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Abstract

It is well known that EEG signals of Alzheimer's disease (AD) patients are generally
less synchronous than in age-matched control subjects. Haver, this e ect is not al-
ways easily detectable. This is especially the case for pats in the pre-symptomatic
phase, commonly referred to as Mild Cognitive Impairment (MCI), during which
neuronal degeneration is occurring prior to the clinical synptoms appearance. In
this paper, various synchrony measures are studied in the cext of AD diagno-
sis, including the correlation coe cient, mean-square andphase coherence, Granger
causality, phase synchrony indices, information-theoret divergence measures, state
space based measures, and the recently proposed stochasgent synchrony mea-
sures. Experiments with EEG data show that many of those measres are strongly
correlated (or anti-correlated) with the correlation coe cient, and hence, provide
little complementary information about EEG synchrony. Measures that are only
weakly correlated with the correlation coe cient include t he phase synchrony in-
dices, Granger causality measures, and stochastic-evenyrschrony measures. In ad-
dition, those three families of synchrony measures are mutally uncorrelated, and
therefore, they each seem to capture a speci c kind of interdpendence. For the data
set at hand, only two synchrony measures are able to convinangly distinguish AD
patients from age-matched control patients, i.e., Grangercausality (in particular,
full-frequency directed transfer function) and stochastic event synchrony. Those two
measures are used as features to distinguish MCI patients &m age-matched control
subjects, yielding a leave-one-out classi cation rate of 8%. The classi cation per-
formance may be further improved by adding complementary fatures from EEG;
this approach may eventually lead to a reliable EEG-based dignostic tool for MCI
and AD.
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1 Introduction

Many studies have shown that Alzheimer's disease (AD) caus&EG signals
to slow down: AD is associated with an increase of power in th@w-frequency
range (delta and theta) and a decrease of power in the higheffjuency range
(alpha and beta). In addition, the EEG signals of AD patientsare generally
less coherent than in age-matched control patients; see ¢, 2004; Uhlhaas
& Singer, 2006) for an in-depth review. It is noteworthy, hoever, that those

two e ects are not always easily detectable: there tends toeblarge variability

among AD patients. As a result, none of those phenomena all@awpresent to

reliably diagnose AD at an early stage.

A considerable amount of research has recently been devotedletecting uc-
tuations in EEG synchrony; more speci cally, a large varist of measures has
been proposed to quantify EEG synchrony, stemming from a wadspectrum
of disciplines such as physics, information theory, statiss, and signal pro-
cessing; we refer to (Peredat al., 2005; Uhlhaas & Singer, 2006; Pered# al.,
2005; Breakspear, 2004; Kaminsket al., 2005; Stam, 2005) for recent reviews
on EEG synchrony measures.

In this paper, we try to systematically investigate EEG synlrony with special
focus on the early diagnosis of AD. (A related but less exhai® study has
been presented in (Quiroga&t al., 2002; Sakkaligt al., 2006) in the context of
epilepsy.) We will consider EEG data from mild cognitive impirment (MCI)
patients that later su er from AD. We apply a large variety of synchrony
methods tothe sameEEG data set recorded from MCI and control subjects.
To our knowledge, those synchrony methods have so far onlydmeapplied
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separately todi erent data sets from MCI/AD patients. As a result, it is
hard to compare the e ectiveness of those methods in the cant of diagnosing
MCI/AD from EEG.

Our objective is to apply synchrony measures to EEG data of M(patients

and control subjects, and to use those measures faatures to separate MCI

patients from control subjects. In other words, our study isnostly clinically

motivated; in this paper, we will not try to identify the biop hysical mechanisms
that cause the observed e ects. Such interpretation, albeof great importance,

is notoriously di cult, since uctuations in EEG synchrony may be caused
by a variety of phenomena, and may be a ected by the choice oéference
electrodes.

To understand some of those issues, it helps to divide the gymony measures
into two separate classestocal and global methods. Local measures estab-
lish links between pairs of signals. Global methods can inipciple handle
an arbitrary number of signals, and can therefore analyzegsials from all
EEG channels simultaneously. Therefore, global measurere aapplicable to
processes that produce EEG signals distributed over the émt scalp. The
problem with global measures is obviously that they usuallgannot provide
local information about synchronous activity. On the otherhand, local mea-
sures can strictly speaking only be applied meaningfully vein local activity
has been identi ed; that essentially involves solving thewverse problem, which
is known to be very hard. Solving those issues goes beyond #o®pe of this
paper. Because of the above mentioned limitations of syndmy measures, it
is hard to infer the precise biophysical mechanisms that cae loss in EEG
synchrony. We will simply conjecture some plausible explanations, and will
leave the in-depth investigation of those theories as sulojeof future research.

We wish to underline that although we consider a large varigtof synchrony

measure, it is virtually impossible to include all existingsynchrony measures
in this study. Novel synchrony measures are constantly bejrdeveloped; the
total number of proposed synchrony measures is probably soto one hundred
or even higher.

This paper is structured as follows. In Section 2 we review ¢hsynchrony
measures considered in this paper. In Section 3 those mea&suare applied to
EEG data, in particular, for the purpose of diagnosing MCI: w describe our
data set, elaborate on various implementation issues, andgsent our results.
At the end of the paper (Section 4), we briey relate our rest$ to earlier
work on this topic, and speculate about the neurophysiolocal interpretation
of our results.



2 Synchrony Measures

We brie y review various families of synchrony measures: gelation coe -
cient and analogues in frequency and time-frequency domaf@ranger causal-
ity, phase synchrony, state space based synchrony, infortiwen theoretic inter-
dependence measures, and stochastic event synchrony.

2.1 Correlation Coe cient

The correlation coe cient r is perhaps one of the most well-known measures
for (linear) interdependence between two signalsandy (Nunez & Srinivasan,
2006):
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where N is the length the signalsx andy is the (sample) mean ok andy

respectively, and 7 and 7 is the (sample) variance ok and y respectively.

The correlation coe cient r quanti es the linear correlation betweenx andy.

If x andy are not linearly correlated,r is close to zero; on the other hand, if

both signals are identical, thenr = 1.

2.2 Coherence

The coherence function quanti es linear correlations in &quency domain (Nunez
& Srinivasan, 2006). One distinguishes the magnitude squacoherence func-
tion and the phase coherence function. In order to compute dlse quantities,
the signalsx andy are subdivided inM segments of equal length.. The co-
herence function is computed by averaging over those segnsern particular,
the magnitude square coherence functiog(f ) is computed as:
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whereX (f ) and Y (f ) are the Fourier transforms ofx andy respectively;Y is
the complex conjugate oY 2 C, Y| is the magnitude ofY, and hX (f )i stands
for the average ofX (f ) computed over theM segments, likewiséy (f )i and
hX (f)Y (f)i.

The phase coherence function is de ned as

(f) =arghx (f)Y (f)i; 3)



where argX is the argument of X 2 C. Note that both ¢(f) and (f) de-
pend on the frequencyf . In our study, we will test various values forM (see
Section 3.2.4).

2.3 Corr-Entropy Coe cient

The corr-entropy coe cient rg is a recently proposed (Gunduz and Principe,
2009) non-linear extension of the correlation coe cient:
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and where is a symmetric positive de nite kernel function (Shawe-Talpr &
Cristianini, 2004), for example, a Gaussian, sigmoidal, grolynomial kernel.
In this paper (as in (Gunduz and Principe, 2009)), we will oyl consider the
Gaussian kernel:
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with kernel width = 0:4 (as in (Gunduz and Principe, 2009)).

We wish to point out that the signalsx and y need to be normalized before
evaluating (4), by subtracting the mean and then dividing bythe standard
deviation. Such normalization is crucial, since& and y may have signi cantly
di erent dynamic ranges; moreover, as a result of this norntization, both x
andy are dimensionless.

Note that rg is close to zero ifx and y are independent (which is stronger
than being uncorrelated); if both signals are equal, theng = 1.

2.4 Coh-Entropy and Wav-Entropy Coe cient

Similarly to (4), one can de ne a non-linear magnitude squa&rcoherence func-
tion, which we will refer to as \coh-entropy" coe cient cg(f ):

h (X (), Y({#)i .
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where the averageh i are again computed oveM segments of equal length.
Before computingce (f ), the Fourier-transforms X (f ) and Y (f ) need to be
normalized by the mean and standard deviation, computed ovall segments.

The coh-entropy is an extension of corr-entropy to the frequncy domain.
In addition, it can be viewed as a generalization of the magnide square
coherence functiorc(f ) (2).

One can also readily extend corr-entropy to the time-frequey domain by
replacing x(k) and y(k) in (4) by the time-frequency (\wavelet") transforms
X (k;f)and (k;f)respectively, resulting in a \wav-entropy" coe cient we ().
The (continuous) wavelet transform ofx is obtained as:

X (k;s) = X\ x(") Tk ; (8)

where (k) is the (complex) \mother" wavelet, and s is a scaling factor. In
this paper, we use the complex Morlet wavelet

(k) = Ae K= e ok, 9)

where the width 2 and frequencyf, jointly determine the number of os-
cillations in the wavelet. The complex Morlet wavelet rests in the optimal
resolution in time and frequency; it has also proven to be weduited for EEG
signals (Herrmannet al., 2005). The wavelet transform (8) is a time-frequency
representation ofx; the scaled and shifted \daughter" wavelet in (8) has center
frequencyf = fo=s. In the following, we will use the notationX (k; f ) instead
of X (k; s).

It is noteworthy that before computing the wav-entropy coe cient wg (f ), the
time-frequency transformsX (k;f ) and Y (k; f ) need to be normalized, for any
frequencyf , by subtracting the average (over time) and then dividing bythe
standard deviation (over time).

The two straightforward extensionsce (f ) and wg (f) were not considered
in (Gunduz and Principe, 2009); to our knowledge, they are wmel. It is note-

worthy that both coe cients are equal to one if the signalsx andy are iden-
tical; if the latter signals are independent, both coe cierts are close to zero.



2.5 Granger Causality

Granger causality? refers to a family of synchrony measures that are derived
from linear stochastic models of time series; as the above linear intepkn-
dence measures, they quantify to which extent di erent sigals are linearly
interdependent (see (Granger , 1969; Kamnsket al., 1991, 2005; Gouevitch
et al., 2006; Korzeniewskaet al., 2003; Eichler, 2006; Blinowskat al., 2004;
Ancona et al., 2004; Astol et al., 2004, 2005; Schelteet al., 2005; Chenet
al., 2006) for detailed information about Granger causality)Whereas the lin-
ear interdependence measures of Section 2.1 to 2.4 are batay; i.e., they
can only be applied to pairs of signals, Granger causality msures are multi-
variate, they can be applied to multiple signalsimultaneously Interestingly,
non-linear extensions of Granger causality have been prea recently (see,
e.g., (Anconaet al., 2004; Chenet al., 2004)), but we will not consider such
extensions in this paper, since they are less commonly used.

from a di erent channel; we will assume, without loss of gemality, that those
signals are normalized to have zero mean and standard devwst equal to one.
We consider the multivariate autoregressive (MVAR) model:

X
x(K)= A@)xk )+ ek); (10)

1

ecients A(j) aren n matrices, ande(k) is a zero-mean Gaussian random
vector of sizen. In words: Each signalx; (k) is assumed to linearly depend on
its own p past values and thep past values of the other signal; (k). The
deviation betweenx(k) and this linear dependence is modeled by the noise
componente(k). Model (10) can also be cast in the form:

X
e(k)=  AQ()xk 7); (11)
=0

where A(0) = | (identity matrix) and A(j) = A(j) for j > 0. One can
transform (11) into the frequency domain (by applying thez-transform and
by substituting z= e 2' !, where E t is the sampling rate):

X({)=A Y)E(@F)= H()E(): (12)
The power spectrum matrix of the signak(k) is determined as
S(f)=E hX (F)X(f )yI = H(f)VH Y(f); (13)

2 The Granger causality measures we consider here are implemted in the BioSig
library, available from http://biosig.sourceforge.net/



whereV stands for the covariance matrix ok(k), and X (f )Y is the hermitian
conjugate of X (f ). The Granger causality measures are de ned in terms of
the matricesA, H, and S.

We now list the most common Granger causality measures.

2.5.1 Partial Coherence (PC)

One de nes partial coherence (Kamnskiet al., 2005):

M (f)
Mii (f) My (F)

Cij (f)= ¢ 2 C; (14)

whereMj; is a minor (;j ) of S, i.e., the determinant ofS with row i and col-
umn j removed;jC; (f )j 2 [0; 1] describes the amount of in-phase components
in signalsi andj at the frequencyf when the in uence (i.e., linear depen-
dence) of the other signals is statistically removed. Notehat this Granger
causality measure is symmetric, i.eCj = C;.

The following Granger causality measures capture causallagons, they are
asymmetric or \directed".

2.5.2 Directed Transfer Function (DTF)

The directed transfer function is de ned in terms oH (Kamnski et al., 1991):

o jH (F)j?
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where the (frequency-dependent) normalization is chosea that ijz(f ) quan-
ti es the fraction of in ow to channel i stemming from channeljj .

2.5.3 Full Frequency Directed Transfer Function ( DTF)

Full frequency directed transfer function is de ned as (Kamski et al., 2005):

JHi (F)j?
£z JHy (F)j?

F2(f) = p 2 [0;1]; (16)

which is a variation of iJ?(f ) with a global normalization in frequency.



2.5.4 Partial Directed Coherence (PDC)

The previous two measures are causal extensions of coheee(®). One can
also de ne causal extensions of partial coherence (14),.j.@artial directed
coherence (Kamnskiet al., 2005):

Ha)zqﬁ;i____zc; (17)
J in;;L j'xij (f )12

where jP; (f)j 2 [0; 1] represents the fraction of out ow from channef to
channeli due to the choice of normalization.

2.5.5 Direct Directed Transfer Function (dDTF)

At last, we consider the direct directed transfer function Korzeniewskaet al.,
2003):

ﬁ(f )= F"?(f )Cij2 (f) 2 [0;1]; (18)
which is non-zero if the connection between channeandj is causal (non-zero
FZ(f)) and direct (non-zeroC¢ (f)).

It is noteworthy that DTF, dDTF, PDC, and DTF are asymmetric measures,

e, 26 2 F?6F? P?6P?%and 26 2.

2.6 MVAR Coherence

By means of the matrix S (13), one may also compute the coherence func-
tion (Kamnski et al., 2005):

Sj éf )

Ki' f)= g
(1) Si(f) S (f

2 C; (19)

p—

where jKj (f)j 2 [0; 1] describes the amount of in-phase components in sig-
nalsi and j at the frequencyf. The squared magnitudejK; (f )j> 2 [0;1]

is an alternative to the square magnitude coherence functioc(f ) (2). The
argument of Kj (f ), i.e., argKj (f ), is an alternative to the phase coherence
function (f) (3). The coherence functiongK; (f )j? and argK; (f) may be
more reliable thanc(f ) (2) and (f) (3) respectively if the MVAR system (10)

is a good model for the signals at hand.

Note that K (f ) is usually not considered as a Granger measure, although it
is also derived from an MVAR model (10); we will refer td; (f ) it as \MVAR
coherence”.



2.7 Phase Synchrony

Phase synchrony refers to the interdependence between thestantaneous
phases y, and  of two signalsx and y; the instantaneous phases may be
strongly synchronized even when the amplitudes of and y are statistically
independent. The instantaneous phase, of a signal x may be extracted
as (Lachauxet al., 1999):

x (k) =arg [x(k) + ix(K)]; (20)

where x-is the Hilbert transform of x. Alternatively, one can derive the in-
stantaneous phase from the time-frequency transforXX (k;f) (8) of x:

x (ki) =arg[X (k)] (21)

The phase Y (k;f) depends on the center frequendy of the applied wavelet.
By appropriately scaling the wavelet, the instantaneous pise may be com-
puted in the frequency range of interest.

