COMPARISON OF METHODS FOR EARLY DETECTION OF ALZHEIMER’S DISEASE.

Cindy Goh', Emmanuel Ifeachor', Tracey Cassar?, Charles-Francois V. Latchoumane23, Cristin Bigan?, Ge-

offrey Henderson', Kenneth Camilleri?, Simon Fabri?, Jaeseung Jeong®, Nigel Hudson

Sunil Wimalaratna” and Mircea Besleaga*

5, Poaolo Capotosto®,

1School of Computing, Communications and Electronics, University of Plymouth, Plymouth PL4 8AA, U.K.
%iBERG, Faculty of Engineering, University of Malta, Msida MSD06, Malta

3Department of BioSystems, Korea Advanced Insititute of Science and Technology (KAIST), South Korea

4 Faculty of Engineering, Ecological University of Bucharest, Romania

5 Department of Neurophysiology Derriford Hospital, Plymouth PL1,UK

6 Department of Human Physiology and Pharmacology, University of Rome La Sapienza, Italy

7 Department of Neurology, Radcliffe Infirmary, Oxford, UK

email: cindy.goh@plymouth.ac.uk

Abstract: In this paper, six methods for early detection
of AD - fractal dimension (FD), source localization (SL),
Hjorth analysis, cross mutual information (CMI), pdf of
zero-crossing intervals (ZCI) and power spectrum (PS)
are compared. We selected these methods because they
were relatively insensitive to artefacts and gave promis-
ing results. The methods were applied to the EEGs of
38 mild AD patients and 45 normal subjects, to extract
markers for early detection of AD. The datasets were ob-
tained from three different countries and hence provided
a more rigorous comparison. The performances of each
method were measured using ROC analysis, sensitivity,
specificity, classification accuracy, z-score and Area un-
der ROC curve. Results showed that indices found using
time domain methods, such as FD and ZCI outperform
those obtained from frequency analysis. In particular,
ZCI had the best overall performance for at least 50% of
the datasets. We found that, although the PS results tend
to agree with SL and ZClI, it is more sensitive to shifts in
the alpha-theta rhythms. Results also show that FD and
ZCI could potentially be use for early detection as their
performances outperformed those used in current clinical
AD diagnosis (sensitivity > 55%, specificity > 83%).

Keywords: Alzheimer’s disease, Dementia, Early De-
tection, Fractal dimension, EEG, Zero-crossing intervals,
Hjorth index, Cross mutual information, Source localiza-
tion, Power spectrum, Sensitivity, Specificity, ROC.

1 INTRODUCTION

Dementia is tremendously costly to patients, their fami-
lies, and society. Alzheimer’s disease (AD) is the most
common form of dementia and is increasing in preva-
lence. It has been reported that more than 20 million peo-
ple worldwide are affected by the disease [1]. A better
understanding of the disease, its treatment and diagnos-
tic measures could unravel important findings to advance
preventing or even halting the disease and help reduce
the number of sufferers. However, the diagnosis of AD is
a complex task involving many parameters and the mild
symptomatology associated with earlier stages of the dis-
ease are difficult to detect. It has been reported in a study

of cortical atrophy [2] that the delay between the actual
onset of and clinical diagnosis of AD using current clin-
ical criteria lies between three to five years. By which
time, sufferers are at an intermediate to late stage of pro-
gression.

At present, several markers are used clinically for
the detection and monitoring of treatment progress in
AD. Studies in neurofibrillary tangles (NFT) and amy-
loid plaques [3] are important and could contribute to ef-
fective treatment and eventually finding a cure for AD.
However, they are conducted post-mortem. Neurochem-
ical alterations in blood, cerebral spinal fluid (CSF) and
tissue samples [4] have also been investigated. They in-
volved highly invasive procedures and are used only in
advance stages when a diagnosis of probable AD is made.
By which time, sufferers have already experienced appre-
ciable losses in cognition and functioning. Significant ef-
forts are also made in neuroimaging techniques such as
MRI and PET. Despite its advantages, it is costly and not
suitable for routine screening of the large at-risk popula-
tion. Therefore, there is an urgent need for the develop-
ment of effective, low cost, non-invasive and reasonably
accurate screening markers to detect AD at earlier stages.

