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1. Introduction

The human brain is an intricate system comprised of 
a network of neurons that engage in a vast number of 
ongoing chemical and electrical processes where neural 
ensembles come together and disband continuously 

[1, 2]. Recently, a shift in the understanding of 
resting-state brain activity has occurred. It is now 
predominantly believed that the brain remains in an 
intrinsically active and organized state while waiting 
for incoming stimuli, instead of remaining in an 
inactive state [3]. Neural ensembles in the brain are 
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Abstract
Objective. Mild cognitive impairment (MCI) and dementia due to Alzheimer’s disease (AD) have 
been shown to induce perturbations to normal neuronal behavior and disrupt neuronal networks. 
Recent work suggests that the dynamic properties of resting-state neuronal activity could be 
affected by MCI and AD-induced neurodegeneration. The aim of the study was to characterize 
these properties from different perspectives: (i) using the Kullback–Leibler divergence (KLD), a 
measure of non-stationarity derived from the continuous wavelet transform; and (ii) using the 
entropy of the recurrence point density (ENTRRR) and the median of the recurrence point density 
(MEDRR), two novel metrics based on recurrence quantification analysis. Approach. KLD, ENTRRR 
and MEDRR  were computed for 49 patients with dementia due to AD, 66 patients with MCI due to AD 
and 43 cognitively healthy controls from 60 s electroencephalographic (EEG) recordings with a 10 s 
sliding window with no overlap. Afterwards, we tested whether the measures reflected alterations to 
normal neuronal activity induced by MCI and AD. Main results. Our results showed that frequency-
dependent alterations to normal dynamic behavior can be found in patients with MCI and AD, 
both in non-stationarity and recurrence structure. Patients with MCI showed signs of patterns of 
abnormal state recurrence in the theta (4–8 Hz) and beta (13–30 Hz) frequency bands that became 
more marked in AD. Moreover, abnormal non-stationarity patterns were found in MCI patients, but 
not in patients with AD in delta (1–4 Hz), alpha (8–13 Hz), and gamma (30–70 Hz). Significance. The 
alterations in normal levels of non-stationarity in patients with MCI suggest an initial increase in 
cortical activity during the development of AD. This increase could possibly be due to an impairment 
in neuronal inhibition that is not present during later stages. MCI and AD induce alterations to the 
recurrence structure of cortical activity, suggesting that normal state switching during rest may be 
affected by these pathologies.
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constantly engaged in multiple interactions during 
rest, with neuronal activity in different brain regions 
dynamically changing at variable time scales [2].

Dementia due to Alzheimer’s disease (AD) is a 
neurodegenerative pathology characterized by the 
perturbation of normal neural activity patterns and 
dynamics [1, 4]. Mild cognitive impairment (MCI) is 
usually considered a prodromal stage of AD [5]. The 
cognitive decline in people who develop dementia due 
to AD can be very subtle at first. This means that the 
distinction between normal aging and MCI, as well 
as the transition between MCI and AD can become 
blurred [5]. Consequently, and since many patients 
with MCI progress to AD at a later stage, it has been 
proposed to interpret MCI and dementia due to AD as 
a continuum [5]. A set of diagnostic criteria has been 
established to distinguish between normal aging, MCI 
and AD [5]. It has been reported that patients with 
MCI show subtle abnormal patterns of local neuronal 
activation compared to healthy controls, which could 
be an early indicator of neuronal degeneration leading 
to AD [6, 7]. An accurate characterization of MCI is 
essential in order to achieve an early diagnosis of AD.

MCI and dementia due to AD have been studied 
with many whole-brain imaging methods [8]. EEG 
is a low-cost imaging method widely used in clinical 
settings that measures the electrical activity generated 
by the synchronized firing of cortical neurons [6]. Fur-
thermore, its high temporal resolution enables direct 
characterization of spontaneous cortical oscillatory 
activity and potentially fast brain dynamics [9]. EEG 
has already proven its usefulness to characterize brain 
dynamics [4], thus making it an ideal tool for studying 
alterations to normal brain dynamics during rest.

Many of the measures previously applied to EEG 
resting-state recordings in order to characterize its 
properties are derived from Fourier analysis, which 
entails the assumption of stationarity of the data. This 
limitation could lead to spurious results when over-
looked [10]. EEGs are inherently non-stationary, espe-
cially in the time windows needed for the characteri-
zation of spontaneous oscillatory activity [11]. In the 
present study, we addressed the characterization of the 
dynamic properties of EEG activity by means of two 
distinct methodologies robust against the aforemen-
tioned limitations: wavelet analysis [12] and recur-
rence quantification analysis (RQA) [10]. The former 
allows the analysis of the time evolution of frequency 
patterns with optimal time-frequency resolution [12]. 
The latter is able to analyze recurrence plots (RPs) 
which enables the extraction of properties related to 
the dynamic behavior of a system [10]. These prop-
erties were selected in order to be able to characterize 
dynamic neuronal interactions, following the notion 
of rest as an intrinsically active state [3].

This research work is based on two preliminary 
studies. In one of them, we applied wavelet-based 
Kullback–Leibler divergence (KLD) to a small data-
base of 18 healthy controls, 10 patients with MCI and 

32 patients with dementia due to AD. We found that 
the level of non-stationarity during rest in the 1–70 
Hz frequency range increased with the severity of the 
disease [13]. In another work, we used TREND, a RQA-
based measure, to evaluate dynamic neuronal patterns 
in healthy controls and patients with AD. We found 
that AD induced a frequency-dependent pattern of 
alterations in EEG activity during rest [14]. However, 
TREND only measures drifts or trends in non-sta-
tionary processes [15], which limits its usefulness to 
characterize the dynamic behavior of the recurrence 
structure of the EEG. In the present study we aim to 
overcome the limitations of these past works. To this 
end, we performed an in-depth analysis of wavelet 
non-stationarity and applied two novel RQA measures 
able to characterize the unpredictability and sparsity 
of the recurrence structure.

The main hypothesis of the present study was 
that the MCI-AD continuum induces a frequency-
dependent pattern of alterations to the dynamic prop-
erties of single-channel resting-state EEG activity. 
These include non-stationarity, as well as the density 
and unpredictability of its recurrence structure. We 
also hypothesized that approaching these proper-
ties by means of different methods (time-frequency 
analysis and RQA) could reveal different alterations of 
brain dynamics and give a better understanding of the 
disease-induced abnormalities in cortical oscillatory 
activity.

