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Abstract—This paper makes an outline case for the need for
a low-cost, easy to administer method for detecting dementia
within the growing at risk population. It proposes two methods
for electroencephalogram (EEG) analysis for detecting dementia
that could fulfil such a need. The paper describes a fractal dimen-
sion-based method for analyzing the EEG waveforms of subjects
with dementia and reports on an assessment which demonstrates
that an appropriate fractal dimension measure could achieve
67% sensitivity to probable Alzheimer’s disease (as suggested by
clinical psychometric testing and EEG findings) with a specificity
of 99.9%. An alternative method based on the probability density
function of the zero-crossing intervals is shown to achieve 78%
sensitivity to probable Alzheimer’s disease and an estimated
sensitivity to probable Vascular (or mixed) dementia of 35% (as
suggested by clinical psychometric testing and EEG findings) with
a specificity of 99.9%. This compares well with other studies,
reported by the American Academy of Neurology, which typically
provide a sensitivity of 81% and specificity of 70%. The EEG
recordings used to assess these methods included artefacts and
had no a priori selection of elements “suitable for analysis.” This
approach gives a good prediction of the usefulness of the methods,
as they would be used in practice. A total of 39 patients (30
probable Alzheimer’s Disease, six Vascular Dementia and three
mixed dementia) and 42 healthy volunteers were involved in the
study. However, although results from the preliminary evaluation
of the methods are promising, there is a need for a more extensive
study to validate the methods using EEGs from a larger and more
varied patient cohorts with neuroimaging results, to exclude other
causes and cognitive scores to correlate results with severity of
cognitive status.

Index Terms—Alzheimer’s disease, dementia, EEG, fractal di-
mension, sensitivity, specificity, zero-crossing intervals.

I. INTRODUCTION

IMPROVED life expectancy [1] has led to a significant in-
crease in the number of people in the high-risk age groups

that will develop Alzheimer’s disease (AD) and other dementias
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[2]. Efforts are being made to develop treatments such as the
Acetylcholinesterase inhibitors (Galantamine, Donepezil, and
Rivastigmine) which are said to slow the progress of the disease
[3], however, there is, as yet, no cure. If these efforts are suc-
cessful, there are benefits in detecting the disease as early as pos-
sible [4]. According to a study of cortical atrophy [5] the delay
between actual onset and clinical diagnosis of AD using the cur-
rent clinical criteria, is three to five years. It is, therefore, pos-
sible that poor treatment effect reported in some studies could
be because of delay in initiating treatment. The main problem
with clinical diagnosis and other diagnostic methods including
Magnetic Resonance Imaging is that a significant amount of ir-
reversible cell damage has already occurred by the time a di-
agnosis is made. Thus, current research efforts mainly focus on
early detection of dementia in the high-risk population (prior to
extensive and irreversible cell damage). Progress in this area,
therefore, is preparatory to the development of neuroprotective
treatments and may contribute to research in finding a cure for
AD.

Preliminary diagnosis of dementia is normally by a general
practitioner (GP) on the basis of clinical history of memory im-
pairment and sometimes using established techniques such as
Mini-Mental State Examination (MMSE). This usually happens
after there has been a significant decline of the patient’s cogni-
tive function. Electroencephalogram (EEG)-based measures are
used to support clinical diagnosis and suggest treatable co-mor-
bidity. Neuro-imaging techniques could be used to diagnose and
assess neurological disorders including dementias, but they re-
quire expensive specialist equipments and expert clinicians to
interpret results and are clearly inappropriate as a method of de-
tecting individual subjects with early dementia within the large
at-risk population.

Therefore, it is desirable to develop a novel method of
assessment which can be carried out quickly by a nonspecialist
clinician without special training or understanding of EEG.
The result of a positive indication of dementia from such a
method would be to refer the patient for further tests. The result
of a false positive would cause an unnecessary, noninvasive
follow-up session and a false negative would be no worse than
the status quo. Thus, the method is required to be low-cost,
easy to administer (similar to the bed-side EKG test) and
accurate enough to provide sufficient benefit to justify the cost.
However, although the EEG is an important clinical tool, it is a
complex, nonstationary signal which is affected by the subject’s
condition (e.g., age, wakefulness, and disease), external stimuli
(e.g., light, sound and sensation) and artefacts (e.g., due to

0018-9294/$20.00 © 2006 IEEE



1558 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 53, NO. 8, AUGUST 2006

muscle activity, poor electrode contact, and eye movement).
Artefacts are a major challenge in EEG analysis in general, but
more so in automated EEG analysis because the experienced
human interpreter can recognize and disregard them relatively
easily whereas this is difficult for automated systems. Many
automated artefact rejection methods have been proposed [6],
but the state of the art is not sufficiently advanced to be relied
upon. Therefore, the methods presented in this paper were
chosen partly for their perceived insensitivity to artefacts. The
EEG is normally presented for “human” clinical interpretation
on a computer screen or paper strip with little preprocessing.
Automated analysis of the EEG may add objectivity and pro-
vide the desired first line of screening for dementia. However,
although a great deal of effort has been expended in the pursuit
of automated EEG analysis [7], [8] there are few successful au-
tomated methods used in clinical practice. A notable exception
is, perhaps, Bispectral analysis [9], [10].

It is acknowledged that even if there was an acceptable auto-
mated analysis tool for EEG, given current practice and the need
for nonspecialists to learn about EEG, the first use of EEG-based
methods for early detection of dementia is likely to be as an ad-
junct to clinical assessment. Our long term aim, however, is to
develop an objective method with simplified user-friendly inter-
face that could be used by non specialists to detect earliest pos-
sible EEG changes in dementia. Combined with patient specific
EEG analysis, such a method would be valuable in monitoring
progress and response to a specific treatment plan. Potentially, it
would also be valuable in major clinical centers as part of future
multimodal diagnostic tools, e.g., to support early diagnosis of
AD more accurately and the assessment of cognitive decline in
subjects with mild cognitive impairment (MCI), the preclinical
stage of AD [11], in other to identify those that will progress
to AD so that therapy can be initiated early. The methods could
form the basis for generating EEG markers that would be used
in combination with other markers to predict cognitive decline
in MCI subjects.

The specific objectives in this paper are: 1) to make an outline
case for the need for a low-cost, easy to administer and reason-
ably accurate method for detecting dementia within the growing
at risk population; 2) to develop and assess two EEG-based
methods for detecting dementia that could fulfil the above need.
An important aspect of the methods is that they do not involve
a priori selection of only elements of data that are “suitable
for analysis.” They involve the use of whole EEG records and
the inclusion of all the difficult elements of the EEG (artefacts
etc.) which gives a good prediction of their usefulness in prac-
tice. If the significance of the methods are confirmed and they
were adopted and the practical difficulties of using EEG were
addressed, they could advise a GP whether the patient should
be referred to a hospital for further tests.