The phase synchrony index for two instantaneous phasesy and  is de ned
as (Lachauxet al., 1999):

D . E
= i xmy) 270;1] (22)

where n and m are integers (usuallyn = 1 = m), and hi stands for the
time average. We will use the notation y and y to indicate whether the
instantaneous phases are computed by the Hilbert transforar time-frequency
transform respectively. Note that \, depends on frequency .

An alternative phase synchrony index is Global Field Syncbnization (GFS) (Koenig
et al., 2001); whereas the index (22) is determined forpairs of signalsx and

GFS is based on principal component analysis (PCA) applied ithe com-
plex plane; as a rst step, one computes the Fourier transfor X;(f) 2
C of the signalsxj(k) (i = 1;2;:::;n). Next one constructs the vectors
Xr = Re(Xy(f));::5;Re(X(f)) and X; = Im(X(f));:::;Im(X,(F)) ,
and computes the covariance matrixC 2 R? 2 for those two vectors. GFS is
de ned in terms of the normalized eigenvalues; and , of C (with ; 2):

GFS(f)= 1 3 (23)
It is noteworthy that GFS depends on the frequency . If the phases of the
signalsx;(k); x2(k); :::; xn(K) are strongly interdependent, the Fourier trans-
forms X ((f); Xo(f );:::; X, (f) will lie on a straight line in the complex plane.

The largest normalized eigenvalue o€ will be close to one, and as a result,
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also GFS will tend to one. On the other hand, if the phases aretcorrelated,
we have ; 1=2 > and GFS will be close to zero.

In this paper, we will consider two additional phase synchny indices, i.e.,
the evolution map approach (EMA) and the instantaneous peoid approach
(IPA) (Rosenblum et al., 2002). Due to space constraints, we will not describe
those measures here, instead we refer the reader to (Rosenbkt al., 2002)3;
additional information about phase synchrony can be foundhi(Quirogaet al.,
2002).

2.8 State Space Based Synchrony

State space based synchrony (or \generalized synchronimat") evaluates syn-
chrony by analyzing the interdependence between the sigeah a state space
reconstructed domain (see (Sauest al., 2005) for a review). The central hy-
pothesis behind this approach is that the signals at hand agenerated by an
(unknown) deterministic, potentially high-dimensional,non-linear dynamical
system:

ds=dt= f (s); (24)
wheres 2 RY is the state of the system, andjand f are usually unknown. In
order to reconstruct such system from a signal, one considers delay vectors
X (k) = (x(k);x(k );:inx(k (m 1) )T, wherem is the embedding
dimension and denotes the time lag. If and m are appropriately chosen,
and the signals are generated by a deterministic dynamicaysem with a
smooth attractor, the delay vectors lie on a smooth manifol@dmapping”) in
R™. The principle of state space reconstruction can be gendead fromsmooth
attractors to generic sets of arbitrary box-counting dimesion, includingfractal
attractors (Saueret al., 2005).

State space based synchrony measures assess the interdagrace between two
signalsx and y by comparing local neighborhoods of their state space reecon
structed mappings. More precisely, they quantify how localeighborhoods in
one manifold are transformed into neighborhoods in the othenanifold. If a
neighborhood on one manifold is mapped unto a much larger geborhood
on the other manifold, the signalsx and y are only weakly synchronized; on
the other hand, if it is mapped to a neighborhood of about theasne size, the
two signalsx andy are strongly coherent.

First we consider three non-linear interdependence measar Sk, H¥, and
NK) that are based on this idea, then we consider a recently proged state
space based synchrony measure, i.e., the S-estimator. Thddr may be con-
sidered as a state-space formulation of omega complexityhigh is a classical

3 Program code is available atwww.agnld.uni-potsdam.de/%7Emros/dircnew.m
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similarity measure derived from principal component anakis (PCA). After
describing the three non-linear interdependence measui®s H%, and N¥, we
will consider omega complexity and then proceed to the S-ewator.

We will again assume, without loss of generality, that all gnals are normalized
to have zero mean and standard deviation equal to one.

2.8.1 Nonlinear Interdependence

For each delay vectorX (k), one computes the average squared Euclidian dis-
tance R} (X) to its M nearest neighbors. In addition, one computes the mean
squared Euclidian distance between delay vectof (k) and the X -delay vec-
tors corresponding to theM nearest neighbors ofY (k), referred to as the
Y -conditioned mean squared Euclidian distanc®) (XjY). Three measures
of nonlinear independenceSk, HX, and N, are de ned in terms of those two
distances (Quirogaet al., 2002)*:

. 11X RM(X)
Sh = = 2
PN L RIKY) )
kgivy— L X log_Rk(X)
kv vy - IR R(X) RI(X)Y).
N¥(XjY) = N Re(X) ; (27)

where R¢(X) is the mean squared Euclidian distance betweex (k) and the
other points X (") (" 6 k). The measureH¥ is believed to be more robust
against noise thanS¥; it is also easier to interpret, however, it is not normal-
ized; N¥ is a normalized version ofH k.

In our calculations (see Section 3), the numbe of nearest neighbors was
set equal to 10, as in (Quirogaet al., 2002).

2.8.2 Omega Complexity and S-estimator

Omega complexity is a measure derived from principal comptent analysis
(PCA) (Saito et al., 1998) (see (Yoshimuraet al., 2004) for an application

computes the covariance matrixC 2 R" ". Omega complexity is de ned in

terms of the normalized eigenvalues; of C:
0 !
= exp ilog i : (28)

i=1

4 Software is available fromhttp://www.vis.caltech.edu/~rodri/software.htm
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The argument of the exponential in (28) is the entropy of the ormalized-
eigenvalue distribution. If the signalsX (k) are identical, all eigenvalues except
one are zero, and = 1. On the other hand, if the signalsX;(k) are inde-
pendent, all n eigenvalues are identical, and hence =n. Therefore, omega
complexity is a dissimilarity measure.

The S-estimator extends omega complexity to state space eeaualed signals (Carmeli
et al., 2005)° (see (Celkaet al., 2006) for a recent re nement). Suppose again

dimensional delay vectors for each signal, then one compsitthe covariance
matrix C 2 R™ ™" for the n sequences of delay vectors. The S-estimator is
de ned in terms of the normalized eigenvalues; of C:

" log( )
— i=1 i i/.
Sest =1+ log(mn) (29)

The numerator in the second term represents the negative eapy of the
normalized eigenvalues ;, and the denominator is the negative entropy of
the uniform distribution, which has maximum entropy; as a cosequence, the
second term in the RHS of (29) takes values in [1; 0], and henceSeq; 2 [0; 1].
If the signals X;(k) are statistically independent, all normalized eigenvaks
tend to be equal to Emn, and as a result,Ses; approaches 0. On the contrary,
if the signals are well synchronized, only a few number of eigvalues will
remain prominent, and as a resultScg; is then close to 1.

2.9 Information-Theoretic Measures

Several interdependence measures have been proposed thatehtheir roots
in information theory (Cover & Thomas, 1991).

2.9.1 Mutual Information

Mutual information is perhaps the most well-known informaibn-theoretic in-
terdependence measure between two random variabksand Y :

I(X;Y)= HX)+ H(Y) H(XY); (30)
whereH (X) and H(Y) is the Shannon entropy ofX and Y respectively, and
H (X;Y ) is the joint entropy of X andY (Cover & Thomas, 1991). The mutual
information quanti es the amount of information the random variable Y con-
tains about random variableX (and vice versa); it is always positive, and it

5 A toolbox is available from http://aperest.epfl.ch/docs/software.htm
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vanishes wherX andY are statistically independent. IfX andY are identical
(with probability 1), then 1(X;Y)= H(X)= H(Y).

It is noteworthy that in the problem at hand (i.e., diagnosisof MCI from
EEG), we are givensignalsand not random variables. Computing the mutual
information between (stationary) signals is non-trivial:naively quantizing the
signals and computingl (X ;Y) from the resulting histograms often leads to
unreliable estimates of mutual information. Recently, a gghisticated and ef-
fective technique to compute mutual information was propasl (Kraskov et
al., 2004); we will use that method in this paper, with the same pameter
settings®.

The method of (Kraskovet al., 2004) computes mutual information in time-
domain. Alternatively, this quantity may also be determinel in time-frequency
domain (Aviyente, 2005a,b) (see also (Quiroget al., 1999; Blanccet al., 1995;
Quirogaet al., 2001)), more speci cally, from the normalized spectrogmas:

X (ki )j?

C.k:f)=F . —
()= P X kP

(31)

where the summation in the denominator is carried out over # time win-

dow and frequency range of interest. The normalized specgr@ams can be
treated as probability distributions, and accordingly, maual information can

be determined in terms of the normalized spectrograms as:

S~ _X ) Cyy (ki T) )
lw(Cx; Cy; Cyy) = . Cxy (k;f)log C (k)G (kif)’

(32)

where the (normalized) cross time-frequency distributionf x andy is de ned
as

X (k)Y (k)
D IX(GHY (k)i

Cyy(kif)= (33)

In the following, we will list several information-theoreic measures that quan-
tify the dissimilarity (or \distance") between two random variables (or sig-
nals). In contrast to the previously mentioned measures, tdse divergence mea-
sures vanish if the random variables (or signals) atdentical; moreover, they
are not necessarily symmetric, and therefore, they can noebconsidered as
distance measures in the strict sense. Divergences may benpated in time
domain and time-frequency domain; in this paper, we will oglcompute the
divergence measures in time-frequency domain, since thengutation in time
domain is far more involved.

6 Program code (in C) is available atwww.klab.caltech.edu/~kraskov/MILCA/
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2.9.2 Kullback-Leibler Divergence

The Kullback-Leibler divergence is a well-known distance easure:

X Cx(k;f)
K(Cy;C,)) = Cy(k;f)I :
( y) f ( ) og Cy(k, f )

(34)

This measure diverges when the two distributions are disjati The Kullback-

Leibler divergence is an asymmetric measure; it can be synmineed, for exam-

ple, by taking the average oK (Cy; C,) and K (Cy; Cy) (Johnson & Sinanovic,

2001):

K(Cx;Cy)+ K(Cy;Cy) .
5 :

K(Cx; Cy) = (35)

2.9.3 Renyi Divergence

Renyi divergence is a generalized formulation of Kullbackeibler divergence:

1
1

X
D (C;Cy) = log - [Cu(k;f)] [Cy(ki T 7 (36)

k;f

where 2 [0; 1] is the order of the divergence. This measure is asymmetric
(except if =0:5), and converges to the Kullback-Leibler distance as! 1.

2.9.4 Jensen-Shannon Divergence

An alternative divergence measure is Jensen-Shannon diyence:

C+ G  H(G)+ H(C),
2 2 !

J(Cy;Cy) = H (37)

whereH stands for Shannon entropy of normalized spectrograms (31)

HC)=  Cu(kif)log Cx(kif): (38)
k;f

Interestingly, J(Cy; Cy) is symmetric.

2.9.5 Jensen-Renyi Divergence

Jensen-Renyi divergence extends Jensen-Shannon diverge from arithmetic
to geometric mean, by using the Renyi entropy instead of th&hannon entropy.
Renyi entropy can be de ned for normalized spectrograms @ as:

H (Cy) =

og” (Culkif)) (39)
1 f

k;
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Renyi entropy converges to Shannon entropy as ! 1. For two positive time-
frequency distributions, Jensen-Renyi divergence is olined as:

H (Cx)+ H (Cy),

J (C;Cy)=H ! Cy(k;f)Cy(k; ) > ;

(40)

which is a symmetric measure (as Jensen-Shannon diverggnce

2.10 Stochastic Event Synchrony (SES)

Stochastic event synchrony (SES), a family of synchrony meares that we
developed in recent work (Dauwelgt al., 2007, 2009a,b), quanti es the simi-
larity between point processes. The latter may be de ned inifne, frequency,
space or any other domain. In this paper, we extract point paesses from the
time-frequency representations of the EEG signals. We wil this section out-
line the main ideas behind stochastic event synchrony. In éhSupplementary
Material, we provide more details on the implementation, ashwe refer the in-
terested reader to (Dauwelset al., 2007, 2009a,b) for additional information;
an other application of SES to EEG signals is presented in (¥atte et al.,
2009a).

As a rst step, the time-frequency transform of each signalsi approximated

as a sum of half-ellipsoid basis functions, referred to asimps"’ (see Fig. 1
and (Vialatte et al., 2007, 2009b)); each bump may be considered as an event
on the time-frequency plane, and the resulting bump modeB and E° may

be considered as two-dimensional point processes (\eveertjgences"), repre-
senting the most prominent oscillatory activity. Only bumps whose energy is
larger than a thresholdT are retained in the bump model (see Supplementary
Material).

Next the two bump models are aligned (see Fig. 2 and 3): bumps bne
time-frequency map may not be present in the other map (\nomeincident”
bumps); other bumps are present in both maps (\coincident" bmps), but
appear at slightly di erent positions on the maps.

The black lines in Fig. 3 connect the centers of coincident mps, and hence,
visualize the o set in position between pairs of coincidenbumps. Stochastic
event synchrony (SES) consists of ve parameters that quaifiy the alignment
of two bump models:

. fraction of non-coincident bumps,

” An implementation of the bump extraction algorithm is avail able from
http://www.bsp.brain.riken.jp/~fvialatte/bumptoolbo x/toolbox _home.html.
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Timo

Fig. 1. Bump modeling. From top to bottom: EEG signal in time- domain; EEG
signal in time-frequency domain; Bump model of the EEG sign& (two-dimensional
and three-dimensional view).

¢ and ¢ : average time and frequency o set respectively between ncident
bumps,
s and s;: variance of the time and frequency o set respectively be®en
coincident bumps.

The parameters and s; are the most relevant for the present study, since
they quantify the synchrony between bump models and hence d@horiginal
time-frequency maps; low and s; implies that the two time-frequency maps
at hand are well synchronized.

The SES parameters are computed iterativef. One starts with an initial
guess'\t(o), Af(o); QEO), é@, and aligns the two bump models. Using this alignment,

one updates the SES parameter’é, " . &, &, and with those estimates, one
re-aligns the bump models, etc., until convergence. Fromehnal alignment,
one can directly compute an estimate of. More details on this procedure are
provided in the Supplementary Material.

8 An implementation of SES for one-dimensional and multi-dimensional point pro-
cesses is available fronittp://www.dauwels.com/SESToolbox/SES.html
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Time-frequency map Time-frequency map

SN

Bump model Bump model

Fig. 2. Two-dimensional stochastic event synchrony. Top: wo given EEG signals in
time-frequency domain; Bottom: bump models extracted fromthose time-frequency
maps. Stochastic event synchrony quanti es the similarity of two such bump models.

Important parameters in the SES method are the initial estirates '\t(o), '\]50);

§§°), §O), and the thresholdT. In addition, the SES model depends on a pa-
rameter that controls the number of matches (see Supplementary Matal).
Indeed, it is easy to verify that the problem of aligning bumpmodels is am-
biguous. For example, one may only allow extremely small cets, and as a
result, virtually all bumps would be non-coincident; in theother extreme, one
may allow unrealistically large o sets, in which case almosall bumps are
coincident. The parameter allows us to sweep between both extremes in or-
der to obtain reasonable alignments and hence plausible iesttes of the SES
parameters.

2.11 Local vs. Global Synchrony

As we pointed out in the introduction, the measures we have viewed in the
above may be divided into two separate classdscal and global methods. The
global methods in the above list are the Granger causality rasures, MVAR
coherence, GFS, Omega complexity, and the S-estimator, allher measures
in the above are local.