To test this hypothesis, three measures were com-
puted. The first one was KLD, derived from the con-
tinuous wavelet transform (CWT), which is able to 
assess the level of non-stationarity of the system. KLD 
has proven its usefulness to successfully estimate EEG 
non-stationarity and characterize transient abnormal 
frequency-dependent activation patterns [16, 17]. The 
other two were novel RQA measures: the entropy of 
the recurrence point density (ENTRRR, which meas-
ures the unpredictability of the recurrence structure of 
a system) and the median of the recurrence point den-
sity (MEDRR , which measures the density of the recur-
rence structure, i.e. how recurrent a system is). Spe-
cifically, we will try to answer the following research 
questions: (i) do the level of non-stationarity and the 
recurrence structure of the EEG reveal frequency-
dependent alterations in patients with MCI and AD?; 
(ii) can different approaches to the characterization of 
the dynamic properties of the EEG reveal complemen-
tary information about disease-induced abnormali-
ties?; (iii) do the alterations to EEG non-stationarity, 
recurrence unpredictability and recurrence density 
reflect the progression of dementia? 

2. Materials

2.1. Subjects
The study sample was formed by 158 subjects: 43 
cognitively healthy controls, 66 patients with MCI 
due to AD and 49 patients with dementia due to AD. 
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The criteria of the National Institute on Aging and 
Alzheimer’s Association (NIA-AA) were followed to 
diagnose patients with MCI or dementia due to AD 
[18, 19]. The control group was composed of elderly 
subjects with no history of neurological or psychiatric 
disorders. The following exclusion criteria were 
used: (1) history or presence of another psychiatric 
or neurological disease; (2) uncommon clinical 
presentations or atypical course according to the NIA-
AA criteria; (3) advanced dementia (clinical dementia 
rating  =3); (4) institutionalized patients; and (5) 
medication that could affect EEG activity. The socio-
demographic characteristics of each group are shown 

in table 1.
All participants and caregivers were informed 

about the research and study protocol and gave their 
written informed consent. The study was approved by 
the Ethics Committee of the Río Hortega University 
Hospital (Valladolid, Spain) according to the code of 
ethics of the World Medical Association (declaration 
of Helsinki).

2.2. Electroencephalographic recordings
EEG signals were recorded by means of a 19-channel 
EEG system (XLTEK®, Natus Medical) at the 
Department of Clinical Neurophysiology of the Río 
Hortega University Hospital, Valladolid, Spain. EEG 
activity was recorded following the specifications of 
the international 10–20 system from electrodes Fp1, 
Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, T3, T4, T5, T6, Pz, 
P3, P4, O1, and O2, at a sampling frequency of 200 Hz. 
The signals were re-referenced by means of common 
average referencing. Subjects were asked to remain 
with their eyes closed, still and awake during the 
acquisition of the EEG. In order to prevent sleepiness, 
EEG traces were visually monitored on real time 
and subjects were asked to remain awake if signs of 
drowsiness were found. Drowsiness episodes, eye-
movement related artifacts and muscle activity were 
identified and marked during the course of the EEG 
recordings.

Five minutes of EEG activity were recorded for 
each subject. They were preprocessed in three steps 
[20]: (i) preliminary independent component analy-
sis to remove components related to artifacts; (ii) finite 
impulse response filtering (Hamming window, filter 
order 2000, forward and backward filtering) to remove 

50 Hz noise power and to limit spectral content to the 
wide frequency band of [1 70] Hz; and finally (iii) vis-
ual rejection of the remaining artifacts, selecting the 
first 60 consecutive seconds without noise contamina-
tion for each subject.

3. Methods

Three measures were computed from the artifact-
free 60 s EEG recordings: KLD, ENTRRR and MEDRR . 
The three measures were computed on 10 s epochs by 
means of a sliding window technique with no overlap 
[14]. KLD was computed from the CWT of each 10 s 
epoch, while ENTRRR and MEDRR  were derived from 
the RP of each 10 s segment. All three measures were 
computed in the conventional frequency bands: delta 
(δ, 1–4 Hz), theta (θ, 4–8 Hz), alpha (α, 8–13 Hz), beta-
1 (β1, 13–19 Hz), beta-2 (β2, 19–30 Hz) and gamma 
(γ , 30–70 Hz), as well as in the global (1–70 Hz) 
frequency band. The 60 s recordings were filtered in the 
frequency bands under study before the computation 
of the RPs, by means of FIR filters (Hamming window, 
filter order 2000, forward and backward filtering).

KLD measures the level of non-stationarity of each 
EEG segment and its computation is described in sec-
tion 3.1. ENTRRR and MEDRR  quantify the unpredict-
ability of the recurrence structure and the recurrence 
density of each EEG segment, respectively. Their com-
putation is described in section 3.2.

After computation, all measures were averaged 
across epochs, thus reducing the data to 19 × 7 (elec-
trodes × frequency bands) matrices for each subject.

3.1. Time-frequency analysis
The implementation of KLD in the present study 
is based on the time-frequency analysis. This term 
encompasses a variety of methods and techniques 
that aim to capture temporal information about the 
spectral content of the EEG [21]. These methods are 
based in the decomposition of the EEG into time-
frequency representations (TFR). They provide 
information about neural synchrony that is not 
apparent in the ongoing EEG, including which 
frequencies display the most power at specific time 
points [21]. These power shifts are often assumed to 
reflect underlying changes in neural synchrony, which 
makes time-frequency-derived measures useful to 

Table 1. Socio-demographic and clinical data. AD: Alzheimer’s disease; MCI: mild cognitive impairment; m: median; IQR: interquartile 
range; M: male; F: female; A: primary education or below; B: secondary education or above; MMSE: mini-mental state examination.

Group

Data Controls Patients with MCI Patients with AD

Number of subjects 43 66 49

Age (years) (m[IQR]) 75.8[74.0, 78.7] 77.3[72.6, 80.7] 79.1[75.8, 82.4]

Sex (M:F) 13 : 30 29 : 37 22 : 27

Education level (A:B) 16 : 27 40 : 26 35 : 14

MMSE (m[IQR]) 29.0[28.0, 30.0] 27.0[26.0, 28.0] 22.0[19.3, 23.3]

J. Neural Eng. 17 (2020) 016071
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assess variations in dynamic properties of the EEG, 
such as non-stationarity [17]. Furthermore, they do 
not assume stationarity, as opposed to traditional 
spectra-based frequency analysis [17].

