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Abstract - Alzheimer’s disease (AD) is the main cause of
dementia in western countries. Although a definite diagnosis of
this illness is only possible by necropsy, the analysis of nonlinear dynamics in electroencephalogram (EEG) signals could
help physicians in this difficult task. In this study we have
applied Approximate Entropy (ApEn) to analyze the EEG
background activity of patients with a clinical diagnosis of
Alzheimer’s disease and control subjects. ApEn is a newly
introduced statistic that can be used to quantify the complexity
(or irregularity) of a time series. We have divided the EEG
data into frames to calculate their ApEn. Our results show that
the degree of complexity of EEGs from control subjects is
higher. Applying the ANOVA test, we have verified that there
was a significant difference (p < 0.05) between the EEGs of
these groups.
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I. INTRODUCTION
Alzheimer's disease (AD) is a degenerative neurological
disease considered as the main cause of dementia in western
countries [1]. Clinically, AD manifests as a slowly
progressive impairment of mental functions whose course
lasts several years prior to death. The brain of AD patients
shows a diffuse atrophy of the cortex and, microscopically,
there exist neuritic plaques containing amyloid Aβ,
neurofibrillary tangles and deposits of amyloid in the walls
of the brain arteries. Although a definite diagnosis is only
possible by necropsy, a differential diagnosis with other
types of dementia and with major depression should be
attempted. Magnetic resonance imaging and computerized
tomography can be normal in the early stages of AD but a
diffuse cortical atrophy is the main sign in brain scans.
Mental status tests are also useful.
In these patients, the electroencephalogram (EEG) shows
generalized changes with a diffuse slowing of the
background activity [2]. Nevertheless, in the early stages of
the disease, the EEG may exhibit normal frequencies. In
several studies, the use of quantitative studies of the EEG
did not provide an important advantage – compared to the
visual analysis – when trying to differentiate AD patients
from controls and from those suffering a major depression
[3]. However, the analysis of non-linear dynamics in EEG
signals could improve medical diagnosis as well as the
understanding of physiological processes and their changes
due to disease. With this approach, new techniques have
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been applied to quantify differences in the EEG series. For
example, several stages of the human EEG were defined
according to the value of their correlation dimension (CD).
The analyses were performed on EEGs recorded from
normal individuals during deep sleep [4] and wakefulness
with alpha-wave activity [5]. It was shown that the
correlation dimension of the chaotic attractors decreases as
the brain activity switches from alpha waves (CD = 6.1 ±
0.5) to deep sleep (CD = 4.4 ± 0.1). In other studies, the
correlation dimension was estimated from the EEGs of
patients suffering from petit mal epilepsy [6] and the
Creutzfeldt-Jakob disease [7]. The results showed a decrease
in the correlation dimension of the two pathological states
when compared with the above results (CD = 3.8 ± 0.2 and
CD = 2.05 ± 0.09, respectively from Creutzfeldt-Jakob
encephalopathy and petit mal epilepsy). Thus, the
correlation dimension analysis furnishes an elegant method
for assessing and classifying various dynamic states of the
brain. In previous works, we have already applied this nonlinear method to assess cognitive function in schizophrenia
[8], and to study the EEG of epileptic patients [9].
However, there are some drawbacks in this non-linear
method that should be considered. The most important one
is that the Grassberger and Procaccia algorithm used to
estimate the CD assumes the time series to be stationary
[10], and this is generally not true with biological data.
In the study reported here, we have applied a different
method – approximate entropy (ApEn) – without the
shortcomings of the aforementioned one. The ApEn has
been used to quantify the regularity in the EEG background
activity of 7 patients with a clinical diagnosis of AD and 7
control subjects and to determine whether there are
differences or not between both groups.
II. METHODOLOGY
We have studied 7 patients (1 man and 6 women) with a
diagnosis of AD based upon history, clinical examination,
brain scans and a Mini-Mental State Examination (MMSE)
[11], generally accepted as a quick and simple way to
evaluate cognitive function. Patients with a mean age of
75.6 ± 6.0 were recruited from the University Hospital of
Valladolid, Spain. The control group of subjects without
past or present neurological disorders included 7 people (2
men and 5 women) with a mean age of 58.7 ± 3.5.
Electrodes were placed in accordance with the 10-20
system for the EEG recording. All electrodes were
referenced to the chin. The subjects were awake, relaxed, in
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a quiet state with closed eyes. EEG data were first processed
with a low-pass hardware filter at 100 Hz. Then, they were
sampled at 256 Hz, digitized to 12 bits, and digitally filtered
with a high-pass filter at 0.4 Hz and a low-pass filter at 70
Hz. A 50 Hz notch filter was also used to eliminate the noise
owing to the electrical mains. We recorded more than five
minutes of EEG from each subject. Firstly, a specialist
physician discarded the noisy parts at the beginning of the
recording and those corresponding to movements. This
analysis was done visually on all the EEG channels.
Besides, EEGs were organized in frames of 5 seconds (1280
points). Those frames began when the recording was stable
(i.e. the noisy parts at the beginning of the recording were
discarded).
In the analysis of the EEG background activity, we
could analyze EEG data corresponding to any lead.
However, we used the temporal series obtained from the
parietal electrode P3 following the advice of an
electroencephalographer, because there are less artifacts and
the rhythmical activity is more patent.
The correlation dimension (CD) is a method that has
been used to characterize the regularity of the systems and
time series. It is a measure of the complexity of the process
being investigated, which characterizes the distribution of
points in the phase space. The larger the CD of the attractor,
the more complicated the behavior of the non-linear system.
The traditional Grassberger and Procaccia algorithm [10]
assumes the time series to be stationary and noise free.
However, these assumptions are not generally true. The
stationarity constraints imposed on the time series data
results in the reduction of the scaling region, making the
calculation of CD error prone [12]. Hence, a different
algorithm is necessary to study with more accuracy the EEG
background activity.
Approximate Entropy (ApEn) is a recently formulated
family of parameters and statistics quantifying regularity
(orderliness) in serial data. It was first proposed by Pincus in
1991 [13] and has been used mainly in the analysis of heart
rate variability [14-15], endocrine hormone release
pulsatility [16], estimating regularity in epileptic seizure
time series data [12] and estimating the depth of anesthesia
[17]. ApEn is scale invariant and model independent,
evaluates both dominant and subordinant patterns in data,
and discriminates series for which clear feature recognition
is difficult. Notably it detects changes in underlying episodic
behavior not reflected in peak occurences or amplitudes
[18].
ApEn was introduced as a quantification of regularity in
sequences and time series data, initially motivated by
applications to relatively short, noisy data sets [13]. It
assigns a non-negative number to a sequence or time series,
with larger values corresponding to more instances of
recognizable features or patterns in the data. When applied
to EEG time series, larger values indicate higher complexity
[19]. Two input parameters, a run length m and a tolerance
window r, must be specified to compute ApEn. Briefly,
ApEn measures the logarithmic likelihood that runs of
patterns that are close (within r) for m contiguous