Interestingly, the Granger causality measures and MVAR carence provide
also local synchrony information since from the underlyindVAR model,
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Bump models of two EEG signals
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t

Fig. 3. Non-coincident and coincident activity (\bumps"). Top: Bump models of
two signals (red and blue); one can observe pairs of bumps thiaare coincident
(matched), other bumps are not overlapping and cannot be mathed to bumps from
the other bump model. Bottom: Coincident bumps; the black lines connect the
centers of coincident bumps.

one can extract interactions between individual signalsnicontrast, the other
global measures considered in this paper, i.e., GFS, Omeganplexity, and
the S-estimator, do not provide any local information whengplied to all EEG
signals simultaneously. One may obtain local informationybapplying them
to subsetsof signals, as we will explain in Section 3.

We reiterate that we are fully aware of the drawbacks of botholcal and global
synchrony measures. Our core objective is to use those symety measures
as features to distinguish MCI patients from control subjds; to this end, we
apply a large variety of synchrony methods to theameEEG data set of MCI
and control subjects, a study that has not been carried out yeGiven the
shortcomings and limitations of the synchrony measures, weill not try to
unravel the biophysical mechanisms that cause the observedcts; however,
we will suggest some possible theories.
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3 Diagnosis of EEG Synchrony Abnormalities in AD Patients

In the following section, we describe the EEG data we analyaeln Section 3.2
we address certain technical issues related to the synchyomeasures, and in
Section 3.3, we present and discuss our results.

3.1 EEG Data

The EEG data used here have been analyzed in previous studescerning
early diagnosis of AD (Chapmaret al., 2007; Cichockiet al., 2005; Hogaret
al., 2003; Mushaet al., 2002; Vialatte et al., 2005).

Ag/AgCl electrodes (disks of diameter 8mm) were placed on 3ites according
to 10{20 international system, with the reference electrag on the right ear-
lobe. EEG was recorded with Biotop 6R12 (NEC San-ei, Tokyo,apan) at a
sampling rate of 200Hz, with analog bandpass ltering in thérequency range
0.5-250Hz and online digital bandpass Itering between 4 a@n30Hz, using
a third-order Butterworth Iter. We used a common referencefor the data
analysis (right ear-lobe), and did not consider other refence schemes (e.g.,
average or bipolar references).

The subjects comprise two study groups. The rst consists &5 patients who
had complained of memory problems. These subjects were diaged as suf-
fering from mild cognitive impairment (MCI) when the EEG remrdings were
carried out. Later on, they all developed mild AD. The critera for inclusion
into the MCI group were a mini mental state exam (MMSE) score =24,
though the average score in the MCI group was 26 (SD of 1.8). &hother
group is a control set consisting of 56 age-matched, healteybjects who had
no memory or other cognitive impairments. The average MMSH this control
group is 28.5 (SD of 1.6). The ages of the two groups are 71.9.0.2 and 71.7

8.3, respectively. Finally, it should be noted that the MMSEscores of the
MCI subjects studied here are quite high compared to a numbef other stud-
ies. For example, in (Hogaret al., 2003) the inclusion criterion was MMSE =
20, with a mean value of 23.7, while in (Chapmaet al., 2007), the criterion
was MMSE = 22 (the mean value was not provided); thus, the digpity in
cognitive ability between the MCI and control subjects is cmparatively small,
making the present classi cation task relatively di cult.

All recording sessions were conducted with the subjects in awake but resting
state with eyes closed; the EEG technicians prevented thelgects from falling
asleep (vigilance control). The length of the EEG recording about 5 minutes,
for each subject. After recording, the EEG data has been cdodly inspected.
Indeed, EEG recordings are prone to a variety of artifactspf example due to
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electronic smog, head movements, and muscular activity. Feach patient, an
EEG expert selected by visual inspection one segment of 20sfact free EEG,
blinded from the results of the present study. Only those syécts were retained
in the analysis whose EEG recordings contained at least 20k astifact-free
data. Based on this requirement, the number of subjects in éhtwo groups
described above was further reduced to 22 and 38, respediivd-rom each
subject, one artifact-free EEG segment of 20s was analyzed (for each ofeth
21 channels).

In the following sections, we will describe how we applied ¢hsynchrony mea-
sures to those EEG segments.

3.2 Methods

3.2.1 Dierent Approaches to Compute EEG Synchrony

In order to compute EEG synchrony, we rst aggregated the EEGignals into 5
zones, as illustrated in Fig. 4. We quanti ed the EEG synchroy between those
5 di erent regions using each synchrony measure of Sectionl®is noteworthy

that the EEG synchrony between those regions needs to be cmlgsed as
large-scalesynchrony, since each region spans several tens of millienst In

the following, we detail how we applied the di erent synchray measures to
determine large-scale synchrony.

Local Synchrony Methods

Before applying thelocal synchrony measures, we rst determine the arith-
metic average of the signals within each zone. For exampleg wetermine the
average EEG in the left temporal zone by computing the arithietic average
of the EEG at channelsF-, Tz, and Ts. Next we apply the local synchrony
methods to each of the 10 pairs of average signals. We refertiies approach
as \Local Approach 1".

We also followed an alternative approach (Local Approach 2)jn order to
determine the synchrony between two zones, we rst evaluateéhe synchrony
between each EEG signal from one zone and each signal from ttleer. Next
we averaged over all those signal pairs. For example, the siinony between
the left and right temporal region is determined by averagip the synchrony
measures for the 9 pairsK7,Fg), (F7, Ts), (F7, Te), ..., (Ts, Tg). We apply
this approach to all local measures except the informatiotireoretic measures
(cf. Section 2.9), the wavelet-based phase synchrony indey, the wav-entropy
coe cient wg, and SES. Local Approach 2 is not feasible for the informatie
theoretic measures, wavelet-based phase synchrony indgx and wav-entropy
coe cient wg, since it is too computationally complex. In the case of SESe
apply the following procedure: rst we compute a bump modeldr each of the
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21 EEG signals. We aggregate those 21 models into 5 modelse dor each
zone, by means of the algorithm described in (Vialattet al., 2007). We then
compute the SES parameters for each pair of the resulting 5top models. We
refer to that approach as Local Approach 2 for SES; it is a natal alternative
to Local Approach 1.

Global Synchrony Methods

Global synchrony methods can in principle be applied to all 21 EEG gmals
simultaneously; this is a reasonable idea for GFS, Omega qulexity, and the
S-estimator. However, for the Granger measures and MVAR oetence, this
would involve estimating a 21-dimensional MVAR model with 2* times p
parameters (cf. (10)). The EEG signals at hand are too shor2Qs) to estimate
such large number of parameters reliably. Moreover, EEG sigls are non-
stationary, and therefore, the MVAR models need to be trairge from even
shorter EEG segments (e.g., 1s or 5s).

Therefore, in order to reduce the dimensionality, we applyhe Granger mea-
sures to the 5 average EEG signals and learn a 5-dimensionaVAR models

(cf. (10)) from those averages. For the sake of consisteneye also compute
GFS, Omega complexity, and the S-estimator from the 5 averad=EG signals.
We refer to this approach as \Global Approach 1". Also in LocbApproach 1,

synchrony measures are applied to the 5 average EEG signalad therefore,
results from Local Approach 1 and Global Approach 1 ardirectly comparable.

In addition, we apply GFS, Omega complexity, and the S-estiator to all 21
EEG signals (Global Approach 2). We also apply those meassrto all pairs of
zones (Global Approach 3). More speci cally, we evaluate Oega complexity
and the S-estimator index between each pair of zones by apply PCA to

the EEG signals and state space embedded EEG signals respety within

the two zones. Likewise, we compute GFS by applying PCA to thEourier
transformed EEG signals within each pair of zones. For exarep in order to
compute GFS index between the left and right temporal zone,evapply PCA
to the Fourier transformed EEG signals recorded at channels;, Fg, T3, Ty,

Ts, and Ts.

3.2.2 Average EEG Synchrony

In this study, we solely consider spatially averaged EEG sghrony, we do not
investigate the spatial distribution of EEG synchrony; after applying the syn-
chrony measures, we average the synchrony values over the&ions (cf. Fig. 4)
to obtain an average measure of EEG synchrony. More preciggh Local Ap-

proach 1 and 2 and Global Approach 3, we average the pairwisgnshrony

values over the 10 pairs of regions; we also follow this avghag procedure in
the case of Granger measures (Global Approach 1). Note thdte other global
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Fig. 4. The 21 channels used for EEG recording, distributed acording to the 10{20
international placement system (Nunez & Srinivasan, 2006) The clustering into 5
zones is indicated by the colors and dashed lines (1 = frontal2 = left temporal, 3
= central, 4 = right temporal and 5 = occipital).

synchrony measures (GFS, Omega complexity, and the S-esditor) directly
guantify average EEG synchrony in Global Approach 1 and 2, #re is no need
for additional averaging.

3.2.3 Frequency-Dependent Synchrony Measures

Several measures depend on the frequenitye.g., the magnitude square co-
herence functionc(f ) (2). We compute those measures for all (integer) fre-
guencies within the frequency band at hand (4{30Hz). Next waverage the
measures over those frequencies. For the example, in cas¢hef magnitude
square coherence function(f ), we compute:

1 R
C= —

57 c(f): (41)

0
f=4

Alternatively, one may compute frequency-dependent mea®ss at the center
frequency of the frequency band at hand, for example at 17Hprfthe 4-
30Hz band. However, that frequency band is wide and the centigequency is
not necessarily representative; one would neglect the cabutions from other
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frequencies in that band.

3.2.4 Non-stationarity

Spontaneous EEG is usually highly non-stationary, which @n important issue
that needs to be taken into account before applying synchrgrmeasures. The
wavelet-based synchrony measures are directly applicalile non-stationary
signals, in particular, the wavelet-based divergence meass (Kullback-Leibler,
Renyi, Jensen-Shannon, and Jensen-Renyi divergence)awvelet-based mutual
information I, the wavelet and Hilbert phase indices" and " respectively,
wave-entropywg , and the SES measures (and s;). The other synchrony mea-
sures considered in this paper, however, are strictly speagg only applicable
to stationary signals. Therefore, we computed those meassr by averaging
over M short segments of the EEG. AlIM segments have equal length
(cf. Section 2.2). Since the statistics of the EEG stronglyuctuates over time,
the length L should be su ciently small. On the other hand, in order to ob-
tain reliable measures for synchrony, the length should béasen su ciently
large. For example, in order to compute the Granger measuresne needs to
determine the matricesH, A and S. If the EEG signals were stationary, one
should obviously use the entire EEG signals to estimate th@e cient matri-
ces. However, since the EEG is non-stationary, those mates may vary over
time; it is then not necessarily meaningful to estimate themusing the en-
tire EEG signals (20s), instead one may divide the EEG sigrelin segments,
and estimate separate matrices from each EEG segment. Fromch of those
matrices, one computes Granger measures, and eventuallye@verages those
measures over all EEG segments.

Since it is not a priori clear how to choose the length, we tested several
values, i.e.,L = 1s, 5s, and 20s; the latter is length of the entire EEG signal
selected for the analysis at hand (see Section 3.1). In otheords, we apply
the measures to EEG segments of either 1 or 5s, and we also gpblem to
the entire EEG signal, of length 20s.

3.2.5 Statistical Analysis

We investigate whether there are statistically signi cantdi erences in EEG
synchrony between MCI patients and age-matched control sjdzts. To this
end, we apply the Mann-Whitney test to the EEG synchrony valas of MCI
patients and age-matched control subjects. In particulasve conduct a Mann-
Whitney test for each individual synchrony measure, each gpoach to com-
pute the synchrony measures (Local Approach 1 and 2, Globapproach 1,
2, and 3), and each parameter setting, e.g., di erent EEG sawent length L.
(The Supplementary Material contains detailed informatia about the param-
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eter settings.) The Mann-Whitney test allows us to investigte whether the
statistics at hand, in particular, the synchrony measuredake di erent values
for the two subject populations. Low p-values indicate larg di erence in the
medians of the two populations.

Since we consider many di erent synchrony measures, var®@@approaches to
compute those synchrony measures (Local Approach 1 and 2,064l Ap-
proach 1, 2, and 3), and many di erent parameter settings sialtaneously, it
is likely that a few p-values are small merely due to stochast uctuations and
not due to systematic di erence between MCI patients and conticsubjects;
as a consequence, the p-values need to be appropriately eoted. One may
try to control the probability that a false positive occurs ky applying Bon-
ferroni post-correction (Bonferroni, 1936). Since we areedling with many
di erent simultaneous tests (1270 tests in total), it is moe natural to try
to control the false discovery rate: thdraction of supposedly positive results
that are in fact negative (Benjamini and Hochberg, 1995). Irother words,
instead of controlling the absolute numberof false positives (which would be
very conservative in our problem setting, see, e.g., (Bemuani and Hochberg,
1995; Storey, 2002; Vialatte and Cichocki, 2008)), we willdund the frac-
tion of false positives within the supposedly positive resultdhe method of
Benjamini-Hochberg (Benjamini and Hochberg, 1995) has retly be re ned
by Storey (Storey, 2002); the latter method is more powerfuhowever, it is
not suitable for a small number of comparisons.

We consider two di erent schemes for statistical post-coection:

(1) We apply the Storey method (Storey, 2002) to all 1270 corapisons si-
multaneously, that is all synchrony measures, the di erenapproaches to
compute those measures (Local Approach 1 and 2, Global Appich 1,
2 and 3), and their parameter settings. We retain the smallegp-value
for each synchrony measure, and as a result, we obtain oner(eated)
p-value for each synchrony measure.

(2) We apply a two-step procedure: rst we correct for the mulple ap-
proaches to compute each synchrony measure (Local Approathand
2, Global Approach 1, 2 and 3) and the multiple correspondingaram-
eter settings, then we correct for the multiple synchrony nasures. In
the rst step, we treat each synchrony method separately, ahapply the
Benjamini-Hochberg method (Benjamini and Hochberg, 199%) the p-
values for di erent parameter settings and computational pproaches (Lo-
cal Approach 1 and 2, Global Approach 1, 2 and 3). For each symony
measure, we retain the smallest corrected p-value among tkeerent
parameter settings and computational approaches. As a rdwve obtain
one (corrected) p-value for each synchrony measure. Those/glues are
further corrected in a second step by means of the Storey meth(Storey,
2002); that correction accounts for the multiple synchronyneasures.
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In the rst step of the latter scheme, we do not apply the Storg method
since for some synchrony measures, there are only few diergarameter
settings; the Benjamini-Hochberg method (Benjamini and Hahberg, 1995) is
then more accurate.

Interestingly, as we will show later on, both statistical pst-correction schemes
lead to the same positive results. More details can be found the Supple-
mentary Material.

In addition to the tests of statistical signi cance, we invetigate whether loss
of EEG synchrony allows us to separate MCI patients from ag®atched con-
trol subjects. Using the synchrony measures that yield statically signi cant
di erences, we conduct linear and quadratic discriminant malysis with leave-
one-out crossvalidation (Dudaet al., 1992).

3.3 Results and Discussion

We observed that most synchrony measures indicate decred&EG synchrony
in MCI patients. However, for only two measures, this e ectg statistically
signi cant. In the following we provide more detailed numeical results. Ta-
bles 1 to 3 show the sensitivity of the synchrony measures fdetecting loss in
EEG synchrony: they contain (uncorrected) p-values obtaed by the Mann-
Whitney test. We also indicate in those tables which synchry measures
yield signi cant di erences after post-correction (cf. Setion 3.2.5). In addi-
tion, we list (in brackets) the corrected p-values obtainedhrough statistical
post-correction scheme 1 (cf. Section 3.2.5). The result$ statistical post-
correction scheme 2 can be found in the Supplementary Mataki Note that
Tables 1 to 3 contain the corrected p-values for the indivical computational
approaches (Local/Global Approach 1 to 3); in the Supplemeary Material,
we list the smallest corrected p-values among the di erentaenputational ap-
proaches, we do not list corrected p-values for the di erencomputational
approaches separately.

