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Abstract Dementia caused by Alzheimer’s disease (AD) is worldwide one of the
main medical and social challenges for the next years and decades. An automated
analysis of changes in the electroencephalogram (EEG) of patients with AD may con-
tribute to improving the quality of medical diagnoses. In this paper, measures based on
uni- and multi-variate spectral densities are studied in order to measure slowing and,
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in greater detail, reduced synchrony in the EEG signals. Hereby, an EEG segment is
interpreted as sample of a (weakly) stationary stochastic process. The spectral density
was computed using an indirect estimator. Slowing was considered by calculating the
spectral power in predefined frequency bands. As measures for synchrony between
single EEG signals, we analyzed coherences, partial coherences, bivariate and condi-
tional Granger causality; for measuring synchrony between groups of EEG signals, we
considered coherences, partial coherences, bivariate and conditional Granger causality
between the respective first principal components of each group, and dynamic canonic
correlations. As measure for local synchrony within a group, the amount of variance
explained by the respective first principal component of static and dynamic principal
component analysis was investigated. These measures were exemplarily computed for
resting state EEG recordings from 83 subjects diagnosed with probable AD. Here, the
severity of AD is quantified by the Mini Mental State Examination score.

Keywords Alzheimer’s Disease - Electroencephalogram - Spectral density
estimation - Coherence - Partial coherence - Granger causality - Canonical correlation

1 Introduction
1.1 Alzheimer’s disease

Dementia is worldwide one of the main medical and social challenges for the next
years and decades. In Austria at present about 120,000 people are suffering from
dementia and the forecast is that in the year 2050 approximately 262,300 persons
will be affected (Schmidt et al. 2010). The main cause for demential syndromes is
Alzheimer’s disease (AD) which is responsible for approximately 60 % of dementia
cases (Knopman et al. 2003).

To this day, there is no cure for AD, and its cause and progression are not well
understood. Research indicates that the cause of AD is associated with plaques and
tangles in the brain (Moreira et al. 2009). “Mild cognitive impairmen” (MCI) can
be an early symptom for later dementia. Some MCI patients decline very slow, but
others progress to dementia within a few years. In progressive cases, early detection
is desirable. Today, diagnostic procedures consist mainly of neuropsychological test-
ing, such as the Mini Mental State Examination (MMSE) (Folstein et al. 1975) used
in this paper. In certain cases magnetic resonance imaging (MRI) is used for detect-
ingatrophy of the hippocampi, the medial temporal lobes and the total brain volume
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(Thompson and Toga 2009). Reduced glucose metabolism in specific regions of the
brain as visualized by fluordesoxyglucose positron emission tomography (FDG PET)
is another indicator for AD (Pupi et al. 2009). Several clinical studies suggest that
carriers of the apolipoprotein E (APOE €4) have an increased risk for contracting the
disease (Moreira et al. 2009).

Additionally, research is conducted on functional magnetic resonance imaging
(fMRI) (Sakoglu 2011; Liu 2008), and finally on the electroencephalogram (EEG)
(Jeong 2004; Dauwels et al. 2010), the latter being the focus of this paper.

1.2 EEG in AD diagnosis

When using EEG in clinical practice today, most common is visual analysis per-
formed by medical experts. Commercial software tools are typically used to perform
semi-automatic analyses of absolute and relative power spectra, mean frequency and
coherence. More advanced, computer-aided procedures may significantly contribute
to improving the quality of diagnosing. In diagnosis of AD, the major benefits of EEG
over MRI or PET are its non-invasiveness, easy application and low cost.
Clinical studies have examined the following EEG characteristics of patients with

AD and found them to be helpful in supporting medical diagnosis (Jeong 2004):

e Slowing

e Reduced complexity

e Reduced synchrony
In this paper, the focus is on methods based on spectral densities with a special focus on
the multivariate case. We consider slowing and, in greater detail, reduced synchrony.
The purpose is not to provide a detailed description of the results of a clinical study,
but to give an overview of the methods and a number of examples instead.

1.3 Structure of this paper

Section 2 is concerned with a short description of the EEG data used for our analyses.
In Sect. 3 we discuss artefacts and their removal from the EEG. Section 4 is concerned
with slowing of EEG, that can be particularly seen in the estimated spectral density.
Section 5 focuses on quantifying synchrony by measures such as coherence, partial
coherence, dynamic canonical correlation analysis, Granger causality and conditional
Granger causality. All these measures are based on the multivariate spectral density
corresponding to all EEG channel signals, the major question being thereby the relation
of these measures to the severity of AD as quantified by MMSE. Section 6 provides a
short conclusion.