Since its first use by Hans Berger in 1924, the elec-
troencephalogram (EEG) have been used to provide ad-
ditional support in AD diagnosis including correlating re-
sults from imaging, biochemical and psychometric tests.
A key to the successful use of EEG for early detection of
AD lies in the development of robust methods for extrac-
tion of markers to accurately detect the disease. Research
in this area is active and a large array of methods now
exist, including both time and frequency, linear and non-
linear analysis techniques [5, 6].

Amongst other conventional techniques, the most es-
tablished is frequency spectral analysis and many studies
show that by looking at the EEG power density at se-
lected frequency bands, a “slowing of the EEG” is ob-
served in the alpha rhythms of AD patients. The slow-
ing of EEG rhythms have been considered as an indi-
rect affirmation of deficits in neurotransmitters, particu-
larly acetylcholine, which occurs at early stage AD [7].
Several nonlinear dynamical analysis (NDA), typically
those involving time embedding techniques, have been



reported to reveal information about the EEG and its un-
derlying system, which were unavailable from spectral
analysis [6, 8]. Previous studies have found that corre-
lation dimension (D-2) and the first Lyapunov exponent
(L) exhibit lower values when applied to the EEGs of
AD patients [9, 10]. This indicates a reduced complexity
in the underlying systems generating the EEGs and can be
seen as a consequence of neuronal death in AD [6]. De-
spite promising results, these techniques are sensitive to
parameters such as initial conditions, the embedding di-
mension and time delay. In addition, they required large
amounts of data to produce appreciable outcomes, which
are not always feasible.

Fractal analysis is an alternative approach to time em-
bedding methods. It works directly on the EEG to quan-
tify the waveform shape complexity. In this context, the
FD is a measure of the structural details of the waveform
itself [11]. The probability density function (PDF) of the
zero-crossing intervals (ZCI) is another method which
derives information directly from the EEG. It shares some
features as FD and has been successfully applied to the
EEG before [12]. It was shown to be robust in the char-
acterization of sleep spindles. In a previous work, we
have also applied the ZCIs to the EEG of AD patients
and found that this measure provides good separation be-
tween AD and normal subjects [11].

Recently, several entropy measures have been applied
to characterize the EEG in AD. In [13], sample entropy
was used applied to the EEG of AD patients and results
show increase regularities in the waveform, indicating ab-
normalities in its dynamics. However, it is sensitive to the
run length and tolerance window used in the algorithm.
The concept of mutual information (MI) is another NDA
method applied to the EEG for AD diagnosis. MI analy-
sis have shown promise when used to quantify functional
segregation and integration in the brain as well as com-
plexity [14]. Recently, it has also been used to measure
the amount of information transmission in different corti-
cal areas of the AD brain and results indicate a reduction
in functional connectivity [15]. Another set of concept
for detecting changes in the EEG of AD patients is the
Hjorth descriptors. Based on spectral moments computed
from the EEG, three descriptors, namely the activity, mo-
bility and complexity are derived [16]. When applied to
the EEG of AD patients, results show significant increase
in complexity and a reduction in mobility.

Another potential method for EEG analysis is source
localization (SL), which involves the use of inverse tech-
niques to locate the sources generating the EEG. There
are several approaches for finding the sources, includ-
ing the minimum current approach and the low resolu-
tion electromagnetic tomography (LORETA) [17]. These
methods have shown promising results when applied to
the EEG of AD patients [18]. It is evident that many
promising methods exist. However, despite promising re-
sults and claims about their usefulness, no comparison of
the methods has been conducted. It is therefore impor-
tant to compare key methods to verify these claims and
thereby provide more insights into how methods should

be use in the analysis of EEG for AD diagnosis.

The objective of this paper is to rigorously compare
the performances of a number of key methods for detect-
ing AD using markers obtained from the EEG.