Table 1 contains results for Local Approach 1 and Global Appiach 1. Since in
both approaches, the synchrony methods are applied to thersa signals, i.e.,
the 5 local averages (cf. Fig. 4), di erences in p-values adele to the measures
themselves, and not to di erences in preprocessing. As weipied out earlier,
for certain synchrony methods, alternative preprocessingchniques may be
more adequate. Therefore we consider alternative prepreseng methods for
local and global measures, i.e., Local Approach 2 and GlobApproach 2
and 3 respectively (cf. Section 3.2.4). Results for Local fpoach 2 and Global
Approach 2 and 3 are presented in Table 2 and 3 respectively.

From Table 1 to 3, it becomes clear that several measures yieigni cant
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results on the p = 0.05 level (without post-correction): carelation coe cient,
magnitude coherence, phase coherence, corr-entropy, DTEDTF, Nk, HX,
Instantaneous Period, GFS, S-estimators;, and . Most of those measures,
however, do not remain signi cant after statistical post-orrection (see Supple-
mentary Material); only two measures remain signi cant (wih false discovery
rate  5%) after correcting for the large number of measures and @emneter
settings: full-frequency DTF ( DTF) and

Table 4 shows our results for discriminant analysis (DA) wit as features full-
frequency DTF (DTF) and , the two synchrony measures that yield the most
statistically signi cant di erences; we analyzed those tw measures separately
and jointly, and applied linear as well as quadratic discrimmant analysis (with
diagonal covariance matrix estimates) (Dudat al., 1992). The classi cation
rates are obtained through leave-one-out crossvalidatigibuda et al., 1992).
From Table 4 we can see that the combination of full-frequescdDTF and

is to some extent able to discriminate MCI patients from combl subjects;
this is illustrated in Fig. 5, for one particular parameter gtting and classi er.
Since the classi ers in linear/quadratic discriminant andysis depend on few
parameters and the input space is only two-dimensional, isinot implausible
that the classi cation results generalize to other data set In other words,
this study seems to suggest that MCl-induced loss of EEG symony can be
detected, as was reported earlier in the literature. We wikkxpand on this issue
in the following section.

As we pointed out earlier, the results we have presented sa fare obtained
after bandpass Itering the EEG signals in the frequency rage 4{30Hz (see
Section 3.1). However, we have also considered several cormgnts within
that frequency range: 4{8Hz (theta), 8{10Hz (alpha 1), 10{2Hz (alpha 2),
and 12{30Hz (beta). We did not observe any consistent and sigcant MCI
induced perturbation in EEG synchrony for those narrower gquency bands
(not shown here). Note also that by analyzing separate fregacy bands, we
introduce more degrees of freedom to the analysis; as a ressiatistical post-
correction becomes more severe, and positive results mayigh after post-
correction. For those reasons and for the sake of concisenase decided not
to include results for individual frequency components inhis report; we limit
ourselves here to the frequency range 4{30Hz.

Although the classi cation results of Table 4 are promisingthe separation is
not su ciently strong to yield reliable early prediction of AD. For this purpose,
the two features (DTF and ) need to be combined with complementary
features of the EEG (e.g., spectral properties of the EEG, acted through
the slowing e ect of AD on EEG), or perhaps from di erent modaities such as
PET, MRI, DTI, or biochemical indicators. On the other hand, we remind the
reader of the fact that in the data set at hand, patients did nbcarry out any
speci c task; moreover, the recordings were short (only 20dt is plausible that
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Measure Correlation Coherence Phase Coherence Corr-entropy Wave-entropy
p-value 0.025 (0.059) 0.029 (0.064) 0.041 (0.077) 0.032 (0.067) 0.096 (0.11)
References (Nunez & Srinivasan, 2006) (Gunduz and Principe, 2009)
Measure || MVAR coherence | Partial Coherence PDC DTF DTF dDTF
p-value 0.15 (0.13) 0.16 (0.14) 0.60 (0.32) 0.29 (0.19) 0.0012 Y (0.0098 ) 0.029 (0.064)
References (Kamhski et al., 2005)
Measure | Kullback-Leibler Renyi Jensen-Shannon Jensen-Renyi Iw |
p-value 0.065 (0.096) 0.067 (0.096) 0.069 (0.096) 0.074 (0.097) 0.052 (0.088) 0.060 (0.094)
References (Aviyente, 2005a) (Kraskov et al., 2004)
Measure Nk Sk Hk S-estimator Omega complexity
p-value 0.029 (0.064) 0.045 (0.080) 0.052 (0.088) 0.042 (0.077) 0.079 (0.10)
References (Quiroga et al., 2002) (Carmeli et al., 2005) (Saito et al., 1998)
Measure Hilbert Phase Wavelet Phase Evolution Map Instantaneous Period GFS
p-value 0.96 (0.42) 0.082 (0.10) 0.64 (0.33) 0.73 (0.36) 0.031 (0.066)
References (Lachaux et al., 1999) (Rosenblum et al., 2002) (Koenig et al., 2001)
Measure St
p-value 0.012 (0.040 ) | 0.00044 (0.037 )
References (Dauwels et al., 2007)
Table 1

Sensitivity of average synchrony for prediction of MCI, following Local and Global

Approach 1: uncorrected p-values for Mann-Whitney test; * and ** indicate p < 0:05

and p < 0:005 respectively;y indicates p-values that remain signi cant after post-

correction. The corrected p-values (from post-correctionmethod 1) are reported in
brackets. Since Local and Global Approach 1 are based on theameb5 local averages,
the p-values are directly comparable.

the sensitivity of EEG synchrony could be further improved ¥ increasing the
length of the recordings and by recording the EEG before, whj and after
patients carry out specic tasks, e.g., working memory task On the other
hand, the present method might be applied to screen a popuiah for AD,

since it only requires an EEG recording system, which is a egively simple and
low-cost technology, at present available in most hospital Moreover, recently
developed portable and wireless EEG systems make it possilb record EEG
on virtually any location (see, e.g., (Junet al., 2005; Carmoet al., 2006)).
Alternative imaging technologies such as MRI and DTI are faless exible in
terms of mobility, and they are vastly more expensive.

In order to gain more insight in the relation between the di eéent synchrony

measures, we calculated the correlation between those meas (see Fig. 6).
We calculated the correlation coe cient between all pairs bsynchrony mea-
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Measure | Correlation Coherence Phase Coherence Nk Sk HEk

p-value || 0.018 (0.052) | 0.062 (0.094) 0.61 (0.32) 0.054 (0.090) | 0.019 (0.054) 0.15 (0.13)

Measure || Hilbert Phase | Evolution Map | Instantaneous Period | Corr-entropy St

p-value || 0.15 (0.13) | 0.072 (0.096) 0.020 (0.054) 0.036 (0.071) | 0.0065 (0.027 ) | 0.00012 ¥ (0.005 )

Table 2

Sensitivity of average synchrony for prediction of MCI, following Local Approach 2:
uncorrected p-values for Mann-Whitney test; * and ** indicate p < 0:05 and
p < 0:005 respectively, andy indicates p-values that remain signi cant after post-
correction. The corrected p-values (from post-correctionmethod 1) are reported in
brackets.

H Global Approach 2 | Global Approach 3 ‘

GFS 0.36 (0.22) 0.17 (0.14)
Omega complexity 0.47 (0.27) 0.46 (0.26)
S-estimator 0.36 (0.22) 0.33 (0.21)

Table 3

Sensitivity of average synchrony for prediction of MCI, following Global Approach 2
and 3: uncorrected p-values for Mann-Whitney test. The corected p-values (from
post-correction method 1) are reported in brackets.

Linear DA ‘ Quadratic DA

DTF 70.0% 70.0%
68.3% 75%
DTF and 83.3% 83.3%

Table 4
Classi cation rates for discriminant analysis (DA) of full -frequency DTF and ,
determined through leave-one-out crossvalidation.

sures:

rj =

1 Mo (mik) my)(mi(k) m;) (42)

Nsubject k=1 i i

wherem; (k) and m; (k) is the average value of measuiieand | respectively for
subjectk, the sum is computed over all 60 subject$Nupject = 60), and m;, m;,

i,and ; are the mean and standard deviation af; and m; respectively, also
computed over all subjects. A similar study has been carrieout in (Jellens
et al., 2008) for a few synchrony measures. From Fig. 6, it becomesgkingly
clear that the majority of measures are strongly correlatetbr anti-correlated)
with each other. In other words, the measures can easily beassi ed in dif-
ferent families. More concretely, one can distinguish thelfowing 9 families
of measures:

29



(1) correlation coe cient, cross-entropy, wav-entropy, $ate-space measures
(NK, HX, Sk, | S-estimator), mutual information (in time and frequency
domain), divergence measures, MVAR coherence, Hilbert andavelet
phase,

(2) GFS,

(3) phase coherence,

(4) EMA and IPA (phase measures),

(5) partial coherence (PC) and direct DTF (Granger),

(6) PDC and DTF (Granger),

(7) full frequency DTF (Granger),

(8) st (SES),

(9) (SES).

Interestingly, the rst family contains the correlation coe cient; all measures
from that family are strongly correlated (or anti-correlaed) with the cor-
relation measure, and therefore, provide little additionainformation about
synchrony, at least for the EEG data set at hand. Measures thare only
weakly correlated with the correlation coe cient include the phase synchrony
indices, Granger causality measures, and stochastic eveghchrony measures.
Interestingly, those three families of synchrony measurese mutually uncor-
related, and as a consequence, they each seem to capture aisp&ind of
interdependence. Moreover, most Granger measures seem ¢éddrgely mutu-
ally uncorrelated, the same holds for the SES parametessand , and some
phase synchrony measures.

In parallel work, Jellenset al. applied the correlation coe cient and the cor-
relation dimension D2 (Grassberger and Procaccia, 1983) EEG of mild to
moderate AD patients and control subjects, and observed théoth measures
are strongly correlated (Jellenset al., 2008). The correlation dimension D2 is
a state space measure similar to thg8%, H*, and N indices (Grassberger and
Procaccia, 1983).

Fig. 6 seems also to suggest that in order to quantify EEG symmny, it is

not necessary to apply the whole set of synchrony measuressidered in
this paper. Instead it may su ce to evaluate only a few measws from each
of the families, i.e., correlation coe cient, phase synctony indices, Granger
measures, and SES.

4 Conclusions

A variety of studies have investigated the e ect of Alzheimes disease on EEG
synchrony. However, it is not always obvious how to comparédse studies to
our work:
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Several synchrony measures considered in this study have been applied
before to MCI or AD data,

In some studies the EEG was recorded under di erent conditins, e.g., dur-
ing working memory tasks instead of resting condition,

Some studies consider di erent subject groups, for examplprobable-MCI
patients that do not necessarily evolve towards AD.

We rst brie y comment on studies that are related but not directly compara-
ble to our work. In some studies that investigate working meory tasks (Jiang,
2005a,b; Jiang & Zheng, 2006) or probable-MCI subjects (Rasi et al., 2006),
an increase of EEG synchrony was observed. This inverse e ect is often-in
terpreted as the result of a compensatory mechanism in thedn. In those
studies, one applied magnitude coherence (cf. Section 2&y a measure for
EEG synchrony. A similar e ect was observed in (Pijnenburget al., 2004) by
means of the synchronization likelihood measure, which isate-space based
measure similar to the indicesSk, H¥; and NX. In particular, in that study,
one observed an increase of EEG synchrony during working mem task, but
there was no signi cant e ect in rest condition. We remind the reader of the
fact that the data we investigated in this report were gathezd in resting state,
therefore, we could not study this inverse e ect of increaseEEG synchrony.

Now we proceed to studies that exclusively deal with subjexin resting con-
dition. In most of those studies, brain dynamics in AD and MChpatients were
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Fig. 6. Correlation between the synchrony measures (red andblue indicate strong
correlation and anti-correlation respectively; Local and Global Approach 1).

mainly investigated using coherence (cf. Section 2.2) ola$¢ space based mea-
sures of synchrony (cf. Section 2.8). We provide a conciseepx¥iew of existing
studies and discuss them in the light of our own results:

A large number of studies have reported a decrease in magmnieuand phase
coherence in the EEG of MCI and AD patients (Stevenst al., 2001; Brassen
et al., 2004; Locatelliet al., 1998; Wadaet al., 1998; Hoganet al., 2003;

Anghinah et al., 2000; Besthornet al., 1994; Hidasiet al., 2007; Jellenset

al., 2008; Stam, 2007; Guntekiret al., 2008). In (Brasseret al., 2004) those
measures allowed to separate depressed MCI patients frommizol subjects.

In some other studies, however, no e ects on coherence webserved, nei-
ther between AD and controls (Stamet al., 2002, 2003) nor between MCI
and controls (Jiang, 2005a). We observed a weak decrease iagmitude

coherence (p = 0.029; uncorrected) and phase coherence (p .84L; uncor-
rected).

Koenig et al. (Koeniget al., 2005) observed a general decrease of GFS (cf.

Section 2.7) in correlation with cognitive decline and AD. n our study,
GFS was lower for MCI patients, but this e ect was not signi cant after
statistical post-correction (p = 0.031; uncorrected). Regntly, a decrease in
phase synchrony has been reported in EEG of patients with rdiAD (resting
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condition), using three di erent measures: phase coheremgphase lag index
(PLI), and imaginary component of coherence (Stam, 2007).eBides GFS,
we analyzed ve alternative phase synchrony measures: Héli and wavelet
based phase synchrony, phase coherence, evolution map apgph (EMA),
and instantaneous period approach (IPA). The p-value of thétter is low
(p = 0.020; uncorrected), in agreement with the results of (Keniget al.,
2005), but this e ect is non-signi cant after statistical post-correction.

In a recent study, the state space based measuse decreased signi cantly
in MCI and AD patients (Kramer et al., 2007), however, the measur&X
did not decrease. Unfortunately, the measur&l ¥ was not investigated in
that study. Synchronization likelihood (Stamet al., 2002), a state space
based synchronization measure similar to the non-lineartardependence
measuresS¥, H¥, and N¥ (cf. Section 2.8), is believed to be more sensitive
than coherence to detect changes in AD patients (Staet al., 2003). Using
state space based synchrony methods, signi cant loss of EESynchrony
was found in MCI (Stamet al., 2003) and AD patients (Jeong, 2004; Stam
et al., 2003, 2005; Babiloniet al., 2006; Pijnenburget al., 2004; Yagyuet
al., 1997; Wanet al., 2008), which evolved consistently from MCI to AD
stage (Stamet al., 2003). We report here a low (uncorrected) p-value for the
indicesN* (p = 0.029; uncorrected) andS* (p = 0.019; uncorrected), and
the S-estimator (p = 0.042; uncorrected); however, after @b-correction,
those e ects are not statistically signi cant. Omega compxity was found
to be greater in patients with mild AD, which corresponds to dcreased
synchronization (Yoshimuraet al., 2004). We also observed that e ect in
our data, but it was weak (p = 0.079; uncorrected).