There are different methods to estimate a TFR 
for time-frequency analyses, such as the short-time 
Fourier transform (STFT) or the Hilbert transform. 
In general, longer time windows provide higher fre-
quency resolution and lower temporal resolution, 
which is a limitation of the STFT. An alternative 
method is the CWT. The CWT is conceptually related 
to the STFT [22], but it is more adequately suited to 
the study of EEG dynamics. The CWT overcomes the 
aforementioned trade-off between time and frequency 
resolution [23]. Wavelet analysis allows flexible con-
trol over the resolution, facilitating the localization of 
neuroelectric components and events in time and fre-
quency [24]. For this reason, the CWT was chosen to 
estimate the TFR in the present study.

3.1.1. Continuous wavelet transform (CWT)
Several parameters need to be adjusted for the 
computation of the CWT. In this study the Morlet 
wavelet was used as mother wavelet, as it is a biologically 
plausible fit to the EEG signal [21]. The parameters 
center frequency and bandwidth were set to 1 in order 
to achieve an adequate balance between the time (∆t) 
and frequency resolution (∆f ) at low frequencies [25]. 
The width of the Heisenberg box was chosen to be two 
times ∆t and ∆f  as a tradeoff between temporal and 
frequency resolution [25].

The computation of the CWT over a finite-time 
length series results in errors at the beginning and 
end of the wavelet power spectrum. To overcome this 
limitation, zero padding is introduced at the beginning 
and end of the epoch [26]. However, this introduces 
discontinuities at the edges where the CWT compu-
tation is unreliable. To overcome this problem, the 
cone of influence (COI) was taken into account when 
computing KLD. The COI is the region of the wavelet 
spectrum in which the edge effects can be ignored [26], 
thus avoiding the distortions introduced by zero pad-
ding. KLD (described in section 3.1.2) was computed 
from the CWT of each EEG epoch.

3.1.2. Kullback–Leibler divergence
Considering an EEG time series x(t) = {x1, x2, . . . , xN},  
let tfr( fi, n∆t) be its CWT scalogram (square of the 
absolute value of the CWT) at each frequency f i and time 
point n∆t . The marginal frequency distribution tfr(f i) 
can be computed as follows:

tfr( fi) =
1

N

n=N∑
n=1

tfr( fi, n∆t). (1)

Afterwards, the temporal TFR distribution pfi,n∆t is 
calculated:

pfi,n∆t =
1

N

tfr( fi, n∆t)

tfr( fi)
. (2)

KLD measures the discrepancy between two 
distributions pfi,n∆t and qfi,n∆t and is calculated as 
follows [17]:

KLD( fi) =

n=N∑
n=1

log2

qfi,n∆t

pfi,n∆t
. (3)

In this implementation of KLD, qfi,n∆t  
corresponds with a uniform distribution in the 
time domain {qfi,n∆t = q0 = 1/N}. If the signal 
is stationary, tfr( fi, n∆t) is constant at each f i (i.e. 
tfr( fi, n∆t) = tfr( fi), that is, tfr( fi, n∆t) has the same 
value for any n∆t . This would result in KLD(f i)  =  0). 
KLD will increase as the signal becomes less stationary 
at a given frequency f i [16]. Thus, KLD can be inter-
preted as an indicator of the non-stationarity of the 
TFR. KLD was computed by means of the CWT in the 
[1 70] Hz frequency range and then averaged in the fre-
quency bands under study, with the COI being applied 
to the wavelet beforehand.

3.2. Recurrence plots
Recurrence (‘returning to previous states’) is a 
fundamental property of many dynamical systems in 
a variety of areas of research, including economics, 
population dynamics, meteorology and brain 
dynamics [15]. RPs are two-dimensional plots that 
represent a binary symmetric square recurrence 
matrix and help to visualize the periodicity patterns of 
such dynamical systems [15, 27, 28].

Considering a scalar and discrete EEG time series 
x(t) = {x1, x2, . . . , xN}, the multidimensional pro-
cess of x(t) as a trajectory in m-dimensional phase 
space Xi can be reconstructed by means of the time 
delay method [15]:

Xi =
m∑

k=1

xi+(k−1)τ�ek, (4)

where m is the embedding dimension and τ  is the 
time delay. �ek  are unit vectors spanning an orthogonal 
coordinate system. In their original definition, RPs are 
symmetric N × N  binary arrays [15]:

Ri,j(ε) = Θ(ε− ‖Xi − Xj‖), (5)

where ε is a threshold, Θ(·) is the Heavyside function 
and ‖ · ‖ is a norm (in this case the commonly used 
Euclidean norm [15, 28]). An overly large ε will cause 
artifacts, while a small ε will lead to a lack of recurrence 
points [15]. Thus, the threshold ε must be carefully 
selected. It has been shown that for EEG data, a rule 
of thumb for the threshold selection is 0.25 of the 
standard deviation of the data [29]. Examples of the 
computation of RPs from an EEG epoch can be seen 
in figure 1.

J. Neural Eng. 17 (2020) 016071



5

P Núñez et al

The embedding parameters delay (τ ) and dimen-
sion (m) need to be chosen carefully [15]. These param-
eters were optimized in a previous work [14]. Specifi-
cally, they were optimized by means of the widely used 
mutual information function and the nearest neigh-
bors algorithm [15], respectively, for each frequency 
band under study. The delay τ  was set to 22 samples for 
the delta band, 8 samples for the theta band, 5 samples 
for the alpha band, 3 samples for the beta-1 and beta-2 
bands and 4 samples for the gamma band [14]. The 
embedding dimension m was set to 4 for all bands [14]. 
An embedding dimension of 4 might seem small for 
physiological data time series, such as EEG. However, 
other studies analyzing EEG recordings by means of 
RPs have used a variety of values for m, ranging from 3 
to 11 [29–31]. All these studies used the mutual infor-
mation and nearest neighbors algorithm to optim-
ize τ  and m. This suggests that these values are highly 
dependent on the sampling frequency and length of 

the epochs from which RPs are computed [28]. Moreo-
ver, EEG recordings are inherently noisy, and an overly 
high embedding dimension will amplify this noise to 
the detriment of real dynamics [10], which further 
supports our obtained value of m  =  4.

The embedding parameters m, τ  and ε were fixed 
for every subject in order to ensure fair compariso ns 
between subjects, even though in an inherently 
dynamic system, such as the EEG, these parameters 
might change with time and for each subject. This way, 
the RPs were constructed from a common phase space 
[28].

