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� New multivariate EEG connectivity markers were tested on Alzheimerian’s.
� Alzheimer’s group showed decreased posterior-to-anterior EEG connectivity.
� Promising results of classification between AD and control group: AUC = 86%.

a b s t r a c t

Objective: This exploratory study provided a proof of concept of a new procedure using multivariate elec-
troencephalographic (EEG) topographic markers of cortical connectivity to discriminate normal elderly
(Nold) and Alzheimer’s disease (AD) individuals.
Method: The new procedure was tested on an existing database formed by resting state eyes-closed EEG
data (19 exploring electrodes of 10–20 system referenced to linked-ear reference electrodes) recorded
in 42 AD patients with dementia (age: 65.9 years ± 8.5 standard deviation, SD) and 42 Nold non-
consanguineous caregivers (age: 70.6 years ± 8.5 SD). In this procedure, spectral EEG coherence estimated
reciprocal functional connectivity while non-normalized directed transfer function (NDTF) estimated
effective connectivity. Principal component analysis and computation of Mahalanobis distance integrated
and combined these EEG topographic markers of cortical connectivity. The area under receiver operating
curve (AUC) indexed the classification accuracy.
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Results: A good classification of Nold and AD individuals was obtained by combining the EEG markers
derived from NDTF and coherence (AUC = 86%, sensitivity = 0.85, specificity = 0.70).
Conclusion: These encouraging results motivate a cross-validation study of the new procedure in age-
and education-matched Nold, stable and progressing mild cognitive impairment individuals, and de novo
AD patients with dementia.
Significance: If cross-validated, the new procedure will provide cheap, broadly available, repeatable over
time, and entirely non-invasive EEG topographic markers reflecting abnormal cortical connectivity in AD
patients diagnosed by direct or indirect measurement of cerebral amyloid b and hyperphosphorylated tau
peptides.
� 2016 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. All rights

reserved.
1. Introduction

Among many causes of dementia, the most common in geri-
atric patients is Alzheimer’s disease (AD). AD is characterized by
a pathological brain accumulation of amyloid b and hyperphos-
phorylated tau peptides inducing neurodegeneration and
decrease of cholinergic tone (Terry and Buccafusco, 2003). In
recent guidelines concerning AD (Dubois et al., 2014), amyloid b
and tau proteins in cerebrospinal fluid (CSF) and positron emis-
sion tomography (PET) maps of amyloid b and tau in the brain
were proposed as pathophysiological markers for an early biologi-
cal diagnosis of AD, while magnetic resonance imaging (MRI) and
FDG-PET procedures were proposed as topographic markers to
track a disease evolution by indexes of brain structural integrity
and metabolism, respectively. However, the above CSF and neu-
roimaging biomarkers derive from procedures that are not widely
available in the clinical environment, expensive, and partly inva-
sive. These reasons motivate the quest for integrative or alterna-
tive biomarkers for early diagnosis, disease tracking, and therapy
monitoring of AD. A promising cheap, largely available, repeatable
over time without learning effects, and entirely non-invasive neu-
rophysiologic technique is the recording of electroencephalo-
graphic (EEG) rhythms in the condition of awake resting state
eyes-closed In the last years, there was an increasing interest in
the analysis of these EEG rhythms, as a promising methodology
for the development of a non-invasive, cheap, and repeatable
topographic markers for a neurophysiological assessment of AD
patients useful for clinical decision making along the progression
of the disease (Anderer et al., 1994; Lehmann et al., 2007; Jackson
and Snyder, 2008; Rossini et al., 2007, 2008; Babiloni et al., 2013).
This neurophysiological assessment may enrich the clinical evalu-
ation even if it has not the feature of a diagnostic procedure
based on the direct or indirect measurement of amyloid b and
hyperphosphorylated tau peptides.

In the review paper by Jeong (2004), the following hallmarks of
EEG abnormalities in AD patients were reported: shift of the EEG
power spectrum to lower frequencies, less complex EEG activity,
and decrease in coherence of fast EEG rhythms. In the literature,
the general accuracy of the classification of individual mild AD
patients by spectral EEG markers has been estimated at around
80% (Claus et al., 1999; Huang et al., 2000; Bennys et al., 2001;
Buscema et al., 2007).

In a more recent review by Dauwels et al. (2010a), similar major
effects of AD on EEG rhythms were reported: slowing of EEG,
reduced complexity of EEG signals, and perturbations in EEG syn-
chrony. In that review, measures quantifying the above mentioned
effects were described, several state-of-the-art pre-processing
techniques were outlined, and limitations of computational
approaches for diagnosing AD based on EEG were discussed.

It has been recently suggested that AD amyloidosis and neu-
rodegeneration typically affect distributed brain neuronal net-
works subserving cognitive functions (Pievani et al., 2011; Braak
et al., 2006) and induce a functional brain disconnection syndrome
(Delbeuck et al., 2003). In this context, investigation of brain con-
nectivity seems a promising method to provide additional
biomarkers of AD pathology. The concept of ‘‘functional brain con-
nectivity” refers to the interaction between two or more neural
systems, either at a synaptic or population level, which is reflected
by a statistical dependence of a variable describing the activation
or deactivation of those systems (Friston, 2011). Functional brain
connectivity does not imply the existence of anatomical connec-
tion or causal influence of one system on another. It can be typi-
cally indexed by measures such as statistical correlation (in the
time domain) and spectral coherence (in the frequency domain).
There is an important limitation of the functional connectivity
computed from EEG signals recorded at different scalp regions. It
may depend not only on neural currents of the underlying cortical
region but also on neural currents generated by remote cortical
regions and conducted across head volume (the so-called ‘‘volume
conduction”). Furthermore, two cortical regions can show corre-
lated activations because of ‘‘common feeding” from a third corti-
cal or sub-cortical source.

Effective connectivity is another important dimension of func-
tional connectivity, which refers to a causal influence that one neu-
ral system exerts on another and can be estimated by measures
based on Granger causality (Kaminski et al., 2001; Blinowska and
Zygierewicz, 2012). A convenient measure of effective brain con-
nectivity is directed transfer function (DTF): (Kaminski and
Blinowska, 1991). DTF alleviates the effects of ‘‘common feeding”
and volume conduction (Kaminski and Blinowska, 2014).

A bulk of previous EEG studies has shown an abnormal spectral
coherence and DTF connectivity in AD subjects at the group level.
On one hand, the spectral coherence of EEG rhythms differed
between healthy elderly (Nold) and AD subjects. Namely, the
majority of previous EEG studies have reported a prominent
decrease of the spectral coherence, especially at the alpha band,
in the AD in respect to Nold subjects (for a review see Babiloni
et al., 2015). On the other hand, DTF values have unveiled a reduc-
tion in the parietal-to-frontal inter-relatedness of delta and alpha
rhythms in AD and mild cognitive impairment (MCI) patients in
comparison to Nold subjects (Babiloni et al., 2008; Babiloni et al.,
2009a,b; Blinowska et al., 2012).