In summary, it is not always straightforward to compare our esults with pre-
vious reports due to signi cant di erences in methodology ad to inconsisten-
cies caused by statistical uctuations. Nevertheless, ouesults are generally
consistent with most studies on the loss of average EEG symohy in rest con-
dition of MCI and AD patients. This decrease in synchrony isften attributed
to a functional disconnection of the neocortex. If the decase of EEG coher-
ence were simply due to a loss of cortical neurons, it would i cult to
explain why all frequencies are not equally a ected (Staret al., 2003). As a
consequence, it is likely that the loss in EEG synchrony mayebdue to other
mechanisms. For example it may result from both anatomicalistonnections
among di erent cortical regions and reduced cholinergic opling interactions
between cortical neurons (Jeongt al., 2001). In particular, a common hypoth-
esis, proposed about three decades ago, is that basal foesbrneurons may
be severely a ected in AD and result in a cerebral cholinergide cit, underly-
ing memory loss and other cognitive symptoms (Jeorgf al., 2001). In other
words, our report supports the view that the cognitive distdbances associated
with AD may not solely be due to the loss of neurons, but also @uo impair-
ments in the temporal coordination of distributed neuronahctivity (Uhlhaas
& Singer, 2006).
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Our report also adds an interesting new element to these thées. The main
e ect observed in our study is a signi cantly higher degree folocal asyn-
chronous activity (quanti ed by ), more speci cally, a high number of non-
coincident, asynchronous oscillatory events (p = 0.00012incorrected, sig-
ni cant after post-correction). Interestingly, we did not observe a signi cant
e ect on the timing jitter variance s; of the coincident, synchronous events.
As a consequence, our results seem to indicate that there igrs cantly more
non-coincident background activity, while thecoincident activity remains well
synchronized. On the one hand, this observation is in agreent with previ-
ous studies that report a general decrease of neural synayan MCI and AD
patients; on the other hand, it goes beyond previous resujtsince it yields a
more subtle description of EEG synchrony in MCI and AD patiets. It shows
that the loss of coherence is mostly due to an increase of @b)con-coincident
background activity, whereas the locked (coincident) actity remains equally
well synchronized. The interpretation of this e ect, in re@rd to neurobiologi-
cal theories of AD, needs further analysis, and will be the ¢dct of our future
reports.

Interestingly, the observed MCI-induced increase in allows us to discriminate
MCI patients from age-matched control subjects, especigllin conjunction

with the observed decrease of DTF (cf. Table 4). The obtaing classi cation

rates are probably robust to over tting, since (i) they werecomputed through

leave-one-out crossvalidation; (ii) only two features arased; (iii) the classi-
ers are simple and depend only on a few parameters. It is hatd compare
this result to existing studies: In the literature, one mostoften reports re-
sults obtained on the training set, without any crossvalid&on; those results
are most likely over-optimistic. Moreover, the few reporia results obtained
through crossvalidation are typically based on ve or moredatures and use
more complicated classi ers; those classi cation resultare typically in the

range of 80{90%, but they are probably more prone to over ttig than our

results.

At last, we would like to make a critical remark regarding EEGsynchrony. Itis
important to realize that EEG synchrony values may be signicantly a ected
by brain events other than changes of synchrony, and by chek (like the ref-
erence electrode) that necessarily have to be made duringetlanalysis. The
scalp EEG signals that are being analyzed depend on the reface, and the
synchrony of two signals may thus equally depend on the cheiof reference.
In this particular study, we compare the EEG synchrony of twali erent pop-
ulations. We are not interested in the absolute values of EE&ynchrony, but
in di erences between the two populations instead. Since wesed the same
reference electrodes for all subjects, it is less probableat di erence in EEG
synchrony are related to the choice of the reference eledm
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Furthermore, as a single active source in the brain may a et¢he EEG signals
across the entire scalp, changes in synchrony, and espdgigimultaneity of
some events across channels, may be observed when the dgtvi one source
alone changes, which is remote from a change in neural syraty. Therefore,
the e ects we observed in MCI patients concerning EEG synchny may per-
haps be described and explained in terms of the activity andigribution of
equivalent brain sources. It might be that in MCI subjects, here are generally
fewer active (equivalent) brain sources, or perhaps the aaty level of those
sources is lower, which indirectly can be observed as loss&G synchrony.

Obviously, the problem that measures of EEG synchrony and ooectivity are

often confounded by e ects other than synchrony of brain actity is a general
one, and solving this problem clearly goes beyond the scogé¢his paper. Here,
we merely wish to underline that those issues need to be cailgf taken into

account when formulating and verifying theories that try toexplain the loss
in EEG synchrony in MCI patients. As a result, relating thoseperturbations
in EEG synchrony to biophysical processes, which is a crutistep towards
a deeper understanding of MCI and the development of poteatitherapies,
may prove to be more challenging than commonly believed.
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A Background information on SES

We provide here more information on the SES method outlined Section 2.10.
We successively apply the following transformations to thEEG signals:

(1) wavelet transform,

(2) normalization of the wavelet coe cients,

(3) bump modeling of the normalized wavelet representation

(4) aggregation of the resulting bump models in several regis,

(5) computation of the SES parameters for each pair of aggrgd bump
models.

In the following, we elaborate on each of those ve operatien

A.1 Wavelet Transform

In order to extract the oscillatory patterns in the EEG, we aply a wavelet
transform. More speci cally, we use the complex Morlet wavets (Goupillaud
et al., 1984; Delpratet al., 1992):

(1)= Aexp t?=2 2 exp(af ot); (A.1)

wheret is time, fq is frequency, ¢ is a (positive) real parameter, andA is
a (positive) normalization factor. The Morlet wavelet (A.]) has proven to be
well suited for the time-frequency analysis of EEG (TallorBaudry et al., 1996;
Herrmann et al., 2005). The productwy = 2 f determines the number
of periods in the wavelet (\wavenumber"). This number show be su ciently
large ( 5), otherwise the wavelet (t) does not ful Il the admissibility con-

dition:
Z . .
i (0)j?
t

dt< 1 ; (A.2)

and as a result, the temporal localization of the wavelet bemes unsatis-
factory (Goupillaud et al., 1984; Delpratet al., 1992). In the present study,
we choose a wavenumbes = 7, as in earlier studies (Tallon-Baudryet al.,
1996; Vialatte et al., 2007); this choice yields good temporal resolution in the
frequency range considered in this study.

The wavelet transformx(t; s) of an EEG signalx(t) is obtained as:

)= ox) Lt (A3)

t0=1 S
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where (t) is the Morlet \mother" wavelet (A.1), s is a scaling factor, and
K = fsT, with f5 the sampling frequency andl the length of the signal.
For the EEG data at hand, we haveT = 20s and fs = 200Hz and hence
K = 4000. The scaled and shifted \daughter" wavelet in (A.3) ha center
frequencyf = fo=s. In the following, we will use the notationx(t; f ) instead
of x(t; s).

Next we compute the squared magnituds(t; f ) of the coe cients x(t;f ):
s(t;f) = jx(tf)j* (A.4)

Intuitively speaking, the time-frequency coe cients s(t;f ) represents the en-
ergy of oscillatory components with frequency at time instancest. It is
noteworthy that s(t;f ) contains no information about the phase of that com-
ponent.

It is well known that EEG signals have very non- at spectra wih an overall

1/f shape, besides state-dependent peaks at specic freqeees. Therefore,
the map s(t; f ) contains most energy at low frequencids. If we directly apply

bump modeling to the maps(t; f ), most bumps would be located in the low-
frequency range, in other words, the high-frequency rangeould be under-
represented. Since relevant information might be contaideat high frequency,
we normalize the maps(t; f ) before extracting the bump models.

A.2 Normalization

The normalized coe cients s(t;f ) are obtained as:

s(t;f)  ms(f) .
s(f) ’

wheremg(f ) is obtained by averagings(t; f ) over the whole length of the EEG
signal:

2t f) = (A.5)

mg(f) = Ki% s(t;f): (A.6)

t=1
Likewise, 2(f) is the variance ofs(t;f ):

1 X

2
K. s(tf) mg(f) (A7)

3(f) =

In words: the normalized coe cientsz{t; f ) encode uctuations from the base-
line EEG power at timet and frequencyf . The normalization (A.5) is known
as z-score (see, e.g., (Buzsaki, 2006)), and is commonlypéipd (Matthew et
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al., 2002; Vialatte et al., 2007). The coe cients zt;f ) are positive when the
activity at t andf is stronger than the baselineng(f ) and negative otherwise.

There are various approaches to apply bump modeling to thescorez{t; f ).
One may rst set the negative coe cients to zero, and next apfy bump mod-
eling. The bump models in that case represent peak activitlternatively,
one may rst set the positive coe cients equal to zero, revese the sign of the
negative coe cients, and then apply bump modeling. In that @se, the bump
models represent dips in the energy maysgt; f ).

In the present application of diagnosing MCI, we will followyet another ap-
proach. In order to extract bump models, we wish to exploit aswch informa-
tion as possible from thez-maps. Therefore we will set only a small fraction
of the coe cients z(t;f ) equal to zero, i.e., the 1% smallest coe cients. This
approach was also followed in (Vialatteet al., 2007), and is equivalent to the
following transformation: we shift the coe cients (A.5) in the positive direc-
tion by adding a constant , the remaining negative coe cients are set to
zero: 2 3,

vl f_as(tf)  mg(f) .
z(t;f) 2t f)+ g O + % ;
wheredxe” = xif x 0anddxe® = 0 otherwise. The constant is chosen such
that only 1% of the coe cients remains negative after additon with ; this
corresponds to = 3:5 in the present application. (In the study of (Vialatte et
al., 2007), it corresponds to = 2.) The top row of Fig. 2 shows the normalized
wavelet mapz (A.8) of two EEG signals.

(A.8)

A.3 Bump Modeling

Next, bump models are extracted from the coe cient mapsz (see Fig. 2
and (Vialatte et al., 2007, 2009b)). We approximate the mag(t;f) as a
sSum Zyump (t; f; ) of a \small" number of smooth basis functions or \bumps"
(denoted by f pymp):

Xb
z(tf)  zoump(tf, )= foump(Bfr k); (A.9)
k=1
where  are vectors of bump parameters and=( 1; 2;:::; n,). The sparse

bump approximation z,,mp (t;f; ) represents regions in the time-frequency
plane where the EEG contains more power than the baseline; ather words,
it captures the most signi cant oscillatory activities in the EEG signal.

We choose half-ellipsoid bumps since they are well suitea @ur purposes (Vialatte,
2005; Vialatte et al., 2007) (see Fig. A.1). Since we wish to keep the number
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(@) Bump parameters: time t and fre-
qguencyf ,width tandheight f,andam-
plitude w.

(b) Learning the bump parameters by min-
imizing the quadratic cost function (A.10);
Top (left and right): a given patch of the
time-frequency map. Bottom left: initial
bump; Bottom right: bump obtained after
adaptation.

Fig. A.1. Half ellipsoid bump.

of bump parameters as low as possible, the principal axes diethalf ellip-
soid bumps are restricted to be parallel to the time-freque&y axes. As a
result, each bump is described by ve parameters (see Fig.a)}: the coor-
dinates of its center (i.e., timet, and frequencyfy), its amplitude wy > 0,
and the extension tx and fy in time and frequency respectively, in other
words, « = (tk;fx;wWk; tx; fk). More precisely, the ellipsoid bump function
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foump (t; f; &) is de ned as:

< . f. . £
we 1 (t,f, k) for O (t,f, k) 1
f t; f; = A.10
oump ) -0 for (t;f; ) > 1; ( )
where
2 2
tf 9= W, O T (A11)

( t)? ( f)?

For the EEG data described in Section 3.1, the number of bumps, (cf. (A.9))
is typically between 50 and 100, and thereforey,mp (t; f; ) is fully speci ed by
a few hundred parameters. On the other hand, the time-frequney map z(t;f )
consists of between ¥0and 10 coe cients; the bump model zyymp (t; f; ) is
thus a sparse (but approximate) representation af(t;f ).

The bump modelz,mp (t; f; ) is extracted from z(t; f ) by the following algo-
rithm (Vialatte, 2005; Vialatte et al., 2007, 2009b):

(1) De ne appropriate boundaries for the may(t; f ) in order to avoid nite-
size e ects.

(2) Partition the map z(t;f ) into small zones. The size of these zones depends
on the time-frequency ratio of the wavelets, and are optimed to model
oscillatory activities lasting 4 to 5 oscillation periodsLarger oscillatory
patterns are modeled by multiple bumps.

(3) Find the zoneZ that contains the most energy.

(4) Adapt a bump to that zone; the bump parameters are determied by
minimizing the quadratic cost function (see Fig. 1(b)):

X 2
E( ) = z(tf)  foump(BF &) (A.12)

tf 2Z

Next withdraw the bump from the original map.
(5) The fraction of total intensity contained in that bump is computed:
P
2z Foump (6, &)
F = _tf3z Tbump : A.13
w2z 2(61) (A1)

If F < G for three consecutive bumps (and hence those bumps contain
only a small fraction of the energy of map(t;f)), stop modeling and
proceed to (6), otherwise iterate (3).

(6) After all signals have been modeled, de ne athreshold G, and remove
the bumps for whichF < T . This allows us to trade o the information
loss and modeling of background noise: when too few bumps agener-
ated, information about the oscillatory activity of the brain is lost. On the
other hand, if too many bumps are generated, the bump modelsal con-
tains low-amplitude oscillatory components; since the mearement pro-
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cess typically introduces a substantial amount of noise, it likely that
the low-amplitude oscillatory components do not stem fromrganized
brain oscillations but are instead due measurement noisey Bdjusting
the threshold T, we try to nd an appropriate number of bumps.

We used a thresholds = 0:05. With this threshold, each bump model contains
many bumps, and some of those bumps may actually model backgnd noise.

Therefore, we further pruned the bump models (cf. Step 6); wveonsider values
of T.

We refer to (Vialatte, 2005; Vialatte et al., 2007, 2009b) for more information
on bump modeling. In particular, we used the same choice oflralaries (Step
1) and partitions (Step 2) as in those references.

Eventually, we obtain 21 bump models, i.e., one per EEG chaah

A.4 Aggregation

As a next step, we group the 21 electrodes into 5 regions, akistrated
in Fig. 4. From the 21 bump models obtained by sparsi cation f. Sec-
tion A.3), we extract a single bump model for each of the zondsy means
of the aggregation algorithm described in (Vialatteet al., 2007, 2009b).

A.5 Stochastic Event Synchrony

We compute the SES parameters, ¢, f, S and s¢, for all pairs of regions.
In addition, in order to obtain measures foraveragesynchrony, we average
the SES parameters over all region pairs, resulting in onetse average SES
parameters per subject.

We now brie y describe how we compute the SES parameters; wefer to (Dauwels
et al., 2007, 2009a,b) for more details. The alignment of the twortie-frequency
maps (cf. Fig. 3, bottom) is cast as a statistical inferencerpblem. The asso-
ciated probabilistic model depends on the SES parameters= ( ¢; f;St;St)
besides the following two kinds of latent variables: (i) biary variables Cyo,
associated to each pair of events, whe@yo = 1 indicates that event E, of
the rst time-frequency map is coincident with eventE2 in the other time-
frequency map, and where&C,o = 0 otherwise; (ii) binary variables By which
indicate whether the eventsEy is coincident or not; likewise, binary variables
B for the eventsE . Note that one can straightforwardly infer from B and
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BY The latent-variable model is of the form:

p(e; & b;Bc; )/
'L y°
( b 10+ kD) | 11+ 1)
k=1 k0=1
w oy Cii 0
N(th t; osONEDL fio s)
k=1 k0=1
x° y° X0
b+  Cwo 1] o+ Cwo 1]
k=1 ko=1 KkO=1 k=1
P( )P st pP( )P St ; (A.14)

where is a constant that serves as a knob to control the number of nen
coincident events,n and n° is the total number of events in the two time-
frequency maps, andN (x; m; s) stands for a univariate Gaussian distribution
with mean m and variances (Dauwelset al., 2007, 2009a,b). For convenience,

we choose improper prior®( )= p( 1) = p(s) = p(s) = 1.