The EEGs of subjects with dementia are characterized by a
slowing of activities (e.g., a decrease in high frequency activi-
ties and an increase in low frequency activities), and previous
studies have shown that there is a link between the slowing of
the EEG activities and the severity of cognitive decline [12].
However, despite this and significant effort over a long period,
no spectral-based measure had been good enough to use in gen-
eral clinical practice. We believe that this is because the Fourier
transform-based methods give a poor picture of the lower fre-

quencies when, because of signal stationarity, short segments
must be analyzed. Therefore, in this study it was decided to take
a different approach.

The first method we developed is based on fractal dimension
(FD) analysis of the EEG waveform. FD is a nonlinear mea-
sure commonly used in nonlinear dynamical analysis to quan-
tify the complexity of the underlying system and typically in-
volves time delay embedding techniques [12]–[14]. In this con-
text, this measure is often referred to as the correlation dimen-
sion or dimensional complexity [13], [14]. It is thought to reflect
the number of degrees of freedom involved in the process that
generated the EEG waveform and, thus, the complexity of the
underlying cortical dynamical processes. Previous studies have
found that the EEGs of subjects with AD have lower values of
correlation dimension than age-matched normal subjects [14],
[15]. However, FD is only meaningful when used as a rela-
tive measure of complexity to quantify irregular behavior of the
brain and not as an absolute measure [15]. Fractal dimension
values are sensitive to the parameters of the algorithm used (e.g.,
the embedding dimension, time delay, and data length) and the
physiological and patho-physiological implications of changes
in the fractal dimension are still unclear [15]. In this paper, we
will examine an alternative approach and apply fractal analysis
to the EEG waveform itself [16]–[18]. This quantifies the wave-
form shape complexity, does not require embedding process and
is computationally fast and robust [19], [20]. However, it is im-
portant to note that FD in this case is a measure of the structural
details of the waveform itself rather than a measure of the com-
plexity of the underlying system. In addition, our method does
not involve a priori selection of sections of the EEG “suitable
for analysis,” but uses whole records.

The second method we have developed is based on analysis
of the probability density function (PDF) of the zero-crossing
intervals (ZCI) of the EEG. Zero-crossing analysis has been suc-
cessfully applied to EEG analysis before [21] and was shown to
be robust in the characterization of sleep spindles. However, to
our knowledge it has not been applied to EEG of AD before. As
will be discussed later, zero-crossing analysis approach shares
similar properties with fractal analysis and both gave more ac-
curate results than conventional spectral analysis. It is thought
that this is due in part to the fact that they are less sensitive to
artefacts.

The remainder of the paper is organized as follows. In
Section II, we present the development and assessment of the
FD-based method for analyzing the EEGs of dementia. In
Section III, we present the development and assessment of the
second method which is based on the analysis of the PDFs of
ZCIs of the EEG. In Section IV, we conclude the paper.

II. THE FRACTAL DIMENSION OF THE EEG

A. Introduction

In this paper, we have applied fractal analysis to the EEG
waveform itself [7], [16], [18] to quantify the waveform shape
complexity. One way to measure the FD of a shape with topo-
logical dimension of one (e.g., a time series), is the divider
dimension: if one steps around the boundary using steps
of length then , the apparent length, is given by:

, where is a constant, and is the FD.
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Using a range of values for and measuring the corresponding
values for length a least squares (or similar) method can be
used to estimate . An alternative method to assess the fractal
properties of a waveform is the Detrending Fluctuation Analysis
(DFA) [22]. DFA has been used to analyse the fractal structures
of the EEG [23] and to study the correlation properties of fetal
heartbeat [24].

An important issue in FD analysis is that the EEG lies in affine
space where there is a defined origin but different directions
have different units, meanings and properties. The EEG has two
dimensions; voltage, which is normally plotted on the vertical
axis and time, which is normally plotted on the horizontal axis.
Voltage has units of volts, it is an expression of a potential differ-
ence (in the electrical sense) between two points and the same
voltage may be repeated many times within a recording. Time,
in contrast, has units of seconds, represents the interval since a
reference to the measurement point and there may only be one
instance of any value of time within the record. This has impor-
tant implications for measuring the FD of the EEG because the
axes have incompatible units and there is no natural scaling be-
tween them (distance along the time axis cannot be compared
with distance along the voltage axis) and as such and com-
puted may not be meaningful [4].

In studies of the fractal dimension of the EEG [25], [26] the
Divider Dimension of the EEG was used to separate subjects
with AD from a group of normal subjects. When this method
was repeated on a single AD subject and a single normal subject
it was found that the arbitrary voltage/time scaling affected the
results; a scaling of 0.6 nV/s for example, gave FDs similar to
those reported (1.66 and 1.28 for a normal and an AD subject,
respectively) but a higher scaling of 2.5 nV/s gave very different
results where the normal subject had a lower FD (1.21) than
the AD subject (1.61). This problem is a direct consequence of
applying the divider dimension to the EEG, which exists in an
affine space.

A number of methods may be used to estimate the FD of
shapes in an affine space [26]. In this paper, we have used the
dimension of zero-set approach rather than other methods, such
as the adapted box method, because it gave better results. To
compute the dimension of the zero-set, we form the set of in-
stances when the record intersects with a suitable straight line
(we have used the zero volt reference). It is estimated by cov-
ering the set with line segments of a chosen length,

(see Fig. 1). The total length of all the line segments is
which is calculated for a range of seg-

ment lengths . An estimate of the di-
mension that satisfies the equation in a least squares sense,
where is a constant and is the dimension, is then deter-
mined. This is obtained from the log of this function, such that

and estimating the
slope ( ) using linear regression.

B. Method Development

With a range of fractal methods and parameters available to
choose, it was important to settle on a single method with fixed
parameters before an assessment was conducted; otherwise it
could be said that the assessment was not a fair test and that

Fig. 1. Sketch of the zero sets of a signal.

parameterization favorably skewed the measured specificity and
sensitivity. The parameters that needed to be fixed were; the
range of lengths used in the zero-set dimension, the frequency
band limiting applied, montage, et cetera.

