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ABSTRACT: Th e analysis of multichannel recordings such as electroencephalography 
(EEG) and magnetoencephalography (MEG) is important both for basic brain research 
and for medical diagnosis and treatment. Multivariate linear regressive analysis such as the 
AutoRegressive (MAR) modeling is an eff ective means to characterize, with high spatial, 
temporal, and frequency resolution, functional relations within multichannel neuronal data. 
Recent advances in MAR modeling show promise for the analysis and visualization of large-
scale network interactions, especially in the ability to assess their causal relations. Th is article 
provides a detailed review of the advances in the development and application of causal 
infl uence measures for analyzing neurosignal within the framework of the MAR spectral 
analysis. Fırst, we outline mathematical formulations of the MAR model and its related 
estimation procedures, with emphasis on the development of causal infl uence measures for 
analyzing brain circuits. Second, we address the technical issues on the practical applica-
tions of the causal measures to the neurobiological data. Of particular interest is the recent 
development of adapting the MAR to analyze neural spike train data. Th ird, we present 
a variety of applications ranging from basic neuroscience research to clinical applications 
as well as functional neuroimaging. We fi nally conclude with a brief summary and discuss 
future research development in this fi eld.

KEY WORDS: Granger causality, signal processing, multivariate neural data, electro-
encephalography, spike trains, local fi eld potential, functional magnetic resonance imaging

I. INTRODUCTION

In neurobiology, as in many other fi elds of science and engineering, a question of 
great interest is whether there exist causal relations among a set of measured variables. 
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Th e quest for the causal measures has recently revived signifi cant interest in Granger 
causality measures.⁷⁰ Th e concept of Granger causality was originally developed in 
the framework of multivariate regression theory. Many improved techniques have 
since then appeared in the neurobiological literature. It is the subject of this article 
to provide a detailed review of the advances in the development and application of 
causal infl uence measures in analyzing brain circuits. 

Th e multivariate linear regression analysis of time series has been applied not 
only in the biomedical research, but also in many other areas including economics, 
geophysics, nuclear physics, and industrial processes control. In the fi eld of neuro-
biological research, the linear regression models, and the multivariate autoregressive 
(MAR) model per se, have found extensive applications in EEG or MEG analysis. 
Th roughout the years of application of the MAR model, the technique has proven 
itself as a promising and eff ective method in the biomedical fi eld in general and in 
neurobiological research in particular. 

Th e MAR model leads to parametric description of time series. Parametric 
methods use the signal to estimate the parameters for a mathematical model 
describing that signal. Th e signal properties are derived from the parameters of 
the model, not from the data points themselves. In comparison to Fourier analy-
sis, parametric methods off er an alternative way of spectral measures estimation 
together with certain advantages. Th e parameters derived from the models can 
be analyzed separately. Statistical analysis, data groups diff erentiation (phar-
maco-EEG), and many other procedures and tests that may be performed on 
the estimated parameters may give additional interpretation of the data under 
study. It can be shown that MAR model spectrum has the maximum entropy 
property, which minimizes assumptions about the unmeasured part of the signal. 
Parametric methods are suitable to calculate spectral estimates of very short data 
epochs, when the traditional Fourier-based nonparametric analysis produces 
severely biased spectral estimates. Th e ability of the MAR model to capture the 
rapid dynamics of a stochastic process within a very short interval of time (50 ms 
or even shorter) is an advantage for the analysis of multivariate neurobiological 
data. General overviews of linear modeling in application to biomedical signals 
are published elsewhere.⁸¹,⁹⁵,⁹⁴

Th e aim of this article is fi rst to outline the basic concepts of MAR model-
ing, from which the causal measures that can be derived will be our major focus in 
the theoretical development. Second, technical issues on the practical applications 
of the causal measures, particularly the directed transfer function (DTF), to the 
neurobiological data are addressed. Th ird, various applications ranging from basic 
neurobiological research to clinical applications and functional imaging are presented. 
Fınally, we conclude with a summary of the work and with a suggestion of future 
directions of research. For more detailed descriptions of the discussed subjects, a 
bibliography is included.
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II. THEORY

II.A. Introduction

Biomedical data analysis, especially EEG analysis, is commonly performed in the 
frequency domain. Th e spectral estimation methods can be divided into two groups: 
nonparametric and parametric. Nonparametric methods use data directly to esti-
mate their spectral quantities, such as power spectrum. For instance, the Fourier 
transform (FT), a nonparametric method, describes directly the relation between 
power spectrum and data samples or data autocorrelation function (sequence). Th e 
linear modeling technique belongs to the parametric methods group, which off ers 
an alternative way of obtaining spectral quantities of a signal. Parametric methods 
are based on the assumption that a signal can be described by a time-series model. 
With a simple assumption that a data sequence is an output of a stochastic process, 
we can obtain a meaningful description of the data from the statistical properties 
of the underlying process; such a description typically is a set of model parameters 
estimated from a time-series model using signal processing procedures. 

Th e parametric approach enables itself to bypass the window issue involved in 
the nonparametric estimation. Fourier transform assumes that a signal is infi nite 
or periodic. In practice, a fi nite data epoch has to be analyzed. Th at is, a multipli-
cation of the time series by a fi nite window function, which nullifi es the signal 
values outside the window, is always performed in the time domain. Th e transform 
of the data record in the frequency domain is correspondingly convolved with the 
transform of the window function, which distorts the spectral estimate because of 
the windowing. In the parametric approach there is no window involved; the data 
are described by the model not only within the window of observation, but over 
the whole time axis. Th is approach is more realistic than treating the data out-
side the window of observation as zero. Once the model is adequately estimated, 
spectral estimation from the model parameters are smooth, with high resolution 
and no sidelobes. It can be shown that the AR method of spectrum estimation is 
equivalent (for one channel) to the maximum entropy method. By fi tting an AR 
model to the data, we maximize the entropy of the fi tted process over the whole 
time axis, and we do not need to assume anything specifi c about the data outside 
the window of observation. Comparisons of performance of FT and AR can be 
found in the literature.¹⁶,⁸⁰,¹⁵⁶

Th ere are still other types of methods of power spectrum estimation, such as 
subspace methods based on analysis of eigenvalues of the signal correlation ma-
trix,⁴⁵,⁶³,¹⁶¹,¹⁶² but they perform better for sinusoidal than for broadband physiologi-
cal signals. From the wide class of linear models,¹⁰⁰ the autoregressive (AR) and 
autoregressive-moving average (ARMA) models seem well received in biomedical 
signal analysis. Th e basic information about diff erent spectral analysis techniques 



350 Critical Reviews™ in Biomedical Engineering

m. kamiski & h. liang

can be found in various signal processing handbooks.⁵,²⁴,⁷²,⁷⁴,⁸³,⁹³,¹¹⁵,¹¹⁷,¹²⁹,¹⁴³,¹⁴⁴ We 
will briefl y present the basic formulas of these models in the next chapter.

II.B. Multivariate AR (MAR, VAR, MVAR) Model

Th e AR model of time series assumes that xt, the (sample of data) value of the 
process at a time t depends on its p previous values weighted by coeffi  cients a plus 
a random white noise component ε:

                                                x a xt j t j t
j

p

= +−
=

∑ ε
1

 (1)

Th e aj parameters are the model coeffi  cients, p is the model order. Equation (1) de-
scribes in fact a linear regression of the time series on its own previous values, which 
explains the name autoregressive. All properties of the process can be calculated from 
the coeffi  cients of the model.

In a multivariate (k channels) case X(t), the process value at a time t is a vector 
of size k, the model coeffi  cients A(t) are k × k matrices, and the noise component E 
is a vector of size k:

                                   

X

X A X E

( ) ( ( ), ( ), , ( ))

( ) ( ) ( ) ( )

t X t X t X t

t j t j t

k

j

p

=

= − +
=

∑

1 2

1

   T
…

 (2)

Assuming A(0) = I (the identity matrix), Eq. (1) can be rewritten (with the sign of 
A(j) changed) in another form:

                                            E A X( ) ( ) ( )t j t j
j

p

= −
=
∑

0

 (3)

Equation (3) can be transformed to the frequency domain (by applying the Z 
transform and substituting z=e–2πif∆t)¹²⁹,¹¹⁷:
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∆t is the data sampling interval. Th e above relation allows one to interpret the AR 
model as a linear fi lter with the noise E on input and the signal X on output. Th e 
matrix H is called the transfer matrix of the system. It contains information about 
relations between data channels constituting the system (Fıg. 1).

Th e power spectrum matrix of the signal is then given by

                          

S X X H E E H

H VH
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* * *

*

f f f f f f f

f f

= =
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where V denotes the input noise variance matrix (not dependent on frequency).
Th e attempts to use the AR model in biomedical signal processing dates back to 

the 1960s.⁴⁷,⁴⁸,⁵⁸,¹⁶⁸,¹⁶⁹ AR modeling started to be popular when computers became 
a widespread tool in laboratory practice. Autoregressive model is now often used 
especially in EEG analysis, which can be understood by the characteristics of the 
typical EEG, consisting to a large degree of rhythmic components, which translate 
directly into mathematical formula describing the AR power spectrum (see Eq. 
[8]). For demonstration purposes, a simulation of a time series by means of the AR 
model is illustrated in Fıgure 2. Upper signals in (a) and (b) of Fıgure 2 present a 

 

FIGURE 1. The AR model as a linear fi lter with transfer matrix H, noises E on input, and 

signals X on output.
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piece of original EEG data. Th e lower signals are simulated signals, generated by 
AR models of order 3 and 5 in (a) and (b), respectively (the coeffi  cients were fi tted 
from the data). We can see that, although time courses of the original and simulated 
signals are diff erent, the overall characteristics of every generated signal very much 
resemble the original, which makes them diffi  cult to visually distinguish.

Th e autoregressive-moving average (ARMA) model of a time series is described 
by Eq. (6):

                                              b a xi t i j t j
j

p

i

q

ε − −
==
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00
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or in a multivariate case:
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Th is type of model can describe a more general class of processes than the AR 
model. In addition to the autoregressive part (a or A coeffi  cients), a moving-average 
part (b or B coeffi  cients) is added.

Th e ARMA model seems more universal than the AR model, yet is rarely used 
in EEG signal analysis. Th ere are a number of reasons to account for this. Fırst, the 
ARMA model parameter estimation procedure is more complicated than algorithms 

 

FIGURE 2. Original (upper row) and AR simulated (bottom row) time series. Sections (a) 

and (b) present two different types of data simulated by AR model of order (a) 3; (b) 5. 
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for AR model fi tting. It often starts from AR part estimation, and then MA param-
eters B are estimated separately. Second, the results obtained by more complicated 
ARMA modeling are not substantially diff erent from those obtained from plain 
AR model. Th is may be explained by the characteristics of the spectrum of the EEG 
signal. Th e power spectrum of the AR process has a general form of

                                            P z
C

A z A z
AR ( )

( ) ( / )* *=
1

 (8)

(C is a constant, and the z variable is equivalent to frequency). Th e roots of the 
polynomial A in the denominator of Eq. (8) describe maxima (“peaks”) in the power 
spectrum. By analyzing a general form of MA spectrum

                                           P z CB z B zMA ( ) ( ) ( / )* *= 1  (9)

we see that the roots of the polynomial B in Eq. (9) translate directly into “dips” in 
the power spectrum of that type. Combining AR and MA processes, we get ARMA 
spectrum, which can fi t well both “peaks” and “dips” in the spectrum. However, a 
typical EEG signal consists of rhythms—basic components with specifi c frequency 
ranges that correspond to spectral peaks—while it is rather diffi  cult to fi nd natural 
phenomena that could produce dips in the EEG spectrum. Hence, the addition of 
the MA part in a typical EEG will not improve the quality of the model fi tting.

Th e conclusion from the analysis of the AR spectrum formula is that because 
complex roots of a polynomial are always in conjugate pairs, the number of possible 
peaks in a spectrum cannot exceed p/2 (or [p–1]/2 for an odd p). If we know that 
a spectrum contains more components, we should increase the model order. Th is 
rule is, however, only applicable to a single-channel data; in a multichannel case, 
the power spectrum in each channel is given by a much more complicated formula, 
which also depends on the number of channels.¹¹⁷ Th e problem of model order 
selection in such a case will be discussed in the next section.