A recent seminal EEG study (Dauwels et al., 2010b) compared
the classification accuracy of data from MCI patients that later
suffered from AD versus data of Nold subjects by: partial
directed coherence, DTF, full frequency DTF (ffDTF), state space
based estimators, different kinds of entropy measures, different
kinds of divergence and stochastic event synchrony (SES), and
information-theoretic measures including Mutual Information
(measure closely related to Synchronization Likelihood). Results
showed that the majority of these EEG estimates globally indicated
a decrease of the functional and effective brain connectivity in AD



K.J. Blinowska et al. / Clinical Neurophysiology 128 (2017) 667–680 669
patients with respect to Nold subjects, however only two estima-
tors yielded significant results in the classification of Nold and
MCI individuals, namely SES (sensitivity = 68,35%) and ffDTF – full
frequency DTF (sensitivity = 70.0%).

Different synchrony measures (coherences, DTF, ffDTF, dDTF,
omega complexity1) were also used in a hybrid approach (Gallego-
Jutgla et al., 2015), concerning early Alzheimer disease diagnosis,
where relative power in different frequency bands was considered
as well. It was demonstrated that combining parameters describing
EEG slowing and changes in EEG synchrony gives very good classifi-
cation results and improves the ability to distinguish between AD
patients and healthy subjects. However, as the Authors admitted
themselves, further studies on the larger database are needed to gen-
eralize the results.

Keeping in mind the above results and considerations, the pre-
sent exploratory study tested the hypothesis that multivariate
spectral coherence and DTF topographic markers provide a good
discrimination between Nold and AD subjects, when the classifica-
tion of resting state EEG rhythms is performed on features
obtained by preliminary procedures extracting and integrating
main information contents of the above estimators (e.g. Principal
component analysis, PCA; computation of Mahalanobis distance;
for more details see Section 2). A correct classification of these
Nold and AD subjects would provide a first proof of concept that
those EEG topographic markers unveil abnormal neurophysiologi-
cal mechanisms generating the propagation of EEG signals in the
cerebral cortex, even if they are not specific for AD and cannot be
considered as ‘‘diagnostic” (they do not measure primary disease
pathophysiological markers directly).

To this aim, the new procedure of this study was applied on an
available clinical and EEG database in Nold subjects and AD
patients with dementia. The database had two convenient features.
The Nold and AD individuals had a paired socio-economic factor
basically, and EEG data were recorded from them using an extra-
cephalic reference electrode. This methodological feature made
the recorded EEG data compatible with advanced multivariate
techniques for the extraction of markers of functional and effective
EEG connectivity.

Aside these favorable aspects, the mentioned database had
some methodological limitations. The present groups of Nold and
AD subjects were relatively small and not perfectly matched in
respect of age and education. Furthermore, all AD patients
assumed psychoactive medications typically administered in this
disease (i.e. Acetylcholinesterase inhibitors). Finally, the database
lacked control groups of MCI seniors stable across time or patients
with dementia due to non-AD etiologies. Nevertheless, the current
exploratory study globally provided a first proof of concept on the
classification accuracy of the new step-wise procedure in Nold and
AD individuals.
2. Material and methods

2.1. Subjects and diagnostic criteria

EEG signals of the present study were available in the archive
of European FP7 project DECIDE (http://eu-decide.eu). This
EEG archive was formed by a past multicenter investigation
enrolling all consecutive AD patients with dementia and
non-consanguineous family caregivers and strict friends (no con-
sanguineous relative was included) to minimize differences in
socio-economic and environmental factors. Those factors include
1 dDTF—direct DTF is based on combination of partial coherences and DTF, omega
complexity-synchrony is evaluated with principal component analysis of the
obtained covariance of data.
financial resources, access to medical care, quality of the life, fea-
tures of the house and city/town, which might affect global per-
sonal wellness, brain function, and EEG activity. Noteworthy, the
composition of that EEG database reflected the AD population
and that of their caregivers. Indeed, AD patients are typically older
and less educated than their non-consanguineous family care-
givers are. Another feature of the mentioned EEG archive concerns
the reference electrode. In neurologic and geriatric departments,
clinical EEG recordings are often performed using a cephalic refer-
ence electrode incorporated into an elastic electrode cap, which
allows sparing the time to apply extracephalic reference electrodes
on linked ears, mastoids or nose.

In the present study, we used the part of the DECIDE EEG data-
base comprising all individual EEG datasets recorded with an
extracephalic electrode reference (i.e. ‘‘linked ears”). The reason
is that only EEG recordings with extracephalic electrode references
are adequate for mathematical approaches based on auto-
regressive models using the phase of the EEG rhythms to model
the functional or effective connectivity between electrode pairs.
As another constraint, we used the part of the DECIDE EEG data-
base having a full clinical documentation that minimized the risk
of a diagnostic misclassification with other kinds of dementing dis-
orders (i.e. cerebrovascular dementia, frontotemporal dementia,
dementia of Lewy body, etc.). As a result, we formed relatively
small groups of AD and Nold individuals reflecting the typical epi-
demiological characteristics of AD population and that of their
caregivers.

Keeping in mind the above considerations and constraints, the
present study was based on clinical and EEG datasets of 42 Nold
subjects and 42 AD patients with mild to moderate dementia.
Table 1 reports relevant demographic and clinical information on
both groups. For the reasons explained above, these groups showed
some difference as age (about 5 years, on average) and education
(the AD patients were older and less educated than the Nold sub-
jects were). Because of the present methodological approach is
grounded on statistical procedures requiring relatively large data-
bases (i.e. principal component analysis), we did not remove many
Nold andAD individuals to pair age and education in the two groups.

Probable ADD was diagnosed according to the criteria of the
Diagnostic and Statistical Manual of Mental Disorders, fourth edi-
tion (DSM-IV-TR) (American Psychiatric Association. Diagnostic
and statistical manual of mental disorders (IV-TR), 4th edn—text
revised. Washington, DC; 2000) and the National Institute of Neu-
rological Disorders and Stroke–Alzheimer Disease and Related
Disorders (NINCDS–ADRDA) working group (McKhann et al.,
1984).