2 Description of the data

For the present study, EEG recordings from the PRODEM-AUSTRIA! database of
the Austrian Alzheimer Society were used. More specifically, the EEG samples were

1 http://www.alzheimer.mcw-portal.com/index.php?id=27.
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Fig. 1 Electrode names and
positions

recorded at the Medical Universities of Graz, Innsbruck, Vienna and the General
Hospital Linz, all complying with a homogeneous study protocol. The sample consists
of EEG recordings from 83 subjects (48 female, 35 male) diagnosed with probable
AD as defined by the NINCDS-ADRDA criteria (McKhann et al. 1984). All subjects
underwent neuropsychological assessments including MMSE (Folstein et al. 1975)
and other neuropsychological assessments. Throughout this work, the MMSE score
- clinically well-established for evaluating cognitive impairment - is used to quantify
the progress of AD. MMSE scores range on an ordinal scale from 30 to 0 where
lower scores indicate more severe cognitive impairment. Only study subjects reaching
MMSE scores between 26 and 15 were considered, the average score was 22.06
(£3.18). Age, sex, duration of AD, and degree of education are applied as confounding
variables for further statistical analyses.

The EEG data were recorded and digitalized using the NeuroSpeed software of
the alpha-trace digitalEEG System? with sampling rate 256 Hz and analog bandpass
filtering in the range 0.3—70 Hz. Nineteen electrodes were positioned on the subjects’
scalp according to the international 10-20 system (Jasper 1958). The channel names
and positions are illustrated in Fig. 1. Channels starting with an “F” are on frontal posi-
tions, channels starting with a “T” are on temporal positions, those starting with a “P”
are on parietal, and channels starting with an “O” are on occipital positions. Connected
mastoids were used as reference and the ground electrode was located between chan-
nels Fz and Cz. Additionally, both horizontal and vertical electroocculogram (EOG)
channels and an electrocardiogram (ECG) channel were recorded. Impedances were
kept below 10k€2.

The EEG segments used for this work were recorded with the subjects sitting in a
resting but awake condition with eyes closed for 3 min.

3 Artefacts in EEG

The main artefacts occuring in EEG data are the following:

2 http://www.alphatrace.at.
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Fig. 2 Blink-artefacts in frontal EEG channels

Eye-artefacts including blinking and eye movements
Artefacts from the heart beat

Artefacts from other muscles/movement

Technical artefacts, e.g. from bad electrode contacts

Because the EOG data are available and have practically no dynamic influence on
the EEG data, the eye-artefacts can be removed by static linear regression on the EOG
data. In order to eliminate high-frequency signal components in the EOG channels
that are not associated with eye movements but origin from brain signals, the EOG
signals are subject to prior lowpass filtering. Figure 2 shows an EEG segment with
eye-artefacts in several channels. The upper channels correspond to frontal electrode
positions, here the EEG signals are corrupted the most by the artefacts.

Artefacts from heart-beat are more difficult to remove. The heartbeat rates of the
ECG are in the range of 1-2.5Hz. However, because of its spiked form, there are
significant superharmonics influencing the EEG signals of interest. A method for
properly removing these artefacts is described in Waser and Garn (2013). Figure 3
shows an EEG segment with artefacts from heart-beat in all EEG channels and also
in the horizontal EOG channel. In Fig. 3, the signal at the bottom is the ECG that
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Fig. 3 Heart beat artefacts in all EEG channels
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Fig. 4 Artefacts from muscle tension in EEG channels F8 and T8

measures the potential induced by the heart beat (in different scale than the EEG
channels).

Artefacts from other muscles are typically corrupting the frequency range above
15Hz. In Fig. 4, two channels (F8 and T8) are corrupted by high-frequency artefacts
caused by muscle tension. Therefore, the EEG signals are subject to lowpass filtering
at I5Hz.

The artefact-corrected EEG signals are divided in intervals of 4 s with 2 s overlap.
Those EEG segments that contain other artefacts that cannot be removed (e.g. artefacts
from bad electrode contacts) are excluded from further analyses.

4 Slowing
4.1 General remarks

A feature that could be helpful in supporting medical diagnosis of AD is a slow-down
in frequency of the EEG signal. To be more precise, a segment of the EEG is here
interpreted as a sample of a (weakly) stationary stochastic process (x;);c7. Under
the assumption that the second moments y; = Ex;4¢x; are absolutely summable, the
spectral density f(A) = m)! > s e~ exists and is in one-to-one relation with
the second moments of the process. In particular, yy = f f(A) dA and thus f ab f)da
is a measure of the contribution of the frequency band [a, b] to the overall variance yy
of the process. For more details on spectral estimation see Brillinger (1981). Significant
changes observable in the course of the disease are an increase in delta (2—4 Hz) and
theta activity (4—8 Hz) and a decrease in alpha (8—12Hz) and beta activity (12-30Hz)
(Jeong 2004).