Th e fact that the AR model well describes the typical EEG signal was used by 
Franaszczuk, et al.⁵¹, ¹⁸, ²⁰, ¹⁹ to construct the FAD method (frequency, amplitude, 
and damping)—a decomposition of EEG signals into basic rhythmic components. 
It can be shown⁵¹ that the transfer function H for one channel case can be expressed 
by a formula:

                                                 H z
D

z
j

jj

p

( ) =
−=
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 (10)
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where Dj and αj can be found from model coeffi  cients aj. Equation (10) can be 
interpreted as a sum of parallel connected fi lters having resonances for z = αj. For 
jt fi lter the resonance frequency is given by ωj = Im(αj), the damping factor is 
given by βj = Re(αj), the phase is given by φj = arg(Dj), and the amplitude by Bj = 
2|Dj|. By inverse transforming the H(z) function to the time domain, we get the 
impulse response function h(t) in the form of the sum of the damped sinusoids and 
an exponential decay:
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(p′ and p″ depend on number and character of α coeffi  cients). We can identify here 
rhythms—components of well-defi ned properties: frequency, amplitude, and damp-
ing. Th e method allows, for instance, for a quick quantitative evaluation of intensity of 
each rhythm in EEG with no artifi cial division into frequency bands.²¹ Interestingly, 
it was shown¹⁸ that the AR model transfer function presented in this form agrees 
precisely with the transfer matrix of the model assuming populations of excitatory 
and inhibitory neurons connected into feedback loops presented by Lopes da Silva 
et al.¹¹³ Another type of signal decomposition based on autoregressive model can 
be found in Baselli et al.¹³ and Repucci et al.¹⁴⁶

II.C. Model Estimation and Validation

Because all the knowledge of our dataset is derived from the estimated model 
parameters, the model fi tting is of the primary importance. In the literature, many 
algorithms of AR model parameter fi tting are available. Taking into account the 
power of today’s computers, the choice of the algorithm is not a crucial decision. 
Th e main advantages of some techniques lie in the stability of their solution or in 
better properties (smoothness, frequency resolution) of their estimated functions. In 
practice, the issue of choosing a proper model order or a correct data epoch length 
may be more important than the choice of any particular algorithm.

In order to obtain an estimate with good statistical properties, the data epoch 
must be long enough. Th ere is no strict rule to tell how long in reality a record 
should be; it depends on many factors. Our experience indicates that it would be 
safe to assume that there should be at least several times more data points (nk) than 
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the estimated parameters (pk² ); n is the data record length, k is number of data 
channels, p is the AR model order. Moreover, the data epoch should be stationary; 
the statistical properties of the signal should not change signifi cantly over time. 
For nonstationary data, however, the short-window approach³⁹ or adaptive model 
fi tting, in which the model order changes, may be employed; this topic is described 
later in the text. 

Th e AR model routinely assumes that the mean value of the signal(s) is zero. 
As such, proper preprocessing is necessary before the AR model estimation is 
performed. Th e fi rst step of data processing should be subtracting the temporal 
mean from every channel. In addition, data can be normalized by dividing each 
channel by its temporal variance. Th e normalization reduces diff erences that may 
be introduced by diff erent amplifi er settings at certain channels. After the nor-
malization of the signal, the estimated power spectrum is given in its normalized 
form as well.

To select a proper model order, statistical criteria of choice were proposed. A 
typical criterion balances between reduction of the error of the fi t and the need to 
keep an order low. If an order is too low, the model may not suffi  ciently describe all 
the components in the signal; whereas if an order is too high, spurious extraneous 
peaks in the spectrum may be produced (a phenomenon known as line splitting). 
One of the most popular model order selection methods, and perhaps leading to 
the most consistent results, is Akaike AIC or FPE criteria.³,¹¹⁷ In the examples 
reviewed herein, the AIC criterion has been consistently used, if not otherwise in-
dicated. It should be noted that in a multichannel case, for correlated data channels 
the optimal model order decreases with increasing number of channels. From our 
experience, the popular criteria such as AIC work well for model order selection 
in a multichannel case as well. Th e multivariate formula for the AIC criterion is 
given by:

                                           AIC( ) logp n pk= +V 2 2  (12)

(n is the number of the data points, k is the number of channels). Th e criterion value 
must be evaluated for several model orders (up to assumed maximal one), and then 
the order at which the value reaches its fi rst substantial minimum should be chosen. 
A graph of typical AIC course is presented in Fıgure 3. Th e minimum of the criterion 
value in this example is reached at the order 8. Th e typical orders for multichannel 
EEG datasets vary in range from 3 to 9, depending on the characteristics of the 
signal and the number of channels. A more extensive discussion about diff erent 
criteria can be found in Marple.¹¹⁷

When analyzing several epochs of data from the same experiment, it is rec-
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ommended to select a common model order for all the epochs for the sake of easy 
comparison of the results, even if the optimal orders suggested by a criterion vary 
between data records.

In the literature there are several algorithms of fi tting of AR model parameters 
available. Among the popular algorithms are Yule-Walker, Burg (or LWR¹²⁵), co-
variance, or their modifi cations.¹⁵¹ Recently, a Bayesian approach has been used to 
estimate the AR model parameters and to select its optimal order.²⁵, ⁹⁶, ¹³² 

Th e Yule-Walker algorithm requires calculation of the correlation matrix R(s) 
of the system:

                        R s
N

X t X t s s pij
S

i j
t

NS

( ) ( ) ( ), , ,= + =
=
∑1

0
1

for  …  (13)

Depending on the version of the estimators used, we may have NS = n – |s| for un-

FIGURE 3. Example of typical course of AIC criterion in dependency of AR model order 

for a set of eight channels.
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biased correlation estimator and NS = n for biased estimator (n is the record length). 
In this method, the latter is preferred. Th e AR model parameters are then obtained 
by solving the set of linear equations (called Yule-Walker equations):
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Th is method is equivalent to maximum entropy principle, in which the forward 
prediction error

                                   e X A Xp
f

p
f

j

p

t t j t j( ) ( )( ) ( ) ( ) ( )= + −
=

∑
1

 (15)

is minimized in the least squares sense. Th e superscript index ( f ) indicates for-
ward prediction, the index p enumerates current model order. Th e implementation 
of this method is straightforward. Use of the biased correlation estimator in Eq. 
(13) ensures a positive defi nite form of the R(s) matrix. Because the R(s) matrix is 
positive defi nite, the matrix on the left side of system (14) can be inverted, and the 
solution in this case exists.

Th e Burg (or LWR) method, unlike other methods, does not require calculation 
of the R(s) matrix. Th e estimation of parameters of a model of order p is performed 
in a recursive way using estimates for model of order p–1. Th e method allows for 
distinguishing spectral components lying close to each other. Th is high resolution 
property is especially useful for short data segments. When the spectrum contains 
very narrow peaks, the covariance (or modifi ed covariance) algorithm may perform 
better. Nevertheless, the spectra produced by all the algorithms in most cases are 
very similar to each other. Comparison between several parameters estimation 
algorithms is given in Marple.¹¹⁷
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II.D. Network Analysis

1. Coherence

When analyzing a single data channel, only auto-functions of the data—e.g., auto-
spectra—are estimated. A multivariate system contains additional information about 
relations between data channels—the cross-functions. Th e quantities describing in-
terrelations between signals are not related directly to quantities describing prop-
erties of each of these signals itself. Two data channels may be either correlated or 
uncorrelated, even if other features of these channels (e.g., power spectra) are the 
same. Th e well-known measures of that type are cross-correlations in time domain 
and cross-spectrum in frequency domain or its normalized version, the (ordinary) 
coherence. Th e cross-spectrum is described by off -diagonal elements of the spectral 
matrix S defi ned in Eq. (5).

Th e ordinary coherence (commonly called coherence) between channels i and j 
is defi ned as

                                            K f
S f

S f S f
ij

ij

ii jj

( )
( )

( ) ( )
=  (16)

where Sij are elements of the spectral matrix S. Th e modulus of the ordinary coherence 
takes values from the [0,1] range (0 indicates no relation). It describes the amount 
of in-phase components in both signals at the given frequency f.

When a system of more than two channels of data is considered, new possibilities 
appear. Fırst, one channel can be connected to several other channels simultane-
ously. Such a channel is a common source of signal in the set. Second, the relation 
between two channels can be indirect, and the connection between these two chan-
nels may go through other channels. Th ese complicated situations usually require 
the development of additional functions to describe them. Such types of functions 
are partial and multiple coherences.⁸³ 

Th e partial coherence, defi ned as

                                          C f
f

f f
ij

ij

ii jj

( )
( )

( ) ( )
=

M

M M
 (17)

describes the amount of in-phase components in signals i and j at the given frequency 
f when the infl uence of other channels of the set (the part of the signals that can 
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be explained by linear combination of the other channels) is statistically removed. 
Its modulus takes values within the [0, 1] range, similar to ordinary coherence, but 
it is nonzero only when the relation between channel i and j is a direct infl uence. 
Mij is a minor (determinant) of matrix S with i t row and j t column removed. It 
can be shown that Eq. (17) may be presented using dij—elements of the inverse of 
the matrix S

                                      C f
d f

d f d f
ij

i j ji

jj ii

( ) ( )
( )

( ) ( )
= − +1  (18)

Multiple coherence

                                         G f
f

S f fi
ii ii

( )
det( ( ))

( ) ( )
= −1

S

M
 (19)

describes the amount of in-phase component in the channel i common with any 
other channel (the rest) of the set.

In a two-channel system the partial and multiple coherences are identical to the 
ordinary coherence. Starting from three-channel systems, the behavior of diff erent 
coherences depends on interrelations in the whole system, not only between pairs 
of signals. Fıgure 4 shows moduli of all three types of coherences calculated for a 
14-channel system of highly correlated data. Ordinary coherences (above diagonal) 
are all close to 1, as are the multiple coherences (on the diagonal). Partial coherences 
(below the diagonal), however, show completely diff erent patterns of connections 
(direct relations only).

Coherence (and correlation) analysis has been a very popular method in biomedi-
cal signal analysis that, when properly applied, can give signifi cant insight into the 
investigated system.²⁶,⁸⁶,⁸⁷,⁹⁸,¹²⁴,¹⁵⁵,¹⁶⁰,¹⁶⁵ Other extensions to the classic defi nitions 
of coherences designed to meet specifi c needs are proposed.⁸,¹⁰,¹²²,¹⁴⁷,¹⁶⁴

2. Causal Infl uence

Th e coherence measure is a complex number that can be expressed as a modulus and 
a phase. Th e modulus measures the connection strength, and the phase measures 
the phase diff erence between signals. It is suggested that the coherence phase may 
be used to determine the direction of causal infl uence between channels. In real-
ity, this is possible only for certain simplifi ed situations—for instance, the narrow 
band signals with clear unidirectional relation. Moreover, the phase estimated by 
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means of Fourier transform is defi ned modulo 2π, which makes estimation of the 
direction ambiguous.

Th ere have been many attempts to construct a function that would describe the 
causal relation between signals. Th e fi rst attempts took place in 1950s in the fi eld of 
social sciences, where methods called structural equation modeling were proposed.⁷ Th e 
directions of infl uence between variables were assumed fi rst, and then the connection 
strengths were evaluated by a correlation analysis. Th e proposed methods, however, 
did not make use of temporal relations in data. Even so, a similar approach to obtain 
useful information about brain structures can be found in the literature.³¹,¹¹⁸,¹¹⁹ 

To construct causality measures, the proper defi nition of the very notion of 
causality is needed. Th e fi rst basic defi nition of causality was given by Wiener.¹⁶⁷ 
Th e notion of “causality” was introduced in the following way: for two simultane-
ously measured signals—if we can predict the fi rst signal better by using the past 
information from the second one than by using the information without it—then 
we call the second signal causal to the fi rst one. Th is very general defi nition was 
adopted by Granger⁷⁰* by limiting the general Wiener defi nition in the form of 

 

FIGURE 4. Example of ordinary, partial, and multiple coherences for a set of 14 channels of 

highly correlated data. Each box in the presented matrix is a graph of a coherence function 

connecting the channel marked below the relevant column and the channel marked at the left 

of the relevant row. Frequency on horizontal axes (0–30 Hz), function value on vertical axes 

(0–1). Ordinary coherences above the diagonal, multiple coherences on the diagonal, and par-

tial coherences below the diagonal of the matrix of graphs. Data courtesy of James Wright.

*For his works in the fi eld of economics, Granger was awarded the Nobel Prize in 2003.
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linear regressive models of time series. Th e basic terms such as causality, instanta-
neous causality, causality lag, and causality coherence were then defi ned. Th e Granger 
defi nition of causality can be easily transferred to time-series modeling by means of 
the AR model and is now often used in biomedical signal analysis. Let us assume 
that two signals are measured simultaneously in discrete time intervals. If we try to 
predict X(t) (a value of the fi rst signal at a time t) using only p past samples of the 
same signal X, we get a prediction error ε(t).

                                      X t A j X t j t
j
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( ) ( ) ( ) ( )= − +
=

∑ 11
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When adding r past samples of the second process Y 
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to the prediction, we get diff erent prediction error ε′(t).
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If the variance of prediction error ε(t) is reduced (var(ε′(t)) < var(ε(t))) by in-
cluding the knowledge of past (and maybe present) values of the process Y into the 
prediction, then we say that process Y causes process X in the sense of Granger cau-
sality. In other words, if Y causes X, then modulus of any of A₁₂ coeffi  cient is greater 
than 0. Note: in Eq. (22) in addition to q past samples of the process Y, the current 
value of this process is added as well with a coeffi  cient A₁₂(0). Th e A₁₂(0) coeffi  cient 
is responsible for so-called “instantaneous causality.” It can be interpreted in terms 
of AR models as a correlation of noise components ε and η (Eqs. [20, 21]).