We have chosen to compare six candidate methods,
namely, FD, Hjorth descriptors, SL, ZClIs, cross mutual
information (CMI) and power spectrum (PS) analysis of
the EEG. They are compared based on their performance
to accurately extract markers from the EEG for early de-
tection of AD. The methods were partly chosen due to
their insensitivity to artefacts, making them more suit-
able in practice. Furthermore, we have used a relatively
large dataset obtained from different countries; allowing
for more rigorous assessment of the methods as compared
to using only a single dataset.

The remainder of the paper is organized as follows.
Section 2 provides an overview of the methods. In Sec-
tion 3, we provide a brief description of the data. Section
4 describes the performance measures used for assessing
the methods. In Section 5, we present and discuss the
results and we conclude the paper in Section 6.

2 METHODS
2.1 Fractal Dimension

In this paper, the dimension of zero-set approach is used
to estimate the FD [11]. Given an EEG channel, the FD
is obtained by finding the set of instances where the EEG
intersects with the zero volt reference. The set is then
covered with N(Ar) line segments of a chosen length, Ar.
The total length of all the line segments (30ms < Ar <
500ms) is:

L(At) = N(At) - At = L,AtP~! (1)

D is estimated using linear regression by taking the
log of equation 1, such that log(L(Af)) = log(Ly) + (1 —
D) - log(At)

To compute the FD for all channels of an EEG record-
ing, the raw EEG of every channel in the set was first di-
vided into one second segments. The estimated FD for
each segment was then estimated using equation 1 and
plotted on a histogram (128 bins). The mode of the his-
togram was then used as the composite measure of the
FD. This is expressed in equation 2:

Y. DiFD;
=Y 2)
i=1 Zi:l D’L

Where D; is the histogram height (density) at FD es-
timate F'D; and n is a control constant set to 4.

FDindew

2.2 Cross Mutual Information

CMI measures the linear and nonlinear dependence of
two variables. In this context, it is used to measure the
functional connectivity between two time series X and
Y [7 - 9]. The computation of the CMI (between every



channel pair in the EEG recording) is given in steps 1 -
10 below:

1. Normalize each time series in the following way:
X=X—Xnin, X = X/ Xz

2. Normalize the time series into N bins. The same
number of bins was used for both time series. Nu-
merical experiments verify that 16 bins and epochs
of more than 3000 sampling points provide stable
estimates of the MI.

3. Compute the joint probability density for the mea-
surements of X and Y, Pxy(x;,y;) using a his-
togram estimation based on the partitioned signals
(see step 2).

4. From the joint probability density we deduce the
probability density, Px and Py of each signal, X
and Y.

5. Given the probability distribution of X, Y and the
joint probability density Pxy , we compute the mu-
tual information defined as:

Pxy (zi,y5)
Px (2:) Py (y;)
3)

6. Calculate [xy for several delay values 7 ranging
from O to 500 ms (at any sampling frequency):

Ixy =— Z Pxy (xi,y;)logz

TiyYj

S Py, (a(t),ult + 7))
z(t),y(t+7)
Pxy (z(t),y(t + 1)
tog> <Px<x<t>>Py, (Wt t r>>) @

Ixy, = —

7. Compute the power of each time series X and Y as
follows:

N

Power(X) = Z(Xf) )
'LTVI

Power(Y) = Z(le) (6)

8. Normalize [xy (at each time delay) by the mean
power of X and Y. Repeat this for all pairs of
channel.

9. For each pair of channel (X,Y) we consider the
following value of CMI:

Ixy = mean(Ixy (1 : delay) + Ixy (1 : delay))
@)

10. Obtain a mean value of CMI across all delays and
in both directions X-Y and Y-X.

2.3 Hjorth Index

A set of concepts applicable to EEG analysis are the so-
called Hjorth descriptors [16]. These are derived from
the moments of the spectral density Szxz(f). The nth
spectral moment is defined as follows:

wo= [ @npy S ®)
The zero order moment is:
w= [ (S ©)