3.2.1. Recurrence quantification analysis
RQA encompasses a series of techniques and 
strategies aimed at objectively characterizing RPs 
by means of descriptive variables [10]. RQA allows 
the quantification of the small scale structures in 
RPs [15]. RQA measures can be applied directly to a 

Figure 1. Computation of ENTRRR and MEDRR  for a representative subject from each group (C, MCI and AD). Panel (a) shows a 10 
s EEG epoch filtered in the theta band (Pz channel). Panel (b) displays the RP computed from the EEG epochs in (a), while panel (c) 
shows the corresponding recurrence point density (RRτ ). Finally, panel (d) displays the probability density function (pRRτ) of RRτ  
in panel (c). The red line corresponds to MEDRR , while ENTRRR is computed from pRRτ.

J. Neural Eng. 17 (2020) 016071
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global sequence, but a windowed application of RQA, 
such as the one used in the present study, enables 
the observation of changes in the autocorrelation 
structure of the series over time [10]. Different small-
scale structures can be observed in RPs. The main 
ones are: single recurrence points (when states are 
rare or fluctuate strongly [15]), diagonal lines (when 
a segment of the trajectory in phase space runs almost 
in parallel to another [15]), and vertical lines (a time 
interval in which the state does not change [15]).

RQA measures can be based on the recurrence den-
sity, on diagonal lines, or on vertical lines [32]. RQA 
measures based on diagonal structures were chosen 
for this study as they have the advantage of being less 
sensitive to embedding than those based on vertical 
ones [32]. Many RQA measures based on diagonal 
structures have been proposed: the ratio of diagonal 
lines in the RP (DET), which has been interpreted as 
a measure of the predictability of the system [15]; the 
average diagonal line length (L), which represents the 
mean prediction time [15]; and the Shannon entropy 
of the probability of finding diagonal lines of exactly 
length l (ENTR), which has been said to reflect the 
diagonal complexity of the RP [15], among others. 
Another subset of these RQA measures are those based 
on the distance to the main diagonal (line of identity, 
LOI). These include DETτ  (the proportion of diagonal 
lines to all recurrence points) and Lτ  (the mean length 
of the diagonal structures on each diagonal parallel to 
the LOI) [15]. In particular, the τ -recurrence rate for 
the diagonal lines with distance τ  from the LOI (recur-
rence point density) is defined as [15]:

RRτ =
1

N − τ

N−τ∑
i=1

Ri,i+τ . (6)

This measure can be considered as a generalized auto-
correlation function and can be seen as the probability 
that a state recurs to its ε-neighbourhood after τ  time 
steps [15]. The main measure based on RRτ  is TREND, 
which provides information on the non-stationarity 
of a process [15].

Many of the measures based on diagonal lines have 
limitations that prevent them from fully characterizing 
the dynamic behavior of the EEG. For the computation 
of DET, ENTR and L one has to establish a threshold 
for the minimum diagonal size, which is not trivial and 
could decrease its reliability [15]. Furthermore, while 
TREND is able to characterize the non-stationarity 
of the system, it is better suited to characterize drifts 
or trends due to its nature as a linear regression coef-
ficient over RRτ  [15]. Drifts or trends are only a subset 
of possible non-stationarities, thus limiting the ability 
of KLD to characterize non-stationary EEG epochs.

In this study we have introduced two novel meas-
ures based on RRτ  that overcome the aforementioned 
limitations. The first one, ENTRRR, is able to character-
ize the the unpredictablity of the recurrence structure 
of the EEG epoch. The second one, MEDRR , is able to 
characterize the density of the RP, and gives a general 

idea on the degree of recurrences of an EEG epoch (i.e. 
how often it returns to previous states). Both ENTRRR 
and MEDRR  were calculated by first FIR filtering the 
whole 60 s segments in the frequency bands and then 
conducting the RQA analysis described in the follow-
ing sections on the 10 s epochs for each band (see fig-
ure 1).

3.2.2. Entropy of the recurrence point density
The entropy of the recurrence point density 
(ENTRRR) characterizes the unpredictability of RRτ  
by computing the Shannon entropy of its probability 
distribution. This measure is a quantification of the 
unpredictability of state recurrence as a function 
of the distance τ  between points in the phase space 
trajectory. By measuring how unpredictable RRτ  is, 
we can characterize its structural richness across τ  
[33]. For example, a low ENTRRR value would indicate 
an overall homogeneous distribution of RRτ , while 
a heterogeneously distributed RRτ  would result in 
higher values. Thus, ENTRRR can be interpreted as a 
measure of how unpredictable the state recurrence 
structure of the signal is over time. ENTRRR can be 
computed as follows:

ENTRRR =
−
∑M

i=1 pRRτ
(i) log( pRRτ

(i))

log(M)
, (7)

where pRRτ is an estimation of the probability density 
function of RRτ  and M is the number of bins of pRRτ. In 
this study the number of bins was set to 100 with edges 
between 0 and 1 (the minimum and maximum values 
of RRτ ). The set number of bins was chosen to enable 
fair comparisons and due to the empirical observation 
that the optimal number for most distributions in 
our dataset was in the range of 90–100 (Freedman–
Diaconis rule [34]). Figure 1 illustrates how ENTRRR 
is computed.

3.2.3. Median of the recurrence point density
The other measure introduced in the current study is 
the median of the recurrence point density MEDRR . 
This measure provides information on the density of 
the RP while avoiding the effects of abnormally high 
or low recurrence density at specific τ  values. When 
a signal has a high MEDRR  it means that the system 
is highly recurrent (i.e. it often returns to previous 
states). On the other hand, a low value means that the 
recurrence structure of the signal is sparsely populated, 
indicating that the system tends to not return to 
previous states. It can thus be seen as a less skewed 
version of the recurrence rate and can be interpreted as 
an indicator of the sparsity of the recurrence structure 
of the signal. Figure 1 shows the computation of 
MEDRR .

3.3. Statistical analyses
We carried out an exploratory analysis to 
assess the distribution of KLD, ENTRRR and 
MEDRR . Normality was assessed with the Lilliefors 
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test, while homoscedasticity was assessed with the 
Levene test. The results showed that KLD, ENTRRR 
and MEDRR  values did not meet parametric tests 
conditions. Thus, between-group differences were 
assessed with non-parametric tests.