Th e defi nition of Granger causality was originally given for a pair of channels. 
Granger stressed the fact that his defi nition of the causality is limited to a pair of 
channels and it may not be valid where more than two channels are involved. Th is 
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is especially important when two time series contain information that helps in the 
prediction of a third time series (common source problem). However, the Granger 
causality concept can be extended to a multivariate case. When k channels are 
available, all the signals can be used to predict the X₁(t)—a value of the 1st signal 
at a time t:

                                  X t A j X t j ti i
j

p

i

k i

1 1
11

( ) ( ) ( ) ( )= − + ′′
==

∑∑ ε  (23)

To check if a signal Xm causes X₁ in a sense of multichannel Granger causality, 
we compare variance of prediction errors when signal Xm is or is not included in 
the prediction (the fi rst summation in Eq. [23]). As with the bivariate case, if the 
addition of Xm signal reduces the prediction error variance, we say that Xm causes 
X₁. Of course, the correct interpretation of this quantity still relies on the inclusion 
of all possible common sources to the investigated set of channels. Th is problem is 
also discussed in Section III.A.

During the late 1970s and early 1980s, when computers became accessible for 
data processing, many authors proposed various causal measures. Almost all of them 
were defi ned for the analysis of two data channels. Caines and Chan³³ and Gevers 
and Anderson⁶⁴ studied the causality by means of feedback loops in systems. Th is 
approach has been especially popular among engineers, but it has applications to 
biomedical data as well.¹⁵² Th e estimation of direction of infl uence especially got a 
great deal of attention in Japan. In 1968, Akaike² used the AR model to evaluate the 
extent of contribution of model input noise sources Ej to the power spectrum (the 
relative power contribution method). Th is approach was later used in the fi eld of 
nuclear engineering to analyze reactor noises.¹²⁷,¹²⁸ Saito and Harashima¹⁴⁷ proposed 
three diff erent methods. Th e best known is the directed coherence approach used, 
for instance, in Wang and Takigawa¹⁶⁴ to study interhemispheric correlations. 

Geweke⁶⁶ designed a measure of linear dependence and feedback in time series 
used later by Bernasconi and König.¹⁵ Geweke⁶⁷ theorized about the partial linear 
feedback measure and published a sketch of this idea. Many authors tried to use 
coherences and phase relations to fi nd direction. It should be noted, however, that 
causality measures based on various coherence functions may not work as expected. 
Coherences are intended to measure “similarities” between channels regardless of 
what the temporal relations between those channels may be. Gersch⁵⁷ proposed a 
method for fi nding a common source channel (driver) in 3-channel sets (critique 
published in [4]). To reveal sources of activity, partial coherence analysis was often 
performed.⁹⁸,¹¹⁴ Gevins et al.⁶⁵ studied maxima of covariance functions as indica-
tion of directional relations. Pijn et al.¹¹² developed a method of testing nonlinear 
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relations between signals. Baccalá and Sameshima⁸ and Shameshina et al.¹¹ used 
directed coherence. Recently, nonlinear extensions of the Granger causality concept 
were proposed.³⁶,⁵⁴

It should be noted that there are other approaches to describe directional in-
fl uence and dependence between random variables, but they may not be directly 
applicable to biomedical data. For instance, in the fi elds of artifi cial intelligence and 
decision and systems theory, the Bayesian networks (belief networks or graphical 
models) are popular. Th e Bayesian network is a structure (often in a form of graphs) 
describing probabilistic relationships between variables. Th e Bayes rule of inference is 
used to investigate the structure of the analyzed problem (e.g., which cause explains 
the observed data).¹²⁶ 

Although the application of multichannel modeling in EEG was considered 
in 1960s and 1970s,¹⁷,⁵⁷,⁶²,¹⁶⁶ the fi rst practical applications of multivariate auto-
regressive model (MVAR) appeared in 1980s.⁵² Moreover, the AR (and ARMA) 
models were rarely used for more than two channels simultaneously. Kamiński and 
Blinowska⁸⁵ proposed the (DTF), a truly multichannel causality measure based on 
the AR model. DTF was constructed using elements of the transfer matrix H( f ) 
of the AR model. Th is matrix is not symmetrical (Hij ≠ Hji), and its element Hij ( f ) 
connects input j with output i at the frequency f. Th e normalized version of DTF 
is defi ned as
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Th e normalization is performed in such a way that γij
2 represents a ratio between 

the infl ow to channel i from channel j to all the infl ows to channel i. Th is leads to 
the relation
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In its original form, DTF normalization term changes with frequency, which 
sometimes may produce artifacts: spurious dips for strong transmissions components 
in the denominator of Eq. (25) or high values of the ratio of transmissions even 
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for very low overall transmission values. Other versions of the normalization were 
proposed. In Korzeniewska, et al.,¹⁰² the full frequency DTF function (ff DTF) was 
introduced:
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It changes the normalization in a way that makes it independent on frequency 
while preserving the global strength of transmissions in the denominator.

In applications in which comparisons between results obtained in similar situa-
tions are important, the normalization term may be omitted and the non-normal-
ized version of DTF can be used:

                                                 θij ijf H f2 2
( ) ( )=  (27)

Th is type of DTF function is used in SDTF, a dynamic version of DTF present-
ing changes of transmissions for successive time windows (Section II.E).

Kamiński et al.⁹⁰ showed that directed transfer function is equivalent to the 
multivariate version of Granger causality. Another measure stemming from the 
concept of Granger causality can be found in Brovelli et al.²⁹ Th is measure, based 
on Geweke⁶⁶ formulation of the Granger causality spectrum, for connection from 
channel 2 to channel 1, is given by
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(Vij are elements of noise variance matrix V). Note that this measure is introduced 
in Brovelli et al.²⁹ for a pair of channels only.

Th e DTF function operates in frequency domain and gives the characteristic 
of transmissions depending on frequency. It does not give a value of the time delay 
between two signals. Although in simple cases the time delay may be estimated 
from analysis of A(t) model coeffi  cients or even from behavior of an optimal model 
order criterion, in the case of a broadband signal this information may be blurred 
and diffi  cult to obtain. When the time relations are important, other methods may 
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perform better—e.g., in time domain the Hilbert transform gives information about 
instantaneous phase in a pair of signals that may be used for the time delay estima-
tion. Whatever method is used for the estimation of time delay only for a pair of 
channels, it would be advisable fi rst to determine the existence and strength of the 
relation under study using a multichannel method, and then the bivariate estimate 
is performed to obtain the time delay (Section III.A).

3. Partial (Direct) Causal Infl uence

Th e Granger causality and DTF function indicate a causal relation between channels 
despite the actual way of transmission. Whether or not the signal from channel i is 
transmitted directly to channel j or the signal goes through several other channels, the 
DTF will show that the relation exists. In many cases, it is important to know what 
relations are direct, without any other channels involved. As such, partial or direct 
measures for detecting direct causal connections were proposed in the literature.

In Kamiński et al.⁹⁰ the DC measure was proposed to test for directness of rela-
tion. It is based on the analysis of the AR model equation (Eq. [3]) in time domain. 
It uses the fact that the coeffi  cients Aij(t) (elements of A(t) matrix) describe the 
direct relation from channel j to channel i (see Eq. [22]). By comparing the value 
of the quantity

                                                   D A mij ij
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2 2

1

=
=
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with a threshold (obtained using methods of resampling statistics, see Section II.F), 
it is then decided if the relation may or may not be a direct one.

Sameshima and Baccalá¹⁰,¹⁴⁸ proposed an estimator called partial directed 
coherence (PDC). It is defi ned using A(f ) (Eq. [4])—the Fourier transform of the 
model coeffi  cients:
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Th e Aij(f ) is the element, and aj(f ) is the jt column of the matrix A(f ), * repre-
sents transposition and complex conjugate operation. Although Pij(f ) depends on 
frequency, the characteristic of this dependence is diff erent from the power spectrum. 
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Th is property may make Pij(f ) diffi  cult to interpret. Th e DTF defi nition (Eq. [24]) 
can be rewritten using similar formalism¹⁰:

                                             γij
ij

i i

f
H f

f f
( )

( )

( ) ( )*
=

h h
 (31)

Note that the normalization term in PDC is diff erent than in DTF: Pij(f ) is 
normalized to show a ratio between the outfl ow from channel j to channel i to all 
the outfl ows from the source channel j.

In Korzeniewska, et al.,¹⁰² a dDTF (direct DTF) function was defi ned. It is 
a product of ff DTF function (Eq. [26]) and modulus of partial coherence (Eq. 
[17]):

                                             χij ij ijf F f C f2 2 2( ) ( ) ( )=  (32)

Th e idea was to combine information provided by both functions. Partial coher-
ences are nonzero when a connection is a direct one; χij f2 ( ) will be nonzero when 
(1) there is a causal connection from channel j to channel i, and (2) the relation 
between channels i and j is direct.

Th e comparison of the performance of the diff erent estimators of directionality 
applied to the real EEG signal was presented in Kuś et al.¹⁰⁴ Th e example is presented 
in Fıgure 5. A 21-channel EEG signal was recorded from scalp electrodes (10–20 
system¹⁴⁵) from an adult human subject resting awake with eyes closed. Under such 
a condition, the alpha rhythm was generated in posterior areas, and it was spread 
toward other derivations, to the front of the head. Given the 20-second-long epoch 
of data (high-pass forward and backward fi ltered above 3 Hz), a MVAR model of 
order 4 was fi tted. DTF, dDTF, and PDC functions were calculated. For presenta-
tion purposes, integrals of the functions in the range 7–15 Hz were calculated. Th e 
results are plotted in the form of arrows pointing from the source to the destination 
channels, and the connection of strength (integrated function) is coded in a shade 
of gray. Only the 40 strongest fl ows are shown.

In the DTF pattern we may observe the main sources of alpha activity located 
around P3 and P4 electrodes transmitting their activity in many directions. Th e 
dDTF picture lacks most long-distance connections, indicating that the direct ones 
are only the relations between neighbors. Th e PDC shows quite diff erent patterns. 
Although the sources at P3 and P4 electrodes are still visible, we see additional sites 
acting like sources, and some sites seem to be sinks of activity. Th is eff ect is due to 
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the normalization used and may suggest that PDC is better suited to detect sinks 
of activity than sources. Th e comparison of DTF and PDC may be also found in 
Baccalá and Sameshima.⁹

II.E. Short-Time Directed Transfer Function (STDTF, SDTF)

Th e AR model can be applied to data whose statistical properties do not sig-
nifi cantly vary in time. For nonstationary signals, numerous techniques of 
time-varying coeffi  cients, Kalman fi lters, and other adaptive algorithms were 
proposed.⁶,¹⁴,⁵⁵,⁵⁹,⁷⁵,¹²⁴,¹⁴⁹,¹⁵⁰ In this article, we would like to present yet another 
technique based on the short-window approach because of its widespread appli-
cations in neural data analysis. When multiple realizations of an experiment are 
available, the information from all the realizations can be used. Th e mathematical 
basics of this approach were published in Ding et al.⁴¹ and Liang et al.¹⁰⁶ In the 
traditional approach, statistic properties of long and stationary data epochs are 
calculated. If we assume that data from successive repetitions of an experiment are 
diff erent realizations of the same stochastic process (generated each time by the 
same system), we could derive statistical properties of the signals from ensemble 
averaging and not by averaging over time. In reality, we are not able to ensure 
perfect time synchronization of the trials, which is an essential feature needed in 
this approach. Th e jitter eff ects would smear the average calculated for every time 

 

FIGURE 5. Comparison of DTF, dDTF, and PDC function applied to a 21-channel human 

EEG sleep data record. Flows are represented by arrows pointing from the source to the 

destination electrode. Intensity of transmission is coded in shade of gray (black = strongest). 

Only the 40 strongest fl ows are shown for each function. (Modifi ed from Kus et al. IEEE 

Trans Biomed Eng 2004; 51(9):1501–1510,104 © 2005 IEEE, with permission.) 
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point. Instead, we may average the correlation matrix R estimator, which is not 
aff ected by the jitter and is time invariant within realizations (we must assume 
local stationarity). Viewed from this perspective, the collection of data (such as 
ERPs from these trials) is treated as an ensemble of realizations of a nonstationary 
stochastic process with local stationary segments. As such, the data from diff erent 
trials provide statistical samples for reliably estimating time series models over time 
intervals nearly as short as that spanned by the AR model. 

Th e MVAR modeling procedure has to be modifi ed according to the require-
ments of ensemble averaging. When the AR model is fi tted to the data in the tra-
ditional approach, the correlation matrix of the input data, R(s), is calculated fi rst 
(Eq. [13]). Now, the matrices R(r)(s) are estimated within each realization r, and 
then the average over realizations �R(s) is calculated:
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Th e superscript index (r) enumerates realizations, n is the data window length 
in samples, NT is the total number of realizations. Th e matrix �R(s) averaged over 
realizations then forms the basis for the MVAR coeffi  cients calculation. Note that 
(1) the data itself is not averaged; and (2) the calculation of correlation matrices do 
not mix data samples from diff erent realizations—the realizations do not have to be 
(and typically are not) correlated with each other.