So ag = o2 (the variance).
The second order moment is defined by:

- / " @S (F)df

—00
B d’R,.(T)
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2
- E {d;(f)] (10)

as in [38], where R, is the autocorrelation function,
and the fourth order moment is:
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Based on these quantities, Hjorth derived the follow-
ing parameters, called descriptors:

activity, A = ag (12)
0112
mobility, M = [2} (13)
ao
a 412
complexity, C = {4 — 2] (14)
a9 an

When these descriptors were applied to the data, we
found that lower average complexity was obtained for
normal subjects and a higher average mobility was ob-
tained for the AD patients.

In order to track the changes in EEG as a measure of
normality or closeness to AD, the following index based
on Hjorth descriptors has been defined:

e — 100
Hj = . -
jorthindex = Creft + Cright + Mo+ M
15)
Where Crey: and Crygne are the average complexity
on the left and right of the brain respectively and Mp. ¢
and Mp;4n; are the average mobility on the left and right
of the brain respectively. H is a constant set at 100.




2.4 Source Localization

Source localization aims to estimate the sources giving
rise to the EEG and provides information on the gener-
ation and propagation of these sources [17]. The cur-
rent analysis aims at identifying which brain areas are
the most or least affected in AD patients as compared
to the normal subjects, so as to provide better means of
early detection. In this paper, we investigate the spon-
taneous rhythm generators through a distributed source
model where sources are modelled as current dipoles and
a dense set of dipoles located at fixed points on a grid
covering the brain volume is assumed. The extraction of
the SL index or marker from the EEG is summarised as
follow:

1. The spatio-temporal EEG is filtered into four fre-
quency bands: Delta (2 to 4Hz), Theta (4 to 8Hz),
Alpha (8 to 13Hz), Beta (13 to 21.3Hz).

2. For each frequency band, source localisation is per-
formed at every 3rd sample. A 3-layer spheri-
cal head model with 755 voxels is assumed. The
LORETA inverse solution was used to estimate the
current density at each individual voxel.

3. By taking the square of the estimated current den-
sity, the energy at each voxel is found.

4. The total energy for a particular brain region is then
calculated by summing the energy over all time pe-
riod, for all voxels falling within that brain area:

T Nai

Ex=) Y my (16)

t=1 v=1

Where E 4; is the total energy over time in brain
region A1, m?2, is the energy at voxel v at time in-
stant ¢t and N 47 is the total number of voxels in
region Al.

5. The alpha-theta ratio based on the energy is then
used as a marker to discriminate between AD pa-
tients and normal subjects:

EAI,(x

SLpy=—-""2"21"
Al Egio0+Ea10

17
Where SL 47 is the alpha-theta ratio of the total
energy, /a1, and E 41 ¢ are the total energy over
time in the alpha and theta band for region Al re-
spectively.

2.5 PDF of Zero-crossing Intervals

The alpha-theta ratio distribution of the ZClIs is applied
to the EEG to differentiate between AD patients and nor-
mal subjects as it was demonstrated in our previous work
that this method provides a good measure for AD detec-
tion [11]. In this context, it is defined as the time interval
between a positive to negative voltage transition to the

next positive to negative voltage transition. If one ex-
amines an EEG record from a single channel, a list of
ZClIs may be extracted and the PDF of these data may be
plotted. This was computed for EEGs in the alpha (8 to
13Hz) and theta band (4 to 8Hz) and the alpha-theta ratio
is obtained as follow:

PDF(ZCI,4)
PDF(ZCI,) + PDF(ZClIy)

ZCl,g = (18)

Where ZC'1,, ¢ is the alpha-theta ratio based on the
PDF of the ZCIs, PDF(ZC1,) and PDF(ZC1Iy) is the
PDF of the ZClIs in the alpha and theta band respectively.