The data used in the development of this method were
recorded for a previously reported study [27]. The EEGs were
collected from seven patients (three AD patients, three mixed
type, i.e., AD and Vascular Dementia (VaD) patients and one
VaD patient) and eight age-matched controls (over 65 years of
age). The EEG recordings encompass various states: awake,
drowsy, and alert with periods of eyes closed and open. They
were obtained using the traditional 10–20 system in a Common
Reference montage which was later converted to Common Av-
erage and Bipolar montages in software. The sampling rate was
256 Hz. These data were obtained using a strict protocol from
Derriford Hospital, Plymouth, U.K. and had been collected
using normal hospital practices. All patients were referred to
the EEG department in the hospital from a specialist memory
clinic. It is the clinical practice at the memory clinic that all
patients undergo a battery of psychometric tests (MMSE [28],
The Rey Auditory Verbal Learning Test [29], Benton Visual
Retention Test [30], and memory recall tests [31]) before
referral. The results from the psychometric tests are scored
and interpreted by a specialist psychologist and all clinical and
psychometric findings discussed at a mutlidisciplinary team
meeting following the clinic. Each patient is then referred to
the hospital for EEG assessment by the memory clinic with
a working diagnosis (e.g., probable AD, depending on the
outcome of the clinical and psychometric assessments). All
age-matched controls were healthy volunteers and had normal
EEGs (confirmed by a Consultant Clinical Neurophysiologist).
One age-matched control (known as “Vol1”) subsequently
developed AD; this record is of particular interest because it
is potentially of a subject early in transition from “normal” to
AD. The classification of subjects with dementia is based on
the working diagnosis provided by the specialist memory clinic
and EEG findings. Magnetic resonance imaging (MRI) data
was not recorded because this facility was not available at the
hospital at the time.

For all records, to avoid the possibility of inadvertently or
unconsciously selecting data particularly suitable for analysis a
predetermined protocol was applied. For each record, data from
the period 60 s to 300 s was used. This avoids electrical arte-
facts, which commonly occur at the beginning of a record, and
gives a standard four minutes of data to analyze. This segment
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of data including artefacts was analyzed with no a priori selec-
tion of elements “suitable for analysis.” This approach leads to
a prediction of the usefulness of the technique, as it would most
conveniently be used in practice.

For all data the recorded sampling rate was 256 Hz reduced to
128 Hz for analysis by averaging sets of two consecutive sam-
ples because of the limitations of the machine in use at the hos-
pital at the time. However, as the chosen bandwidth was 25 Hz
(see below), there was no loss of accuracy. This was confirmed
by numerical experiments, which demonstrated that there was
no discernable difference in results from a number of uncom-
pressed and corresponding compressed records.

The data and methods were honed to ensure the best perfor-
mance and this was found to occur under the following condi-
tions.

• Montage: Bipolar montage (which exclude the frontal
signals); T3-T5, T4-T6, T5-O1, T6-O2, C3-P3, C4-P4,
P3-O1, P4-O2, and Cz-Pz. Using the minimum FD across
the channel pairs.

• Band limiting (1 Hz to 25 Hz): Applied by taking the fast
Fourier transform and reconstructing the signal from just
the required components. The upper limit of 25 Hz was
chosen as a compromise between including higher fre-
quency components which would improve the estimation
of fractal dimension and excluding artefacts such as scalp
muscle activity. The value of 25 Hz was found by exper-
imentation on the Development Data Set to provide the
best separation of normals and subjects with dementia. The
lower limit of 1 Hz was set by the segment length.

• Segment length: The raw EEG data were divided into one
second segments and the estimated FD from each segment
through the entire duration of the recording is plotted on a
histogram. The histogram comprised 128 bins to represent
values between zero and one. Numerical experiments were
conducted to demonstrate that 128 was a sufficient number
of bins; increasing the number of bins beyond 128 did not
affect the result. This was due to the interpolating effect of
the method used to extract a single fractal dimension value
from the histogram (see below). The results obtained are
almost invariant for segment lengths between 0.5 s and 2
s. Below 0.5 s the results become erratic because of the
number of samples is becoming too small compared to the
sampling rate employed. With segment lengths greater than
2 s the results are affected by the nonstationary nature of
the EEG [7].

• Taking the FD from the histogram: the mode of the
histogram was taken as the composite measure of FD
for that recording. Fig. 2 shows the histograms of the
zero-set dimension for a normal and an AD subject,
respectively. The strict mode was not used because of
a theoretical anomaly if two peaks of equal size occur
and because the mode provides no interpolation if there
are two similarly sized peaks. The equation used was:

. Where is the
histogram height (density) at FD estimate and is a
control constant. When , the estimate becomes the
mean and when tends to infinity the estimate tends to the
mode. For our experiment was chosen, but using
strict mode made very little difference.

Fig. 2. Histogram of the zero-set dimension of a normal and a AD subject. (a)
Normal subject. (b) AD subject.

The results under these conditions are shown in Table I. From
these results and assuming a Normal distribution to the results
it is possible to estimate the efficacy of the method in detecting
dementia. For the FD of the zero-set; if one were to demand a
specificity of 99.9% then a result would be considered abnormal
if it were less than 0.67. This implies a sensitivity to AD of
99.5% and a sensitivity to VaD (or mixed) of 97.2%. Further-
more, the normal subject who went on to develop AD (Vol1)
would have been flagged as abnormal before it was detected by
a clinician. It can also be shown using a student’s t-test that there
is a statistically significant difference between the means of the
two group for both methods ( ). Although these re-
sults appear to be good, they were the result of honing many
parameters. Therefore, it was necessary to test the method on
completely separate, statistically significant data sets (Assess-
ment Data Sets A and B, see below).

C. Assessment of Method

Two data sets were used to assess the method. The first data
set (Assessment Data Set A) consists of 24 normal records, 17
probable AD and five probable VaD and were obtained in the
same manner as the development data set, details are given in
Section II-B. This data set did not reuse any of the development
data set. These data were obtained using the modified Maudsley
system which is similar to the traditional 10–20 system. The
age and gender statistics for the assessment subjects, given in
Table II, show that the groups are not perfectly age matched,
however, it will be shown that this does not have a major effect.

The EEG data were analyzed in the same way as they were
during the method development and the results (Table III) show
that there is a significant difference between the normal and
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TABLE I
FD OF THE ZERO-SET FOR DEVELOPMENT DATA SET

TABLE II
AGE AND GENDER STATISTICS OF ASSESSMENT DATA SET A

probable AD subjects ( using student’s t-test). The
effect of age on the significance of the results was assessed by
studying the FD as a function of age for the 3 groups (see Fig. 3)
and there is no discernable trend of FD with age.