Th e data preparation consists of several preprocessing steps, as described in Ding 
et al.⁴¹ Every channel of every realization is normalized by subtracting its temporal 
mean and dividing by its temporal variance. Th en the ensemble mean (which is in 
fact the ERP) is subtracted from each realization, and fi nally each realization is di-
vided by the ensemble variance. Th e ERP subtraction may seem at a fi rst glance to 
be removing all relevant information from the data. Th is is in fact not true, and that 
step is needed for assuring stationarity of the data over the whole epoch length.

Followed the proper preprocessing, the data may then be divided into short, 
possibly overlapping, time windows. Th e length of the window must be chosen every 
time accordingly to the problem. Unfortunately, there is no strict rule as to how to 
choose the window size. For AR model estimation, it cannot be smaller than p + 1 
where p is the AR model order. In practice, it is not possible to have a window so 
short. We must balance between time resolution and statistical properties of the fi t. 
Th e rule of thumb (presented before for one realization) is to have at least several 
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times more data points than the number of estimated AR model coeffi  cients. Th e 
number of data points is linearly related to the number of repetitions and channels 
(nkNT), and the number of the estimated AR coeffi  cients increases as squared number 
of channels (pk²). Th e following variables were used: n = record length, k = number 
of channels, p = model order, NT = number of realizations. Number of channels k 
and number of realizations NT play an important role in the decision.

For a short data window, MVAR model coeffi  cients are estimated by averaging 
over all the realizations. From the coeffi  cients, the power spectra, coherences, and 
other functions can then be derived. By successively sliding the data window over 
time, we get results for the successive time segments. In order to get consistent re-
sults, a common model order should be chosen for all the windows. Th e results can 
be represented as time-frequency plots. Th e short-time directed transfer function 
(STDTF) introduced in Liang et al.¹¹⁰ is a time-varying function of causal infl uence 
between signals in the frequency domain. In this approach the non-normalized DTF 
is calculated for each consecutive time window. Using STDTF, dynamic changes of 
couplings in the system during the investigated epoch can be visualized.

F. Statistical Signifi cance

Th e DTF function is related to the original data in complicated and nonlinear ways, 
which makes it diffi  cult to estimate its statistical properties analytically. To assess the 
signifi cance level of the DTF, a technique called surrogate data can be used together 
with resampling statistics (e.g., the bootstrap method⁴³,⁴⁴,¹⁷¹). Th e surrogate data 
method is based on the construction of empirical distributions from the original 
data so that there is no interaction among the channels; these distributions give the 
estimator behavior for the case of the null hypothesis. Th erefore, DTF performed 
upon the surrogate data should not indicate any causal relation in the system.

Th e simple method, used in Kamiński et al.,⁹⁰ is to randomly shuffl  e data 
samples in each channel separately. Th at way we cancel all the correlation structure 
between channels, but we also lose the temporal structure of the time series itself. 
Th e more advanced method to obtain surrogate data is based on a method pro-
posed by Th eiler et al.¹⁵⁸ In this version of application of the proposed procedure, 
we use the surrogate data in which all cross-correlations were removed to test the 
null hypothesis about lack of the relations between channels. Fırst, we calculate 
(nonwindowed) Fourier transform (FT) of each channel of the original data. Th en 
we exchange their phases φ with values drawn from a random uniform distribu-
tion in the [0, 2π] range with a condition that φ(f ) = –φ (–f ). Fınally, we Fourier 
transform the obtained signal back to the time domain. Th e amplitude spectrum of 
the data constructed in this way is preserved while phases are completely random, 
which ensures the lack of relations between channels. In reality, the application 
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of a directionality measure to the surrogate data will give certain nonzero values 
(zero level, baseline).Th e statistical distribution of the zero level of transmissions 
can be obtained by estimating the causal relations values for repeatedly generated 
surrogate data sets. Having obtained the distribution, a threshold can be set at the 
desired signifi cance level.

To compare results obtained under diff erent experimental conditions, the statisti-
cal distribution of variability of the function values should be known. Th e bootstrap 
method allows one to assess the variability of the calculated functions. By randomly 
selecting subsets of trials used in the analysis, we simulate many repetitions of the 
experiment. Th e statistical distributions for the calculated functions can be obtained, 
and corridors of errors at a chosen signifi cance level can be plotted.

III. TECHNICAL ISSUES

III.A. Multivariate versus Bivariate Time Series

Th e majority of methods described in the literature are defi ned for two channels 
only. Unfortunately, using a bivariate method for each pair of channels from the 
multichannel set (more than two channels) does not account for all the covariance 
structure information from the data set. Such a pair-wise approach would not detect 
some features in the multichannel systems, which may in turn lead to erroneous 
conclusions. 

Let us consider a simple example of a three-channel system, where channel 1 
is driving channels 2 and 3 with diff erent time delays. Th e pair-wise approach will 
detect correctly 1→2 and 1→3 transmissions. In addition, because channels 2 and 
3 will contain the same signal from channel 1 (time shifted), the transmission 2→
3, nonexistent in the system, will be “detected” as well. It should be stressed at this 
point that this conclusion does not depend on a bivariate method used. No matter 
how sensitive a bivariate method is, no matter whether it operates in frequency or 
time domain, and no matter whether it is nonlinear or linear, the results obtained 
in situations similar to that presented in the above example will exhibit the same 
problem. During the calculation for the channels 2–3 pair, the information about 
the true source, channel 1, was simply not included. One should keep in mind that 
there may be other sources of a signal while performing a two-channel analysis 
and therefore interpret the results with caution. In the later work of Granger,⁷¹ a 
statement was given that causal relations could only be estimated if the set of chan-
nels was complete. Th ere is no mathematical method to ensure the completeness 
of a set. Th oughtful experiment planning, which includes all the relevant structures 
and sources of information, would help in these situations. Moreover, only a truly 
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multichannel method, using information from all channels simultaneously, can 
provide correct interpretation of causal connections within the set of signals under 
investigation.

Th e situation in which a source of activity drives other areas with diff erent delays 
(e.g., because of diff erent distances) is quite common in EEG analysis. In such a 
situation, some spurious “sinks” of activity can be found, at places with a long delay. 
Th e example, presented in Fıgure 6, is organized similarly to the example presented 
in Fıgure 5. 

Th e transmissions in the same 21-channel sleep data record were evaluated 
twice. In the left panel, the multichannel analysis performed by means of DTF 
applied to all 21 channels simultaneously is presented. Th e right panel depicts the 
results of an application of DTF to each pair of channels of the same dataset. We 
see substantially diff erent pattern of connections. Th e posterior alpha sources are 
still noticeable, yet the overall picture is not clear. Some channels became sinks of 
activity (F7, F8). Moreover, certain connections change their direction (P3–C3) as 
well. Th is eff ect is another type of artifact of bivariate approach, as was explained in 
Kuś et al.¹⁰⁴ Additional simulations showing possible pitfalls of bivariate analysis 
interpretation are also given in Kuś et al.¹⁰⁴ and Blinowska et al.²²

 

FIGURE 6. Comparison of multichannel and pair-wise approach in estimating transmissions. 

DTF function was applied to human EEG sleep data record twice—to the whole set of 21 

channels simultaneously (left picture) and separately to every pair of channels (right picture). 

Flows are represented by arrows pointing from the source to the destination electrode. 

Intensity of transmission is coded in shade of gray (black = strongest). Only the 40 strongest 

fl ows are shown for each case. (Modifi ed from Kus et al. IEEE Trans Biomed Eng 2004; 51(9):

1501–1510,104 © 2005 IEEE, with permission.) 
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III.B. Multiple Sources of Activity

DTF usually performs well in situations with multiple sources of activity, whereas 
other methods may not give a correct answer. Th e simplest situation of that kind is 
a set of two channels connected by a bidirectional causal link (each channel can be 
causal to the other one in the sense of Granger causality). Any regression method 
will treat this case as ambiguous, showing only one direction of infl uence. Two popu-
lations of neurons were simulated to obtain LFP signals 1 and 2. Th e populations 
were connected by reciprocal links simulating two sources of activity transmitting 
signals to each other. Th e DTF results are presented in Fıgure 7.

We see nonzero values for both directions of infl uence: 1→2 and 2→1. Of course 
when the simulated link is unidirectional, only one transmission can be found.

III.C. Linear Versus Nonlinear Approach

Th e MAR techniques derive mainly from linear systems theory. Th ese methods, when 
applied properly, can often reveal a great deal of information about functional rela-

FIGURE 7. Results of a two-channel 

LFP model where the coupling is re-

ciprocal. (a) coupling scheme; (b) nor-

malized DTF; (c) non-normalized DTF; 

(d) power spectra; (b)–(d) plotted as 

functions of frequency (Hz). (Reprinted 

from Kaminski, et al. Biol Cybern 2001; 

85:145–157,90 with kind permission of 

Springer Science and Business Media.)  
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tions among neuronal ensembles. Yet, nonlinear eff ects are certainly abundant in the 
nervous system. Th e theory of nonlinear dynamic systems has also been undergoing 
vigorous development in various areas of mathematics and engineering. However, 
our own inclination is to avoid or at least postpone dealing with the substantially 
intensive computation and mathematical complexity of these approaches, pending 
a clear demonstration that the already very general and simple linear techniques are 
incapable of doing the job. In addition, it has been demonstrated by several studies 
that the linear method can be used to solve some highly nonlinear problems such as 
the epileptogenic focus localization.⁴⁹,⁵⁰ Also, there are situations where nonlinear 
methods even produce inferior results compared to the linear methods for forecast-
ing EEG time series.²³ Th erefore, while nonlinear methods work well for certain 
applications,¹,¹³⁸,¹³⁹,¹⁵⁷,¹⁶³ linear techniques most often provide at least a good fi rst 
approximation to the data. 

In David et al.,⁴⁰ the sensitivity of several measures including linear and nonlinear 
methods was tested to detect connectivity between cortical regions. Th e multichannel 
signals such as EEG/MEG were generated with diff erent coupling strengths using 
neural mass models. Th e results showed that, although they depend on the nature 
of a coupling (linear or nonlinear), nonlinear methods may exhibit high sensitivity, 
and the linear approach may still be used to detect couplings in these situations. 
It should be noted however, that in some cases the low sensitivity may prevent the 
methods from revealing the complete pattern of connections.

Although there is enough evidence that linear modeling can be used to reveal 
a great deal of information in the EEG analysis, other methods such as nonlinear 
techniques should still be a valuable tool that can be used to complement the linear 
analysis methods. 

III.D. Relation to Connection Strength

In connection with information transfer, there are several important issues concern-
ing the properties of the STDTF method. Some of them are discussed in Kamiński 
et al.⁹⁰ One of the important questions is how the value of DTF is related to the 
connection strength between the signals. Th e question can be examined with a simu-
lation of a two-coupled channel.⁹⁰ Th e amount of the signal from the fi rst channel 
appearing (delayed) in the second channel was changed in a wide range of values. 
As a measure of the connection strength, the ratio of transmitted signal was used. 
It can be observed in Fıgure 8 that the non-normalized DTF is practically linearly 
related to the connection strength in the whole investigated range of transmissions. 
Normalized DTF for strong connections saturates near 1; for weak connections the 
relation resembles a linear one. Th is observation allows one to treat non-normalized 
DTF values as directly proportional to the transmission.
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III.E. Spike Train Analysis

Th e next important issue is a methodological one. Th e MAR technique works opti-
mally for continuous time series analysis, such as the EEG recordings. To make the 
MAR applicable for spiking train data (the point process), it is necessary to convert 
the spike train to a continuous waveform.²⁸ As such, low-pass fi ltering is commonly 
performed on spike train data to generate a continuous time series. In most situa-
tions where the spike train contains a large number of spikes, this technique seems 
adequate for MAR modeling, as demonstrated below in the simulated spike trains. 
But, in some situations where the spikes are sparse, it seems more suitable to convert 
a spike train into a time series of the instantaneous fi ring rate.¹⁷⁰ Th e application 
of this procedure on spike train analysis will be elaborated further in Section IV.F. 
In what follows, we will illustrate the general, simple idea of the low-pass fi ltering 
of spike trains. 

Two spike train data channels were simulated by modeling of populations of 
neurons. Th e populations were connected by a causal unidirectional link. An MVAR 
model cannot be applied to spike train data directly. Th e signals were low-pass fi ltered 
using a fi rst-order Butterworth fi lter with a cutoff  at 10% of the Nyquist frequency. 
It is important to apply the fi lter in both directions to avoid phase shifts. An MVAR 
model was fi tted to the fi ltered data, and DTFs were calculated. Th e results are 
presented in Fıgure 9. We see only the 1→2 transmission, as expected.

