) of HC (upper) and AD
(lower) groups on k at Fz in the entire (1.5-60 Hz) (corresponding to
Fig. 2), slow (2-8 Hz), alpha (8 — 13 Hz), and fast (13-60) band cases.
b Higuchi’s fractal dimension for each distribution of (L(k)) in
1<k<35

time series. Biol Cybern 77(5):339-350

Adeli H, Ghosh-Dastidar S, Dadmehr N (2005a) Alzheimer’s disease
and models of computation: imaging, classification, and neural
models. J Alzheimer’s Dis 7(3):187-199

Adeli H, Ghosh-Dastidar S, Dadmehr N (2005b) Alzheimer’s disease:
models of computation and analysis of EEGs. Clin EEG
Neurosci 36(3):131-140

Adeli H, Ghosh-Dastidar S, Dadmehr N (2007) A wavelet-chaos
methodology for analysis of EEGs and EEG subbands to detect
seizure and epilepsy. IEEE Trans Biomed Eng 54(2):205-211

@ Springer

Adeli H, Ghosh-Dastidar S, Dadmehr N (2008) A spatio-temporal
wavelet-chaos methodology for EEG-based diagnosis of Alzhei-
mer’s disease. Neurosci Lett 444(2):190-194

Ahmadlou M, Adeli H, Adeli A (2010) Fractality and a wavelet-
chaos-neural network methodology for EEG-based diagnosis of
autistic spectrum disorder. J Clin Neurophysiol 27(5):328-333

Ahmadlou M, Adeli H, Adeli A (2011) Fractality and a wavelet-
chaos-methodology for EEG-based diagnosis of Alzheimer
disease. Alzheimer Dis Assoc Disorders 25(1):85-92

Al-nuaimi AH, Jammeh E, Sun L, Ifeachor E (2017) Higuchi fractal
dimension of the electroencephalogram as a biomarker for early
detection of Alzheimer’s disease. In: 39th annual international
conference of the IEEE engineering in medicine and biology
society (EMBC), 2017. IEEE, pp 2320-2324

Besthorn C, Sattel H, Geiger-Kabisch C, Zerfass R, Forstl H (1995)
Parameters of EEG dimensional complexity in Alzheimer’s
disease. Electroencephalogr Clin Neurophysiol 95(2):84—-89

Bhat S, Acharya UR, Dadmehr N, Adeli H (2015) Clinical
neurophysiological and automated EEG-based diagnosis of the
Alzheimer’s disease. Eur Neurol 74(3—4):202-210

Buzsédki G, Mizuseki K (2014) The log-dynamic brain: how skewed
distributions affect network operations. Nat Rev Neurosci
15(4):264-278

Calvo-Flores Guzman B, Vinnakota C, Govindpani K, Waldvogel H,
Faull R, Kwakowsky A (2018) The GABAergic system as a
therapeutic target for Alzheimer’s disease. J Neurochem 146:649

Delbeuck X, Van der Linden M, Collette F (2003) Alzheimer’disease
as a disconnection syndrome? Neuropsychol Rev 13(2):79-92

Escudero J, Abésolo D, Hornero R, Espino P, Lopez M (2006)
Analysis of electroencephalograms in Alzheimer’s disease
patients with multiscale entropy. Physiol Meas 27(11):1091

Fell J, Kaplan A, Darkhovsky B, Roschke J (1999) EEG analysis with
nonlinear deterministic and stochastic methods: a combined
strategy. Acta Neurobiol Exp 60(1):87-108

Ferree TC, Hwa RC (2003) Power-law scaling in human EEG:
relation to fourier power spectrum. Neurocomputing 52:755-761

Fletcher JM, Wennekers T (2016) From structure to activity: using
centrality measures to predict neuronal activity. Int J Neural Syst
28:1750013

Folstein MF, Folstein SE, McHugh PR (1975) mini-mental state: a
practical method for grading the cognitive state of patients for
the clinician. J Psychiatr Res 12(3):189-198

Friston KJ, Frith CD, Frackowiak RS, Turner R (1995) Characterizing
dynamic brain responses with FMRI: a multivariate approach.
Neuroimage 2(2):166—-172