The results for the development and Assessment Data Set A
(Tables I and III) are markedly different in one aspect only and
that is the standard deviation of results from normal subjects.
It is suspected that this is because of the statistical uncertainty
in estimating standard deviations of small data sets and because
the protocol used in the development data set was more strict.

Assuming a Gaussian distribution and a required specificity
of 99.9%, the sensitivity is predicted to be 67.0%. It is not sur-
prising that this is not as good as the previously quoted 99.5%
from the Development Data Set because none of the parameters
were adjusted to hone the result.

The assessments above were based on patient cohorts where
neuro-imaging studies were not carried out and for which ac-
cess to the neuro-psychological scores was not possible because
the patients were from a different district, although full cogni-
tive tests were carried out. To further evaluate the method, we
have used a second assessment data set (Assessment Data Set
B), which had available all clinical data including MMSE scores
for both AD and healthy controls and the subjects had under-
went neuro-imaging studies. These data has been obtained from
a different centre in a different country.

TABLE III
FD OF THE ZERO-SET FOR ASSESSMENT DATA SET A

Fig. 3. Graph of FD against age for the 3 subjects groups.

The data were collected from 10 AD patients and 10 normal
healthy old subjects as controls. Local institutional ethics com-
mittees approved the study and all experiments were performed
with the informed and overt consent of each participant or
caregiver, in line with the Code of Ethics of the World Medical
Association (Declaration of Helsinki) and the standards estab-
lished by the Author’s Institutional Review Board. Probable
AD was diagnosed according to NINCDS-ADRDA [32] and
DSM IV criteria. The patients underwent general medical,
neurological and psychiatric assessments. They were also
rated with a number of standardized diagnostic and severity
instruments that included MMSE [33], Clinical Dementia
Rating Scale (CDRS) [34], Geriatric Depression Scale (GDS)
[35], Hachinski Ischemic Scale (HIS) [36], and Instrumental
Activities of Daily Living scale (IADL) [37]. Neuroimaging
diagnostic procedures (computed tomography or MRI) and
complete laboratory analyses were carried out to exclude other
causes of progressive or reversible dementias, in order to have
a homogenous mild AD patient sample. Exclusion criteria
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TABLE IV
SUMMARY OF INFORMATION ABOUT ASSESSMENT DATA SET B

included, in particular, any evidence of 1) frontotemporal
dementia, 2) VaD (i.e., VaD was also diagnosed according to
NINDS-AIREN criteria; [38], 3) extra-pyramidal syndromes,
4) reversible dementias (including pseudodementia of depres-
sion), and 5) fluctuations in cognitive performance (suggestive
of a possible Lewy body dementia). The normal control sub-
jects were recruited mainly among patients’ spouses. All Nold
subjects underwent physical and neurological examinations
as well as cognitive screening (including MMSE). Subjects
affected by chronic systemic illnesses (i.e., diabetes mellitus or
organ failure) were excluded, as were subjects receiving psy-
choactive drugs. Subjects with a history of present or previous
neurological or psychiatric disease were also excluded. All
Nold subjects had a GDS score lower than 14. Details of the
subjects are summarized in Table IV.

The results of using the FD-based method on the second data
set (Assessment Data Set B) are summarized in Table V and in
Fig. 4. An examination of Fig. 4 suggests that the results from
the new data supports our earlier findings in all cases with the
exception of two cases – AD1 and Nold1. A review of the EEGs
suggest that the data for Nold1 look atypical. There were signif-
icant slow waves at the rear of the scalp and the record seems to
have discontinuities at 1 s boundaries. This may have had an ef-
fect on the results. From these results and assuming a Gaussian
distribution and using the same threshold as the development
data set (0.67), the sensitivity of the method to AD is approx-
imately 90%. However, this would result in specificity of ap-
proximately 40% since only 4 out of 10 normals lie above this

TABLE V
FD OF THE ZERO-SET FOR ASSESSMENT DATA SET B (p < 0:00125)

Fig. 4. FD of the zero-set for Assessment Data Set B.

Fig. 5. Distribution of FD of zero-set of Assessment Data Set B.

threshold. Nonetheless, it is apparent from Fig. 5 that there is
little overlap in the distribution of the FD between the Nold and
AD groups. If we were to set the threshold at 0.6, we would
obtain a figure of approximately 80% for both sensitivity and
specificity. This is a more valid result given the clear separa-
tion between the two groups shown in Figs. 4 and 5 and in fact
supports the concept that the FD should be used as a relative
measure and not as an absolute value.

III. ZERO-CROSSING INTERVAL DENSITY

A. Introduction

The second method is based on the analysis of the distribu-
tion of ZCIs. The ZCI is defined, in this context, as the time
interval between a positive to negative voltage transition to the
next positive to negative voltage transition. If one examines an
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Fig. 6. ZCIs for PDF and power spectra of normal subjects. (a) ZCIs. (b) Power
Spectra.

Fig. 7. ZCIs for PDF and power spectra for subjects with dementia. (a) ZCIs.
(b) Power Spectra.

EEG record from a single channel, a list of zero-crossing in-
tervals may be extracted and the PDF of these data may be
plotted. For example, the PDFs of the ZCIs from parietal-oc-
cipital channel pairs for normal subjects from the development
data set is shown in Fig. 6(a). Similar data for the subjects with
dementia is shown in Fig. 7(a). The power spectra of the normal
subjects and subjects with dementia are also shown in Figs. 6(b)
and 7(b), respectively. The results appear to indicate that there is
an increase in slow activities in subjects with dementia (Fig. 7)
as compared to normal subjects (Fig. 6).

Fig. 8. CDF of the ZCI for normal subjects.

Fig. 9. CDF of the ZCI for subjects with dementia.

Figs. 6 and 7 show a noticeable difference between normal
subjects and subjects with dementia. By examining different re-
gions of the scalp, it was found that plots obtained from normal
subjects are characteristically different from subjects with de-
mentia in the temporal, parietal and occipital regions. This is
consistent with the findings for FD. In the frontal region, the
results are less ordered and this is probably because this area is
more prone to ocular and other muscular artefacts. It should also
be noted that 50-Hz mains interference artefacts were removed
using a simple, second-order, digital notch filter.

Zero-crossing and FD of the zero-set analysis share similar
features and produce measures that quantify the structural de-
tails of the waveform in the time domain. Working in the time
domain provides greater differentiation between similar, but dif-
ferent, lower frequency components than would be observable
by conducting a fast Fourier transform on a data set which is
nonstationary. The FD of the zero-set is based on finding a set
of instances when the waveform intersects with the time axis
(i.e., at the zero crossings). It can be seen from Fig. 1 that FD of
a waveform is directly related to the PDF of ZCIs. Results show
that longer ZCIs (lower frequencies) tend to give a lower FD.