For a bidirectional link between neurons, the results obtained by means of DTF 
are correct as well (Fıg. 10). Th is property allows one to apply the MVAR and DTF 
formalism to the spike train type of data.

FIGURE 8. Dependency of the DTF functions on the coupling strength between the two 

neural populations. (a) Normalized DTF at low connection strengths; (b) normalized DTF 

over full range of connection strengths; (c) non-normalized DTF over full range of connec-

tion strengths. (Reprinted from Kaminski, et al. Biol Cybern 2001; 85:145–157,90 with kind 

permission of Springer Science and Business Media.)

  connection strength connection strength connection strength
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FIGURE 9. Results of a spike train model where the coupling is unidirectional. (a) Coupling 

scheme; (b) spike trains from both neurons (time axis in ms); (c) normalized DTF; (d) non-

normalized DTF; (c)–(d) plotted as functions of frequency (Hz). (Reprinted from Kaminski, 

et al. Biol Cybern 2001; 85:145–157,90 with kind permission of Springer Science and Busi-

ness Media.)

 

FIGURE 10. Results of a spike train model where the coupling is reciprocal. (a) Coupling 

scheme; (b) normalized DTF; (c) non-normalized DTF; (b)–(c) plotted as functions of fre-

quency (Hz). (Reprinted from Kaminski, et al. Biol Cybern 2001; 85:145–157,90 with kind 

permission of Springer Science and Business Media.)
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III.F. Information-Theory Measures

Information theoretical techniques³⁷,⁵⁶,¹⁵⁴ such as Shannon entropy are widely 
used to analyze information content in the system. Statistical dependence be-
tween time series is often quantifi ed by their mutual information,⁵³,¹³⁰,¹⁴¹,¹⁴² 
which can be considered as an alternative to the well-known correlation analysis. 
However, mutual information does not provide information on the direction of 
interaction because it is a symmetrical measure. Th e knowledge of the direction 
and amount of information fl ow can be useful and can give us an indication 
of which system (time series) is predominantly acting as a source. Th e directed 
transinformation (DTI) is a measure of information fl ow with such a direction. 
Th e DTI,⁶⁰,⁶¹,⁹²,¹⁴⁷ as an extension of Shannon’s concept of mutual informa-
tion, can be measured in a rather natural way, such that the interdependence of 
two time series X and Y in the sum of fl ow from X to Y, fl ow from Y to X, and 
instantaneous fl ow. 

Diff erent from the DTF, which is a frequency-dependent measure of informa-
tion fl ow, the DTI is a time domain measure of directional information fl ow. Th e 
comparison of the DTI and DTF can be found in Liang et al.¹⁰⁷ An example of 
the analysis of neurobiological data is shown in Fıgure 11, where both DTI and 
DTF were performed to reveal the directional information fl ow between a striate 
and an inferotemporal cortical site of a macaque monkey performing a visualmo-
tor pattern discrimination task. Although both methods show a similar profi le, 

FIGURE 11. Left: Total information fl ows between a striate and an inferotemporal site 

computed with the directed transinformation method. Right: The frequency-dependent 

measure of information fl ow (all frequency components were summed to produce this 

curve) has a similar profi le as the directed transinformation, although it may be somewhat 

smeared. The vertical dashed line indicates the stimulus onset.
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the DTI seems to have greater temporal resolution. In addition, the DTI is model 
free and may be used to reveal nonlinear relations between time series.³⁵ Because 
the DTI is based in the time domain, however, it cannot be used to determine 
the frequency components that contribute to directional infl uences. Th erefore, the 
complementary use of DTI in the time domain and DTF in the frequency domain 
is suggested as a viable approach for characterizing spectral-temporal interactions 
in the cerebral cortex. 

It is worth noting that other entropic measures of directionality have also been de-
veloped.¹³¹,¹⁵³ However, their implementations usually require the estimation of prob-
ability distributions and therefore need long and relatively stationary time series.

IV. APPLICATIONS IN NEUROBIOLOGICAL RESEARCH

IV.A. Introduction

Th is section presents various examples of applications of the causal infl uence mea-
sures, particularly the DTF function, on diff erent brain areas in the rat, monkey, and 
human. Th e presentation will underline the methodological aspects of the multi-
channel causal relations estimation in diff erent experimental situations. Th e detailed 
discussions of each particular case can be found in the referenced publications.

IV.B. Changes in Neural Interaction in Different Behavioral States of Rats

Th e DTF function can be used to investigate changes occurring in transmissions 
between nervous system structures in various behavioral states. Th ese types of data 
were used in the article presenting the method.⁸⁵ Four channels of LFP signals 
were collected from electrodes implanted in brain structures of rat: hippocampus, 
right and left side of lateral hypothalamus, and left side of posterior hypothalamus. 
Th e signals were recorded in two behavioral states: when the animal was standing 
and during locomotion. Th e sampling frequency was 200 Hz. Th ree animals were 
investigated, and the results were averaged in each condition over several epochs of 
5.12 seconds’ duration. Results were very similar for each animal (Fıg. 12). During 
standing, no signifi cant transmissions were found between the brain structures un-
der investigation. During locomotion, the hippocampus was a source of the signal, 
which was transmitted to all the other structures.

Following the above observation, a more detailed study was conducted, as 
described in Korzeniewska, et al.,¹⁰¹ where nine rats were used in the experiment. 
Each animal had eight electrodes implanted (two electrodes in each structure). Th e 
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electrodes were connected with the recording setup using fi ne wires to make the 
animals as free as possible during movement. Th e EEG activity was recorded in 
four structures of the rat’s limbic system: the enthorinal-piriform area (EPA), the 
CA1 fi eld of the hippocampus (CA1), the subiculum (SUB) and the dorsal part of 
the lateral septum (SEP). In addition, there were electrodes implanted in muscles 
to record EMG activity; simultaneously recorded EMG signals allowed researchers 
to distinguish between locomotion and other types of behavior. Th e EEG data were 
band-pass fi ltered (0–30 Hz) and digitized with sampling frequency 70 Hz. Typi-
cally the runs were several (5–7) seconds long. After visual selection of artifact-free 
trials, each run was divided into four stages: preparatory, fi rst part of locomotion, 
second part of locomotion, and end phase. An example of a data record is presented 
in Fıgure 13. 

Data were analyzed by means of the MAR method. For each phase, an MVAR 
model order was fi tted, and then spectra, coherences, and DTFs were derived. Results 
for the same experimental condition were averaged. An example of coherences for 
the wide runway is presented in Fıgure 14.

 

FIGURE 12. (a) The DTF (off-diagonal) and power spectra (on the diagonal) for the signals 

registered in the brain structures of a standing rat. The numbers in the upper right corners 

correspond to the channels: (1) lateral hypothalamus right, (2) lateral hypothalamus left, (3) 

posterior hypothalamus, (4) hippocampus. Horizontal scale: 0–30 Hz. Corridors of errors are 

shown. (b) The same as (a), except that the animal was walking. (Reprinted from Kaminski 

and Blinowska. Biol Cybern 1991; 65:203–210,85 with kind permission of Springer Science 

and Business Media.)
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FIGURE 13. An example of a data record. Upper traces—EEG signals, lower traces rectifi ed 

and integrated MEG activity. The locomotion epoch was divided in two equal parts: phases 

II and III. Phases I and IV correspond to preparatory and end phase, respectively. Their 

duration was close to duration of phases II and III. (Reprinted from Korzeniewska, et al. J 

Neurosci Meth 1997; 73:49–60,101 with kind permission of Elsevier.)

FIGURE 14. Coherences between EEG signals of relevant structures for the walk on a wide 

runway. Organization of picture similar to Figure 4. (Reprinted from Korzeniewska, et al. J 

Neurosci Meth 1997; 73:49–60,101 with kind permission of Elsevier.)

In this fi gure, we can see that multiple coherences are high for most electrodes 
except for channel 1. In addition, we observe high values of ordinary and partial 
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coherences between electrodes placed in the same structure, except structure 1 (SEP), 
indicating that all channels except structure 1 function as a coordinated system. High 
values of ordinary coherences can be seen especially at frequencies that are common 
in the system. When analyzing all coherences between channel 1 and other chan-
nels, we note that they are all extremely low. Careful examination revealed that that 
electrode was placed incorrectly, outside the investigated structure. Th e suspicious 
electrode is easy to distinguish in results presented, as shown by the coherence plot 
with very low values in its corresponding row and the column. 

Because ordinary coherences do not provide any specifi c information about the 
causal relations, the partial coherences were used for analysis. Partial coherences 
are highest for connections SEP–EPA and SEP–CA1. For other situations the 
connection CA1–SUB was also signifi cant. Th is result agrees with anatomical and 
neurophysiological data.³⁴,¹⁰³ Th e scheme of relations revealed by partial coherence 
at diff erent behavioral states is collectively presented in Fıgure 15.

Th e directions of infl uence were determined by means of DTF. In the example 
illustrated in Fıgure 16, the presence of theta rhythm can be seen in the power spectra 
during locomotion, especially in SUB and CA1 channels. Th e DTFs from these 
structures to the others all exhibit peaks at the same frequency. Th e grant averaged 
results for all experimental conditions are presented in Fıgure 17.

During the rest phase, all the information transmissions are rather weak. Some 
fl ows can be seen for CA1–EPA and SUB–CA1 connections. In the case of loco-

FIGURE 15. Scheme of direct couplings between investigated structures based on coherence 

analysis. The width of lines connecting the symbols of structures is proportional to the 

coherence value. For locomotion only phases of active movement (II and III) were taken 

into account. (Reprinted from Korzeniewska, et al. J Neurosci Meth 1997; 73:49–60,101 with 

kind permission of Elsevier.)
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FIGURE 16. Matrices of DTF (averaged over trials) calculated for the rest and walk on a 

wide runway. Arrows indicate the convention of direction in the graphs. (Reprinted from 

Korzeniewska, et al. J Neurosci Meth 1997; 73:49–60,101 with kind permission of Elsevier.)

FIGURE 17. Schemes of the fl ows between studied structures based on DTF analysis. The 

width of arrows represents the strength of the fl ow between the structures. (Reprinted from 

Korzeniewska, et al. J Neurosci Meth 1997; 73:49–60,101 with kind permission of Elsevier.)
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motion, the propagation from CA1 is dominant, whereas the fl ows in the opposite 
direction are much weaker. Th e signifi cant asymmetry in transmission occurs for 
SUB→EPA and SUB→SEP. Th e eff ect became even more pronounced for more 
diffi  cult tasks such as the narrow runway and ladder, in which the information fl ow 
from CA1→EPA was stronger than that from CA1→SUB. From the DTF analysis, 
we infer that the main transmission paths are CA1→SUB and SUB→EPA, which 
agrees with work of Barnes et al.¹² regarding the locomotion of rats. In addition, we 
see the information transmission from EPA→CA1. Low EPA–CA1 partial coher-
ence indicates an indirect relation, which is also consistent with neurophysiological 
data. Overall, the results support the hypothesis of Lopes da Silva¹¹¹ that oscillations 
in the hippocampus help to spread the activity to other structures.

Th e application of DTF function can reveal patterns of functional connections 
between brain structures and makes possible investigation of changes in connec-
tions in diff erent behavioral states. Th e DTF results combined with anatomical and 
physiological knowledge can give a new insight into network properties and changes 
in connectivity between diff erent structures. In this experiment, data epochs were 
divided into four segments. Every run was several seconds long, and data were more 
or less stationary within the segments. However, the analysis of rapidly changing 
phenomena may not be possible by this approach. STDTF could be successfully 
performed if data from several runs may be treated as diff erent realizations of the 
same process, which is not obvious at this point. 

IV.C. Dynamics of Information Transmission Between Human Brain Areas 
During Finger Movement Task

In the experiment described in Ginter et al.,⁶⁸ the phenomena of even related syn-
chronization (ERS) and desynchronization (ERD) during fi nger movement tasks 
were investigated using two complementary methods of analysis. Th e matching pur-
suit (MP) method is a time-frequency decomposition of a signal into basic structures 
(called atoms) with well-defi ned positions in time and in frequency domain.⁴²,¹¹⁶ 
Although MP is an advanced and powerful method, it is applicable to separate signals 
only. In order to investigate the mutual interaction between channels, an MVAR 
model was applied. Because multiple repetitions of the experiment were available, 
the SDTF method was used to investigate causal relations between signals.

In the experiment, 24 channels of EEG from scalp electrodes (10–20 system¹⁴⁵) 
were recorded in three subjects. Th e signals were bandpass fi ltered in the 0.5–100 
Hz range and digitized with 256 Hz sampling frequency. Th e subjects were lying 
in a dim room with eyes open. Th ey were instructed to press a microswitch and lift 
the index fi nger approximately 5 seconds after a marker (sound). It was reported 
in the literature¹³⁵-¹³⁷ that during planning and execution of voluntary movements, 
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a premovement decrease and a postmovement increase of alpha and beta rhythm 
amplitude can be seen in specifi c areas of the cortex. 