Three common procedures for estimating the spectral density are the following:
the periodogram, (consistent) indirect spectral estimation, and AR-fitting using Yule—
Walker equations and the AIC criterion (Akaike 1974). In this context the interest is
in estimating the power in the respective frequency bands rather than in estimating the
spectral density itself. Note that the cumulative periodogram is a consistent estimator
of the spectral distribution function and thus it is suited for estimating the power in
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Fig. 5 Spectral density estimation: periodogram, indirect estimator, AR-based estimator

frequency bands. An indirect spectral estimator improves the quality of estimating the
spectral density, but the difference in estimating the spectral distribution is neglectable
in our case. In our case, the AR-based procedure is less suited for estimation, as it
approximates global rather than local characteristics of the true underlying spectrum
and thus the frequency bands of interest between 2-30Hz are influenced by non-
relevant frequency bands above 30 Hz. (Note that the Nyquist frequency is 128 Hz.)
Figure 5 shows an example for the spectral estimators on a4 s EEG segment. Although
the periodogram-based and the indirect estimation differ on the single frequencies, the
relative powers in the aforementioned frequency bands are similar.

In resting state with closed eyes, a dominant alpha peak typically occurs in the
spectrum of the parietal and occipital EEG channels. This peak is caused by the so-
called alpha waves, neural oscillations in the frequency range of 8—12 Hz arising from
synchronous electrical activity of thalamic neurons. For patients suffering from AD,
a shift of this peak to lower frequencies within the alpha frequency band might be
another indicator for slowing. The spectral alpha peak is illustrated by the example
in Fig. 6. It shows the spectral density of a parietal channel segment in two different
states, resting state with eyes closed and with eyes opened. In the latter case the alpha
waves are suppressed and therefore there is no dominant spectral alpha peak visible.
Both spectra were estimated using an indirect spectral estimator.
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Fig. 6 Power spectral density: eyes closed versus eyes opened
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Fig. 7 Example for slowing: relative power in different frequency bands

4.2 Examples

As an example of slowing, Fig. 7 shows the powers in the aforementioned fre-
quency bands relative to the overall power versus MMSE scores by scatterdiagrams.
A quadratic regression has been fitted to these scatterdiagrams. The relative powers in
the low frequency ranges delta (Fig. 7a) and theta (Fig. 7b) increase, while those in the
higher frequency ranges alpha (Fig. 7c) and beta (Fig. 7d) decrease. In this example,
the co-variables age, sex, degree of education, and duration of dementia were taken
into account where age and duration of dementia are introduced via both linear and
quadratic terms. In order to evaluate the significancy and goodness of fit, we used the
p- and R?-values.

5 Reduced synchrony
5.1 General remarks

In this section, the focus is on investigating the influence of AD on the degree of
functional connectivity between cortical areas. Functional connectivity is investi-
gated between channels as well as between groups of channels. In the latter case,
the following groups were defined Dauwels et al. (2010): Anterior (FP1, FP2, F3, F4),
Central (FZ, C3, CZ, C4, PZ), Posterior (P3, P4, O1, O2), Temporal Left (F7, T7,
P7), and Temporal Right (F8, T8, P8). As far as single channels are concerned, we
analysed (bivariate) coherence, partial coherence, bivariate and conditional Granger
causality. For each region, a (static) PCA has been performed. For the respective first
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principal components, coherences, partial coherences, Granger causality, and condi-
tional Granger causality have been investigated. In addition, dynamic canonical cor-
relation analysis has been performed. Finally, as a measure for the degree of local syn-
chrony, the amount of variance explained by the first principal component of a dynamic
PCA relative to the total variance has been considered for each group of channels. All
these measures derived from the multivariate spectral density are not considered for
single frequencies, but are averaged over the aforementioned frequency bands.

5.2 Measures for synchrony

Consider an n-dimensional multivariate stationary process (x;);c7 with covariances
¥s = Ex;4,x, and spectral density matrix f(A) = 2m)~' > ys ™™ with f =
(fij), i,j = 1...n. The spectral density was estimated with an indirect procedure
using a Parzen window in order to guarantee that the estimate is positive semi-definite.

Coherences are used as measures for mutual (linear, dynamic) dependence between
univariate subprocesses corresponding to the channels in our case. The squared coher-
ence between the ith and the jth subprocess at frequency X is defined as (see Brillinger
1981)

| fi; (V)12

Cr(y) = 220 1
) Sii Q) (W) )

Cizj (A) is normalized to be between 0 and 1 and is a measure of the strength of the

linear coupling between channel i and j at frequency A. Our estimator of Cl.zj (A) is
based on the spectral estimate mentioned above.