B. Cumulative Density of Zero-Crossing Interval

The first metrics investigated, to evaluate their ability to nu-
merically differentiate the normal and demented subjects, were
cumulative-based metrics. If we plot the cumulative density dis-
tribution, for bipolar channels at the rear of the scalp, for nor-
mals (Fig. 8) and subjects with dementia (Fig. 9) then it is clear
that the normals have a higher density at lower time intervals.
For this reason, we evaluated a range of the percentile points of
the cumulative distribution as a potential metric. The best was
the 85th percentile and these results are shown in Table VI.
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TABLE VI
85TH PERCENTILE OF THE CDF

TABLE VII
MEAN ZCIS OVER REAR OF SCALP

Fig. 10. Reference zero-crossing PDF for normal subjects.

From these results and assuming a Gaussian distribution it
is possible to determine the sensitivity of the method to AD
and VaD (with a required specificity of 99.9%) are 50.8% and
39.8%, respectively.

C. Mean Zero-Crossing Interval

The second metric investigated was the mean zero-crossing
interval and these results are shown in Table VII.

From these results and assuming a Gaussian distribution it is
possible to determine the Sensitivity of the method to probable
AD and VaD (with a required Specificity of 99.9%) are 82.2%
and 53.4%, respectively.

D. Correlation to Normal Zero-Crossing Interval Distribution

The features of the PDFs of the ZCIs [Figs. 6(a) and 7(a)] are
complex and it appears that the important features are the po-
sitions and shapes of peaks that are characteristic of a normal
PDF. It was decided to estimate what is normal (with a toler-
ance) and then compare each subject to it. The mean and stan-
dard deviation of the PDF for the set of normals, at each interval
was assessed and plotted in Fig. 10.

Each record from the development data set was compared to
this reference curve and the distance from it, at each point, was

TABLE VIII
COMPARISON OF RESULTS FROM DEVELOPMENT

AND ASSESSMENT DATA SET A

expressed in standard deviations. The rms of these standard de-
viations was taken as the error from the complete record. This
comparison was encouraging, but the significance is compro-
mised because they are self-referential. It is not surprising that
the normals used to create the standard curve are closest to it. For
this reason it is important to repeat this test on the assessment
data set (i.e., Assessment Data Set A), while using the standard
normal curve from the development data as the reference. This
runs contrary to the general rule of reserving the assessment
data set for testing the best of these novel methods and, hence
avoiding the charge of simply testing enough methods that one
was bound to be successful eventually. However, in this instance
it was felt that nothing else would provide a sensible measure of
the method’s efficacy. These results are shown in Table VIII.

From these results, it may be seen that the sensitivities to
AD and (particularly) VaD using Assessment Data Set A (51%
and 9.6%, respectively) are significantly lower than similar re-
sults using the development data (96.8% and 95.8% respec-
tively). This is because the difference between the normals in
the Assessment Data Set A and the Development Data Set is
large—but not as large as the difference to any of the groups of
subjects with dementia. It is felt that this method is unlikely to
provide a reliable, sensitive metric to detect dementia. However,
it may be worth repeating this experiment in the future with a
larger set of development and assessment data taken with the
same recording protocol.

E. Alpha/Theta Ratio Based on Zero-Crossing Interval

Of the linear, spectrum techniques reported in the literature
[39], the Alpha/Theta ratio is one of the most successful in nu-
merically differentiating the normal and demented subjects. In
this method, the ratio of the signal power in the alpha (8–12 Hz)
band to the sum of the signal powers in the alpha and theta (4–8
Hz) bands is used to predict dementia. Inspired by this we de-
cided to use the same ratio, but replace signal power with density
of zero-crossings. See Table IX.

Thus, this metric appears (on the development data set) ca-
pable of differentiating control subjects from subjects with de-
mentia with a wide band between the two groups. The estimated
sensitivities to AD and VaD for a specificity of 99.9% are 98.7%
and 89.2%, respectively.
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TABLE IX
ALPHA/THETA RATIO FROM THE ZCIS OF DEVELOPMENT DATA SET

Fig. 11. Distribution of Alpha/Theta ratio of Assessment Data Set A.

TABLE X
COMPARISON OF METHODS

TABLE XI
ALPHA/THETA RATIO FROM ASSESSMENT DATA SET A

F. Assessment of Method

All of the prospective methods based on the ZCIs were com-
pared (Table X) to see which should be tested using the two
assessment data sets. The Alpha/Theta ratio metric based on the
ZCIs was chosen as it showed the most promise. The results
of this method applied to Assessment Data Set A are shown in
Table XI and an illustration of the distribution of the results is
given in Fig. 11.

The effect of age on the significance of the results was as-
sessed by studying the results as a function of age for the three
groups (see Fig. 12) and there is no discernable trend with age.
These results show that, if one were to demand a specificity of
99.9%, then a result would be considered abnormal if it were
less than 0.565. This gives an estimated sensitivity to AD of
77.8% and an estimated sensitivity to VaD (or mixed) dementia
of 35.2%.

As with the FD of the zero-set, the Alpha/Theta ratio based
on the ZCIs was evaluated using Assessment Data Set B. The

Fig. 12. Graph for Alpha/Theta ratio against age for the 3 subject groups.

TABLE XII
ALPHA/THETA RATIO ASSESSMENT DATA SET B

Fig. 13. Distribution of Alpha/Theta ratio for Assessment Data Set B.

TABLE XIII
ALPHA/THETA RATIO FROM PSD OF ASSESSMENT DATA SET A

results are summarized in Table XII and Fig. 13. Based on the
results obtained, if one were to demand a specificity of 99.9%,
then any result below 0.294 would be considered abnormal. This
gives an estimated sensitivity to AD of approximately 90%.

G. Alpha/Theta Ratio Based on Power Spectral Density

Having produced an Alpha/Theta ratio metric based on the
ZCIs it was important to test the equivalent Alpha/Theta ratio
from the power spectral density (PSD) to determine whether
similar results could have been produced this way. Results from
a PSD-based Alpha/Theta ratio (Assessment Data Set A) are
given in Table XIII.