Th e moments of pressing the switch were recorded and later used to align data 
epochs from the task repetitions. Eight-second-long intervals were chosen for 
analysis: from 5 seconds before to 3 seconds after the movement. After removing 
epochs with artifacts, 55–57 epochs for each experimental condition for each subject 
were used for the analysis. For the STDTF analysis, an 80-sample-long (312.5 ms) 
time window was chosen. Th e model order 5 was selected using the AIC criterion. 
Th e non-normalized DTF was calculated within each window. Th e consecutive 
windows were shifted by 10 samples (~39 ms). In order to obtain good statistical 
properties of the estimate, the number of simultaneously processed channels had to 
be reduced (see Section II.E). By analysis of coherences, it was found that channels 
from diff erent hemispheres are coupled weakly. 

For further analysis, subsets of 12 channels from a single hemisphere together 
with central derivations (Cz, Cpz, and Pz) were chosen. Th ese signals were band-
pass fi ltered (4–40 Hz) to enhance features specifi c for alpha and beta activity. Th e 
example of STDTF function for a set of 12 electrodes from the left hemisphere 
for one subject with right fi nger movement is presented in Fıgure 18. Th e picture 
is organized as a matrix of graphs. Each gray cell represents a time-frequency map 
(time on horizontal axis in seconds with 0 at the movement onset, frequency on 
vertical axis in Hz) of transmission intensity from the electrode marked below the 
column to the electrode marked at the left of the relevant row. Th e DTF value is 
grayscale-coded from lowest transmission in white to highest transmission in black. 
Note that the picture represents changes of transmissions, and it does not have to 
match changes of spectral power in a particular channel.

By the analysis of the time-frequency pattern of transmissions, some general 
features can be observed. Certain electrodes are defi nitely sources of signal spreading 
itself to many other derivations (e.g., C5, P3, Pz). Other electrodes are weakly active 
during the whole time period analyzed (e.g., Cp1). In the case of electrodes span-
ning the somatosensory and motor cortex areas (mainly for C and Cp electrodes), a 
pronounced decrease in transmissions starting around time 0 (movement onset) can 
be seen, as shown in blue on the plots. Such a decrease, however, is less noticeable 
at the parietal (P) electrodes.

To quantify changes in transmissions, the values of STDTF were integrated 
over the given frequency ranges. As such, the time courses of transmissions can be 
plotted for the selected frequency band. Th e examples of changes in beta activity 
propagation for selected connections are shown for two subjects in Fıgure 19. We 
see a pronounced increase of the transmissions starting around 1 second after the 
fi nger movement. Th e eff ect occurs for selected central and fronto-central electrodes 
and has been known as beta resynchronization (ERS) after the movement.

An alternative way to look at the changes in transmissions is to calculate a ratio 



384 Critical Reviews™ in Biomedical Engineering

m. kamiski & h. liang

FIGURE 18. Propagation of EEG activity in left hemisphere during right fi nger movement for 

subject Dd. In each small panel SDTF as a function of time (horizontal axis) and frequency 

(vertical axis) is presented. The fl ow of activity is from the electrode marked under the 

column to the electrode marked at the left of the relevant row. Black corresponds to the 

highest intensity, white to the lowest one. Gray (value of transmission) scale is the same for 

all panels. (Reprinted from Ginter, et al. J Neurosci Meth 2001; 110:113–124,68 with kind 

permission of Elsevier.)
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FIGURE 19. Time course of SDTF in the beta band (15–30 Hz) for subjects Dd and Aa (both 

right handed). The corridors of errors at the level of 1 SD are shown. Time on horizontal axis 

in seconds, function value (fl ow intensity) on vertical axis in arbitrary units. (Reprinted from 

Ginter, et al. J Neurosci Meth 2001; 110:113–124,68 with kind permission of Elsevier.)
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between the average value of the STDTF (integrated in a frequency range) during 
the investigated time period (–2 to 0 seconds for alpha band, 1 to 2 seconds for beta 
band) to a reference period (–5 to –3 seconds). Th e relative change of transmissions 
during alpha desynchronization or beta synchronization can be shown by arrows. 
Th e connections with signifi cant fl ow ratio are presented in Fıgure 20. Th e shade 
of the arrow corresponds to the value of the change. Th e fi gure shows the surround 
eff ect in the alpha band.

In the current example, STDTF was applied to human scalp EEG data. Many 
repetitions of the experiment allow one to use the short sliding window to study 
dynamic changes in transmissions during the task. In these tasks, successive trials 
were aligned according to a marker, which was a moment of the fi nger movement. 
In a similar experiment but with fi nger movement imagery, there is no precise mark 
of the movement imagery onset. In these experiments, the trials had to be aligned 

FIGURE 20. Surround effect—the change of EEG activity fl ow represented as SDTF in the 

time epoch 1–0 s with respect to SDTF in the epoch 5–3 s before the movement onset 

(integrated in the alpha frequency band 8–15 Hz). The fl ow of the “relative activity” illustrated 

by arrows with the base at a “source” electrode and tip pointing toward “destination” 

electrode. Intensity refl ected by shades of gray. Cutoff at 40% of maximal intensity value 

was applied. (This picture is different presentation of data reprinted from Figure 6, Ginter, 

et al. J Neurosci Meth 2001; 110:113–124,68 with kind permission of Elsevier.)
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to the moment of cue presentation, and similar results were observed. Th erefore, 
the method could provide a means for studying the cooperative activity of cortical 
regions involved in information processing.⁶⁹

IV.D. Causal Infl uences in Primate Visual Cortex 

In this section, we review two applications of STDTF on the cortical fi eld potentials 
in the visual cortex of monkeys performing diff erent behavioral tasks: one is a visual 
pattern discrimination task,¹⁰⁶ and another is a visual spatial attention task.¹⁰⁵ In 
the fi rst application, STDTF has been used to directly monitor causal infl uences, 
on a fraction-of-a-second time scale, in the visual cortex of a monkey.¹¹⁰ It is the 
fi rst time the temporal neural activity of distinct feedforward, feedback, and lateral 
infl uences in the ventral portion of the primate visual cortex during visual pattern 
processing has been demonstrated. 

In the task,²⁶ highly trained rhesus macaque monkeys performed a visual pat-
tern discrimination task. Each trial was initiated when the monkey depressed a lever 
with the preferred hand. Computer-generated presentation of the visual stimulus 
(line or diamond) began approximately 115 ms later. Surface-to-depth local event-
related fi eld potentials were recorded at distributed sites in the hemisphere (Fıg. 
21a) contralateral to the performing hand on thousands of trials. 

STDTF analysis¹¹⁰ is based on the AMVAR (adaptive MVAR) approach,⁴¹,¹⁰⁶ 
involving the adaptive estimation of the MVAR model coeffi  cients with a 50-ms-long 
sliding window. Signifi cant stimulus-related increases in STDTF were observed in 
the spectral vicinity of 12 Hz, with peaks generally occurring in the time period from 
50 to 160 ms after stimulus onset (see Fıg. 21 for an example). Th ese poststimulus 
episodes of elevated STDTF showed the feedforward (Fıg. 21c), feedback (Fıg. 21d), 
and lateral eff ects. Th e coherence analysis showed similar result (Fıg. 21b),²⁶,²⁷,⁴¹ 
but it should be emphasized that the STDTF provides additional information on 
directional infl uence. 

Detailed timing including onset, peak, and off set times of the causal infl uence 
was also investigated.¹¹⁰ Th e bottom-up infl uence from lower to higher visual cortical 
areas typically begins earlier than the top-down infl uence in the opposite direction. 
An example is seen in the DTF plots of Fıgure 21e, illustrating the timing diff erences 
between the feedforward (solid) and feedback (dashed) STDTF of sites S3 and P2 
at 12 Hz, with vertical dashed lines indicating the onset times of these infl uences. 

In addition to the timing diff erence, the strength, direction, and spatial patterning 
of causal infl uence were also reported.¹¹⁰ Fıgure 22 diagrams the most signifi cant 
(p < 10–⁶) poststimulus STDTFs for the diamond (Fıg. 22a) and line (Fıg. 22b) 
stimulus types. Th e sites are represented in these diagrams as nodes, and the most 
signifi cant STDTFs as lines connecting the nodes, with arrowheads indicating the 
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FIGURE 21. Time-frequency plots of DTF and coherence between striate site S3 and pre-

striate site P2. Right hemisphere of rhesus macaque monkey GE, showing the locations of 

recording sites (a). The time-fre quency coherence plot between sites S3 and P2 (b). The 

onset time of feedforward infl uence (c) indicated by the black arrowhead clearly pro ceeds 

that of feedback infl uence (d). Feedforward, feedback DTF time series (e) at a frequency of 

12 Hz with error bars obtained by bootstrap resampling. The feedforward in fl u ence (solid 

line) from striate site S3 to prestriate site P2 occurs earlier than the feedback infl uence 

(dashed line) in the opposite direction. The vertical lines indicate the onset times of these 

infl uences. The coherence time series at 12 Hz is also shown (f) for comparison. The stimulus 

duration of 100 msec is marked by the dark horizontal bar. 

(a) (b)

(c) (d)

(e) (f)
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direction of infl uence. It is emphasized that these arrows represent statistical causal 
infl uences, and not necessarily transmission over direct axonal pathways from one 
site to another. Th e diagrams reveal that highly signifi cant (strong) feedforward, 
feedback, and lateral eff ects occurred during visual stimulus processing. 

In the second application,¹⁰⁵ local fi eld potentials (LFPs) from four closely spaced 
electrodes in area V4 were simultaneously recorded from two macaque monkeys 
trained to perform a visual spatial attention task. As the monkey fi xated centrally, 
two patches of moving high contrast square wave grating were presented at equal 
eccentricity, one inside and one outside the receptive fi eld (RF) of the recorded 
neurons. On diff erent trials, the monkey was cued to attend to one or the other 
stimulus location. Th e result was two attention conditions: attention inside the RF 
vs. attention outside the RF. 

Th e MAR modeling was applied to LFP data with a 50-ms sliding window, and 
time-frequency plots of DTF for each condition were obtained. As an example, Fıgure 
23 show the time-frequency plots of DTF for the condition of attention inside the 
RF: one showing infl uence from site 1 to 2 (left), and the other showing the infl uence 
from 2 to 1 (middle). Th e time course of DTF for 1 to 2 and from 2 to 1 at 66 Hz for 
the condition of attention inside the RF is shown in Fıgure 23 (right). Th is pattern 
suggests that location 1 may drive location 2 with a small, delayed feedback. 

IV.E. Relations Between Hippocampal Field Potential and Spiking 
Activity in Supremammilary Nucleus of Rats 

In the study presented in this section, the relations between brain structures gen-
erating theta activity (3.7–5.6 Hz in the experiment) in urethane anesthetized rats 

(a) (b)

FIGURE 22. Schematic diagrams illustrating causal infl uences among cortical sites shown in 

Figure 21a for the stimulus pattern of diamond (a) and of line (b). The upward and downward 

arrowheads represent feedforward and feedback infl uences, respectively. The lines denote 

the existence of signifi cant peaks (p < 10–6).
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were investigated. Th e theta rhythm plays an important role in coupling of neural 
subsystems during emotionally related situations. Th ree relevant structures were taken 
into account: septum, supramammilary nucleus (SUM), and hippocampus. Neurons 
in SUM are connected with the other two structures by reciprocal links. Th ere is 
experimental evidence that both septum and SUM can generate theta rhythm. Th e 
previous work indicates that during anesthesia most SUM neuron activity is syn-
chronized with theta rhythms in the hippocampus. Th at synchronization may occur 
at any theta state regardless of the site of origin of the rhythm. Th e role of SUM is 
thought to be as a mediating structure in theta generation.

In the data analysis, hippocampal LFP together with spike train data from 
several neurons located in SUM were selected. Th e LFP data epochs were collected 
during theta activity produced by a pinch of the rat’s tail. Th e data sampling fre-
quency was 250 Hz for all recordings (LFP and spikes). In order to adapt the data 
to the AR model, the spike trains have been lowpass fi ltered by order-1 Butterworth 
fi lter with cutoff  frequency at 10% of the Nyquist frequency. Th e fi ltering procedure 
was applied forward and backward to preserve signal phase. In order to make the 
fi ltered spike train match the stochastic characteristics of an AR process, a small 
amount (10%) of a noise uncorrelated with the signal was added. An example of 
the original hippocampal LFP activity, spike train data, and their fi ltered versions 
are presented in Fıgure 24.

Th e data epochs were divided into a 500-sample-long window. Th e window had 
to be long enough to include several (fi ltered) spikes and to ensure good statistical 

FIGURE 23. Directed transfer function between sites 1 and 2 for the condition of atten-

tion inside the RF. Time-frequency plots of the DTF between sites 1 and 2 with vertical 

solid lines indicating the stimulus onset (left and middle). The time course of DTF at 66 

Hz (right), where the infl uence from site 1 to site 2 (black) shows a large peak near 100 ms 

poststimulus. The onset of this event is marked by the vertical black solid line. The 2-to-1 

DTF (gray) shows a much smaller poststimulus increase (marked by the vertical gray line), 

which is delayed with respect to the 1-to-2 DTF. 
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properties of the estimated AR models—there was only one repetition of the experi-
ment available. Successive windows overlapped each other with 10 samples time shift. 
An example of the STDTF function is presented in Fıgure 25. Gray panels show 
transmissions; on the diagonal the time courses of the analyzed data are shown. 