2.6 Power Spectrum Analysis

For completeness, we also computed the alpha-theta ratio
based on the power spectrum of the EEG. The EEG data
was filtered in four frequency bands namely, Beta (13 -
21.3Hz), Alpha (8 - 13Hz), Theta (4 - 8Hz) and Delta (2 -
4Hz). The power in each frequency band was obtained by
taking the sum of the squared magnitude of each signal.
The alpha-theta ratio is computed as follow:

Power,
P 00 = 19
owera.6 Power, + Powery (19

3 DATA

Four datasets (A, B, C and D) obtained from three clinical
centres in three different centres (UK, Italy and Roma-
nia) were pooled together to create a large dataset, giving
a total of 45 normal and 38 AD subjects. Each dataset
consisted of EEGs of healthy normal, age-matched sub-
jects and mild AD patients obtained using strict proto-
cols. Each AD subject was diagnosed using a range of
clinical and psychometric test batteries. Dataset A was
used to develop and optimise the algorithms and datasets
B to D, one from each centre, were used to assess the
performance of the methods. Dataset A exhibits the clas-
sic spectral characteristics in AD, with elevated power in
the theta band. Dataset B has similar characteristics, but
for AD patients, the ratio of the alpha-theta power in the
frontal region was closer to the normal subjects and con-
tained more artefacts. For Dataset C, although AD pa-
tients have higher power in the alpha than theta band, the
ratio of alpha-theta power is lower than the normal group.
Dataset D has similar spectral features with Dataset C,
however the ratio of alpha-theta power for AD patients
were higher than normal subjects. In comparison to the
other datasets, Dataset D contained the most artefacts. No
pre-processing was performed and whole records includ-
ing artefacts were analyzed. This approach leads to a pre-
diction of the usefulness of the methods in clinical prac-
tice. Table 1 provides a summary of the statistics of the
datasets.



Dataset A B C D
No. of Subjects 11 41 20 11
Sampling Freq. (Hz) 128 128 | 128 512
No. of Channels 21 21 19 22
Duration (s) 240 | 240 60 300
No. of Subjects 8 24 10 3
= M — 10 5 3
£ F S VI 0
Z | Mean Age (years) | >65 | 69.4 | 783 | 735
MMSE — — 1228 | 20-28
No. of Subjects 3 17 10 8
M — 10 5 6
2 F — 14 | s 2
Age (years) >65|77.6 | 78 75
MMSE — — 1292 |20—-28

Table 1: Summary of dataset statistics

4 MEASURES OF PERFORMANCES

The methods were assessed based on their ability to cor-
rectly detect the AD patients from the cohorts. The out-
put of each method is a single index and can be viewed
as a marker. Thus, for every subject in the cohort, there
would be one index per method, e.g. ZCI index, Hjorth
index, etc. Figure 1 shows the FD indices for all subjects
in Dataset A. We can see that AD patients have lower FD
compared to normal subjects.

FD index of subjectsin dataset A

e

0.6 ™
v Ty

FD index
=)
-

AD1 ADZ2 AD3 VOL1 VOL2 VOL3 VOL4 VOLS VOL6 VOL7 vOLe
Subjects

Fig. 1: FD indices of subjects in dataset A.

The following measures were used to quantify the
performance of each method:

- Classification accuracy, sensitivity and speci-
ficity. The classification accuracy is a well-known
measure of a method’s performance. It is the ratio
of correctly classified cases to the total number of
cases. Sensitivity and specificity measure the num-
ber of true positive and negative cases respectively.
Given that A is the number of true positive cases,
B is the number of false positive cases, C is the
number of false negative cases and D is the num-
ber of true negative cases, these measures can be
expressed as:

Sensitivity = 110 (20)
D
Speci ficity = 51D 2n
A+ D
Accuracy = i (22)

A+B+C+D

Although the classification accuracy is derived
from the sensitivity and specificity, it is impor-
tant to consider all three measures when evaluat-
ing performances. This is because two methods
with rather different performances could have the
same classification accuracy. For example, incor-
rect diagnosis from one could be all false negatives
while those from the other method might be nearly
all false positives, however, based on equation 22,
both methods would report the same classification
accuracies. At present, there are no benchmarks for
these measures. In this paper, we will use the min-
imum levels of 83%, 55% and 75% for specificity
and sensitivity and classification accuracy respec-
tively [19] as these are accepted in clinical diagno-
sis of AD.