Probable AD was diagnosed according to the criteria of the
DSM-IV-TR (American Psychiatric Association. Diagnostic and sta-
tistical manual of mental disorders (IV-TR), 4th edn—text revised.
Washington, DC; 2000) and the NINCDS-ADRDA (McKhann et al.,
1984). The mild AD patients underwent general medical, psychi-
atric, and neurological assessments. They were also rated on some
standardized clinical scales that included MMSE (Folstein et al.,
1975), geriatric depression scale (GDS; Yesavage et al., 1982), clin-
ical deterioration rate (CDR; Hughes et al., 1982), Instrumental
Activities of Daily Living scale (IADL, Lawton and Brodie, 1969),
and Hachinski Ischemic Score (HIS, Rosen et al., 1980). Complete
laboratory analyses and neuroimaging diagnostic procedures
(MRI) were carried out to exclude other causes of progressive or
reversible dementias, to have a clinically homogenous mild AD
patient group. Inclusion criteria were as follows: (i) objective
impairment on neuropsychological evaluation—as defined by per-
formances under the mean value of 1.5 standard deviations (SD)
or greater for age- and education-matched controls for a neuropsy-
chological test battery, to assess cognitive performance in the
domains of language, memory (i.e., Busckhe-Fuld and Memory

http://eu-decide.eu


Table 1
Demographic and clinical data of the data-set of 42 healthy elderly (Nold), and 42 Alzheimer (AD) subjects used in the study. (MMSE – Mini Mental State Examination score –
Folstein et al.,1983; IAF – Individual Alpha Frequency Peak).

Subjects (N) Gender (M/F) Age (years) Education (years) MMSE (score) IAF (Hz)

Nold 42 21/21 65.9 (±8.5 SD) 12.0 (±4.6 SD) 28.8 (±1.5 SD) 10.6 (±2.6 SD)
AD 42 14/28 70.6 (±8.5 SD) 6.3 (±3.0 SD) 19.3 (±5.2 SD) 9.0 (±1.3 SD)
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Rey tests), visuoconstruction, and executive function/attention (ii)
CDR score higher than 0.5 and (iii) abnormal activities of daily liv-
ing as attested by the history and evidence of independent living.

Exclusion criteria included, especially, any evidence of (i) Lewy
body dementia, (ii) vascular dementia, diagnosed according to
NINDS-AIREN criteria (Roman et al., 1993), (iii) frontotemporal
dementia, diagnosed according to criteria of Lund and Manchester
Groups (1994), (iv) reversible dementias (including pseudodemen-
tia of depression); and (v) extrapyramidal syndromes. When given,
antidepressant and/or antihypertensive, and benzodiazepines were
suspended for about 24 h before EEG recordings. This did not pro-
vide a completewashout of the drug –longer periodswouldnot have
been applicable for obvious ethical reasons- but it made possible to
compare the drug condition across the patients.

The AD patients of the present study suffered from a mild to
moderate stage of dementia. They all followed a long-term treat-
ment with standard daily doses of acetylcholinesterase inhibitors
such as donepezil (23 patients; 5–10 mg/die), rivastigmine (12
patients; 10 mg/die) or galantamine (7 patients; 16–36 mg/die).
A minority of these patients (less than 15%) used anxiolytic benzo-
diazepine or antidepressant agents to mitigate non-cognitive
symptoms. According to the clinical practice, the AD patients were
asked to take their medication immediately after the EEG recording
performed in the morning. This procedure induced neither a dis-
continuation syndrome nor a complete washout of the drug but
paired the period from the last assumption of the drugs and EEG
recording across the AD subjects.

A battery of neuropsychological tests assessed general cognitive
performance in the domains of language, memory, visuoconstruc-
tion, and executive function/attention abilities.

The tests assessing memory included the delayed recall of Rey
figures (Rey, 1968), and/or the delayed recall of a story (Spinnler
and Tognoni, 1987). The tests assessing language included the 1-
minute verbal fluency for letters, fruits, animals or car trades
(Novelli et al., 1986), and/or the Token test (Spinnler and
Tognoni, 1987). The tests assessing executive function and atten-
tion included the Trail Making Test part A and B (Reitan, 1958).
Finally, the tests assessing visuoconstruction included the copy of
Rey figures.

The Nold subjects were recruited mainly among non-
consanguineous relatives of AD patients. All Nold subjects under-
went cognitive screening (including MMSE and GDS) as well as
physical and neurological examinations to exclude any type of
dementia. Subjects affected by chronic systemic illnesses (e.g. dia-
betes mellitus) were excluded, as well as subjects receiving psy-
choactive drugs. Subjects with a history of previous or present
psychiatric or neurological disease were also excluded. All Nold
subjects had a GDS score lower than 14 (no depression).

2.2. EEG data recording and preliminary EEG data analysis

EEG recordings were performed at resting state eyes closed. As a
general clinical practice, all individuals had been preliminarily
instructed not to take substances, foods, and drinks with nicotine,
caffeine, theine, alcohol, and other stimulants in the morning of the
EEG experiment. Furthermore, the subjects’ general use of these
psychoactive agents were preliminarily checked before the EEG
recordings. The EEG signals were recorded from 19 scalp electrodes
positioned according to the 10–20 system, using ‘‘linked ears” as a
reference electrode, which is the standard in the clinical applica-
tion of neurophysiology. The EEG signals were filtered in the band-
pass 0.4–45 Hz range in a way preserving EEG phases and sampled
at 128 Hz or 256 Hz. Those sampled at 256 Hz were down-sampled
to 128 Hz.

The EEG data (128 Hz) were analyzed and segmented off-line in
consecutive epochs of 2 s. The EEG epochs with muscular, ocular,
and other types of artifact were preliminarily identified by an auto-
matic computerized procedure. Two independent experimenters
blind to the diagnosis visually confirmed the EEG segments
accepted for further analysis. Of note, particular attention was
devoted to avoiding an inclusion of EEG segments and individual
data sets with EEG signs of drowsiness or pre-sleep stages.

2.3. Computation of EEG power density and IAF peak

A digital FFT-based power spectrum analysis (Welch method,
Hanning windowing function, no phase shift) computed power
density of the EEG rhythms with 0.5 Hz frequency resolution. The
computation of EEG power density allowed the identification of
IAF peak, that is the frequency associated with the maximum
power density peak at the extended alpha range of 7–14 Hz
(Klimesch, 1999).