Th e experimental recordings from several SUM neurons were analyzed. For 
the majority of data, the SDTF showed the predominant direction of infl uence 
from hippocampus to SUM at the theta frequency. Th e opposite direction of infl u-
ence for these structures was observed as well, but the values of DTF were lower 
and appeared as bursts rather than a constant propagation. For some neurons, the 
dominant SUM to hippocampus transmission was found, but such situations only 
occurred during sensory stimulation periods.

Th ese results may be interpreted to suggest that SUM drives theta rhythm in the 
hippocampus only when the rhythm is induced by a sensory stimulation.⁹¹ Combin-

 

FIGURE 24. Examples of signals investigated in the study. (a) Two channels of LFP with theta 

activity recorded from the hippocampus; (b) spike train recorded from a neuron located in 

SUM; (c) low-pass fi ltered spike train from section c; (d) low-pass fi ltered spike train (from 

section c) with 10% of a noise added. 
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ing the fi ndings with results of the experiment regarding the frequency changes in 
the theta rhythm related to a sensory stimulation⁹⁷,⁹⁸ leads to the conclusion that 
SUM neurons are able to drive the hippocampal theta generator to in turn increase 
its frequency. From a methodological point of view, the possibility of analyzing 
hybrid data between spike trains and the LFP can be a valuable extension of the 
application of the MAR model.

IV.F. Functional Interaction Between Spike Trains in the Primary Motor 
Cortex of the Monkey 

Application of the MAR to spike train data analysis is presented in Zhu, et al.¹⁷⁰ to 
investigate the functional interactions in the primary motor cortex of the monkey. 
In the task, the monkey was trained to perform hand movements in 3-D space, and 
spike trains from neurons in the primary motor cortex (M1) were collected. Th e 

FIGURE 25. Example of SDTF functions for set of: 2 LFP traces recorded in hippocampus 

(Ch. 1, Ch. 2) and fi ltered spike train recorded from a neuron located in SUM. On the di-

agonal the data time courses are shown. Time on horizontal axis. In gray panels frequency 

in Hz on vertical axis. Convention similar to the scheme used in Figure 18. 
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aim of the experiment was to test monkey adaptation ability. Th e new situations for 
monkeys were created by adding a perturbation to the moving hand—a pneumatic 
cylinder was attached to the wrist through a string producing pulling force aff ecting 
the movements and ability to reach the target. Changes of connectivity caused by 
adaptation to new conditions were analyzed. Th e analysis of low-pass fi ltered spike 
train data might not be suitable because of the sparse spikes. Instead, the  continuous-
time data from averaged neuron instantaneous fi ring rates is constructed. Over each 
interspike interval the fi ring rate was defi ned as the inverse of this interval. Such a 
time series was sampled using a sampling period chosen experimentally as a fraction 
of the mean interspike interval. Th e signal was then low-pass fi ltered with a cutoff  
at 20% of Nyquist frequency (Fıg. 26).

Th e applicability of this approach was tested on a simulated model of fi ve in-
teracting neurons. Th e estimated coupling strength refl ected in general simulated 
strength with diff erent growth rates of estimated and simulated strengths. Th is eff ect 
was explained by the presence of nonlinearity in the system, which distorts the linear 
modeling estimate while preserving the general monotonic trend (Fıg. 27).

In experimental data analysis, a group of several (six or eight) neurons was 

 

FIGURE 26. Construction of a continuous-time rate signal from a spike train. (a) The origi-

nal spike train. The averaged .ring rate during each interspike interval (e.g., τ1) is taken to 

be the inverse of the interval (e.g., 1/τ1). (b) Forming a time series with sampling period 

δT, where f(n=i) is the area of shaded region in (a). (c) The resulting continuous-time rate 

signal, after low-pass fi ltering (FIR with cutoff frequency equal to 0.2 of Nyquist frequency). 

(Reprinted from Zhu, et al. Neural Comput 2003; 15:2359–2377,170 with kind permission 

of the MIT Press.)
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analyzed during the multiday experiment. Th e observed patterns of connections 
were changing in rather complicated way during the experiment but with certain 
consistent trends. Th e example of averaged changes in couplings strength from all 
investigated 17 neurons is presented in Fıgure 28.

Th e results were interpreted as evidence of adaptation accompanied by synaptic 
modulation, which can occur rather quickly. A signifi cant increase can be seen at 
the beginning of the second week of adaptation (after a 2-day break), suggesting 
an important role of memorization. Restoration of coupling strength to the level 
observed before the adaptation occurs at the end of the adaptation period.

V. CLINICAL APPLICATIONS

V.A. Epileptogenic Focus Localization

One possible application of the estimations of causal relations is to locate the epilep-

FIGURE 27. (A–H) Estimated coupling strength of individual connections versus the actual 

coupling strength k. (I) Coupling strength level averaged over the entire network, ΣC, versus 

the assumed coupling k. (Reprinted from Zhu, et al. Neural Comput 2003; 15:2359–2377,170  

with kind permission of the MIT Press.)
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FIGURE 28. Estimated coupling strength level across adaptation days. Results are obtained 

from 17 neurons. (Reprinted from Zhu, et al. Neural Comput 2003; 15:2359–2377,170  with 

kind permission of the MIT Press.)

togenic focus. Such a focus is a piece of brain tissue in which the pathological signal 
is generated and from which the activity spreads to other sites. In clinical practice, 
the visual method of analyzing EEG/LFP traces is the only certifi ed method for 
focus localization; the amplitudes and times of appearance of certain structures in 
the signal are visually analyzed. Th e focus localization is a special case of a more 
general problem of active area localization, which is present in the literature.⁷⁷-⁷⁹,⁸²,¹⁴⁰ 
Th e DTF function, which shows the pattern of transmissions within the system 
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of data channels, could therefore off er a valuable supplement to other methods of 
source localization.

In Franaszczuk, et al.,⁵⁰ human LFP data from three epileptic patients were 
analyzed. Patients were scheduled for surgical treatment. Th e data were collected 
at University of Maryland. Subdural grid arrays of 32 electrodes were implanted 
on the surface of the lateral temporal lobe. A diff erent set of depth electrodes was 
implanted in the mesial temporal structures. Th e location of electrodes is presented 
in an MRI picture (Fıg. 29). Before the surgery, several seizures were recorded. Af-
ter the surgery, all the patients were seizure free. Sixty-four channels of data were 
bandpass fi ltered (0.5–70 Hz) and sampled at 200 Hz. Th e analysis was performed 
after the actual surgery.

During epilepsy, we deal with rapidly changing, nonstationary data. Epochs 
with stable patterns were selected for analysis. One-second-long epochs of 16 chan-
nels were chosen. When patterns were more stationary, epochs could be extended 
to several seconds, and some channels were added. Th e epochs for which the AIC 

FIGURE 29. T1-weighted axial MRI image revealing two depth electrode arrays passing 

through 32-contact subdural grid array (arrow). The subdural grid array overlies the lateral 

temporal surface. The deepest contacts of the depth electrode array are in the amygdala 

and hippocampus. (Reprinted from Franaszczuk, et al. Electroenceph Clin Neurophys 1994; 

91:413–427,50 with kind permission of Elsevier.)
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criterion could not give a precise optimal order were rejected from further analysis. 
After inspecting the power spectra, the frequency band was narrowed to the 1–25 
Hz range. Above 25 Hz, the power spectrum rapidly decreased. Because the data 
were recorded for both depth and subdural electrodes, it was possible to analyze 
seizure propagation from the depth structures to the cortex surface.

An example of the normalized DTF results together with power spectra cal-
culated for six hippocampal depth electrodes is presented in Fıgure 30. Th e seizure 

 

FIGURE 30. DTF for the seizure activity recorded from the hippocampal depth electrode 

during the third second of the seizure. The power spectra for each depth electrode contact 

are on the diagonal. The peak on the power spectra at 18 Hz is best seen in the deepest 

contact (H1, H2: solid arrows) but is also seen in the intermediate contacts (H3, H4). The 

open arrows identify prominent peaks in the DTF graphs corresponding to this peak in the 

power spectra (column H2). The most important peaks in the DTF graphs are those that 

have corresponding peaks in the power spectra. Peaks can be identifi ed in the H5 column 

(open arrowheads), but there is no prominent peak at this frequency in the power spectrum 

for H5; only a small peak is seen (closed arrowhead). Each individual DTF is labeled to 

refl ect the pattern of fl ow shown (e.g., H1→H2). The model order was 5. The horizontal 

scale for each box is 0.5–50 Hz. The vertical scale for the DTF is 0–1 (full scale). The power 

spectra are normalized to unit power. (Reprinted from Franaszczuk, et al. Electroenceph 

Clin Neurophys 1994; 91:413–427,50 with kind permission of Elsevier.)
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activity was concentrated around 18 Hz. Th e peak at this frequency is clearly visible 
on power spectra (black arrows). Th e highest transmissions at this frequency can be 
observed at H2→H1 and H2→H3, but some transmissions can be seen from H2 to 
all the other contacts (white arrows). High peaks in DTFs for transmissions from 
the H1 electrode are visible as well. However, closer inspection did not indicate that 
those peaks are correlated with the epileptic 18 Hz activity.

When examining another part of the seizure, the calculations were extended 
to an additional 10 channels from the subdural grid (marked as T). Now the low 
3–4 Hz rhythmic activity is predominant. In this part of the record, it is very dif-
fi cult to visually identify the sources. An example of the DTF analysis results is 
presented in Fıgure 31. It can be observed that depth electrodes H1 and H3 are still 
the sources, now at 3–4 Hz frequency. Th is may indicate that the focus of activity 
extends in fact over contacts H1 to H3. An additional interesting observation is 
that no source is close to the surface electrodes. Th e examination of high values of 
DTF for LFP originating close to the H5 electrode did not reveal a peak at the 
frequency of interest.

Th e DTF method can be applied to rapidly changing epileptic data, which 
further confi rms the eff ectiveness of the MAR. When the EEG epochs under con-
sideration do not contain rapidly changing patterns of activity, the relatively short 
segments of multichannel data can be processed. Although the rhythmic epileptic 
activity is probably one of the rare examples of expression of nonlinear properties of 
EEG/LFP, the linear AR model can be successfully applied in such a case as well.

While analyzing DTFs, only peaks located precisely at the dominant frequency 
were considered. Sometimes DTF shows larger values at diff erent frequencies, but with 
very low power spectra. Th is eff ect may be due to the normalization procedure. As such, 
the non-normalized version of DTF may be suitable for intracranial LFP recordings.

DTF was also used by Medvedev and Willoughby¹²⁰ to investigate induced 
epiletogenesis.

V.B. Topographical Patterns of Transmissions During Sleep

In the traditional approach, topographic analyses of brain activity are based mainly on 
mapping. Amplitudes or power in a certain frequency band are extrapolated from values 
at the electrode locations, and the resulting 2-D map is overlaid on a surface. Unfor-
tunately, that procedure ignores all the covariance structure of a multivariate set. Th e 
important information about interrelations between diff erent brain areas is missing. To 
deal with this problem, the maps are often calculated together with the coherence.

In Kamiński et al.,⁸⁷ the overnight sleep EEG was recorded for 21 channels 
of the 10–20 system¹⁴⁵ for eight healthy subjects.⁸⁶,⁸⁸ In addition, the signals from 
the left and right ears and several control EMG channels were recorded. Data were 
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fi ltered in the 0.16–40 Hz range and digitized with a 102.4 Hz sampling frequency. 
Th e whole night’s sleep recording was divided into 2.5-second segments. Each seg-
ment was visually analyzed by three experts, and the sleep stages were determined. 
Segments with artifacts were rejected. Sleep stages were assigned to epochs described 
identically by all three experts. Transitional periods between the sleep stages were 
considered nonstationary and were not included in the calculations.