We performed Kruskal–Wallis tests on the grand-
average (average of all electrodes) KLD, ENTRRR and 
MEDRR  values in each frequency band to detect global 
interactions between the three groups. Afterwards, 
Mann–Whitney U-tests were conducted to assess 
grand-average and spatial pairwise between-group 
differences for KLD, ENTRRR or MEDRR  in each fre-
quency band.

A false discovery rate (FDR) correction was used 
to control for type I error, [35]. FDR correction was 
applied to control for the number of electrodes, with 
a significance level of α = 0.05. Signal processing and 

statistical analyses were performed using MATLAB
R©

 
(version R2018a Mathworks, Natick, MA).

4. Results

4.1. Analysis of socio-demographic and clinical 
data
In order to assess possible differences between groups 
that could act as confounding factors, statistical 
analyses were conducted over all socio-demographic 
and clinical data. Subjects were matched by age 
(χ2(2) = 5.47, p   =  0.065, Kruskal–Wallis test) and 
sex (χ2(2) = 2.35, p   =  0.309, Chi-squared test). The 
subject groups were not matched by education level 
(χ2(2) = 16.25, p   <  0.001, Chi-squared test). In order 
to test whether the mismatch could have an effect 
on the between-group comparisons, we tested for 
statistical differences in grand-average KLD, ENTRRR 
and MEDRR  between subjects with education level 
A and B for all groups (Mann–Whitney U-test). No 
statistical differences for any of the measures in any 
group or band were found (p   >  0.05).

As expected, MMSE scores were lower in patients 
with AD compared to controls (U  =  3.035, p   <  0.001, 
Mann–Whitney U-test) and patients with MCI 
(U  =  3.224, p   <  0.001, Mann–Whitney U-test). 
MMSE scores were lower in patients with MCI com-
pared to controls (U  =  8.004, p   <  0.001, Mann–Whit-
ney U-test).

4.2. Grand-average analyses
The grand-average values for KLD, ENTRRR and 
MEDRR  over all electrodes for each frequency band are 
displayed in figure 2. Statistically significant between-
group differences (p   <  0.05, Kruskal–Wallis test with 
FDR correction) were found for all measures in the 
theta (KLD: χ2(2) = 15.59, p   =  0.003; ENTRRR:  
χ2(2) = 17.45, p   <  0.001; MEDRR: χ2(2) = 16, 74, p   =  
0.001), beta-1 (KLD: χ2(2) = 8.68, p   =  0.019; ENTRRR :   
χ2(2) = 17.49, p   <  0.001; MEDRR : χ2(2) = 16.08,  
p   = 0.001) and beta-2 bands (KLD: χ2(2) = 12.14,   
p   =  0.008; ENTRRR: χ2(2) = 10.71, p   =  0.008; 

MEDRR : χ2(2) = 9.23, p   =  0.023). KLD also 
displayed statistically significant between-group 
differences in the delta (χ2(2) = 8.18, p   =  0.019), 
alpha (χ2(2) = 10.87, p   =  0.010) and gamma 
bands (χ2(2) = 7.97, p   =  0.019). Finally, KLD 
and ENTRRR displayed statistically significant 
between-group differences in the global frequency 
band (KLD: χ2(2) = 8.05, p   =  0.019; ENTRRR: 
χ2(2) = 11.39, p   <  0.001)

In the case of KLD, the results showed that, in the 
theta band, controls displayed the highest levels of 
non-stationarity, patients with AD had the lowest lev-
els overall and patients with MCI were in-between. The 
opposite behavior was found in the beta-1 and beta-2 
bands. Interestingly, in the delta, alpha and gamma 
bands (which only show statistically significant differ-
ences for this measure), patients with MCI displayed 
the lowest (alpha) and highest (delta, gamma, global) 
KLD values of all groups, while values for patients with 
AD were in-between healthy controls and patients 
with MCI. The post-hoc Mann–Whitney U-tests 
revealed that the groups were best differentiated in 
the theta band, where statistically significant differ-
ences were found for all pairwise comparisons. In the 
alpha, beta-2 and global bands, only the control group 
showed statistically significant differences with the 
other two groups, while in the delta and gamma bands 
only controls and subjects with MCI displayed statisti-
cally significant differences. Finally, in the beta-1 band, 
statistically significant differences were only found 
between controls and patients with AD.

The ENTRRR results indicated that, in the theta 
band, patients with AD had the most unpredictable 
recurrence structure, followed by patients with MCI 
and finally healthy controls. The opposite was observed 
in the beta-1 and beta-2 bands, while in the global 
band, the MCI group displayed the highest unpredict-
ability in the recurrence structure of all three groups. 
Finally, the MEDRR  values showed that, in the theta 
band, the sparsity of the recurrence structure increased 
with the severity of the disease. On the other hand, in 
the beta-1 band, the effect was the opposite. The post-
hoc Mann–Whitney U-tests revealed that statistically 
significant differences were only found between con-
trols and the other two groups.

4.3. Spatial analyses
Figure 3 shows topographic maps of the statistical 
differences (p   <  0.05, Mann–Whitney U-test with 
FDR correction) in all the frequency bands under 
study. Comparisons between patients with MCI and 
subjects with AD are not shown, as no statistically 
significant differences between those groups were 
found for any of the measures.

In the delta band, MCI patients showed localized 
patterns of increased KLD values compared to con-
trols in the central, frontal and left-temporal regions. 
The between-group comparisons in the theta band 
showed lower KLD and higher ENTRRR and MEDRR  
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for patients with MCI compared to healthy controls 
in the frontal and parieto-occipital regions, while 
patients with AD displayed widespread lower KLD 
and higher ENTRRR and MEDRR  than controls. Statis-
tically significant differences in the alpha band were, 
again, only found for KLD, with MCI patients show-
ing widespread reduced non-stationarity compared 
to controls. This effect was less significant in patients 
with AD, where the decrease in KLD compared to con-
trols was reduced. In the beta-1 band ENTRRR and 
MEDRR  showed similar patterns, with MCI patients 

having reduced values in the parieto-occipital region 
compared to controls and patients with AD exhibiting 
widespread lower values. Statistically significant differ-
ences between groups in this band were less marked for 
KLD, with only patients with AD having higher values 
in the parieto-occipital region compared to controls.