2.4. Estimation of directed transfer function (DTF)

Calculation of connectivity estimators was performed in the
framework of Multivariate Autoregressive Model. Ordinary, partial
and multiple coherences and directed transfer function were esti-
mated (Blinowska and Kaminski, 2006). The DTF (Kaminski and
Blinowska, 1991) is an estimator of effective connectivity, based
on MVAR. It may be considered as an extension of the Granger
causality principle (Granger, 1967) to the arbitrary number of
channels (Kaminski et al., 2001). DTF estimates a causal influence
of EEG channel j on channel i at frequency f:

DTFj!iðf Þ ¼ jHijðf Þj2
Pk

m¼1jHimðf Þj2
ð1Þ

where Him is the transfer function of the MVAR model. The formula
describes the propagation from the EEG channel j to i in respect to
inflows to the destination EEG channel i from other channels. In the
above formula, the denominator is dependent on frequency, so the
spectral characteristics of DTF depend on the frequency properties
of all EEG channels, but not only EEG input channel. To avoid this
influence, the ffDTF function was introduced. In ffDTF, the denomi-
nator is integrated over frequencies, in this way the spectrum of the
estimator ffDTF is not influenced by the frequency characteristics of
the denominator

ffDTFj!iðf Þ ¼ jHijðf Þj2
P

f

Pk
m¼1jHimðf Þj2

ð2Þ

DTF and ffDTF are normalized in such a way that they take val-
ues from 0 to 1. If we are interested in the absolute strengths of
transmissions between EEG channels we can abandon the normal-
ization factor and introduce Non-normalized DTF—NDTF:
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NDTFj!iðf Þ ¼ jHijðf Þj2 ð3Þ
It was demonstrated by modeling studies (Kaminski et al.,

2001), that NDTF is proportional to the causal coupling between
the EEG channels j and i. Therefore, NDTF is a measure of effective
connectivity. Coherence is a measure of functional connectivity.
However, it does not imply a causal connection between time
series.

The detailed description of the estimation of the MVAR and DTF
can be found in previous studies (Blinowska and Kaminski, 2006;
Blinowska and Zygierewicz, 2012). In those studies, properties of
DTF, some of its applications, and comparison with other measures
of EEG functional connectivity are reported. On the whole, it has
been demonstrated that DTF and its modifications are robust with
respect to noise and head volume conduction. Indeed, DTF is based
on phase difference between EEG signals, so it is hardly influenced
by the propagation of electromagnetic field (such propagation does
not produce phase differences between EEG derivations; Kaminski
and Blinowska, 2014). Bivariate measures of connectivity because
of ‘‘common feeding” effect often provide a multitude of spurious
connections between EEG channels. DTF is free of this effect. Appli-
cation of pair-wise measures of EEG connectivity leads to finding
very dense, close to random patterns, which may outnumber the
true connections (Blinowska et al., 2004; Blinowska and
Kaminski, 2013).
2.5. Classification of Nold and AD individuals by NTDF and COH
features

MVARmodel of order 5 was fitted to 19 channels of EEG activity
used in the present study. In order to get the satisfactory ratio of
the number of model parameters to the number of EEG data sam-
ples, the ensemble averaging was applied. The correlation matrices
calculated in the procedure of model fitting to 2 s EEG segments
were averaged over multiple (of the order of 100) segments
(Blinowska, 2011). Such procedure effectively increased the num-
ber of data points to which the MVAR model was fitted. Then,
coherences (ordinary, multiple, partial), NDTF(f) and ffDTF(f) esti-
mators were computed, and patterns of propagation were
estimated.

For classification procedures, NDTF, ffDTF and coherence (COH)
values were integrated into the delta (1–4 Hz), theta (4–8 Hz),
alpha (8–13 Hz), beta (13–30 Hz), and gamma (30–45 Hz) bands.
In effect, we get matrices (NDTFpairs, ffDTFpairs, and COH) of the
dimensions: 19 � 19 � 5 (number of EEG channels � number of
EEG channels � number of frequency bands) = 1805. They consti-
tute a base for selecting the best features discriminating between
Nold and AD subjects. In the discrimination procedure, we consid-
ered elements of the above matrices describing relationships
between two given EEG channels. Additionally, we added to the
battery of parameters, matrices called NDTFsource of dimension
19 � 5 = 95. NDTFsource strength was obtained as an average of
NDTF values computed between a given electrode and all the
remaining ones. NDTFsource quantifies outflows in all directions
from a given electrode (source). The choice of this measure of prop-
agation was connected with the fact that some electrodes seem to
overlie sources of out propagating EEG activity in practically all
directions, and other electrodes only received signals.

As an effect of our computations, we obtained large matrices:
NDTFpairs, ffDTFpairs, COH, and NDTFsource, which produced a
lot of parameters difficult to be managed for a reliable classifica-
tion of Nold and AD individuals. Therefore, we reduced the amount
of parameters selecting those more effective in the discrimination
between the Nold and the AD group. To this aim, the following pre-
liminary exploratory statistical procedure was used:
1. Univariate Student’s t-tests of all parameters from NDTFpairs,
ffDTFpairs, and COH matrices (1,805 comparisons for each
matrix) and NDTFsource (95 comparisons) were used to select
from the elements (parameters) of the above matrices those
showing statistically significant differences between the mean
values of the Nold and the AD group. To select NDTFsource
parameters showing statistically significant mean differences
between the two groups, the customary threshold of p < 0.05
two-tailed was used. However, a large number of elements
were compared in the case of NDTFpairs, ffDTFpairs, and COH
matrices (1,805 comparisons for each matrix), which may gen-
erate false positive results. Therefore, the correction for multi-
ple comparisons was done. In the case of 1,805 comparisons,
the customary Bonferroni correction would yield significance
level of p < 0.00003. However, Bonferroni correction assumes
independence of the variables to be compared. This is not the
case of the EEG variables of the present study. For this reason,
the correction for multiple comparisons should be mitigated
in respect to Bonferroni procedure (Logan and Rowe, 2004). In
this line, we set the significance level at p < 0.0005 as a balanced
compromise.

2. The parameters selected from NDTFpairs, NDTFsource,
ffDTFpairs, and COH matrices by the above statistical analysis
were used as an input for the PCA aimed at extracting and inte-
grating main information contents of these parameters (Roy
John et al., 1977). For each group of parameters corresponding
to NDTFpairs, NDTFsource, ffDTFpairs and COH, we considered
only the first principal components accounting for at least
70% of input variance as typically used threshold for this kind
of applications (e.g. Lehmann et al., 2007, used 69% threshold).
The outcome of this step was the selection of principal compo-
nents (PCs) representing the extracted main information con-
tent of the selected NDTFpairs, NDTFsource, ffDTFpairs, and
COH parameters. We called these PCs as ‘‘features” for the clas-
sification of Nold and AD individuals. For the sake of brevity, we
termed these features as NDTFp, NDTFs, ffDTFp, and coh (note
that in the following, ‘‘COH” is the abbreviation of the matrix
of coherence values and ‘‘coh” is the abbreviation of the out-
come of the principal component analysis upon the COH
variables).