The SES parameters = ( ¢; f;S;St) and the latent variablesC; B and B°
are determined jointly by maximum a posteriori estimation MAP) estima-
tion. This may practically be carried out by cyclic maximizdion (Dauwels et
al., 2007, 2009a,b): for xed , one maximizes lo@ (cf. (A.14)) w.r.t. C;B and
B%and vice versa; those two steps are iterated until converges Conditional
maximization w.r.t. is straightforward, and the conditional maximization
w.r.t. C;B and B?is equivalent to a well-known problem in combinatorial
optimization, i.e., bipartite max-weight matching. We sole that problem by
applying the max-product algorithm on a graphical model coesponding to
the latent-variable probabilistic model (A.14) (see Fig. A2) (Dauwelset al.,
2007, 2009a,b). The edges correspond to variables, the roderresponds to
factors in (A.14). The nodesN corresponds to the Gaussian distributions

. P .o
in (A.14), the nodes denoted by represent the factors [bc+ Joo; Gko 1]

(blue) and [+ 3 k=1 Gko 1] (red), and the nodes denoted by correspond
to the factors ( [bk 1]+ [])and ( [ 1]+ [H]). The arrows in Fig. A.2

depict \messages"”, which are probabilistic information abut which pairs of
events are coincident and which not. The messages are itevaty computed

at each node according to the max-product computation rulgt.oeligeret al.,

2007). Intuitively, the nodes may be viewed as computing eteents that itera-

tively update their opinion about which events match and wtgh do not, based
on the opinions (\messages") they receive from neighboringpdes. When the
algorithm eventually has converged and the nodes have fouadconsensus”,
the messages are combined to obtain a decision 6nB and B% and an esti-
mate of and the other SES parameters. We refer to (Dauwekst al., 2007,
2009a,b) for a detailed description of the algorithm.
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N t% to; s N £% £, ;s

Fig. A.2. Max-product message passing; the arrows indicat¢he max-product mes-
sages, computed according to the max-product update rule.
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B Parameter Settings for the Di erent Synchrony Measures

Many of the synchrony measures considered in this paper depeon one or
more parameters, as pointed out in Section 3.2.5:

We applied the stationary synchrony methods to EEG segmentsf length

L = 1s, 5s, and 20s (see Section 3.2.4).

For mutual information | (time domain) and the state space based measures
SK: HK; NX: and S.;, the embedding dimensiomm and the time lag need
to be chosen. In our experiments, we tested the values= 1, 2,..., 5; the
time delay was each time set to = 1/30s, which is the period of the fastest
oscillations in the EEG signals at hand.

In order to compute MVAR coherence and Granger causality msares, one
needs to specify the ordep of the MVAR model (10). Since it is not obvious
which model order amounts to the best performance for diagsing MCI,
we have tried a range of model orders, i.ep,=1, 2, ..., 10.

The Renyi and Jensen-Renyi divergence depend on the ordg@arameter .
We computed the Renyi divergence with order parameter = 0.1, 0.2, ...,

1 and the Jensen-Renyi divergence for = 1, 2, ..., 10.

We choose the parameters of the SES algorithm as follows. &rwe are deal-
ing with spontaneous EEG, it is unlikely that the EEG signaldrom certain
channels are delayed w.r.t. other channels; moreover, sgstatic frequency

o sets are unrealistic. Therefore, we choose the initiakition * = 0= "
(in Local Approach 1 %nd 2). In Local Approach 1 we investigad the pa-

rameter settings ’t(o) = §§°) =0.1, 0.15, 0.2, 0.25, fo) = §§O) = 0.05, 0.1,
0.15, 0.2, =0.01, 0.001, andT =0.74, 0.76..., 0.88; in Local Approach

2 we considered the parameter settings® = &9 =0.15, 0.175,..., 0.25,

A0 = 49 = 0,025, 0.050,..., 0.15, = 0.01, 0.001, andT = 0.2, 0.21,
...,0.25.

We list the parameter settings that yield the smallest (uncoected) p-values.
We rst consider Local and Global Approach 1:

Table B.1 to B.3 list the values ofL that amounted to the strongest di er-
ence in (average) EEG synchrony between MCI patients and dool sub-
jects, referred to as \optimal” lengthL. In particular, Table B.1 concerns the
state space based measur&; H¥; N¥; and S, and time-domain mutual
information |, whereas Table B.2 contains the optimal segment lengthfor
the Granger causality measures. The optimdl for correlation coe cient,
corr-entropy, magnitude and phase coherence, and the phasachrony in-
dices EMA, IPA, and GFS can be found in Table B.3.

Table B.1 contains the optimal embedding dimensiom for the state space
based measure$¥; H¥; N¥: and S.g, and time-domain mutual informa-
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tion I .

Table B.2 lists the optimal orderp for the Granger causality measures. Note
that not all Granger measures necessarily yield the smaltgs-values with
the sameMVAR model. For example, we obtained the best results for DTF
with a model of order 9, whereas for PDC the optimal order is 2.

The p-values for the Renyi divergence did not seem to dependuch on ;
in the case of Jensen-Renyi divergence, we obtained the dieat p-values
for =2.

The optimal parameter settings for SES can be found in Table.B.

In Local and Global Approach 1 the measures are applied to thHe average
EEG signals, as we pointed out earlier. We now consider Loo&pproach 2:

Table B.5 lists the optimal parameters for theS, N, and H indices.

Table B.6 contains the optimal lengthL for the remaining local measures
(except time-domain mutual information and SES).

The optimal parameter settings for SES can be found in Table.B.

The p-values for the Renyi divergence did not seem to depemduch on , the
smallest p-value occur for = 0:1. In the case of Jensen-Renyi divergence,
we obtained the smallest p-values for = 1.

At last we treat Global Approach 2 and 3:

Table B.8 lists the optimal length L for Omega complexity and GFS.
Table B.9 contains the optimal parameters for the S-estimat.

Measure || length L | embedding dimensionm
sk 20s 5
HK 20s 1
Nk 20s 1
Sest 20s 1
| 20s 1

Table B.1

Optimal segment length L and embedding dimensiom for the state space measures
and mutual information |, applied to the 5 average EEG signals (Local and Global
Approach 1).

C Dependency of Uncorrected p-values on Parameter Settings

We investigate how the (uncorrected) p-values depend on tiparameters of the
synchrony methods. This analysis will provide us some intiion about which
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Granger measure || length L | model orderp
MVAR Coherence 1s 8
Partial Coherence 1s 4

DTF 1s 9

DTF 1s 6

PDC 1s 2

dDTF 5s 6

Table B.2
Optimal segment length L and model orderp for MVAR coherence and the Granger
causality measures, applied to the 5 average EEG signals (Gbal Approach 1).

Measure length L Measure length L
Correlation 20s Corr-entropy 20s
Coherence 5s Phase Coherence 5s

Evolution Map 20s Instantaneous Map 1s
Hilbert Phase 5s GFS 20s
Omega complexity 20s

Table B.3
Optimal segment length L for various synchrony measures, applied to the 5 average
EEG signals (Local and Global Approach 1).

Measure ,\t(O) A]SO) T

St 0.001| 0.2 | 0.02 | 0.86

0.001| 0.1 | 0.02| 0.76

Table B.4
Optimal parameters for SES (Local Approach 1); W& list optimal paradneter settings

for st and separately. We use the notation ’50) = é§0) and "f(o) = s§°).

e ects are statistically signi cant. Indeed, if the p-values are highly dependent
on the speci ¢ choice of parameters, the e ect is not reallyabust and therefore
most probably not statistically signi cant. We will restri ct ourselves to the
synchrony measures whose smallest uncorrected p-values below 0.05.

Table C.1 shows how the (uncorrected) p-values of correlati coe cient,
(magnitude) coherence, phase coherence, corr-entropydadnstantaneous Pe-
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Measure || length L | embedding dimensionm

Sk 20s 5
Hk 1s 1
Nk 1s 1

Table B.5
Optimal segment length L and embedding dimensionm for the S, H, N indices,
applied according to Local Approach 2.

Measure length L Measure length L
Correlation 20s Corr-entropy 20s
Coherence 1s Phase Coherence 5s

Evolution Map 20s Instantaneous Map 20s
Hilbert Phase 20s

Table B.6
Optimal segment length L for various local synchrony measures, applied according
to Local Approach 2.

Measure : ¢ T

St 0.001| 0.175| 0.025| 0.22

0.001| 0.225| 0.050| 0.22

Table B.7
Optimal parameters for SES (Local Approach 2); W& list optimal paradneter settings

for st and separately. We use the notation ’50) = é§0) and "f(o) = s§°).

GFS | Omega complexity

21 EEG signals|| 1s 20s

pairs of zones || 20s 20s

Table B.8
Optimal segment length L for GFS and Omega complexity, applied (i) to all 21
EEG signals (Global Approach 2); (ii) to all pairs of zones (GJobal Approach 3).

riod Approach (IPA) depend on the lengthL of the EEG segments. Table C.2
and C.3 show how the (uncorrected) p-values of dDTF and DTF espectively

depend onL and the model orderp. Table C.4, C.5, C.6, and C.7 show how
the (uncorrected) p-values olNX, Sk, the S-estimator, and GFS respectively
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length L | embedding dimensionm

21 EEG signals 20s 1

pairs of zones 1s 4

Table B.9
Optimal segment length L and embedding dimensionm for S-estimator (Global
Approach 2 and 3).

depend onL and the embedding dimensioim. Table C.9 to C.11 show how
the (uncorrected) p-values of the SES parametess and depend onsf@ and
§°), and T.

The (uncorrected) p-values of correlation coe cient are rbust w.r.t. segment
length L and computational approach (cf. Table C.1). This is less thease for
corr-entropy, and not at all the case for (magnitude) coheree, phase coher-
ence, and IPA (cf. Table C.1). The (uncorrected) p-values afDTF are only
below 0.05 for two speci ¢ choices of the model orderand segment length
(cf. Table C.2); the situation is similar for S-estimator an GFS (cf. Table C.6
and Table C.7). Also the measureN* does not seem to yield small (uncor-
rected) p-values for most parameter settings (cf. Table Q4only for L = 5s
and Local Approach 1 the (uncorrected) p-values are robust.mt. embedding
dimensionm. The (uncorrected) p-values of the measurg are even more sen-
sitive to the parametersL and m. Table C.3 shows that for most parameter
settings, the (uncorrected) p-values of DTF are smaller tian 0.005. Higher-
order models seem to yield the best results. This is in agreent with our
expectations: EEG signals have strong low-frequency compsmts, and there-
fore, present values of the EEG signals depend on values frd¢ime past. Such
long-term correlations can only be captured by higher-ordeMVAR models
(p > 1), not by rst-order MVAR models.

Under Local Approach 1 (cf. Table C.9), the (uncorrected) palues fors; and
are smaller than 0.05 for some values s, SEO), and T. However, the results
for are clearly more robust under Local Approach 2 (cf. Table C1)}: The
(uncorrected) p-values for are smaller than 0.05 for almost all considered
values of&”, &9 and and for T = 0.2, 0.21, 0.22, and 0.23; foll =
0.22, the (uncorrected) p-values are all below 0.005. Notkat for T = 0.2,
practically the whole time-frequency map is lled with bums, whereas fofT
= 0.24 and 0.25, there are few bumps. We therefore a priori egpt small p-
values to occur for 1< T < 0:24, and it is not surprising that an optimum
is achieved in terms of p-values af = 0:23; there are su cient bumps to
reliably the SES parameters, yet at the same time, the bumpsodhot Il the
entire time-frequency map. It is also noteworthy that LocalApproach 2 is
the most appropriate for SES: local averaging (Local Apprah 1) typically
reduces the high-frequency components in the EEG signals)datherefore, it
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Local Approach 1 || L =1s | L =5s | L =20s || Local Approach2 || L =1s | L =5s | L =20s
Correlation 0.028 0.026 0.025 Correlation 0.025 0.024 0.0178
Coherence 0.1949 | 0.0288 NA Coherence 0.062 | 0.0960 NA

Phase Coherence|| 0.5344 | 0.041 NA Phase Coherence|| 0.72 0.61 NA

IPA 0.7299 | 0.7415 | 0.8720 IPA 0.1795| 0.1272 | 0.0201
Corr-entropy 0.26 0.069 | 0.0324 Corr-entropy 0.1795 | 0.0437 | 0.0363

Table C.1

Dependency of (uncorrected) p-values (Mann-Whitney test)on segment lengthL,
following Local Approach 1 and 2: * indicatesp < 0:05.

Table C.2

Model orderp || L =1s | L =5s | L =20s
1 0.4295| 0.3150 | 0.1347
2 0.7766 | 0.9084 | 0.7185
3 0.3225| 0.5651 | 0.7648
4 0.2112| 0.2112 | 0.3534
5 0.1056 | 0.0668 | 0.1308
6 0.1056 | 0.0288 0.1269
7 0.1308 | 0.0691 | 0.2595
8 0.1232 | 0.0715 | 0.2226
9 0.0991 | 0.0668 | 0.2057
10 0.1232 | 0.0421 0.1845

Dependency of (uncorrected) p-values (Mann-Whitney test)for dDTF on segment
length L and model orderp, following Global Approach 1; * indicates p < 0:05.

reduces the number of high-frequency bumps on the time-figegncy plane. In
other words, the bump models obtained from locally averagdeEG may not
always be a reliable representation of the time-frequencymponents. This
seems to be in agreement with the results of Table C.11.
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Model order p L=1s L =5s L =20s
1 0.4569 0.5861 0.3300
2 0.0582 0.2057 0.2864
3 0.0042 0.0377 0.0960
4 0.0024 0.0201 0.0542
5 0.0013 0.0377 0.0138
6 0.0012 0.0026 0.0093
7 0.0027 0.0024 0.0078
8 0.0020 0.0015 0.0024
9 0.0037 0.0012 0.0037
10 0.0049 0.0015 0.0037

Table C.3

Dependency of (uncorrected) p-values (Mann-Whitney test)for DTF on segment
length L and model orderp, following Global Approach 1; * and ** indicate p < 0:05
and p < 0:005 respectively.

Local Approach 1 || L =1s L=5s | L=20s || Local Approach2||L =1s | L =5s | L =20s
m=1 0.0324 | 0.0324 | 0.0288 m=1 0.0542 | 0.0691| 0.0582
m=2 0.0377 0.0764 0.0645 m=2 0.0764 | 0.1308 | 0.0991
m=3 0.0336 0.0872 | 0.0602 m=3 0.0645 | 0.1515| 0.1089
m =4 0.0363 0.1023 0.0790 m=4 0.0645 | 0.2057 | 0.1651
m=5 0.0383 0.1159 | 0.0960 m=5 0.0960 | 0.2661 | 0.2002

Table C.4

Dependency of (uncorrected) p-values (Mann-Whitney test) for Nk on segment
length L and embedding dimensiom, following Local Approach 1 and 2; * indicates
p < 0:05.
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Local Approach 1 || L =1s | L =5s | L =20s || Local Approach 2 || L=1s | L =5s | L =20s
m=1 0.2864 | 0.0960 | 0.0715 m=1 0.7532| 0.1651 | 0.1308
m=2 0.6181 | 0.2531| 0.1347 m=2 0.9816 | 0.6509 0.4477
m=3 0.3377 | 0.1472| 0.1023 m=3 0.7300| 0.3778 | 0.2468
m =4 0.1698 | 0.0668 | 0.0602 m =4 0.3077 | 0.1195 0.0764
m=5 0.2737 | 0.0562 | 0.0453 m=5 0.2002 | 0.0487 | 0.0193
Table C.5

Dependency of (uncorrected) p-values (Mann-Whitney test) for Sk on segment
length L and embedding dimensionm, following Local Approach 1 and 2; * in-
dicates p < 0:05.

miL=1s|L=5s|L =20s

1 || 0.0691 | 0.0505 | 0.0421

2 || 0.4662 | 0.3077 | 0.2795

3 || 0.9939 | 0.8963 | 0.8002

4 || 0.8359 | 0.9816 | 0.9328

5 || 0.8720 | 0.9206 | 0.9450

Table C.6
Dependency of (uncorrected) p-values (Mann-Whitney test)for S-estimator on seg-

ment length L and embedding dimensionm, following Global Approach 1; * indi-
catesp < 0:05.