These results show that, if one were to demand a specificity
of 99.9%, then a result would be considered abnormal if it were
less than 0.52. This gives an estimated sensitivity to AD of
50.3% (compared with 77.8% for Alpha/Theta ratio based on
ZCIs) and an estimated sensitivity to VaD (or mixed) dementia
of 10.7% (compared with 35.2% for Alpha/Theta ratio based on
ZCIs). Hence, an Alpha/Theta ratio generated from the ZCIs has
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better performance than the same generated from the PSD. The
reason for this difference, we believe, is related to the treatment
of artefacts. It should be recalled that the entire recording from
each subject was used without any preselection of segments that
we wish to analyze. Therefore, the zero-crossing distribution
method has an advantage because spectral content during low
frequency artefacts is ignored because there will be very few
zero-crossings in this period and those that do exist will typi-
cally have intervals much larger than those associated with alpha
or theta activity.

IV. CONCLUSION

This paper has shown that the zero-set FD of the EEG may
be used to detect AD within the general at risk population
(specificity 99.9%, sensitivity 67%). An alternative method
based on the PDF of ZCIs provides even better separation
(specificity 99.9%, sensitivity 78.8%). This compares well with
other studies, reported by the American Academy of Neurology
which typically provide a sensitivity of 81% and specificity of
70% [40]. The FD and zero-crossing methods are both time
domain approaches, share similar features, and it is interesting
that they give more accurate results than conventional spectral
analysis. It is thought that this is due in part to the fact that
they are less sensitive to artefacts. The results show that of the
two methods, the simpler zero-crossing analysis performed
better than the FD analysis. This suggests that there may be
a need to investigate and develop the fractal analysis based
method further. The robustness of the zero-crossing approach
has already been demonstrated in the analysis of EEGs in sleep
studies [21].

The EEG recordings used to assess these methods had no
a priori selection of elements “suitable for analysis.” This ap-
proach leads to the inclusion of all the difficult elements of the
EEG (artefacts, etc.) and, therefore, gives a good prediction of
the usefulness of the technique in practice. It is noteworthy that
the probable AD subjects had not previously been diagnosed
(prior to the assessment at the memory clinic which led to their
referral to the EEG department) and were, therefore, in the early
stages of exhibiting symptoms.

This paper has shown that the two methods (fractal analysis
of the EEG waveform and the Alpha/Theta ratio based on the
analysis of the PDF of the ZCIs), are good candidates to fulfill
the need for a low-cost, easy to administer and reasonably ac-
curate method for detecting dementia within the growing at risk
population.

However, much of the results were based on patient cohorts
which did not have neuroimaging studies carried out to exclude
other causes and access to cognitive scores was not possible.
Although a preliminary evaluation of the methods with a new set
of data (10 AD 10 healthy age-matched controls) from another
study in a different centre which included neuro-imaging and
cognitive examinations supports the above findings, there is a
need for a more extensive study to validate the methods using
EEGs from large and varied patient cohorts with neuro-imaging
results, e.g., from MRI, to exclude other causes, and cognitive
scores, to correlate results with severity of cognitive status. The
full significance of the results can only be fully assessed after
such a study.

If the significance of the methods are confirmed and the
methods were adopted and the practical difficulties were ad-
dressed, they could advise a GP whether the patient should be
referred to a hospital for further tests. It would also be possible
to transfer the recordings made in the consulting room via the
Internet to a clinical neurophysiologist for an opinion and, thus
avoiding the need for the patient to attend a hospital in the
first instance. It is, however, important to recognize that if this
method were widely adopted then there would be infrastructure
requirements to allow a patient’s history of EEG data to follow
them. In the near future, this should become somewhat more
achievable with eHealth programs such as BIOPATTERN [41]
pressing forward the development of database, internet and
computational technologies in pursuit of better health care.

ACKNOWLEDGMENT

G. Henderson would like to thank Dr. E. Allen for her assis-
tance and support in the early days of this research and Biologic
for making it possible to read their proprietary EEG data file
format.

REFERENCES

[1] V. S. Raleigh, “World population and health in transition,” BMJ, vol.
319, pp. 981–984, Oct. 1999.

[2] H. C. Hendrie, “Epidemiology of dementia and Alzheimer’s disease,”
Am. J. Geriatric Psychiatry, vol. 6, pp. S3–S18, 1998.

[3] A. Kurz, “Benefit of drug treatments for patients with Alzheimer’s dis-
ease,” Clinician, vol. 16, no. 5, pp. 7–13, 1998.

[4] R. Anand, “Rivastigmine – Clinical efficacy and tolerability,” Clini-
cian, vol. 16, no. 5, pp. 14–22, 1998.

[5] N. C. Fox, W. R. Crum, R. I. Scahill, J. M. Stevens, J. C. Janssen,
and M. N. Rossor, “Imaging of onset and progression of Alzheimer’s
disease with voxel-compression mapping of serial magnetic resonance
images,” Lancet, vol. 358, pp. 201–205, 2001.

[6] W. Zhou and J. Gotman, “Removal of EMG and ECG artefacts from
EEG based on wavelet transform and ICA,” in Proc. 26th Annu. Int.
Conf. IEEE Engineering in Medicine and Biology Society (EMBS’04),
San Francisco, CA, Sep. 1–5, 2004, pp. 392–395.

[7] P. Y. Ktonas, “Automated analysis of abnormal electroencephalo-
grams,” CRC Crit. Rev. Biomed. Eng., vol. 9, pp. 39–97, 1983.

[8] E. Riddington, J. Wu, E. C. Ifeachor, E. Allen, and N. R. Hudson, “In-
telligent enhancement and interpretation of EEG signals,” in Proc. IEE
Colloq. Application of Artificial Intelligence Techniques to Signal Pro-
cessing, Apr. 1996, pp. 11/1–11/7.

[9] A. M. Bianchi, S. C. Molteni, F. Panzica, E. Visani, S. Franceschetti,
and S. Cerutti, “Spectral and bispectral analysis of the EEG rhythms in
basal conditions and during photic stimulation,” in Proc. 26th Annu. Int.
Conf. IEEE Engineering in Medicine and Biology Society (EMBS’04),
San Francisco, CA, Sep. 1–5, 2004, pp. 574–577.

[10] G. Widman, T. Schreiber, B. Rehberg, A. Hoeft, and C. E. Elger,
“Quantification of depth of anesthesia by non-linear time series
analysis of brain electrical activity,” Phys. Rev. E, vol. 62, no. 4, pp.
4898–4903, Oct. 2000.