For any single Nold or AD subject, NDTFp, NDTFs, ffDTFp, and
coh were used as inputs for a computation of the Mahalanobis dis-
tance. The procedure to determine the Mahalanobis distance for a
given subject was as follows: (i) all subjects (i.e. Nold, AD) were
randomly selected and divided into a training group (30 Nold sub-
jects and 30 AD subjects) and a testing group (12 Nold subjects and
12 AD subjects); (ii) for every subject from the testing set, Maha-
lanobis distances were computed both with respect to the training
Nold group and with respect to the training AD group; (iii) the dif-
ferences between the two Mahalanobis distances (AD minus Nold)
were computed as a diagnostic value for every subject indicating
tentative AD or Nold classification; (iv) the above procedure was
repeated 300 times starting from step (i); (v) classification scores
(true positive rate – TPR – and false positive rate – FPR – for each
iteration were averaged. These mean classification scores were
used as an input to construct ROC curves for the classification of
all Nold and AD individuals. This is a standard approach to visual-
ize a balance between TPR and FPR. The index of the goodness of
the classification was the area under ROC curve (AUC; Hanley
and McNeil, 1982). The ROC curves illustrate the relation between
sensitivity and specificity of the classification of Nold and AD indi-
viduals. Specifically, ROC is constructed from TPR (= ‘‘sensitivity”)
in the vertical axis and 1–FPR (= ‘‘specificity”) in the horizontal
axis.
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3. Results

3.1. Topographic features of effective (brain) connectivity estimated by
EEG rhythms

For illustrative purposes, Fig. 1 shows NDTFpairs values, aver-
aged over subjects and integrated in the frequency range of 1–
45 Hz. They represent inter-electrode coupling of the resting state
EEG rhythms in the Nold group and in the AD group. In the Nold
group, the EEG activity propagates mainly from posterior elec-
trodes (i.e. P3, P4, Pz) towards other electrodes. In comparison to
the Nold group, the AD group reveals a similar pattern of
NDTFpairs values, but smaller in strength and less dominant in
posterior scalp regions.

To better understand these results, we estimated the decrease
of the NDTF values as a function of the electrode distance. To this
aim, we considered the NDTFsource variable describing the EEG
outflow from a given electrode to the other electrodes. The dis-
tance, in this case, was not a real topographical distance between
electrode pairs, as the distance among the electrodes depends on
the head size, which was not measured in the present subjects.
The distance was set to 2 for neighboring electrodes of the mon-
tage and to 2

p
2 for the electrodes lying on the diagonal of the grid

for the other electrodes. Fig. 2 shows a decrease of NDTFsource
strength with the inter-electrode distance averaged over subjects
for two representative electrodes: P4 and T4, for the five EEG fre-
quency bands (i.e. delta, theta, alpha, beta, gamma) and both
groups (i.e. Nold, AD). The most pronounced decrease in the
NDTFsource strength was observed at the alpha band. The effect
was much greater in the Nold group than in the AD group. Other
electrodes showed low NDTFsource strength and low decrease of
such strength with inter-electrode distance in both groups, regard-
less the frequency band. These results suggest a reduction in the
local connectivity underlying posterior alpha rhythms in the AD
group when compared to the Nold group.
3.2. Extraction of PCA features for classification from the COH,
ffDTFpairs, NDTFpairs, and NDTFsource parameters selected by t-test

The Student’s t-test selected COH, NDTFpairs, ffDTFpairs, and
NDTFsource parameters showing statistical differences between
the Nold and the AD group (p < 0.05 to 0.0005). These parameters
are listed in Supplementary Table S1 and illustrated in Figs. 3–5.
Fig. 1. Grand average of non-normalized directed transfer function (NDTF)
estimated by resting state eyes-closed EEG in the group of normal elderly subjects
(Nold) and the group of Alzheimer’s disease (AD) patients. For illustrative purposes,
the NDTF estimates refer to a large 0.5–45 Hz frequency band. The magnitude of the
NDTF values (arbitrary units) is coded by color (red = the highest NDTF values
yellow = the lowest ones) and transparency (low transparency = the highest NDTF
values; high transparency = the lowest ones) of the line connecting two electrodes.
(For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
They were used as an input to PCA to extract the main information
content on the functional (brain) connectivity underlying recorded
EEG rhythms. In the majority of cases, first PCs accounted for a
remarkable percentage of variance (70%).

Concerning COH, 82 statistically significant values (p < 0.0005)
were found (see Supplementary Table S1). They referred to the first
PC (PC1) and explained desired 70% of the variance. We considered
ordinary and partial coherences. Partial coherences are free from
‘‘common feeding” effect, they reflect only interactions between
two given electrodes, the influences of signals from other elec-
trodes is removed. However, most significant contribution to PC1
was due to ordinary COH in particular, in theta band between fron-
tal/temporal electrodes and between frontal/occipital electrodes.
At alpha band, also fronto-frontal ordinary COH values significantly
differed between both groups. At beta band, similarly to the higher
frequency bands, the main differences between the Nold and the
AD group concerned frontal/occipital and frontal/temporal COH
values. Compared to the Nold group, the AD group globally showed
lower COH values.

For NDTFpairs, 35 statistically significant values (p < 0.0005)
were found. Most of them referred to the first PC (PC1), the remain-
ing to the second PC (PC2), jointly accounting for 70% of the vari-
ance. These significant NDTFpairs values are shown in Fig. 3
together with their PC loadings, which describe a weight of a given
parameter in the first principal component. PC loadings provide an
information about the importance of particular parameters in the
classification procedures. Principal components are constructed
as a linear combination of parameters multiplied by the corre-
sponding PC loadings. The NDTFpairs with the highest loadings
were observed at alpha band between adjacent posterior elec-
trodes. At higher frequency bands (e.g. beta and gamma), the
NDTFpairs with the highest loadings were observed between close
electrodes, whereas NDTFpairs with the highest loadings at delta
and theta bands were observed not only between close electrodes
but also between distant electrodes. Compared to the Nold group,
the AD group globally showed lower NDTFpairs values, especially
for the direction from posterior electrodes toward neighboring
electrodes, also toward distant electrodes.

Concerning ffDTFpairs, only 8 statistically significant values
(p < 0.0005) were found. They referred to the first PC (PC1), which
explained desired 70% of the variance. These significant ffDTFpairs
values are shown in Fig. 4 together with their PC loadings, which
indicate the importance of a given ffDTFpairs in the classification.
The dominant feature for ffDTFpairs was the decrease of its values
from P4 to O2 at theta and beta bands for AD group in comparison
to Nold group.

Concerning NDTFsource (outflows from a given electrode
towards the other electrodes), 30 statistically significant values
(p < 0.05) referred to the first PC (PC1), which explained desired
70% of the variance. These significant NDTFsource values are
shown in Fig. 5 together with their loadings (weights), which indi-
cate the importance of the corresponding parameter in the classi-
fication procedures. The NDTFsource showed a decrease from
posterior and temporal electrodes mainly at alpha band but also
at theta and delta bands. The effect was more pronounced in the
AD group in comparison to the Nold group.