observations remain close (within the same tolerance width
r) on subsequent incremental comparisons. It is imperative
to consider ApEn(m,r) – or ApEn(m,r,N), where N is the
number of points of the time series – as a family of
parameters: comparisons are intended with fixed m and r
[20].
Formally, given N data points from a time series
<x(n)>=x(1), x(2), …, x(N), two input parameters, m and r,
must be fixed to compute ApEn, denoted precisely by
ApEn(m,r,N). To define ApEn, one should follow these
steps:
1) Form m-vectors X(1)~X(N-m+1) defined by:
X(i)=[x(i),x(i+1),…,x(i+m-1)] i=1~N-m+1. (1)
These vectors represent m consecutive x values,
commencing with the ith point.
2) Define the distance between X(i) and X(j),
d[X(i),X(j)], as the maximum absolute difference
between their respective scalar components, i.e.,
max
(2)
d[X (i), X ( j)] =
(| x(i + k −1) − x( j + k −1) |)
k =1,2,...,m
3) For a given X(i), count the number of j (j=1~Nm+1, j≠i) such that d[X(i),X(j)] ≤r, denoted as
Nm(i). Then, , for i=1~N-m+1,
(3)
Crm (i) = N m (i) /(N − m+1)
m
The Cr (i) values measure within a tolerance r the
regularity, or frequency, of patterns similar to a
given one of window length m.
m

4) Compute the natural algorithm of each Cr (i) , and
average it over i,

φ m (r ) =

N − m +1
1
∑ ln C rm (i )
N − m + 1 i =1

(4)

5) Increase the dimension to m+1. Repeat steps 1) to
4) and find Crm+1 (i ) and φ m+1 (r ) .
6) We define approximate entropy by:

ApEn(m, r , N ) = φ m (r ) − φ m +1 (r )

(5)