[11] R. C. Petersen, R. Doody, M. C. M. A. Kurz, J. C. Morris, P. V. Ra-
bins, K. Ritchie, M. Rossor, L. Thal, and B. Winbald, “Current con-
cepts in mild cognitive impairment,” Arch. Neurol., vol. 58, no. 12, pp.
1985–1992, 2001.

[12] J. Jeong, “Nonlinear dynamics of EEG in Alzheimer’s disease,” Drug
Develop. Res., vol. 56, pp. 57–66, 2002.

[13] W. S. Pritchard and D. W. Duke, “Measuring chaos in the brain: A tu-
torial review of non-linear dynamical EEG analysis,” Int. J. Neurosci.,
vol. 67, no. 1–4, pp. 31–80, Nov.–Dec. 1992.

[14] C. Besthorn, H. Sattel, C. Geiger-Kabisch, R. Zerfass, and H. Forstl,
“Parameters of EEG dimensional complexity in Alzheimer’s disease,”
Electroencephalogr. Clin. Neurophysiol., vol. 95, no. 2, pp. 84–89,
Aug. 1995.

[15] J. Jeong, “EEG dynamics in patients with Alzheimer’s disease,” Clin.
Neurophysiol., vol. 115, no. 7, pp. 1490–1505, Jul. 2004.



HENDERSON et al.: DEVELOPMENT AND ASSESSMENT OF METHODS FOR DETECTING DEMENTIA USING THE HUMAN EEG 1567

[16] A. Accardo, M. Affinito, M. Carrozzi, and F. Bouquet, “Use of the
fractal dimension for the analysis of electroencephalographic time se-
ries,” Biol. Cybern., vol. 77, pp. 339–350, 1997.

[17] M. Katz, “Fractals and the analysis of waveforms,” Comput. Biol. Med.,
vol. 18, no. 3, pp. 145–156, 1988.

[18] T. C. Ferree and R. C. Hwa, “Power-law scaling in human EEG: Rela-
tion to Fourier power spectrum,” Neurocomputing, vol. 52, no. 54, pp.
755–761, 2003.

[19] W. Klonowski, “Signal and image analysis using chaos theory and
fractal geometry,” Mach. Graphics Vis., vol. 9, no. 1–2, pp. 403–431,
2000.

[20] F. P. H. Preissl, W. Lutzenberger, and N. Birbaumer, “Fractal dimen-
sions of short EEG time series in humans,” Neurosci. Lett., vol. 225,
no. 2, pp. 77–80, Apr. 1997.

[21] J. R. Smith, I. Karacan, and M. Yang, “Automated EEG analysis with
microcomputers,” Sleep, vol. 1, no. 4, pp. 435–443, 1979.

[22] C.-K. Peng, S. V. Buldyrev, S. Havlin, M. Simons, H. E. Stanley, and
A. L. Goldberger, “Mosaic organization of DNA nucleotides,” Phys.
Rev. E (Statist. Phys., Plasmas, Fluids, Rel. Interdisciplinary Topics),
vol. 49, no. 2, pp. 1685–1689, Feb. 1994.

[23] P. A. Watters, “Fractal structure in the electroencephalogram,” Com-
plexity Int., vol. 5, Jul. 1998.

[24] J. C. Echeverra, B. R. Hayes-Gill, J. A. Crowe, M. Woolfson, and G.
D. H. Croaker, “Detrended fluctuation analysis: A suitable method for
studying fetal heart rate variability,” Physiolog. Meas., vol. 254, pp.
763–777, 2004.

[25] M. J. Woyshville and J. R. Calabrese, “Quantification of occipital EEG
changes in Alzheimer’s Disease utilising a new metric: The fractal di-
mension,” Biol. Psychiatry, vol. 35, pp. 381–387, 1994.

[26] M. Barnsley, R. L. Devaney, B. B. Mandelbrot, R. F. Voss, Y. Fisher,
and M. McGuire, The Science of Fractal Images. Berlin, Germany:
Springer-Verlag, 1988, pp. 21–70.

[27] P. Wu, E. C. Ifeachor, E. M. Allen, H. S. K. Wimalaratna, and N.
R. Hudson, “Statistical quantitative EEG features in differentiation
of demented patients from normal controls,” in Proc. 2nd Int. Conf.
Neural Networks and Expert Systems in Medicine and Healthcare
(NNESMED’96), Plymouth, U.K., Aug. 28–30, 1996, pp. 366–375.

[28] M. F. Folstein and S. E. F. P. R. McHugh, “Mini mental state’: A prac-
tical method for grading the cognitive state of patients for clinician,” J.
Psychiatric Res., vol. 12, no. 3, pp. 189–198, Nov. 1975.

[29] E. S. O. Spreen, A Compendium of Neurophysiological Tests: Admin-
istration, Norms, and Commentary, 2nd ed. Oxford, U.K.: Oxford
Univ. Press, 1998.

[30] A. L. Benton, Revised Visual Retention Test: Clinical and Experimental
Applications, 4th ed. New York: Psychological Corp., 1974.

[31] G. A. Talland and M. Ekdahl, “Psychological studies of Korsakoff s
psychosis: IV the rate and mode of forgetting narrative material,” J.
Nervous Mental Disease, vol. 129, pp. 391–404, 1959.

[32] G. McKhann, D. Drachman, M. Folstein, R. Katzman, D. Price, and
E. Stadlan, “Clinical diagnosis of Alzheimer’s disease: Report of the
NINCDS-ADRDA work group under the auspices of department of
health and human services task force on Alzheimer’s disease,” Neu-
rology, vol. 34, pp. 939–944, 1984.

[33] M. Folstein, S. E. Folstein, and P. R. McHugh, ““Mini-Mental State”
a practical method for grading the cognitive state of patients for the
clinician,” J. Psychiatric Res., vol. 12, no. 3, pp. 189–198, 1975.

[34] C. P. Hughes, L. Berg, W. L. Danziger, L. A. Cohen, and R. L. Martin,
“A new clinical rating scale for the staging of dementia,” Br. J. Psychi-
atry, vol. 140, pp. 1225–1230, 1982.

[35] J. A. Yesavage, T. L. Brink, T. L. Rose, O. Lum, V. Huang, M. Adey,
and V. O. Leirer, “Development and validation of a geriatric depression
screening scale: A preliminary report,” J. Psychiatry, vol. 83, no. 17,
pp. 37–49, 1982.

[36] W. G. Rosen, R. D. Terry, P. A. Fuld, R. Katzman, and A. Peck, “Patho-
logical verification of ischemic score in differentiation of dementias,”
Ann. Neurol., vol. 7, no. 5, pp. 486–488, 1980.