Spatial patterns were again similar for all three 
measures in the beta-2 band. Here, MCI patients 
showcased higher KLD and lower ENTRRR and 
MEDRR  than controls in the frontal, right-temporal 
and parieto-occipital regions. Patients with AD also 

Figure 2. Distribution plots depicting normalized grand-average values for (a) KLD, (b) ENTRRR and (c) MEDRR  in each frequency 
band under study. For each distribution plot, the lower bar represents the first quartile, the middle bar indicates the median and the 
top bar marks the third quartile. The whiskers mark the most extreme points not considered outliers and the red crosses represent 
the outliers. Statistically significant between-group differences are marked with blue rectangles (p   <  0.05, Kruskal–Wallis test, FDR 
corrected p -values). Statistically significant post-hoc pairwise differences are marked with red brackets (p   <  0.05, Mann–Whitney 
U-test, FDR corrected p -values).
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showed higher values for all three measures compared 
to controls. The statistically significant differences 
were localized in the right-temporal, parieto-occipital 
and left-temporal regions. In the gamma band, only 
MCI patients displayed higher KLD than controls in 
the temporal and parietal regions. Finally, in the global 
band, both KLD and ENTRRR were significantly higher 
in controls, with the differences being mostly local-
ized in the left hemisphere for KLD and widespread 
for ENTRRR. In order to further confirm the results, 
we also performed the grand-average analyses for each 
spatial region separately (frontal, left-temporal, right-
temporal, central and parieto-occipital) and found 
that the results mostly followed the ones in the spatial 
analyses (see supplementary material, figures S1–S5 
(stacks.iop.org/PMB/17/016071/mmedia)).

5. Discussion

In the present study, we investigated the dynamic 
behavior of EEG activity in healthy elderly controls, 
patients with MCI and with dementia due to AD by 
means of a set of measures based on the CWT and 
RQA. Our findings indicate that: (i) MCI and AD 
induce alterations in the level of non-stationarity, 
recurrence unpredictability and recurrence density; 
(ii) different approaches to analyze electrode-level 
EEG activity reveal distinct patterns of disease-induce 
abnormalities; (iii) the evolution of non-stationarity, 
recurrence unpredictability and recurrence density 
alterations support the notion of an MCI-AD 
continuum.

5.1. AD- and MCI-induced alterations of locally-
activated dynamic patterns
The main hypothesis of the present study was that 
there is a frequency-dependent pattern of alterations 
in the dynamic properties of resting-state EEG 
activity induced by MCI and AD. All measures showed 
statistically significant differences between the healthy 
controls and the groups affected by MCI or AD in the 
theta, beta-1 and beta-2 bands, while only KLD showed 
statistically significant abnormalities in the delta and 
gamma bands. Finally, both KLD and ENTRRR showed 
abnormalities in the global frequency band. Inspecting 
the patterns of statistically significant differences, a 
clear distinction can be made between the theta and 
beta bands. Specifically, the tendencies towards higher 
or lower non-stationarity, recurrence unpredictability 
and recurrence density are reversed in the beta bands 
(beta-1 and beta-2) compared to the theta band. 
Interestingly, the patterns in the global band follow 
those of the higher frequency bands for KLD and those 
of the lower frequency bands for ENTRRR.

In the theta band, KLD showed a decrease in left-
frontal and parietal non-stationarity in patients with 
MCI that extended to the whole scalp in patients with 
AD. On the other hand, an increase in ENTRRR and 
MEDRR  in MCI and AD patients was observed, with 

similar patterns to those of KLD. This indicates that 
MCI and AD may induce a decrease in the non-sta-
tionarity of low-frequency cortical oscillatory activ-
ity, as well as an increase in the unpredictability and 
the density of the recurrence structure. These results 
suggest that the increase in the stationarity of the EEG 
activity found in pathological subjects is accompa-
nied by both high number of recurrences, as well as a 
more unpredictable state recurrence structure. The 
latter result could seem counterintuitive in contrast 
to the decrease in non-stationarity, but it can be easily 
explained. The more non-stationary nature of the EEG 
activity in healthy controls induces more disruptions 
in the recurrence structure (diagonal bands in the RP 
whose value is equal to 0), thus decreasing the entropy 
of RRτ . The high density of the recurrence structure 
means that the oscillatory activity is relatively simi-
lar to itself across time compared to that of controls, 
which is associated to a stationary process [15] and is 
in agreement with the KLD results.

The results in the theta band agree with previous 
studies that reported a decrease in the irregularity and 
variability of the neural activity of AD patients [6, 36]. 
It has been shown that the reduced regularity in low 
frequencies observed in patients with MCI and AD is 
correlated with the widely reported slowing of EEG 
activity found in those diseases [36]. A slight nega-
tive relation between KLD and relative power has been 
reported [16]. This fact could indicate that the decrease 
in theta band non-stationarity might partially be a 
consequence of the increase in overall power in low 
frequencies that occurs in MCI and AD. This would 
be in agreement with other studies that found that the 
frequency shift in dominant power for MCI patients 
is slightly less marked than the one found in patients 
with AD [6, 37]. Indeed, the KLD results in the alpha 
band further support this theory: as can be observed in 
figure 3, MCI patients displayed a widespread decrease 
in non-stationarity compared to controls that was 
much less pronounced in patients with AD.

It is commonly thought that the earliest AD-
induced changes are an increase in theta and a decrease 
in beta activity, followed later by a decrease in alpha 
activity [37]. However, our results suggest that alpha 
activity may be increased in patients with MCI. This 
leads to a decrease in non-stationarity, before increas-
ing again at a later stage. The increase in alpha activ-
ity could be seen as a compensatory mechanism of the 
brain that occurs in response to the loss of cognitive 
efficiency induced by MCI [38, 39]. However, it has 
also been stated that excessive neuronal activity dur-
ing AD pathogenesis, which has been linked to the 
development of β-amyloid plaques, may not be com-
pensatory but pathological and could induce a disrup-
tion of brain dynamics [40]. It has been proposed that 
the cause of the pathological increase in neural activ-
ity is due to an impairment in neuronal disinhibition 
[40]. This causes an increase in spike density before 
the slowing finally sets in [40] and may be induced 
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by β-amyloid depositions [41]. In particular, acetyl-
cholinesterase (AChE) has been shown to promote 
the aggregation of β—amyloid [42] and a deficit of 
cholinergic innervation has been observed in the tem-
poral neocortex patients with MCI, which has been 
suggested to be an early sign of pre-dementia neurode-
generation [42]. This spiral of increasing activity could 
be reflected in the more stationary alpha oscillations 
found in MCI patients. Furthermore, there is evidence 
that hyperactivation in MCI may reflect early excito-
toxicity [43].