L=1s | L =5s | L =20s

1 0.51 | 0.031

Table C.7

Dependency of (uncorrected) p-values (Mann-Whitney test)for GFS on segment
length L, following Global Approach 1; * indicates p < 0:05.
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T=074, =001 | " =01|"?=015|? =02 |29 =025|T=074, =0001 | "?=01|4 =015 =02|? =025
A9 =005 0.9694 0.4948 0.8841 0.9084 A9 = 0,05 0.3077 0.5446 0.9694 0.3300
"9 =01 04385 | 06509 | 05344 | 08121 "9 =01 0.0668 | 03534 | 03005 | 06181
A9 =015 0.3377 0.0790 0.6509 0.7415 A9 =015 0.5446 0.1698 0.5144 0.1698
O =02 0.2595 0.0715 02112 0.2226 A9 = 0,02 0.4662 0.3005 0.3614 0.3300

T=076 =001 ||"?=01|"?=015|? =02 |49 =025 T=076 =0001"2=01|?=015]? =02 |29 =025
A9 =005 0.4852 0.4477 0.5651 0.5651 A9 = 0,05 0.4477 0.8963 0.5966 0.2285
"9 =01 07415 | 06731 | 03946 | 0.6289 "9 =01 03150 | 03077 | 04477 | 05548
A9 =015 0.4206 0.2345 0.6509 0.3077 A9 =015 0.6181 0.2727 0.7300 0.3377
O =02 0.3077 0.1698 0.2169 0.4295 A9 = 0,02 0.5144 0.8963 0.3695 0.4385

T=078 =001 ||"?=01|"?=015|2? =02 |29 =025 T=078 =0001|"2=01|®=015]? =022 =025
A9 =005 0.8002 0.2406 0.2285 0.2169 A9 =005 0.1559 0.4206 0.8479 0.1559
O =01 0.5966 0.3534 0.3005 0.5651 A0 =01 0.2169 0.0691 0.0562 0.1897
A9 =015 0.1269 0.0960 0.0991 0.1795 A9 =015 0.2531 0.0715 0.1795 0.0930
O =02 0.2002 0.0790 0.0624 0.1089 A0 = 0,02 0.2112 0.1949 0.1795 0.2112

T=08 =001 |[A?=01|rY=015|1? =02 |~? =025 T=08 =0001|"?=01|rY=015 1" =02|"=025
A9 =005 0.4662 0.5144 0.3005 0.3695 A9 =005 0.8963 0.5446 0.7766 0.5046
O =01 0.9206 0.6399 0.5548 0.7070 A0 =01 0.7070 0.1124 0.0668 0.2345
A9 =015 0.5046 0.2285 0.0739 0.1269 A9 =015 0.8359 0.1746 0.1651 0.1124
O =02 0.6181 0.1429 | 0.0453 0.0739 A0 = 0,02 0.7766 0.3377 0.1845 0.1559

T=082 =001|"?=01|"?=015|?=02|4=025|T=082 =0001|"?=01|4" =015 =02|? =025
A9 =005 0.9328 0.4206 0.2864 0.5755 A9 =005 0.7532 0.3946 0.5966 0.8002
O =01 0.6181 0.5244 0.2727 0.5548 A0 =01 0.1897 0.1159 | 0.0453 0.0523
A9 =015 04569 | 01159 | 00324 | 0.0437 A9 =015 03946 | 0.1056 | 0.0237 | 0.0349
O =02 0.5861 0.1023 0.0624 0.0901 A0 = 0,02 0.5344 0.1845 0.1347 0.0691

T=084, =00L[~¥=01|"Y=015|22=02|?=025| T=084 =0001|?=01|""=015|"=02|=025
A9 =005 0.6181 0.8963 0.4295 0.5548 A9 =005 0.8240 02112 0.1472 0.1604
O =0 0.9816 0.4477 0.1698 0.1845 A =01 0.5548 0.1845 0.1023 0.2406
A9 =015 0.9084 0.4118 0.0844 0.1559 A0 =015 0.4477 0.1651 0.0505 0.0764
A0 =02 0.9816 0.1949 | 0.0256 0.0349 A0 = 0,02 0.5651 0.1795 | 0.0377 0.0437

T=086 =00L|"”=01|"Y=015|22=02|?=025| T=086 =0001|?=01|""=015|"=02|=025
A9 =005 0.2661 0.9328 0.8121 0.8121 A9 =005 0.8479 0.3861 0.3946 0.1845
O =01 0.7532 0.9450 0.3861 0.4031 O =01 0.4118 0.0602 0.1124 0.2285
"9 =015 09328 | 03225 | 00764 | 01388 A9 =015 0.2864 | 00311 | 0.0406 0.0645
A0 =02 0.6399 0.0790 | 0.0210 0.0277 A9 =002 0.1429 00930 | 0.0111 0.0300

T=088 =00L|~”=01|"Y=015|22=02|9=025| T=088 =0001|?=01|""=015|"=02|=025
A9 =005 0.6399 0.5651 0.5446 0.2934 A9 =005 0.7300 0.6181 0.3150 0.5046
O =01 0.8720 0.7884 0.6289 0.4295 O =01 0.3946 0.1195 0.0960 0.1056
"9 =015 0.8963 0.3225 0.0715 0.1195 A9 =015 0.2468 0.1559 0.0790 | 0.0437
A0 =02 0.3534 0.3005 0.1195 0.0739 A9 =002 0.2531 0.1089 | 0.0453 0.0470

Table C.8 L
Dependency of (uncorrected) p-values (Mann-Whitney test)for s; on "t(o) = SEO) ;

©)
Sf ]

A0 _
f

and T, following Local Approach 1; * indicates p < 0:05.
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T=074, =001 ||"\?=01|"? =015 =02 |22 =025 T=074 =0001||~?=01|? =015 =02 |29 =025
A9 = 0.05 0.7648 0.2057 0.1472 0.1195 A9 = 0.05 0.0960 0.3614 0.2406 0.6620
A0 =01 0.5144 0.0668 0.0901 0.0817 A0 =01 0.2531 0.1472 0.2795 0.2864
A9 =015 0.2661 0.1232 0.1651 0.1056 A9 =015 0.0872 0.3778 0.0930 0.4385
A0 =02 0.4385 0.1949 0.1089 0.1269 A0 =002 0.0377 0.1056 0.0505 0.4852

T=076, =001 ||"?=01|"? =015 =02 |20 =025 T=076 =0001 2" =01|? =015 =02 |29 =025
A =0.05 01089 | 00542 | 01308 | 0.0960 A9 = 0,05 0.0844 | 02169 | 01559 | 03377
A0 =01 0.0645 | 0.0132 0.2057 0.0715 A0 =01 0.1429 0.1604 0.1269 0.1698
A9 =015 0.1023 0.0764 0.1124 0.1232 A9 =015 0.0157 0.0764 | 0.0363 0.1124
A0 =02 0.1195 0.1269 0.0817 0.0790 A0 =002 0.0044 0.0336 0.0288 0.0901

T=078 =001 ||"?=01|"? =015 =02 |20 =025 T=078 =0001|"?=01|? =015 =02 |29 =025
A9 = 0.05 0.5651 0.3455 0.3861 0.3695 ~9 = 0.05 0.3150 0.4948 0.2795 0.8002
A0 =01 0.2169 0.1746 0.5046 0.2864 A0 =01 0.4569 0.4385 0.4757 0.4295
A9 =015 0.6620 0.3946 0.2226 0.2595 Ao =015 0.1515 0.6181 0.3455 0.6844
A0 =02 0.4295 0.5344 0.4757 0.3534 A0 =002 0.3300 0.2795 0.4948 0.3946

T=08 =001 ||"?=01|"?=015|2?=02|2? =025 T=08 =0001 ||"?=01|? =015 =02 |29 =025
A9 = 0.05 0.4031 | 0.0406 0.1056 0.0715 ~9 = 0,05 0.0336 0.1023 | 0.0377 0.0715
A0 =01 0.1429 | 0.0470 0.0668 | 0.0277 A9 =01 0.0739 0.0582 | 0.0266 0.0201
A9 =015 0.2468 | 0.0391 0.0311 0.0138 Ao =015 0.0256 0.0300 0.0081 0.0164
A0 =02 0.0624 | 0.0377 0.0391 0.0218 A0 =002 0.0157 0.0324 | 0.0047 0.0106

T=082 =001 ||"?=01|"?=015|"? =02 |42 =025 T=082 =0001]""=01|?=015|?=02 |29 =025
A9 = 0.05 0.6399 | 0.0437 0.2661 0.1651 ~9 = 0,05 0.0377 0.1845 0.1698 0.1949
"9 =01 03150 | 00844 | 01515 | 0.1388 "9 =01 00739 | 00901 | 01897 | 0.1388
A9 =015 0.3946 0.1124 0.0960 0.1949 O =015 0.0453 0.1308 0.1232 0.0991
O =02 0.4569 0.1845 0.1056 0.0764 A0 = 0,02 0.0237 0.0562 | 0.0193 0.0421

T=084, =001|"?=01|r?=015|r?=02|49 =025 T=084 =0001|"?=01|4 =015 =02|?=025
A9 = 0.05 0.3225 | 0.0406 0.2345 0.2169 ~9 = 0.05 0.0764 0.2795 0.3300 0.3225
"9 =01 01651 | 01651 | 02795 | 0.2002 "9 =01 0.0391 0.0872 | 0.1897 | 0.1897
A9 =015 0.0991 0.1056 0.0437 0.1429 A0 =015 0.0377 0.1195 0.1795 0.2169
O =02 0.1195 0.0739 0.1089 0.1388 A0 = 0,02 0.0288 0.1308 0.3300 0.4031

T=086 =001 ||"?=01|"?=015|"? =02 |42 =025 T=08, =0001]""=01|?=015|?=02 |29 =025
A9 =005 0.1845 | 0.0218 0.0691 0.0817 A9 =005 0.0277 0.0668 0.0960 0.2468
"9 =01 01515 | 00150 | 00324 | 0.0453 "9 =01 00336 | 0.0288 0.0505 | 0.1515
A9 =015 0.1089 | 0.0363 0.0185 0.0300 A9 =015 0.0505 0.0817 0.0739 0.4118
O =02 0.2057 0.1056 0.0790 0.1124 A9 = 0,02 0.0523 0.1023 0.3455 0.6957

T=088 =001|"?=01|"?=015|?=02|4=025|T=088 =0001|"?=01|4"=015|2"=02|?=025
A9 =005 0.3225 0.0991 0.0901 0.1232 A9 =005 0.1159 0.0790 0.1746 0.1124
=01 0.3861 0.1023 | 0.0421 0.0960 "9 =01 0.1347 0.2285 0.1124 0.1897
A9 =015 0.2661 0.1308 0.1559 0.0991 A9 =015 0.0668 0.2934 0.1604 0.3455
O =02 0.5446 0.2057 0.2002 0.2345 A0 = 0,02 0.2934 0.2661 0.3778 0.8002

Table C.9

Dependency of (uncorrected) p-values (Mann-Whitney test)for

A0 _
£ =

p < 0:005 respectively.
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sﬁ"), and T, following Local Approach 1; * and ** indicate p < 0:05 and




T=02 =001 | A?=015|22=0175 |2 =02 [2? =0225 | "9 =025 || T=02, =o0001 | "?=015|? =0175 | \? =02 | A? =0225 | \® =025
A0 = 0,025 0.8240 0.6731 0.7185 0.5651 0.4852 2O = 0,025 0.6399 0.3861 0.4295 0.8841 0.7532
A9 = 0,05 0.3225 0.3861 0.1089 0.1429 0.2795 A9 =005 0.4852 0.2169 0.1347 0.0624 0.1269
A0 = 0,075 0.4569 0.4295 0.4569 0.4118 0.5548 A9 = 0,075 0.8240 0.4569 0.2864 0.1089 0.1651

A9 =01 0.7070 0.3534 0.7300 0.7185 0.3614 "9 =01 0.7415 0.5144 0.6399 0.1472 0.0901
A9 =0.125 0.8002 0.7648 0.7185 0.9084 0.6509 A9 = 0.125 0.7648 0.9206 0.7648 0.4295 0.2345
A0 =015 0.7766 0.6399 0.8841 0.8841 0.8240 A9 =015 0.8600 0.9084 0.7415 0.5446 0.4477

T=021, =001|29=015|49=0175 |2 =02 [2? =0225 | "? =025 || T=021, =0001| " =015|? =0175 | \? =02 | 2@ = 0225 | \® =025
A0 = 0,025 0.4569 0.5651 0.8963 0.9084 0.4031 A9 = 0,025 0.0288 0.1388 0.3300 0.3778 0.3005
A9 =005 0.8600 0.8963 0.8600 0.6844 0.2406 A9 = 0,05 0.1897 0.4031 0.6073 0.9816 0.9572
A9 =0.075 0.8002 0.9694 0.7415 0.5244 0.3778 A9 = 0.075 0.3695 0.3695 0.7185 0.9450 0.8121

A9 =01 0.5966 0.7648 0.7532 0.5446 0.3861 A0 =01 0.1604 0.5966 0.6731 0.8841 0.8720
A9 =0125 0.5244 0.9694 0.6731 0.6844 0.4118 A9 =0.125 0.1515 0.2406 05651 0.9694 0.6399
O =015 0.5344 0.9206 0.9939 0.6073 0.6181 A9 =015 0.1746 0.2112 0.4948 0.7884 0.7532

T=022, =001 || "9 =015 |2 =0175 | " =02 | @ = 0225 | "® =025 || T=022, =0001| " =015 |+ =0175 | "? =02 | " =0.225 | \? =025
A9 = 0.025 0.0437 0.0872 0.2406 0.1124 0.1023 A = 0.025 0.0127 0.0065 0.0300 0.0288 0.0582
A9 = 0,05 0.0739 0.1651 0.4385 0.2595 0.3455 A9 =005 0.0421 0.0582 0.1269 0.1949 0.3861
A9 =0.075 0.0562 0.2864 0.2345 0.4385 0.2468 A9 =0.075 0.0668 0.1023 0.1559 0.2727 0.3861

A =01 0.0336 0.2345 0.3150 0.5446 0.2595 Ao =01 0.0844 0.0930 0.1159 0.2406 0.5548
A0 = 0.125 0.0624 0.2468 0.2795 0.4569 0.5446 A9 = 0.125 0.1472 0.1124 0.0960 0.2661 0.5144
A9 =015 0.0470 0.1269 0.2595 0.4757 0.7185 A0 =015 0.1269 0.1429 0.0817 0.1429 0.7648