[37] M. P. Lawton and E. M. Brodie, “Assessment of older people: Self
maintaining and instrumental activity of daily living,” J. Gerontol., vol.
9, pp. 179–186, 1969.

[38] G. C. Roman, T. K. Tatemichi, T. Erkinjuntti, J. L. Cummings, J. C.
Masdeu, J. H. Garcia, L. Amaducciand, J. M. Orgogozo, A. Brun, and
A. Hofman, “VaD: Diagnostic criteria for research studies. Report of
the NINDS-AIREN international workshop,” Neurology, vol. 43, no.
2, pp. 250–260, 1993.

[39] D. V. Moretti, C. Babiloni, G. Binetti, E. Cassetta, G. D. Forno, F.
Ferreric, R. Ferro, B. Lanuzza, C. Miniussi, F. Nobili, G. Rodriguez,
S. Salinari, and P. M. Rossini, “Individual analysis of EEG frequency
and band power in mild Alzheimer’s disease,” Clin. Neurophysiol., vol.
115, no. 2, pp. 299–308, Feb. 2004.

[40] D. S. Knopman, S. T. DeKosky, J. L. Cummings, H. Chui, J. Corey-
Bloom, N. Relkin, G. W. Small, B. Miller, and J. C. Stevens, “Practice
parameter: Diagnosis of dementia (an evidence-based review) – Report
of the quality standards subcommittee of the American academy of
neurology,” Neurology, vol. 56, no. 2, pp. 1143–1153, 2001.

[41] Network of Excellence – Computational Intelligence for Biopattern
Analysis in Support of eHealthcare BIOPATTERN, 2004–2007 [On-
line]. Available: http://www.biopattern.org

Geoffrey Henderson received the B.Sc. degree
(Hons.) in Electrical and Electronic Engineering and
the M.Eng. degree in management and advanced
technology from the University of Bath, Bath,
U.K., in 1986 and 1987, respectively. In 2005, he
received the Ph.D. degree from the University of
Plymouth, Plymouth, U.K., with a thesis entitled
Early Detection of Dementia from the Human
Electroencephalogram.

He has worked in the avionics industry as an En-
gineer specializing in signal processing and as a Pro-

gram Director. He is now Head of Engineering with BAE Systems in Plymouth
and a Director of Silicon Sensing Systems (www.siliconsensing.com).

Dr. Henderson has been a Chartered Engineer and Member of the Institution
of Electrical Engineers (IEE) since 1993. In 2005, he became a Member of the
Institute of Directors.

Emmanuel Ifeachor received the B.Sc. degree in
communication engineering from the University
of Plymouth, Plymouth, U.K., in 1980 (formerly
Plymouth Polytechnic), the M.Sc. degree and D.I.C.
degree in communication engineering from Imperial
College, London, U.K., in 1981, and the Ph.D.
degree in medical electronics from the University of
Plymouth in 1985.

He is a Professor of Intelligent Electronics Systems
and Head of Signal Processing & Multimedia Com-
munications at the University of Plymouth, former

chair of the Institution of Electrical Engineers (IEE) Professional Network on
Healthcare Technologies. He was Head of School of Electronic, Communica-
tion, and Electrical Engineering from 1995 to 1999. He has published exten-
sively in the areas of signal processing and computational intelligence, including
co-authoring Digital Signal Processing – A Practical Approach (Prentice-Hall,
2002), and co-editing five books including Artificial Neural Networks for Bio-
medicine (Springer-Verlag, 2000).

Prof. Ifeachor has received several external awards for his work including two
awards from the IEE—the IEE Dr. V. K. Zworykin Premium in 1997 and 1998.

Nigel Hudson is a Fellow and former Chairman of
the Electrophysiological Technologist’s Association
(EPTA) of Great Britain. He holds office on the
EPTA Council as Website Manager and Registration
Council Representative and is Book Review Editor
for the Journal of Electrophysiological Technology
(JET). He is a National Examiner for the Professional
Parts I and II Examinations of the EPTA Educa-
tion Board. He has been the Service Manager and
Lead Physiologist of the Clinical Neurophysiology
Department at Derriford Hospital, Plymouth, U.K.,

since 1975.



1568 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 53, NO. 8, AUGUST 2006

Cindy Goh (S’99–M’02) received the B.Eng. degree
(1st class Hons.) in electronic electrical engineering
and the Ph.D. degree from the University of Glasgow,
Glasgow, U.K., in 1998 and 2004, respectively.

Since then, she has been working as a Postdoctoral
Research Fellow on the BIOPATTERN project on
novel biomarkers for patient-specific early detection
and assessment of dementia. Her research interests
includes biomedical informatics, signal and image
processing applied to biomedicine, artificial intelli-
gence, and evolutionary computation.

Nicholas Outram (M’98) received the B.Eng. de-
gree (1st class hons.) in electrical and electronic en-
gineering and the Ph.D. degree from the University
of Plymouth, Plymouth, U.K., in 1992 and 1997, re-
spectively.

He worked in the medical device industry for 5
years before returning to academia. He is now a Se-
nior Lecturer in the School of Computing, Communi-
cation and Electronics at the University of Plymouth.
His main research interests are signal processing,
intelligent systems, and computing applied to

biomedicine.

Sunil Wimalaratna received the F.R.C.P. degree
from the Royal College of Physicians, London, U.K.,
in 2000.

He is a Consultant Neurologist at the Radcliffe In-
firmary and Hon. Senior Lecturer in the University
of Oxford, Oxford,U.K. He is a Specialist in Clinical
Neurology and Neurophysiology and was trained in
the United Kingdom and the USA.

Claudio Del-Percio received the Master’s degree
in electronic engineering from University of Rome
”La Sapienza,” Rome, Italy, in 2000 for his work
in the analysis of electroencephalographic rhythms
related to movements. He received the Ph.D. degree
in neurophysiology from Department of Physiology
and Pharmacology of University of Rome “La
Sapienza” in 2004. His Ph.D. thesis is ”Cortical
sources of electroencephalographic (EEG) rhythms
during physiological and pathological aging”.

Fabrizio Vecchio received the Master’s degree in
electronic engineering from University of Rome ”La
Sapienza,” Rome, Italy, in 2002. He received the
Ph.D. degree in neurophysiology from Department
of Physiology and Pharmacology of University of
Rome ”La Sapienza,” in 2005. His Ph.D. thesis
is ”Functional coupling of cortical EEG rhythms
during short- and long-term episodic memory.”

He is currently a Associazione Fatebenefratelli per
la Ricerca biomedica (AFaR) Researcher.