In the coherence measure described above, indirect couplings between channel i and
J (i.e. couplings via other channels) are taken into account as well. In order to measure
the direct couplings only, i.e. couplings after removing the influence of the channels
other than i or j, the so-called partial coherence (see Brillinger 1981; Flamm et al.
2012; Dahlhaus et al. 1997) was estimated. Let g = (g;j) = f —1 denote the inverse
of the spectral density of the underlying stationary process (here f is assumed to be
non-singular for all frequencies 1), then the squared partial coherences are defined as

lgij (V)12

R2(\) = — oW
i) gii(A)gjj(A)

2

Whereas coherences and partial coherences are symmetric measures, we also con-
sidered Granger causality for measuring directed couplings. Both Granger causalities
and conditional Granger causalities, i.e. with the influence of other channels removed,
are suited in this context (see Flamm et al. 2012). Granger causality between two
channels can be derived from a bivariate autoregressive model for these channels:
The jth component is not Granger causal for the ith component, if all coefficients
corresponding to the lagged jth component in the equation for the ith component are
equal to zero. Conditional Granger causality is defined from an autoregressive model
of order p for the n (i.e. 19 in our case) dimensional process (x;):
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Xr=a1x—1+ -+ apxi—p+e 3)

where the stability condition is satisfied. The jth component is not conditionally
Granger causal for the ith component, if all (i, j)-entries, ai(i, j),k = 1,..., p of
the ax equal zero. As a measure of the degree of conditional Granger causality, we used

the Euclidean norm />’ ,le a,% (@, j). The analogous measure was used for “ordinary”
Granger causality.

In order to describe synchrony between groups of channels, a (static) principal com-
ponent analysis (PCA) was performed for each group. In this way, couplings between
the groups can be approximately described via the couplings between the respec-
tive first principal components. In particular, coherences, partial coherences, Granger
causality, and conditional Granger causality were considered. Additionally, static and
dynamic canonical correlation analysis was used as measure of synchrony between
groups of channels. The dynamical correlations between two groups of channels are
defined as follows (Brillinger 1981): Let f; be the spectral density matrix correspond-
ing to the channels of group 1, and f; the spectral density matrix corresponding to the
channels of group 2. Further, let f>; denote the cross-spectral density between group
2 and 1. Then the dynamical correlations are defined as the (complex) singular values

1 1
of f, *faf; *.

In order to measure couplings within each group of channels, static and dynamic
PCA has been performed for the channels of the respective group. Dynamic PCA
(see Brillinger 1981) is based on an eigenvalue decomposition of the spectral density
corresponding to a group of channels. The amount of variance explained by the first
principal component is a measure of the homogeneity of the group.

5.3 Examples

As example of decreasing synchrony between single channels, Fig. 8 shows the squared
coherence between the channels C4 and O2 averaged in the alpha frequency band over
the MMSE scores by a scatterdiagram. The same co-variables as before, namely age,

0.7 5
p:0.027 R*: 0.111

0.6 - .

05F ° . 4

Coherence
o
»

03 r

0.2r

0.1
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Fig. 8 Example for synchrony: squared coherence between C4 and O2 in alpha-band (8-12 Hz)
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Fig. 9 Example for synchrony: partial coherence between C4 and O2 in alpha-band (8—12Hz)
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Fig. 10 Example for synchrony: Granger causality between the first factors of central and posterior region

sex, degree of education, and duration of dementia, were taken into account. For the
quadratic least-squares regression the p- and R>-values are given. In this example, we
observe a slight decrease of coherence with decreasing MMSE.

In order to provide an example for the direct coupling between the same channels—
C4 and O2—as before, Fig. 9 shows the partial coherence averaged in the alpha
frequency band over the MMSE as scatterdiagram. Here, no significant quadratic
trend (p = 0.564 > 0.05) can be observed.

Instead of measuring couplings between single electrodes, Fig. 10 shows the con-
ditional Granger causality between the central electrodes and the posterior electrodes
versus MMSE and with quadratic regression using the same co-variables as before. In
this example, a significant decrease of Granger causality with decreasing MMSE can
be observed; the R-value of the quadratic regression equals 0.392. Thus, as prelimi-
nary result, conditional Granger causality between different groups of channels gives
promising results for decline of synchrony with decreasing MMSE.

Finally, as example for changes in synchrony within a group of channels, Fig. 11
shows the amount of variance explained by the first principal component of dynamic
PCA in the posterior region. We observe a slight increase of the variance contribution
of the first factor for MMSE values ranging from 26 to 22, followed by a slight decrease
for MMSE values below 22.
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Fig. 11 Example for synchrony: information described by the first factor of a dynamic PCA in the posterior
region

6 Conclusion

In this paper, we described measures based on spectral densities of uni- and multi-
variate EEG signals that may contribute to improving the quality of diagnosing AD. In
particular, slowing in univariate spectral densities, and, for the multivariate case, spec-
tral based measures for synchrony, namely coherences, partial coherences, Granger
causalities, conditional Granger causalities, dynamic canonic correlations, and static
and dynamic PCA were investigated.
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