Garrett DD, Kovacevic N, MclIntosh AR, Grady CL (2010) Blood
oxygen level-dependent signal variability is more than just noise.
J Neurosci 30(14):4914-4921

Garrett DD, Kovacevic N, Mclntosh AR, Grady CL (2011) The
importance of being variable. J Neurosci 31(12):4496-4503

Geminiani A, Casellato C, Antonietti A, DAngelo E, Pedrocchi A
(2017) A multiple-plasticity spiking neural network embedded in
a closed-loop control system to model cerebellar pathologies. Int
J Neural Syst 28:1750017

Gémez C, Mediavilla A, Hornero R, Abésolo D, Fernandez A (2009)
Use of the higuchi’s fractal dimension for the analysis of meg
recordings from Alzheimer’s disease patients. Med Eng Phys
31(3):306-313

Govindpani K, Calvo-Flores Guzman B, Vinnakota C, Waldvogel HJ,
Faull RL, Kwakowsky A (2017) Towards a better understanding
of GABAergic remodeling in Alzheimers disease. Int J Mol Sci
18(8):1813

Higuchi T (1988) Approach to an irregular time series on the basis of
the fractal theory. Phys D Nonlinear Phenom 31(2):277-283

Ishii R, Canuet L, Aoki Y, Hata M, Iwase M, Ikeda S, Nishida K,
Ikeda M (2017) Healthy and pathological brain aging: from the



Cognitive Neurodynamics (2019) 13:1-11

1"

perspective of oscillations, functional connectivity, and signal
complexity. Neuropsychobiology 75(4):151-161

Jelles B, Van Birgelen J, Slaets J, Hekster R, Jonkman E, Stam C
(1999) Decrease of non-linear structure in the EEG of Alzheimer
patients compared to healthy controls. Clin Neurophysiol
110(7):1159-1167

Jeong J (2004) EEG dynamics in patients with Alzheimer’s disease.
Clin Neurophysiol 115(7):1490-1505

Jeong J, Chae JH, Kim SY, Han SH (2001) Nonlinear dynamic
analysis of the EEG in patients with Alzheimers disease and
vascular dementia. J Clin Neurophysiol 18(1):58-67

Kantz H, Schreiber T (2004) Nonlinear time series analysis, vol 7.
Cambridge University Press, Cambridge

Klimesch W, Sauseng P, Hanslmayr S, Gruber W, Freunberger R
(2007) Event-related phase reorganization may explain evoked
neural dynamics. Neurosci Biobehav Rev 31(7):1003-1016

Mammone N, Bonanno L, Salvo SD, Marino S, Bramanti P, Bramanti
A, Morabito FC (2017) Permutation disalignment index as an
indirect, EEG-based, measure of brain connectivity in mci and
ad patients. Int J Neural Syst 27(05):1750020

MclIntosh AR, Kovacevic N, Itier RJ (2008) Increased brain signal
variability accompanies lower behavioral variability in develop-
ment. PLoS Comput Biol 4(7):e1000106

Miller KJ, Sorensen LB, Ojemann JG, Den Nijs M (2009) Power-law
scaling in the brain surface electric potential. PLoS Comput Biol
5(12):e1000609

Mizuno T, Takahashi T, Cho RY, Kikuchi M, Murata T, Takahashi K,
Wada Y (2010) Assessment of EEG dynamical complexity in
Alzheimers disease using multiscale entropy. Clin Neurophysiol
121(9):1438-1446

Nava-Mesa MO, Jiménez-Diaz L, Yajeya J, Navarro-Lopez JD (2014)
Gabaergic neurotransmission and new strategies of neuromod-
ulation to compensate synaptic dysfunction in early stages of
Alzheimers disease. Front Cell Neurosci 8:167

Nishimura H, Nakagiri I, Mizuno-Matsumoto Y, Ishii R, Ukai S,
Shinosaki K (2008) Time-series fractal analysis of meg changes
induced by emotional stimulation. J Jpn Soc Fuzzy Theory Intell
Inform 20(1):117-128