Area under the ROC curve (AUC). The AUC
provides a measure of the probability that a sys-
tem can correctly detect each case when presented
with every possible pair of one healthy normal and
one AD case from the sample [19]. The closer the
AUC is to 1, the better the method.

z score. The z score measures how well a
method can differentiate between the AD and nor-
mal groups (see equation 23). A higher z indicates
better distinction between normal subjects and AD
patients. An advantage of this measure is that it is
not affected by the units or magnitude of the mea-
sured quantity. The z score is given by:

Mnorm — HAD

z =
\/(nﬂ,ov‘m, —1)-02,,.,+(nap—1)-0%
Nnorm+nNAD—2

(23)

where fiyorm and g4 p are the mean of the normal
and AD group respectively. 7,0 1S the number
of normal subjects and n 4 p is the number of AD
subjects in the normal and AD groups. ¢,,0m and
oap are the associated standard deviations. For
ease of comparison, the z score have been normal-
ized across all regions for every method. This was
done by taking each method in turn and dividing
the z score of each region by the maximum z scores
for all regions for that method.

Pareto Ranking. In order to assess the overall per-
formance of each method, we have chosen to use
Pareto ranking, which is based on the concept of
Pareto dominance [20]. To do this, each method



is assigned a rank based on its performance, rela-
tive to other methods. For example, if we compare
the results from two methods (A and B) in terms
of two criteria: (i) the number of correctly detected
true positives i.e. high sensitivity and (ii) the num-
ber of correctly classified cases i.e. high classifica-
tion accuracy. In this case, the method which gives
the best performance for both criteria is superior
and is given a rank of 1, while the other method
is ranked 2. However, in the case where method
A has higher sensitivity and method B has higher
classification accuracies, both methods would have
the same rank since neither outperforms the other.
As compared to weighting where assessment cri-
teria are prioritize by pre-assigned weights, Pareto
ranking offers the advantage of an unbias compari-
son between methods.

5 RESULTS AND DISCUSSIONS

The results presented in this section is based on the per-
formance measures defined in Section IV. The methods
are compared in terms of their ability to correctly detect
AD. Figure 2 presents the performance of the methods for
each dataset for all performance measures. In Figure 3, a
comparison summary is provided using Pareto ranking to
indicate the overall performance of each method for each
dataset.

For dataset A, the performances presented in Fig-
ure 2(a) show that FD analysis of the EEG provides a
better detection than the other methods. It was able to
detect the AD patients from the cohort with 100% clas-
sification accuracy (100% for both sensitivity and speci-
ficity) and the normalized z scores also indicate a rel-
atively good degree of separation between AD patients
and normal subjects. In comparison to FD, the markers
based on the ZClIs performed relatively well. However,
it was observed that the mean indices between normal
and AD groups were closer as compared to those from
FD analysis. Therefore, in comparison to the latter, this
method could provide a less distinct separation between
the two groups. This explains the lower 2z score obtained
for this method. The Pareto rankings in Figure 3 show
that Hjorth analysis and SL gave the same overall perfor-
mances. From Figure 2(a), the two methods had the same
performances in terms of specificity, classification accu-
racies and AUCs. However, the we see that the SL indices
gave higher false positives while the Hjorth indices had
lower z scores. Hence, based on the Pareto concept, the
methods do not outperform each other. On the whole, the
results for this dataset suggest that all the indices could
potentially be used for early detection of AD as they were
better than the levels used in current clinical AD diagno-
sis. However, as the methods were developed using this
dataset, there is a need to verify their performances with
other datasets.