For each group of parameters (COH, NDTFpairs, ffDTFpairs,
NDTFsource) by means of PCA we have found first components
(PC1 s) expressed by a linear combination of significant parameters
weighted by the corresponding PC loadings (listed in Supplemen-
tary Table S1 and Figs. 3–5). In this way we have reduced the num-
ber of variables replacing them by the features (PC1 s) constructed
from the optimal combination of parameters.

For illustrative purposes, Fig. 6 shows a representation of all
Nold and AD subjects in a multi-dimensional feature space formed
by the aforementioned PCs of the selected coh, NDTFp, and NDTFs



Fig. 2. Decrease of NDTF values of EEG rhythms at T4 and P4 electrodes as a function of inter-electrode distance in the Nold and the AD group (averaged over subjects). The
inter-electrode distance (horizontal axis) is 2 for the closest neighbors, 2

p
2 for electrodes on the diagonal of the grid, etc. The EEG frequency bands of interest depicted in

colors are delta (1–4 Hz), theta (4–8 Hz), alpha (8–15 Hz), beta (15–30 Hz), and gamma (30–45 Hz). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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Fig. 3. Contribution of NDTFpairs variables to PC1 in terms of PCA loadings. Only these NDTFpairs which showed statistical differences between Nold and AD groups on the
level p < 0.0005 contributed. The list of electrodes corresponding to these NDTFpairs is marked on the left. For example, the notation ‘‘T5- > F8” means directionality of the
NDTFpairs values from T5 to F8 electrode. Bars (horizontal axis) show PC loadings of relevant variables. PC loading describes the weight of a given parameter in the principal
component. It provides the information about the importance of particular parameter in the classification procedures.
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features. It can be observed that these features are able to separate
most of the Nold individuals from the AD individuals.

3.3. Classification of the Nold and AD individuals

For any single Nold or AD subject, the PCs above called: coh,
ffDTFp, NDTFp, and NDTFs features were used as inputs for a pro-
cedure computing the Mahalanobis distances from the Nold and
the AD group, respectively (see Section 2). We eliminated ffDTF
and PC2 of NDTFpairs, since they did not improve the classification
of Nold and AD individuals, possibly due to redundancy of informa-
tion contents in ffDTFpairs and NDTFpairs. The Mahalanobis dis-
tances were used as an input to ROC analysis for the
classification purposes. The best classification (AUC = 0.85) was
obtained when the Mahalanobis distances of the coh, NDTFp, and
NDTFs features were taken into account. In order to visualize the
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importance of different parameters for the classification, the ROC
curves were also constructed for two features only. In this case,
the combination of the NDTFp and coh features provided the best
classifications (AUC = 0.84). The ROC curves for different combina-
tions of features are shown in Fig. 7A.

As reported above, the Nold and AD groups showed differences
in the decay of the NDTFs outflows with the distance between the
electrodes (i.e. higher decay in the Nold group than in the AD group
(see Fig. 2). Therefore, we defined the following additional discrim-
inating parameters: (i) slopes of the curves describing the decrease
of the strengths of total NDTFs outflows at three frequency bands
(theta, alpha, beta) and (ii) areas under curves describing the decay
of the NDTF with the distance. Such parameters were taken for
posterior electrode P3 or P4 (the one with the highest NDTF out-
flow for a given individual) and were called NDTFs(c). They were
added to the battery of the discriminating features. The resulting
ROC curves for the combination of NDTFp, coh, and NDTFs(c) fea-
tures are shown in Fig. 7B.

NDTFs feature did not bring improvement to the classification
accuracy any longer, so it was eliminated. The combination of
NDTFs(c), NDTFp, and coh improved the classification of the Nold
and AD individuals (AUC = 0.86). Fig. 7B plots the ROC curves
showing classification rate after elimination of certain features to
elucidate the influence of these features on discrimination
between Nold and AD individuals. The results of classification
expressed in terms of accuracy, precision, sensitivity (TPR) and
specificity (1–TPR) are reported in Tables 2 and 3.

In the final step, we added IAF peak values to the battery of dis-
crimination features mentioned above, as an important aspect of
dominant alpha rhythms recorded in the resting state eyes-
closed condition. The mean IAF peak was statistically lower
(p < 0.01) in the AD group (8.96 Hz ± 1.3 standard deviation, std)
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than in the Nold group (9.74 Hz ± 0.88 std). The inclusion of the IAF
peak resulted in an increase of the classification performance
(AUC = 0.88; Fig. 7C). In Tables 2 and 3, accuracy, precision, sensi-
tivity, and specificity of the classification between the Nold and
AD individuals are reported for the combination of features includ-
ing NDTFp, NDTFs(c), COH, and IAF peak.
4. Discussion

4.1. EEG connectivity in AD at the group level

The central hypothesis of this study is that linear estimates of
functional (coherences) and effective (NDTF) cortical connectivity
computed from resting state eyes-closed EEG time series would
characterize AD patients at the group and individual level when
compared to Nold subjects. Compared to the Nold group, the AD
group showed decreased EEG coherence between posterior and
other electrode sites at all frequency bands, with a maximum effect
at theta band. The AD group also showed a decrease in the
posterior-to-anterior NDTF values, especially at theta (4–8 Hz)
and alpha (8–13 Hz) bands. On one hand, this decrease was espe-
cially prominent for the long-range NDTF values, especially from
parietal regions toward frontal areas. On the other hand, the decay
of the NDTF outflow with the inter-electrode distance was greater
in the Nold than the AD group. These findings estimating the direc-
tional propagation of neural signals from the posterior to anterior
cortical areas extend a bulk of previous evidence.

A prominent outflow of EEG activity from posterior electrodes
was previously reported in healthy subjects in several frequency
bands (Kaminski et al., 1997; Kus et al., 2004). In AD patients,
was shown a decreased alpha coherence among temporal-
parieto-occipital electrodes, particularly those with a more severe
cognitive impairment (Locatelli et al., 1998). Furthermore, there
was a reduction in alpha and beta DTF from parietal to frontal elec-
trodes in AD and MCI patients (Babiloni et al., 2008, 2009; Bli-
nowska et al., 2013). These coherence and DTF results were
globally cross validated by independent estimates of EEG func-
tional connectivity such as EEG synchronization likelihood (Stam
et al., 2003; Babiloni et al., 2004, 2006) and phase lag index
(Stam et al., 2009).
The present findings on effective (directional) connectivity
complement recent evidence at the source level. (Hsiao et al.,
2013) found abnormal source coherence in AD patients in the
default mode (i.e. precuneus, posterior cingulate cortex, anterior
cingulate cortex and medial temporal regions) and sensorimotor
network (Hsiao et al., 2014). In general, the delta and theta source
coherence was higher in the AD than in the MCI group in both net-
works, while the opposite was true for alpha source coherence in
the default mode network.