In contrast to the lower frequencies, beta non-sta-
tionarity was increased in pathological subjects, with a 
localized increase in the parietal area for MCI patients 
that extended to the frontal region in patients with AD, 
while leaving the central area unaffected. In contrast to 
the between-group alpha differences, this change was 
also reflected in a reduction of the RQA measures, and 
can also be observed in the right-temporal region. The 
reduction of the RP density and unpredictability of 
RRτ  can be interpreted as a system that does not return 
to previous states. The beta band has been associated 

with the preservation of the current brain state dur-
ing a working memory task [44] and has been found 
to reflect diminished synchronization in AD [45]. Our 
results could suggest that it is also involved in state 
maintenance during rest, which seems to be impaired 
in MCI and AD.

Differences in the delta and gamma bands were 
only found between controls and patients with MCI 
using KLD. Previous studies found a reduction in 
irregularity and complexity in the delta band [6]. An 
increase in delta EEG power has also been reported 
in MCI patients [46]. Our results suggest that a slight 
increase in delta non-stationarity in the central region 
appears during the early stages of dementia due to AD. 
However, this increase is not reflected in any changes 
to the normal recurrence structure of this frequency 
band, perhaps due to this increase not being significant 
enough to alter the normal recurrence structure of 
oscillatory activity. It has been stated that gamma oscil-
lations decrease as part of the normal aging process, 
supporting their possible relevance for MCI and AD 
[47]. Gamma activity has not been widely studied in 

Figure 3. Topographic maps of the statistical comparisons between healthy controls and MCI patients (HC versus MCI), and 
healthy controls and patients with AD (HC versus AD) in the traditional frequency bands and the global band for KLD, ENTRRR and 
MEDRR . Warm colors indicate that the second group displayed statistically significant higher values than the first group (p   <  0.05, 
Mann–Whitney U-test with FDR correction), while cold colors represent the opposite.
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MCI and AD by means of EEG, as this band displays an 
unfavorable signal-to-noise ratio [48]. However, it has 
been shown that gamma synchronization is disrupted 
in AD, suggesting an impairment in neural informa-
tion processing [48]. Furthermore, and more in line 
with our results, a reduction in gamma functional con-
nectivity in patients with MCI was previously reported 
[49]. The aforementioned studies were focused on 
functional connectivity, but our results suggest that the 
increase in non-stationarity in patients with MCI may 
reflect an early disruption of normal locally activated 
gamma activity that is not present in AD. This may 
suggest that gamma disruption could also be a sign of 
early neurodegeneration.

Both global non-stationarity and the unpre-
dictability of RRτ  were increased in the MCI group 
compared to controls. These results are particularly 
interesting, since they suggest that higher frequency 
non-stationarity patterns are dominant in the MCI 
group, while global RQA unpredictability in this group 
is closer to the patterns found in lower frequencies. 
The results for KLD further support the hypothesis 
of an impairment in neuronal disinhibition in MCI 
patients, as excessive neuronal activity leading to the 
highest non-stationarity level of all three groups can 
be observed in a wide frequency spectrum [40]. The 
observed ENTRRR increase in MCI subjects in the 
global band was not coupled with a statistically sig-
nificant increase in RRτ , which indicates that EEG 
recurrences are more unpredictable in MCI subjects 
than in controls in the wide 1–70 Hz band, but not sig-
nificantly denser. This could suggest that global EEG 
activation in MCI subjects returns to previous states a 
similar number of times than controls, but these recur-
rences happen in a more irregular and unpredictable 
way. This could perhaps be linked to the aforemen-
tioned increase in non-stationarity and imply that 
early neurodegeneration can be observed in the overall 
EEG activity. However, the study of the dynamic EEG 
properties in AD patients benefits more from the fine-
grained analysis of frequency band separation.

It has been found that the overall average duration 
of microstates in AD is significantly shorter than that 
of healthy controls [50]. Furthermore, it has been sug-
gested that abnormalities in resting-state preclinical 
AD can be also be detected [50]. ENTRRR revealed that 
there were significant differences in the global unpre-
dictability of the recurrence structure in patients with 
MCI and AD compared to controls. The concept of 
microstates and their dynamic changes is intrinsically 
linked to the grand-average dynamic recurrent behav-
ior of all the EEG channels. EEG microstates have been 
interpreted as maps generated by coordinated activity 
of neural assemblies, while their trans itions express the 
activation of different brain networks [50]. As previ-
ously stated, the increase in global recurrence unpre-
dictability observed in patients with MCI and AD 
means that EEG activity does not remain in a similar 
state for long, but does return to similar states often. 

In contrast, healthy controls show less dynamic recur-
rent behavior, which could mean that their EEG states 
remain stable for longer times. This is further sup-
ported by KLD showing that global EEG activity is 
more non-stationary in MCI and AD than in healthy 
aging.

5.2. Differences in local activation patterns between 
measures
The second research question was whether different 
methods of measuring the dynamic properties of 
locally-activated EEG activity (CWT and RQA) could 
reveal distinct disease-induced abnormalities in 
cortical oscillatory activity. Our results indicate that 
both methods share information. On one hand, the 
time-frequency approach reveals specific patterns in 
the delta, alpha and gamma bands. On the other hand, 
RQA presents beta-1 patterns of decreased RP density 
and unpredictability in MCI patients that the CWT-
derived KLD fails to show. This could suggest that 
each of the approaches can extract complementary 
information. Perhaps KLD is more appropriate to 
characterize the evolution of the spectral content 
of the EEG thanks to the variable resolution of the 
CWT. The RQA measures might be better suited 
to characterize temporal transitions and changing 
dynamics of the state recurrence of the neural 
system. However, alternative explanations should be 
considered: KLD could simply be more sensitive to 
alterations to normal EEG oscillatory activity than 
RQA measures. This could be due to the embedding 
parameters that have to be chosen in RPs, which could 
obfuscate the true recurrence structure of the system, 
generating spurious correlations [15]. We tried to 
limit this by optimizing the parameters in a previous 
study [13]; however, there are no optimal values for the 
embedding dimension and delay, and noise will always 
have an effect to the detriment of real dynamics [51].