As suggested by Pincus, for the study discussed in this
paper ApEn was calculated with the widely established
parameter values of m=2 and r a fixed value between 0.1
and 0.25 of the standard deviation (SD) of the original data
sequence <x(n)>. Normalizing r to each time series SD in
this manner gives ApEn a translation and scale invariance,
in that it remains unchanged under uniform process
magnification, reduction, or constant shift to higher or lower
values [20]. Several studies [13,18,21] have demonstrated
that these input parameters produce good statistical
reproducibility for ApEn for time series of length n≥60, as
considered herein.
Because of the nonlinear character of EEG signals,
ApEn can be used as a powerful tool in the study of the EEG
background activity.
We have calculated ApEn using a short computer
program, developed with the MATLAB® program.
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III. RESULTS
As we have mentioned before, prior to the estimation of
the ApEn from EEG data of patients with AD and control
subjects, the data were reviewed by a specialist physician
and artifact-free segments from the P3 channel were chosen.
The data were then divided in frames of 1280 points (5
seconds from the EEG recording sampled at 256 Hz).
ApEn(m,r,N) has to be seen as a family of parameters,
where N is the number of points (1280). As suggested by
Pincus in [20], we have used m=2 and four different values
of r: 0.1, 0.15, 0.2 and 0.25 of the standard deviation of the
data. The results of the approximate entropy have been
averaged based on all the artifact-free frames within the
five-minute period of EEG recordings of control subjects
and patients with a diagnosis of AD.
In Table 1 we show the mean ApEn(2,0.25,1280) values
calculated from the EEG frames evaluated for each subject.
The results were higher for the control subjects’ EEGs, with
a mean value of 0.93 ± 0.11, compared to those obtained
from patients’ EEGs, where the mean value was 0.78 ± 0.10.
The mean values of the approximate entropy were also
higher for control subjects with r = 0.1, r = 0.15 and r = 0.2
of the standard deviation of the data.
These results indicate that the degree of complexity of
EEGs corresponding to the control subjects is higher (higher
ApEn values) than the one of EEGs from patients with AD.
Moreover, we have applied the ANOVA test [22], where we
have used the mean ApEn values calculated from the EEG
frames of 7 control subject and 7 patient with AD. We have
verified with this analysis that there was a significant
difference (F1.12 = 6.89; p= 0.022) between the EEGs of
these groups. These differences between both groups were
also evident with the other values of r.
TABLE I
ApEn(2,0.25,1280) mean values of the EEG frames from control subjects
and patients with Alzheimer’s disease.
PATIENTS WITH
CONTROL SUBJECTS
ALZHEIMER’S DISEASE
Id.
Age-Sex
ApEn
Id.
Age-Sex
ApEn
alz-1
80-F
0.8449
con-1
57-F
0.8842
alz-2
66-F
0.8230
con-2
59-F
0.8492
alz-3
83-M
0.9386
con-3
59-F
0.8429
alz-4
73-F
0.6684
con-4
64-F
0.8995
alz-5
76-F
0.6544
con-5
54-M
1.0993
alz-6
80-F
0.7906
con-6
56-F
0.8611
alz-7
71-F
0.7656
con-7
62-M
1.0575
MEAN 75.6 ± 6.0 0.78 ± 0.10 MEAN 58.7 ± 3.5 0.93 ± 0.11
VALUE
VALUE

IV. DISCUSSION
We have analyzed the EEG background activity of 7
control subjects and 7 patients with AD by means of
nonlinear methods. Several properties of ApEn facilitate its
utility for empirical time series analysis of the sort of EEGs
[20]:

1) ApEn is nearly unaffected by noise below a de
facto specified filter level (r).
2) ApEn can be applied to time series of 50 or more
points with good reproducibility.
3) ApEn is finite for stochastic, noisy deterministic
and composite processes, these last of which are
likely models for complicated biological data sets.
4) Increasing values of ApEn correspond to intuitively
increasing process complexity.
Our results show that the ApEn is higher in the control
subjects’ EEGs when compared with the ApEn values of the
EEGs of patients with a diagnosis of AD. We have
previously mentioned that in some studies, the use of
quantitative studies of the EEG did not provide an important
advantage compared to the visual analysis when trying to
differentiate AD patients from control subjects [3].
However, and as the ApEn parameter can be viewed as a
measure of the complexity of a system, these results suggest
that the degree of complexity of the control subjects’ EEGs
is higher than the one corresponding to the AD patients. The
ANOVA test shows that the differences between both
groups are significant (p-ANOVA < 0.05). This confirms
findings associated with the fact that a diffuse slowing of the
background activity may be found in the EEGs of patients
with AD [2].
Some remarks must be made in the interpretation of
these results. First of all, our conclusions are based on
analyses of variance (ANOVA) comparing EEG signals of
patients and control subjects, and not on the absolute values
of the approximate entropy. Secondly, the differences in
ApEn values are significant when patients are considered as
a group. For the diagnosis of a single case, it would be
necessary to have a limit value of normalcy. Even though
there are differences in the middle edge of the two
populations, all subjects were adults with an advanced age
and we do believe that these differences do not bias the
results.
On the other hand, the detected reduction of EEG
complexity is not specific for AD. It appears in several
physiological and pathological states, including sleep,
schizophrenia and other neurobiological disorders. Thus,
further work with more patients and control subjects must be
carried out to establish the possible usefulness of this
evaluation.
V. CONCLUSION
Approximate entropy is a parameter that can give robust
estimate from short data and is attractive for dynamic
analysis. There are of course other nonlinear parameters that
can be applied to short data, but it appears that ApEn has
potential widespread utility to practical data analysis and
clinical application due to the salient features it bears.
Increasing ApEn corresponds to intuitively increasing
process complexity.
Our experimental results prove the potential
applications of ApEn in reflecting differences in the
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complexity of EEG data time series of patients with a
diagnosis of Alzheimer’s disease and control subjects. The
results indicate that the degree of complexity of EEGs
corresponding to the control subjects is higher (higher ApEn
values). However, this reduction of complexity is not
specific to AD and further work is necessary to establish the
possible usefulness of this evaluation in the medical
diagnosis.
Possible future lines of research include the non-linear
analysis of multiple EEG channels, the study of correlations
with other psychopathological scales and other assessment
instruments.
In spite of the above-mentioned precautions, we suggest
that the non-linear analysis of EEG data might be useful to
help physicians in the diagnosis of the Alzheimer’s disease.
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