At this early stage of the research, we can just speculate that the
prominent effects on posterior (parietal) EEG connectivity in the
present study mainly depend on the experimental condition of
resting state eyes-closed. This condition is characterized by quiet
wakefulness with negligible external stimuli and instructions for
no internal substantial mental activity. In this condition, prefrontal
cortex (planning and executive control), premotor and somatomo-
tor (somatomotor preparation, execution, and control), temporal
(auditory and visual analysis), and occipital (visual analysis) corti-
cal areas are expected to be inhibited, with the exception of their
small frontal, parietal, and temporal portions included in the
default mode network. When compared to these regions, the pari-
etal cortical area would be less inhibited, due to its role in the con-
tinuous processing of somatic information from the body
(Pfurtscheller and Lopez da Silva, 1999). This tentative explanation
would predict a prominent posterior cortical neural synchroniza-
tion and an outflow of signals from parietal to other cortical
regions in healthy subjects. AD neuropathy involving temporal
and parietal regions may affect these neurophysiological mecha-
nisms. As the dominant resting state rhythms are typically
observed at theta and alpha frequencies, these rhythms showed
maximum changes in AD patients.
4.2. EEG connectivity in AD at the individual level

A novel result of the present study was the best classification
between the Nold and AD individuals (AUC = 86%) obtained com-
bining the Mahalanobis distances of the first PCs of NDTFp,
NDTFs(c), and coherence values. Notably, this classification glob-
ally improved (AUC = 88%) by adding IAF peak to the first PCs of
NDTFp, NDTFs(c), and coherence values. It is supposed that IAF
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Table 2
Results of the classification for the connectivity estimators (NDTFp, NDTFs(c), COH)
yielding the best results, expressed in terms of accuracy, precision, sensitivity (TPR)
and specificity (1–FPR).

Accuracy Precision Sensitivity (TPR) Specificity (1–FPR)

0.7746 0.7380 0.8514 0.6978
0.7735 0.7739 0.7728 0.7742
0.7710 0.8106 0.7072 0.8347

Table 3
Results of the classification for the best connectivity estimators plus alpha peak
position, expressed in terms of accuracy, precision, sensitivity (TPR) and specificity
(1–FPR).

Accuracy Precision Sensitivity (TPR) Specificity (1–FPR)

0.7857 0.7314 0.9031 0.6683
0.7854 0.7610 0.8322 0.7386
0.7851 0.7875 0.7811 0.7892
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peak reflects the frequency slowing of the dominant resting state
alpha rhythms due to AD. Indeed, NDTF estimator occurred to be
more efficient in classification procedures than ffDTF. Of note,
ffDTF reflects a relative flow of signals between electrodes whereas
NDTF is proportional to the coupling between electrode pairs
(Kaminski et al., 2001). These results point to the global decrease
of connectivity in AD. Overall, it can be speculated that the multi-
variate nature of the present EEG markers explains the above good
classification rate. It derives from the auto-regressive model taking
into account the correlations among the EEG time series recorded
at all electrode pairs of the array. With respect to the present mul-
tivariate estimators, bivariate EEG estimators may provide an
appraisal of spurious connections due to the ‘‘common feeding”
effect (Blinowska et al., 2004; Kus et al., 2004). From a formal point
of view, for bivariate (i.e. pair-wise) measures such as e.g.: FFT
computation of between-electrode coherence, N true connections
and N(N � 1)/2 false connections may be created, respectively
(Blinowska and Kaminski, 2013). Therefore, when bivariate mea-
sures are applied, the number of false connections increases as
N2 with the number of electrodes recording EEG activity from a
given cortical source, whereas true connections increase only as
N (Blinowska and Kaminski, 2013). Another beneficial feature of
the present EEG markers, especially DTF, is a fact that it is hardly
influenced by volume conduction (Kaminski and Blinowska, 2014).

A comparison of the present classification results with those of
previous EEG studies in the AD field is difficult, due to the plurality
of the methodological approaches and the variables used in the
past. In some studies, voltages of resting state eyes-closed EEG
rhythms were used as an input to artificial neural networks (ANNs;
Buscema et al., 2007; Rossini et al., 2008). In other studies, EEG
power density, coherence, and markers based on the chaos theory
served as inputs to linear and non-linear classifiers in mild to mod-
erate AD (Anderer et al., 1994; Pritchard et al., 1994; Nuwer, 1997;
Huang et al., 2000; Bennys et al., 2001; Buscema et al., 2007;
Lehmann et al., 2007). More specifically, Pritchard et al. (1994)
used Mahalanobis distance and leave-one-out discrimination pro-
cedure, reaching a sensitivity of 71.5% and a specificity of 80%.
When they applied an ANN as a classifier, the discrimination
improved to a sensitivity of 85.7% and specificity of 96%. Further-
more, Anderer et al. (1994) used spectral EEG variables as an input
to an ANN. Results showed a sensitivity of 90% and specificity of
75% in the classification of Nold and dementia individuals. For
the same purpose, Lehmann et al. (2007) used EEG power density
and coherence in ANN and ‘‘random forest” classification proce-
dures. Results showed a sensitivity of 85% and a specificity of
78% by the ‘‘random forest” classification, as well as a sensitivity
of 89% and a specificity of 88% by ANN. More recently, Dauwels
et al. (2010b) have tested more than 30 EEG variables of linear
and nonlinear functional and effective (brain) connectivity. Results
showed that only two estimators yielded statistically significant
sensitivity in the classification between Nold and MCI individuals,
namely SES (68% of sensitivity) and ffDTF (70% of sensitivity). The
combination of these parameters yielded sensitivity of 83%
(Dauwels et al., 2010b).

What about the comparison in the classification accuracy
between the markers of EEG connectivity and those based on
CSF, MRI, and PET? Results based on CFS study yielded discrimina-
tion sensitivity (SEN) in the range: 70–100% and 40–85% for amy-
loid b and tau respectively, corresponding specificities (SPE) were
40–85% and 65–85% (Sunderland et al., 2003; Beach et al., 2012).
Ratio tau/amyloid b yielded higher values, up to SEN 95% and
SPE 80% (Fagan et al., 2011). Overall, ranges of classification accu-
racy are in the same order of magnitude as those of the EEG mark-
ers, motivating more efforts toward an integration of EEG
connectivity and the other markers in future studies.
4.3. Limitations and perspectives of the present methodological
approach

The present results are quite promising, but their clinical neuro-
physiological interpretation should take into account some
methodological limitations. As mentioned in the Methods (Sub-
jects), the current exploratory study is based on small groups of
AD and Nold individuals reflecting the typical epidemiological
characteristics of AD population, namely the AD patients were typ-
ically older and less educated than the Nold subjects were. There-
fore, the interpretation of the results should take into account this
slight but significant difference (independent t-test, p < 0.05) in the
demographic variables of the two groups. We cannot exclude that
the small but important differences in those variables affected the
present classification accuracy even if it is entirely improbable that
this possible effect changes the evidence of a moderate discrimina-
tion of AD individual around 80%.