The grand-average values of ENTRRR and MEDRR  
showed different distributions compared to one 
another. However, the statistically significant differ-
ences displayed very similar spatial patterns through-
out all frequencies, with the MEDRR  differences being 
less significant in general. This can be explained as a 
direct consequence of the definition of ENTRRR. A 
RP with many disruptions to the recurrence structure 
(white diagonal bands) will have many points where 
RRτ  is close to 0, thus leading to a lower MEDRR  value. 
This will also decrease ENTRRR, as the unpredict-
ability of the system will go down. It is worth point-
ing out, however, that ENTRRR and MEDRR  do not 
necessarily have to show similar patterns. For exam-
ple, an extremely highly populated RP would have a 
MEDRR  of almost 1 but its ENTRRR would be close to 
0. MEDRR  displayed localized significant differences 
in the left hemisphere that ENTRRR failed to show, 
which indicates that the information that MEDRR  pro-
vides may not be entirely redundant. What our results 
suggest is that MCI and AD affect recurrence density 
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and  unpredictability in a similar way: the recurrence 
structure of resting-state EEG activity of MCI and AD 
patients is both more dense and more unpredictable 
in the theta band, while the opposite is true in the beta 
band. This means that when the recurrence density 
increases for MCI and AD patients, it does so in a non-
regular fashion across the RP. When the recurrence 
density decreases, the RP is more homogeneously 
populated.

5.3. Evolution of locally-activated dynamic 
properties through the MCI-AD continuum
While MCI has been considered a prodromal stage of 
AD [5], there is currently no consensus on whether it 
actually is a transitional state between normal aging 
and AD or simply represents a state of increased risk 
of developing AD [52]. Our results provide interesting 
information on this hypothesis. RQA measures in the 
theta and beta-2 bands reveal patterns of statistical 
differences between controls and patients with MCI 
that become more significant in AD. KLD shows 
similar results in the alpha band, except the patterns 
become less significant when comparing with AD 
patients. Interestingly, delta, alpha and gamma KLD 
in MCI show patterns of statistical differences with 
controls that either disappear or become less marked in 
AD patients. As previously discussed, the results in the 
alpha band are especially interesting for the hypothesis 
that MCI and AD constitute a continuum. Our 
results support the notion that MCI patients display 
abnormally high activity as a sign of AD pathogenesis 
[40]. The alpha activity is less non-stationary than 
the one found in healthy controls, indicating that the 
neuronal oscillations are more structured than that 
of normal aging. This could mean that, during the 
early stages of AD, a cascade of increasing stationary 
activity that alters the normal state switching develops. 
This increased activity may not be a compensatory 
mechanism but a consequence of impaired inhibitory 
neurons, which might be linked to the development 
of amyloid plaques [40]. This could explain why the 
activity becomes more homogeneous, as opposed to 
the normal, more dynamic behavior. Later, when MCI 
has progressed to AD, this increased activity in the 
alpha band disappears and abnormal oscillations start 
becoming more present in the theta band, as has been 
reported in other studies [36, 53].

Our findings support the notion that alterations 
of dynamic resting-state EEG activity might be reflec-
tive of the evolution of neurodegeneration with the 
progression of AD. It has been found that the regions 
conforming the default mode network (DMN) cor-
respond to a high degree with high aerobic glycolysis 
regions [54]. It has been speculated that the elevated 
aerobic glycolysis in these areas acts as a defensive 
system against Aβ accumulation during aging, since 
drugs that increase aerobic glycolysis were shown to 
enhance neuronal survival in mouse AD models [54].
The high activation during rest found in patients with 

MCI could be related to the progressive deteriora-
tion of this pre-emptive protective mechanism. After 
the mechanism wears out with the progression of the 
 disease, the areas in the DMN would become more 
 susceptible to neurodegeneration, leading to more 
pronounced cognitive impairment.

5.4. Limitations and future research lines
The present study has several limitations that should 
be considered. Firstly, three parameters (threshold 
ε, embedding dimension m, and delay τ ) have to be 
carefully selected for an appropriate, artifact-free 
construction of RPs. While we tried to optimize these 
parameters with well-established methods, such as 
the mutual information function and the nearest 
neighbors algorithm, there is no set optimal method 
specific to this problem [55]. A possible alternative that 
could be used in future studies are unthresholded RPs, 
which are based on the correlation sum instead of a 
threshold [15]. Finding optimal values for embedding 
dimension m, and delay τ  is an interesting future 
research line, as it could lead to a more optimized 
computation of the RQA measures which would 
enable a more reliable comparison between the groups.

Secondly, further research is needed to confirm 
whether the patients with MCI in our database pro-
gress to AD at a later date. As it stands now, there may 
be two distinct subgroups of patients with MCI, one 
closer to AD and another to controls, which could 
explain the in-between behavior found in theta and 
beta. The results for KLD in the alpha, delta and gamma 
bands could support the notion of MCI being a distinct 
subgroup, as patients with AD did not show alterations 
in locally-activated oscillatory activity compared to 
controls. However, the aforementioned theta and beta 
behavior could support the notion of MCI and AD 
being a continuum. Nonetheless, it would be interest-
ing to perform a longitudinal study when the informa-
tion is available to gain a deeper understanding of the 
neural changes in MCI. This could help to arrive at a 
conclusion on whether MCI and AD are part of a con-
tinuum or distinct entities.

Finally, while this study focused on the dynamic 
properties of resting-state EEG activity, future research 
should focus on assessing whether the altered recur-
rence structures found in single channels for patients 
with MCI and AD could also be found in network state 
switching. To this end, RPs could be used to determine 
data-driven sliding windows in which the system is in 
the same state [56]. The results from the RQA meas-
ures suggest that state switching might be altered in the 
theta and beta bands for patients with MCI and AD. 
This is an especially interesting research line that we 
wish to pursue in future studies.

6. Conclusions

Our findings suggest that dynamic EEG resting-
state behavior is abnormal in patients with MCI and 
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AD, both in the level of non-stationarity and the 
recurrence structure, with the observed alterations 
being frequency-dependent. Furthermore, alterations 
to the normal recurrence structure suggest that MCI 
and AD induce changes to the normal state switching 
of the cortical activity.

We also showed that approaching the characteri-
zation of EEG dynamics by means of different meth-
odologies, based on the CWT and RPs is useful to 
reveal specific patterns of anomalous behavior. The 
results showed that alterations to non-stationarity in 
specific frequency bands might not be accompanied 
by aberrant recurrence structures and vice-versa. 
This could mean that these approaches might be use-
ful as potential complementary biomarkers for MCI 
and AD.
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