Nobukawa S, Yamanishi T, Nishimura H, Wada Y, Kikuchi M,
Takahashi T (2017) Temporal-specific roles of fractality in EEG
signal of Alzheimer’s disease. In: Proceedings of 2017 interna-
tional joint conference on neural networks (IJCNN2017), IEEE,
pp 4396-4399

Park JH, Kim S, Kim CH, Cichocki A, Kim K (2007) Multiscale
entropy analysis of EEG from patients under different patho-
logical conditions. Fractals 15(04):399-404

Reisberg B, Borenstein J, Franssen E, Shulman E, Steinberg G, Ferris
SH (1986) Remediable behavioral symptomatology in Alzhei-
mer’s disease. Psychiatr Serv 37(12):1199-1201

Smits FM, Porcaro C, Cottone C, Cancelli A, Rossini PM, Tecchio F
(2016) Electroencephalographic fractal dimension in healthy
ageing and Alzheimers disease. PloS One 11(2):e0149587

Stam C, De Haan W, Daffertshofer A, Jones B, Manshanden I, Van
Walsum AVC, Montez T, Verbunt J, De Munck J, Van Dijk B
et al (2009) Graph theoretical analysis of magnetoencephalo-
graphic functional connectivity in Alzheimer’s disease. Brain
132(1):213-224

Stam CJ (2005) Nonlinear dynamical analysis of EEG and MEG:
review of an emerging field. Clin Neurophysiol
116(10):2266-2301

Strack B, Jacobs KM, Cios KJ (2014) Simulating vertical and
horizontal inhibition with short-term dynamics in a multi-
column multi-layer model of neocortex. Int J Neural Syst
24(05):1440002

Takahashi T (2013) Complexity of spontaneous brain activity in
mental disorders. Prog Neuro-Psychopharmacol Biol Psychiatry
45:258-266

Teramae J, Tsubo Y, Fukai T (2012) Optimal spike-based commu-
nication in excitable networks with strong-sparse and weak-
dense links. Sci Rep 2:485

Tononi G, Sporns O, Edelman GM (1994) A measure for brain
complexity: relating functional segregation and integration in the
nervous system. Proc Natl Acad Sci 91(11):5033-5037

Wada Y, Nanbu Y, Koshino Y, Shimada Y, Hashimoto T (1996)
Inter-and intrahemispheric EEG coherence during light drowsi-
ness. Clin EEG Neurosci 27(2):84-88

Woyshville MJ, Calabrese JR (1994) Quantification of occipital EEG
changes in Alzheimer’s disease utilizing a new metric: the fractal
dimension. Biol Psychiatry 35(6):381-387

Yamanishi T, Liu JQ, Nishimura H (2012) Modeling fluctuations in
default-mode brain network using a spiking neural network. Int J
Neural Syst 22(04):1250016

Yang AC, Tsai SJ (2013) Is mental illness complex? from behavior to
brain. Progress Neuro-Psychopharmacol Biol Psychiatry
45:253-257

Zappasodi F, Olejarczyk E, Marzetti L, Assenza G, Pizzella V,
Tecchio F (2014) Fractal dimension of EEG activity senses
neuronal impairment in acute stroke. PLoS One 9(6):e100199

Zhang J, Cheng W, Liu Z, Zhang K, Lei X, Yao Y, Becker B, Liu Y,
Kendrick KM, Lu G et al (2016) Neural, electrophysiological
and anatomical basis of brain-network variability and its
characteristic =~ changes in  mental disorders.  Brain
139(8):2307-2321

@ Springer



	Atypical temporal-scale-specific fractal changes in Alzheimer’s disease EEG and their relevance to cognitive decline
	Abstract
	Introduction
	Materials and methods
	Participants
	EEG recordings
	Fractal analysis
	Power analysis
	Statistical analysis

	Results
	Power analysis
	Temporal-scale-specific fractal dimension
	Parameter setting for temporal-scale-specific fractal dimension
	Comparison between HC and AD by temporal-scale-specific fractal dimension
	Correlations of temporal-scale-specific fractal dimension with MMSE score in AD
	Validity of the epoch length of EEG signals


	Discussion and conclusion
	Acknowledgements
	Appendix
	References