Another limitation of the present study is that the AD patients
were treated with acetylcholinesterase inhibitors. Furthermore, a
minority of them use anxiolytic agents. A partial mitigation of this
confound is that previous findings predict that long-term Acetyl-
cholinesterase inhibitors exert an effect of neuroprotection on
the EEG activity revealed by EEG markers, thus suggesting that
the classification accuracy between Nold and AD individuals would
have been better with AD patients not taking any long-term treat-
ment with Acetylcholinesterase inhibitors (Babiloni et al., 2006).
Furthermore, anxiolytic (e.g. benzodiazepine) mainly affect the
high frequency of resting state EEG activity (beta band;
Laurijssens and Greenblatt, 1996) which plays secondary role in
the discrimination between Nold and AD individuals. The present
results should be cross-validated in de novo AD patients free from
any psychoactive medication.

Another methodological limitation is the analysis of functional
and effective EEG connectivity at only 19 scalp electrodes rather
than cortical level. Functional EEG connectivity computed at EEG
electrodes might not reveal a direct neuroanatomical connection
between the cortical regions underlying the scalp ones where
EEG signal is recorded. As mentioned in the Introduction, this
intrinsic confound of scalp EEG techniques is due to residual effects
of head volume conduction of neural currents and ‘‘common feed-
ing” of EEG signals coming from remote cortical or sub-cortical
regions. The present methodological approach mitigates this gen-
eral limitation. Effective connectivity measures used in this study
– NDTF and ffDTF – are free from ‘‘common feeding” effect. Fur-
thermore, they are much less influenced from head volume con-
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duction than ordinary coherences computed from EEG signals
recorded at scalp regions are (Kaminski and Blinowska, 2014).

Concerning the use of high EEG spatial sampling (e.g. 64–128
electrodes) and cortical source estimation techniques, is reason-
able that they might potentially improve the spatial resolution in
the modeling of cortical functional connectivity from scalp EEG
data. However, they need more methodological research before
clinical application. Indeed, presently the impact of a different
impedance across scalp electrodes on cortical source estimation
from high-resolution montages is unclear (AD patients typically
ask to speed the montage of 64–128 electrodes, practically not
allowing an accurate lowering of the electrode impedance). Fur-
thermore, cortical source estimation can affect the phases of EEG
rhythms and, then, the validity of the computation of functional
and effective connectivity based on the comparison of these phases
in different areas. For this reason, at this early stage of the research
we opted for the use of a safe, traditional clinical procedure of EEG
spatial sampling (i.e. 19 electrodes) and the analysis of the EEG
connectivity at scalp level.

In our opinion, two lines of future studies may exploit the use of
the present approach. In the first research line, PCA, Mahalanobis
distance, and ROC analysis may be used to extract and integrate
main information contents not only from the present multivariate
coherence and DTF markers but also from other markers derived
from information theory, synchronization and phase difference
(Sakkalis, 2011). However, it should be noted that bivariate EEG
markers are often affected by spurious false positive solutions
due to ‘‘common feeding”, so the effective contribution of them
to the classification purpose should be preliminary tested. Addi-
tionally, most of these measures (except the ones based on phase
difference) are influenced by volume conduction of electromag-
netic fields. Again, this should be taken into account by preliminary
tests on simulated EEG data. In the second research line, functional
and effective connectivity measures followed by PCA may be asso-
ciated to smart linear and nonlinear classifiers previously used for
the successful classification of Nold and AD individuals such as dis-
criminant analysis, random forest, support vector machine, and
ANNs (Anderer et al., 1994; Pritchard et al., 1994; Lehmann et al.,
2007).

The future prospective studies concerning the cross-validation
of the results may also concern MRI markers of diffusion tensor
imaging (DTI) available in the same Nold and AD subjects enrolled
for the continuation of EEG studies. These MRI markers provide a
measurement of the integrity of bundle of white matter connecting
cortical regions of interest. It is expected that abnormal functional
connectivity of EEG rhythms in AD patients be correlated with
alterations of DTI in corresponding white matter bundles (refer-
ences on DTI-MRI and EEG-connectivity in AD patients). Finally,
cross-validation protocol of future studies should include more
than one large independent databases of EEG data in Nold and
AD subjects to test the replicability of the results.
5. Conclusions

The present exploratory study used multivariate EEGmarkers of
functional and effective connectivity for the classification of Nold
and AD individuals (Blinowska and Kaminski, 2013). The PCA and
Mahalanobis distance combined and integrated these EEG markers
while AUC provided the goodness of discrimination. Compared to
the Nold group, the AD group showed decreased coherence esti-
mates, especially in posterior and temporal regions at theta band.
Furthermore, there was a decrease in the posterior-to-anterior
NDTF estimates, especially at theta (4–8 Hz) and alpha (8–13 Hz)
bands. The best classification of the Nold and AD individuals was
obtained combining and integrating the most relevant EEG mark-
ers derived from coherence and NDTF values (AUC = 0.86%). Fur-
thermore, this classification further improved by adding the IAF
peak as an index of global brain synchronization at alpha frequen-
cies (AUC = 0.88%). The results of the present study suggest that
combining and integrating linear EEG estimates of brain connectiv-
ity (coherence, NDTF) and synchronization (IAF) provide a good
classification of Nold and AD individuals around 80%, even consid-
ering the methodological limitations in the composition of the
Nold and AD groups (i.e. slight but significant differences in the
demographic variables of the Nold and AD groups in the present
exploratory study, use of Acetylcholinesterase inhibitors, etc.).

These encouraging results motivate a cross-validation study of
the new procedure in age- and education-matched Nold, stable
and progressing mild cognitive impairment individuals and de
novo AD patients with dementia. If cross-validated, the new proce-
dure will provide cheap, broadly available, repeatable over time,
and entirely non-invasive EEG topographic markers reflecting
abnormal cortical connectivity in AD patients diagnosed by direct
or indirect measurement of cerebral amyloid b and hyperphospho-
rylated tau peptides. More specifically, it is expected that the mul-
tivariate markers of EEG connectivity may enrich the instrumental
assessment of AD patients with dementia or MCI, diagnosed on the
basis of pathophysiological CSF and PET markers of AD in line with
the recent international guidelines of (Dubois et al., 2014).
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