For dataset B !, the overall performances of the meth-
ods were comparatively better than the minimum levels

IResults from CMI were insignificant p > 0.05, hence disregarded.
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Fig. 3: Comparison of method performances using on
Pareto ranking.

we aim to achieve. If the methods were to be used for
screening purposes and a more stringent criteria is re-
quired, the results in Figure 2(b) suggest that FD and ZCI
indices are potentially the most efficient. However, if one
is more concern with the overall accuracy of the diagnos-
tic system, then the PS indices would be better since it
had less false positives and the normalized z score and
AUC indicate better separation and detection within the
cohorts. For this dataset, we found that the Hjorth indices
for the two groups were very close. Specifically, many
normal subjects had indices in the AD range, which re-
sulted in the poor specificity and lower classification ac-
curacies. In comparison to the results for dataset A, we
see that not all methods could be use for AD diagnosis.
Only FD, ZCI, SL and PS indices could potentially be
used as they were better than the minimum specificity,
sensitivity and classification accuracy levels used in cur-
rent clinical diagnosis of AD.

The performances in Figure 2(c) shows that the in-
dices from FD, ZCI, SL and Hjorth analysis have better
sensitivity, specificity and classification accuracies than
CMI and PS. In the case of PS analysis, the performances
were inferior to the other methods. Using this index, a
large number of normal subjects were misdiagnosed as
having AD (sensitivity ~40%). For this dataset, we ob-
served that the distributions of the spectral power in the
alpha and theta bands for both AD patients and normal
subjects were fairly similar, i.e. higher alpha, lower theta.
One of the reasons for the poor performance could be that
the method is more susceptible to shifts in the powers of
the alpha and theta bands and given the similarities in the
spectral characteristics, it was not able to differentiate be-
tween the two groups efficiently. Although PS and ZCI
analysis share similar characteristics in that both meth-
ods are based on the variations in the alpha-theta rhythms
of the EEGs of AD patients and normal subjects, the lat-
ter gave better performances. One reason could be that
in the case of PS analysis, FFT is first performed on the
EEGs to obtain the frequency components whereas ZCI
works directly in the time domain and hence is not af-
fected by the non-stationarity of the dataset. This allows
for greater differentiation between similar, but different,

lower frequency components.

For dataset D, results in Figure 2(d) show that the
Hjorth indices had the best performances across all mea-
sures. The results show that the indices from PS gave the
worst performances and were insignificant (p > 0.05). It
was observed that AD patients in this dataset had similar
spectral characteristics to dataset C. In fact, some AD pa-
tients had higher ratios of alpha-theta power than normal
subjects. This dataset also contained more artefacts. The
effects of the alpha-theta rhythms in the AD group were
also evident in the poor performances of ZCI analysis.
The results also show that it is important to consider the
sensitivity and specificity levels in addition to the classifi-
cation accuracy. For example, although the classification
accuracy of the PS index was better than the minimum
level we aim to achieve (75%) and had 100% sensitivity,
all normal subjects were misdiagnosed as having AD (0%
specificity).

From the overall performances shown in Figure 3, in-
dices from ZCI are the most efficient in detecting AD
as they gave the best ranks for two of the four datasets.
Figure 3 also show that the methods’ performances vary
between datasets. For example, for Dataset A, FD had
the best performances while for Dataset D, Hjorth indices
were superior. This highlights the importance of having
larger and more diversified datasets to compare the meth-
ods as opposed to when a single dataset is used.

6 CONCLUSION

In this paper, we compared the performance of six can-
didate methods for the early detection of AD using four
different datasets from three different countries. On the
whole, we found that time domain methods such as FD
and ZCT had better overall performances in comparison to
frequency domain methods. For PS analysis, although the
results tend to agree with ZCI and SL, it is more suscepti-
ble to frequency shifts in the alpha-theta bands. We found
that the results from CMI were inferior to the other meth-
ods for all datasets. However, this method has shown
promising results when applied to EEGs of severe AD
patients [14,21]. The datasets considered in this paper
contained only mild AD patients and disruptions in terms
of functional connectivity at this stage of the disease may
not be apparent in the EEG. Therefore, its is important
to investigate this method further. We have also shown
that by using an extensive dataset and well-known per-
formance measures, more thorough comparisons of the
methods were achieved.
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