T=023 =001|"9=015|42=0175 |22 =02 |22 =0225|2? =025 || T=023 =0001|? =015 =0175 | \? =02 | 2 =0225 | \® =025
79 = 0.025 0.0624 0.1232 0.1269 0.1308 0.1232 A9 =0.025 0.1347 0.0991 0.0582 0.0901 0.1347
A9 = 0,05 0.1472 0.1023 0.1269 0.1308 0.2934 A9 =005 0.0991 0.0960 0.1023 0.1089 0.1308
A0 = 0,075 0.1056 0.1949 0.1949 0.1604 0.1559 A0 = 0,075 0.1651 0.1559 0.1023 0.1124 0.1949
A9 =01 0.1347 0.2002 0.1472 0.2169 0.2112 "9 =01 0.1308 0.1308 0.1308 0.1604 0.2285
A0 = 0.125 0.1429 0.2057 0.1897 0.1559 0.2169 A0 = 0.125 0.1746 0.1559 0.1746 0.2406 0.2406
A0 =015 0.1195 0.1347 0.0960 0.1023 0.1089 A9 =015 0.1429 0.1651 0.1897 0.2406 0.2406

T=024, =001|29=015|49=0175 |2 =02 [ 2P =0225 | @ =025 || T=024, =0001|? =015 =0175 | \? =02 | 2@ =0225 | \® =025
A0 = 0,025 0.0116 0.0246 0.0377 0.0645 0.1056 A9 = 0.025 0.0150 0.0081 0.0201 0.0171 0.0336
"9 =005 0.0930 0.2595 0.1845 0.1472 0.1559 A9 =0.05 0.0218 0.0406 0.0764 0.0764 0.0739
A9 =0.075 0.0901 0.1159 0.2057 0.1347 0.1949 A9 = 0.075 0.0311 0.0453 0.1269 0.1604 0.1651
A9 =01 0.1124 0.1089 0.1388 0.1698 0.2057 A0 =01 0.0421 0.0562 0.1515 0.1515 0.1604
A9 =0.125 0.1388 0.1124 0.1124 0.1124 0.1897 A9 =0.125 0.0542 0.0817 0.1515 0.1159 0.1515
A0 =015 0.1089 0.1023 0.0960 0.1515 0.1651 A0 =015 0.0562 0.0624 0.1559 0.0930 0.1429

T=025 =001 |29 =015|29 =0175 | 2? =02 | " =0225 | ¥ =025 || T=025 =0001|"?=015|+? =0175|? =02 | " =0.225 | \? =025
A9 = 0.025 0.0844 0.1159 0.1023 0.1269 0.1159 A9 = 0.025 0.0349 0.0991 0.0523 0.1195 0.2169
A9 = 0,05 0.0453 0.0960 0.1159 0.0505 0.0691 A9 = 0,05 0.0645 0.0406 0.1347 0.1949 0.1949
9 = 0075 0.0237 0.0715 0.0960 0.0872 0.1515 A9 =0.075 0.0138 0.0624 0.0790 0.1651 0.1195
A0 =01 0.0624 0.1089 0.0739 0.0715 0.1232 O =01 0.0193 0.0406 0.0764 0.1023 0.1159
A0 = 0.125 0.0582 0.0764 0.0624 0.1429 0.0645 A0 = 0.125 0.0210 0.0668 0.1232 0.0930 0.0930
"9 =015 0.0542 0.0668 0.1056 0.1559 0.1089 "9 =015 0.0324 0.1023 0.1347 0.0715 0.0739

Table C.10 L
Dependency of (uncorrected) p-values (Mann-Whitney test)for s; on ’\t(o) = s§°> ;

A0 _
f

©)
&,
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and T, following Local Approach 2; * indicates p < 0:05.




T=02 =001 ||"?=015|7? =0175 | AP =02 [ "? =0225 | \? =025 || T=02 =0001 | "9 =015 |22 =0175 | "? =02 [P =0225 | " =025
A0 = 0,025 0.0089 0.0078 0.0081 0.0127 0.0164 2O = 0,025 0.0132 0.0132 0.0074 0.0059 0.0054
2 =005 0.0324 0.0237 0.0227 0.0227 0.0218 A =005 0.0237 0.0324 0.0218 0.0201 0.0171
A0 = 0,075 0.0300 0.0288 0.0277 0.0237 0.0218 A9 = 0,075 0.0246 0.0237 0.0237 0.0288 0.0288
A9 =01 0.0256 0.0246 0.0277 0.0201 0.0218 A =01 0.0164 0.0210 0.0237 0.0227 0.0171
A9 =0.125 0.0336 0.0437 0.0391 0.0218 0.0277 A9 = 0.125 0.0171 0.0210 0.0201 0.0256 0.0227
A9 =015 0.0421 0.0487 0.0542 0.0300 0.0266 Ao =015 0.0111 0.0157 0.0201 0.0218 0.0218

T=021, =001 || "% =015 |29 =0175 | \? =02 | @ =0225 | \® =025 || T=021, =0001| 7" =015|+? =0175 | ? =02 | " = 0225 | \? =025
A9 = 0,025 0.0037 0.0049 0.0056 0.0054 0.0062 A9 = 0.025 0.0054 0.0049 0.0031 0.0035 0.0027
A0 = 0,05 0.0059 0.0059 0.0116 0.0193 0.0138 A9 = 0,05 0.0024 0.0022 0.0037 0.0030 0.0031
A9 =0.075 0.0047 0.0093 0.0089 0.0111 0.0157 A = 0.075 0.0023 0.0022 0.0019 0.0033 0.0030
A =01 0.0081 0.0132 0.0185 0.0150 0.0171 O =01 0.0023 0.0035 0.0027 0.0040 0.0037
A9 =0.125 0.0116 0.0121 0.0164 0.0132 0.0193 A9 =0.125 00023 | 0.0024 0.0031 0.0049 0.0093
Ao =015 0.0097 0.0164 0.0171 0.0178 0.0193 A9 =015 0.0033 0.0042 0.0059 0.0074 0.0144

T=022, =001 || "9 =015 |2? =0175 | "® =02 | @ = 0225 | " =025 || T=022, =0001| " =015 |+ =0175 | 2? =02 | " =0.225 | \? =025
A0 = 0,025 0.0003 0.0002 0.0002 0.0003 0.0001 A = 0.025 0.0027 0.0011 0.0015 0.0018 0.0021
A9 = 0,05 0.0004 0.0004 0.0003 0.0002 0.0002 A9 =005 0.0003 0.0003 0.0002 0.0001 0.0002
A0 = 0,075 0.0004 0.0008 0.0006 0.0011 0.0008 A = 0,075 0.0009 0.0004 0.0004 0.0003 0.0002
A9 =01 0.0006 0.0005 0.0008 0.0009 0.0010 Ao =01 0.0005 0.0005 0.0004 0.0003 0.0003
A0 = 0.125 0.0011 0.0011 0.0016 0.0024 0.0017 A9 = 0.125 0.0016 0.0013 0.0009 0.0007 0.0007
A9 =015 0.0015 0.0015 0.0020 0.0035 0.0040 A0 =015 0.0026 0.0024 0.0011 0.0007 0.0013

T=023 =001|"9=015|42=0175 |22 =02 |22 =0225|2? =025 || T=023 =0001|?=015|? =0175 | \? =02 | 2 =0225 | \® =025
A0 = 0,025 0.0116 0.0116 0.0150 0.0132 0.0150 A = 0,025 0.0542 0.0437 0.0300 0.0336 0.0185
A9 = 0.05 0.0138 0.0116 0.0121 0.0150 0.0193 A9 =005 0.0150 0.0106 0.0097 0.0078 0.0085
A0 = 0,075 0.0102 0.0062 0.0106 0.0138 0.0210 A9 = 0,075 0.0288 0.0144 0.0074 0.0078 0.0127
A9 =01 0.0377 0.0363 0.0391 0.0739 0.0645 "9 =01 0.0324 0.0201 0.0111 0.0116 0.0157
A9 =0.125 0.0453 0.0377 0.0523 0.0715 0.1056 A9 = 0.125 0.0715 0.0377 0.0336 0.0453 0.0210
A0 =015 0.0542 0.0930 0.0602 0.0991 0.1269 A9 =015 0.0487 0.0487 0.0363 0.0668 0.0602

T=024, =001 || "9 =015 |~ =0175 | @ =02 | A"® =0225 | ¥ =025 || T=024, =0001| 7" =015|+? =0175|? =02 | " =0225 | \? =025
A0 = 0,025 0.0068 0.0266 0.0277 0.0421 0.0391 A0 = 0.025 0.0102 0.0035 0.0097 0.0116 0.0144
A0 = 0,05 0.2169 0.2002 0.2468 0.2795 0.2864 ~9 = 0,05 0.0991 0.1308 0.0960 0.1651 0.1746
A9 =0.075 0.3455 0.4948 0.5861 0.3778 0.3455 A9 = 0.075 0.1651 0.1795 0.2531 0.2864 0.3300
A =01 0.5861 0.6731 0.6620 0.5755 0.5244 O =01 0.1845 0.2468 0.4662 0.3946 0.4206
A9 =0.125 0.8359 0.8002 0.6957 0.7532 0.6731 A9 =0.125 0.4031 0.4477 0.5548 0.5446 0.5548
Ao =015 0.9572 0.8359 0.7648 0.8121 0.6620 A9 =015 0.4948 0.6509 0.7415 0.7070 0.7300
T=025 =001 |29 =015|29 =0175 |2 =02 | " =0225 | ¥ =025 || T=025 =0001|"?=015|2? =0175|? =02 | " =0.225 | \? =025
A = 0.025 0.1429 0.1746 0.3300 0.4757 0.4118 A = 0.025 0.0363 0.0487 0.0421 0.0645 0.0562
A9 = 0,05 0.3225 0.4385 0.4031 0.3377 0.3861 A9 = 0,05 0.2934 0.3225 0.4385 0.4569 0.4477
A9 =0.075 0.3455 0.4948 0.4662 0.5244 0.4948 A9 =0.075 0.2934 0.3861 0.4206 0.3377 0.3150
"9 =01 0.5861 0.7070 0.7415 0.6844 0.7185 A0 =01 0.4569 0.4662 0.6399 0.6957 0.6844
A0 = 0125 0.7415 0.7532 0.8240 0.9084 0.8359 A = 0.125 0.6844 0.7185 0.8002 0.7185 0.6957
A9 =015 0.8963 0.8720 0.9816 0.9328 0.9816 A0 =015 0.7766 0.8720 0.9084 0.8600 0.8479
Table C.11 L
Dependency of (uncorrected) p-values (Mann-Whitney test)for on "t(o) = e§°> ;

© _ = a0)
Af - sf '

p < 0:005 respectively.
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and T, following Local Approach 2; * and ** indicate p < 0:05 and




D Statistical Post-Correction

Since we consider many di erent synchrony measures, comptibnal approaches,
and parameter settings simultaneously, we need to corredid p-values of the
single Mann-Whitney tests appropriately (cf. Section 3.3). We will try to
control the false discovery rate: the fraction of supposedipositive results
that are in fact negative (Benjamini and Hochberg, 1995). Foconvenience,
we list our two di erent schemes for statistical post-corretion once more:

(1) We apply the Storey method (Storey, 2002) to all comparis simultane-
ously, that is all synchrony measures, the di erent approdes to compute
those measures (Local Approach 1 and 2, Global Approach 1, da3),
and their parameter settings, comprising 1270 statisticalests. We re-
tain the smallest p-value for each synchrony measure, and asesult, we
obtain one (corrected) p-value for each synchrony measure.

(2) We apply a two-step procedure: rst we correct for the mulple ap-
proaches to compute each synchrony measure (Local Approathand
2, Global Approach 1, 2 and 3) and the multiple correspondingaram-
eter settings, then we correct for the multiple synchrony nasures. In
the rst step, we treat each synchrony method separately, ahapply the
Benjamini-Hochberg method (Benjamini and Hochberg, 1995 the p-
values for di erent parameter settings and computational pproaches (Lo-
cal Approach 1 and 2, Global Approach 1, 2 and 3). For each symony
measure, we retain the smallest corrected p-value among tkéeerent
parameter settings and computational approaches. As a rdswve obtain
one (corrected) p-value for each synchrony measure. Those/glues are
further corrected in a second step by means of the Storey metth (Storey,
2002); that correction accounts for the multiple synchronyneasures.

The p-values resulting from the rst and second post-corr¢ion scheme are
summarized in Table D.1 and D.2 respectively; we list the It corrected
p-value for each synchrony measure. In the rst correctionckeme, a signi -

cance level of 0.05 is too liberal: it would result in 199 pdsies out of 1270
tests, with 10 expected false positives. Instead we choose tsigni cance level
so that there is less than one expected false positive; thabrcesponds to a
signi cance level of 0.01. Only full-frequency DTF and are signi cant on the

0.01 level. Under the second correction scheme, a signi canlevel of 0.05 is
a natural choice; only full-frequency DTF and are signi cant on the 0.05
level. Interestingly, those two measures remain signi carunder both post-

correction schemes. Moreover, as we have shown earlier, twnbination of

both measures leads to good classi cation results (cf. Tab#).
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Measure Correlation Coherence Phase Coherence Corr-entropy Wave-entropy
p-value 0.052 0.064 0.077 0.067 0.11
References, (Nunez & Srinivasan, 2006) (Gunduz and Principe, 2009)
Measure || MVAR coherence | Partial Coherence PDC DTF DTF dDTF
p-value 0.13 0.14 0.32 0.19 0.0098 0.064
References, (Kamnski et al., 2005)
Measure | Kullback-Leibler Renyi Jensen-Shannon Jensen-Renyi lw |
p-value 0.096 0.096 0.096 0.097 0.088 0.094
References (Aviyente, 2005a) (Kraskov et al., 2004)
Measure Nk Sk Hk S-estimator Omega complexity
p-value 0.064 0.054 0.088 0.077 0.10
References, (Quiroga et al., 2002) (Carmeli et al., 2005) (Saito et al., 1998)
Measure Hilbert Phase Wavelet Phase Evolution Map Instantaneous Period GFS
p-value 0.13 0.10 0.096 0.054 0.066
References (Lachaux et al., 1999) (Rosenblum et al., 2002) (Koenig et al., 2001)
Measure St
p-value 0.027 0.005
References, (Dauwels et al., 2007)
Table D.1

Sensitivity of average synchrony for prediction of MCI: corected p-values (Correc-

tion Scheme 1); * indicatesp < 0:01.
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Measure Correlation Coherence Phase Coherence Corr-entropy Wave-entropy
p-value 0.079 0.091 0.12 0.079 0.079
References, (Nunez & Srinivasan, 2006) (Gunduz and Principe, 2009)
Measure || MVAR coherence | Partial Coherence PDC DTF DTF dDTF
p-value 0.13 0.23 0.31 0.27 0.033 0.13
References, (Kamnski et al., 2005)
Measure | Kullback-Leibler Renyi Jensen-Shannon Jensen-Renyi lw |
p-value 0.079 0.079 0.079 0.12 0.087 0.79
References (Aviyente, 2005a) (Kraskov et al., 2004)
Measure Nk Sk Hk S-estimator Omega complexity
p-value 0.97 0.13 0.13 0.34 0.13
References, (Quiroga et al., 2002) (Carmeli et al., 2005) (Saito et al., 1998)
Measure Hilbert Phase Wavelet Phase Evolution Map Instantaneous Period GFS
p-value 0.25 0.079 0.13 0.091 0.13
References (Lachaux et al., 1999) (Rosenblum et al., 2002) (Koenig et al., 2001)
Measure St
p-value 0.13 0.025
References, (Dauwels et al., 2007)
Table D.2

Sensitivity of average synchrony for prediction of MCI: corected p-values (Correc-

tion Scheme 2); * indicatesp < 0:05.
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