In that study, the linked ear was the reference electrode for all the collected 
EEG channels. For the reference electrode placed on the nose, the results were 
practically identical with slightly weaker relations for most frontal electrodes. Th e 

 
FIGURE 31. DTF for 16 channels (6 from hippocampal depth electrode and 10 selected from 

subdural grid array) for a 1-second period, 11 seconds into the seizure. The power spectra for 

each contact are shown on the diagonal. The predominant peak seen on the ICEEG is now 

a low-frequency peak; this is seen in the power spectra of all channels. Examination of the 

columns illustrated that, although there is considerable activity in this band in all channels, 

it originates almost exclusively from the depth electrode contacts (most prominently H1, 

arrow). Indeed, the DTF columns for the subdural grid contacts are almost empty. This 

indicates that, although there is considerable activity recorded from the lateral temporal 

cortex, it is still fl owing from the deeper regions of the temporal lobe monitored by the 

depth electrodes. The model order was 3. The horizontal scale for each box is 0.5–35 Hz. The 

vertical scale is normalized for each row. (Reprinted from Franaszczuk, et al. Electroenceph 

Clin Neurophys 1994; 91:413–427,50 with kind permission of Elsevier.)
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so-called “common average” reference is often used in EEG analysis as well, in 
which each channel is referenced to the sum of all the channels. It should be noted 
that a common average reference cannot be used in multichannel analysis of causal 
connections; averaging signals from all the channels together introduces additional 
correlations among them. As a result, every channel becomes connected with every 
other, which makes deciphering the true connection scheme impossible. Th e property 
of the common average reference has been discussed elsewhere.⁴⁶,¹³⁴ In fact, any 
procedure that mixes data from diff erent channels should be avoided—e.g., popular 
“sharpening” methods such as Laplacian or Hjorth⁷⁶ should not be applied to data 
channels that are in turn used in a multichannel analysis.

Th e data analysis was done by fi tting MVAR models to each continuous  artifact-
free stationary epoch. For sleep stages 2 and 3, the data epoch was longer (up to 
several minutes), whereas it was shorter for other stages. Th e typical model order, 

 

FIGURE 32. Typical output of coherence analysis for healthy subject sleep stage 2. 

Organization of the picture similar to Figure 4. (Reprinted from Kaminski, et al. Electroen-

ceph Clin Neurophys 1997; 102:216–227,87 with kind permission of Elsevier.)
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estimated by means of AIC criterion, was in the 3–7 range. Th e results for every 
sleep stage were averaged respectively. Th e typical graph of coherences for sleep stage 
2 is presented in Fıgure 32. Th e multiple coherences are all high, indicating close 
relation between all the channels in the set. Th ere is a clear diff erence between the 
ordinary and partial coherences.

To increase the visualization of the results, the DTFs were integrated in the 0–30 
Hz frequency range. Th e integral, one number for each connection, is proportional 
to the relation strength. Analyzing the pattern of ordinary coherences, we see that 
they simply fall monotonically with the distance between electrodes. Th is property 
can be seen in Fıgure 33. Values of integrated ordinary coherences for several chosen 
electrodes are presented over the scheme of electrode locations on the head. Th e 

FIGURE 33. Typical topographic pattern of ordinary coherences (practically the same for 

all stages and subjects). The value of coherence in the range 0–30 Hz is refl ected by the 

shades of gray (black = \strongest). Each picture shows coherences between the given 

electrode and other electrodes. The coherence values decay with distance. (Reprinted from 

Kaminski, et al. Electroenceph Clin Neurophys 1997; 102:216–227,87 with kind permission 

of Elsevier.)
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strength of connection is color coded in the shade of gray for each bar representing 
a connection.

Th e partial coherences, showing only direct-coupled channels, are mostly very 
low, with little change with frequency. Th e averaged values of partial coherences 
were nonzero for neighboring electrodes only (Fıg. 34). For individual records, large 
values between distant electrodes are sometimes observed, but the picture is similar 
to the averaged result. Th is fi nding is in agreement with the observations of Bullock 
et al.,³² who analyzed coherences for electrodes implanted in the cortex at diff erent 
distances, indicating that coherence in the cortex is in the 10–20 mm range. Th is 
may seem contradictory to the results of the others showing high coherence between 
distant electrodes, but they analyzed ordinary coherences for scalp electrodes. Or-
dinary coherences indicate a sum of many indirect relations between channels. On 
the other hand, partial coherences show direct relations for neighboring electrodes 
only, which in our study appeared to be signifi cant. Both this research and that of 
Bullock et al.³² show that partial coherences are weakly dependent on frequency.

To reduce the amount of information and fi nd the pronounced features of sleep 
stages (for 21 channels we get 420 DTF functions and 210 partial coherences), 
the selected electrodes pairs were divided into fi ve groups of similar character of 
connection: (A) between hemispheres (F3–F4, C3–C4, P3–P4); (B) anterior-pos-
terior, left hemisphere (F3–C3, C3–P3, F3–T3, T3–T5); (C) anterior-posterior, 
right hemisphere (F4–C4, C4–P4, F8–T4, T4–T6); (D) parietal-occipital-temporal, 
left hemisphere (O1–T5, O1–T3, O1–P3); (E) parietal-occipital-temporal, right 
hemisphere (O2–T6, O2–T4, O2–P4). Partial coherences for the selected pairs 

 

FIGURE 34. Typical pattern of partial coherences. Organization of the picture is similar to 

Figure 33. Partial connections are signifi cant only for neighboring electrodes.
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were integrated in the whole frequency range 0–30 Hz (they depend very weakly 
on frequency). Stages 3 and 4 were combined (marked as “3”). Variability of partial 
coherences was tested within and between the groups. Th e nonparametric Wilcoxon 
test was applied to test the diff erences. Such a procedure is similar to the neurometrics 
method described in John and Prichep.⁸⁴

When analyzing diff erences between groups, a general observation was that 
coherences in the right hemisphere (group C) were always higher than in the left 
(group B). Groups D and E showed a similar tendency only in stages 2 and 3. No 
other signifi cant diff erences were found. 

Diff erences between sleep stages are presented in Table 1. A + sign represents 
a condition of signifi cant (at 0.05 level) diff erence of coherence. It is shown that 
group C seems to be the most suitable for sleep stage diff erentiation.

Variability of coherences in diff erent frequency bands (1–7, 7–15, 15-30 Hz) and 
during diff erent sleep stages was also analyzed. Th e result is presented in Fıgure 35. Th e 
prevailing trend is the rise of coherence in stages 2 and 3, especially in the low frequency 
ranges. For the 15–30 Hz band, an increase is observed in the REM stage.

TABLE 1. Test of Differences Between Sleep Stages

Group
Stages

1-2 1-3 1-R 1-W 2-3 2-R 2-W 3-R 3-W R-W

A + + + + +

B + + + + + +

C + + + + + + +

D + + + + + +

E + + + + + + +

R — sleep stage REM, W — wakefulness

FIGURE 35. Changes of coherences across stages in the three frequency bands: (a) 1–7 Hz; 

(b) 7–15 Hz; (c) 15–30 Hz. (Reprinted from Kaminski, et al. Electroenceph Clin Neurophys 

1997; 102:216–227,87 with kind permission of Elsevier.)
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Information transmissions were analyzed by means of DTF function. Th e general 
observation from inspecting the graphs of DTFs is that certain electrodes act as 
sources of activity, which spreads to other sites. To simplify the analysis presenta-
tion, DTFs were integrated in specifi c frequency ranges (1–7, 7–15, 15–30 Hz) as 
well as in the whole frequency range (1–30 Hz) for each sleep stage. Th e overall 
characteristics of transmission patterns represented by the integral over the whole 
analyzed frequency range is presented in Fıgure 36.

In this fi gure, only the signifi cant information fl ows are shown, from which 
the most complicated picture is seen for wakefulness. Major sources of activity are 
located in the back of the head. Th e complexity of the fl ows in this picture is a result 
of variability among the subjects—some subjects had sources located around the O1 

FIGURE 36. The propagation of EEG activity estimated by means of DTF integrated in the 

0–30 Hz band, averaged over subject. Arrows are drawn for DTFs greater than 0.06; their 

intensities are refl ected by the shades of gray. (Reprinted from Kaminski, et al. Electroenceph 

Clin Neurophys 1997; 102:216–227,87 with kind permission of Elsevier.)
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and O2 electrodes, other subjects around electrodes P3 and P4. During stage 1, the 
posterior region (Pz) is still active, but a new source of activity appears in the frontal 
area, around electrode Fz. In stages 2 and 3, the active area spreads and extends to 
the F3 and F4 electrodes. During stage 3, the frontal region becomes the major 
source of activity, and the EEG signal spreads from anterior locations toward the 
back of head. During the REM stage such a transmission diminishes.

Relations similar to those presented above can still be visible in Fıgure 37, 

FIGURE 37. Propagation of EEG activity in three frequency bands for stage 3+4 and REM. 

Pictures are averaged over subjects; therefore, only the dominating directions of fl ows are 

visible. If there are few arrows on the picture (e.g., central picture bottom row), it means 

that DTFs are varying strongly and average out. Because the strength of averaged fl ows 

differs considerably depending on frequency bands, the thresholds for frequency bands are 

set at different values (otherwise some pictures will be all black or all blank). The threshold 

and a maximal value of DTF found for the given band and stage are marked at a left side 

of each ellipse. (Reprinted from Kaminski, et al. Electroenceph Clin Neurophys 1997; 102:

216–227,87 with kind permission of Elsevier.)
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where the transmissions in selected frequency ranges are presented. Th e example 
contains stage 3 and REM. During stage 3, we see the activity of frontal sources 
(F3, Fz, and F4 electrodes). In each of the frequency bands, the location of the 
strongest fl ows diff ers slightly. For the 1–7 Hz band, it is distributed evenly with a 
maximum around Fz, for the 7–15 Hz band mainly F3 and F4 are active, and for 
15–30 Hz the Fz electrode becomes more active again. Interestingly, we observe 
the F3→Fz→F4 path of transmission, but not vice versa (opposite transmis-
sions were much weaker). For the REM stage, pictures are almost empty, because 
during this stage there is a large variability of transmissions among subjects and 
epochs, and most of them have been averaged out. However, the activity of frontal 
sources is still visible, and the tendency for transmissions is from the left to the 
right hemisphere.

One very interesting aspect of topographic studies in this work is the DTF 
results. To compare this method with popular mapping techniques, two epochs 
of data were selected. Th e maps of total power plotted for both data segments are 
generally similar, with a maximum somewhere around the center of the head. Th e 
DTF plots, however, were diff erent for those segments (Fıg. 38). For the fi rst seg-
ment we see one source of activity located around the Fz electrode. In this case, 
the location of the source agrees with the location of the maximum on the map. 
For the second segment, we observe two sources located around the P3 and P4 
electrodes, transmitting signals diagonally toward the front of head. Th e maximum 
of the map is located at a place where propagating signals overlap. Such a result 
clearly shows the diff erence between a multichannel approach (DTF) and separate 
treatment of channels (mapping) in which the covariance structure of the data set 
was neglected.

Th is study shows that DTF can be very valuable in analyzing scalp electrode 
data. Th e DTF function is not sensitive to volume conduction. Even in the presence 
of common signal in many channels, it still gives the right answer. As a quantita-
tive measure, DTF functions that are integrated in selected frequency ranges can 
be used. Th e single-channel approach may even lead to incorrect interpretation, as 
was shown for mapping. Moreover, calculating causal measures for pairs of chan-
nels may lead to erroneous results as well (Section III.A). Th erefore, by treating all 
the channels as one system, we get more information than we do by using the same 
channels alone.

We should note, however, that DTF itself is not able to distinguish between 
direct and indirect relations. To reveal patterns of direct connections, partial coher-
ences should be used together with DTFs or dDTF. Th e partial directed coherence 
(PDC),¹⁰ a function designed to show direct relations, because of diff erent normal-
ization, may not be suitable in this situation.
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V.C. Functional Mapping of Human Sensorimotor Cortex in 
Epilepsy Patients

Th e studies of human EEG recorded from sensorimotor cortex are typically focused 
on measuring cortical activation levels at specifi c sites. Th e study presented in this 

 

FIGURE 38. Comparison of DTF method with mapping. Two 20-second epochs of data 

were evaluated by both methods. Conventional maps represent total power in the 0–30 

Hz frequency band; the DTF maps propagation in the same frequency band. The strength 

of fl ows is refl ected by the shades of gray of the arrows. (Reprinted from Kaminski, et al. 

Electroenceph Clin Neurophys 1997; 102:216–227,87 with kind permission of Elsevier.)
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section was focused on the phase relationships among diff erent areas, although 
there are also studies of information fl ow between cortex and muscle.¹²¹ Th e data 
were recorded in patients undergoing surgery as a treatment for intractable epilepsy 
at Johns Hopkins Hospital at Baltimore. Patients had grids of subdural electrodes 
implanted on the surface of the brain over the regions relevant to localization of the 
epileptogenic focus. Electrocorticogram (ECoG) signals were constantly recorded 
during the days preceding the surgery. Patients agreed to participate in the research 
study. Each subject was asked to perform a motor task (sustained voluntary muscle 
contraction) in response to a visual stimulus (black-and-white line drawings de-
picting the body part to move—arm, tongue) on a computer screen. Th e body part 
pictures were presented in random sequences. Th e subjects were asked to sustain the 
muscle contraction for the duration of the visual stimulus (a fi xed interval of 3 s). 
Details of the experiment and spectral analysis of the collected data are published 
in Crone, et al.³⁸,³⁹

For the MVAR analysis, data from two patients were selected. Each of the 
subjects had a subdural 64-electrode array implanted over the left frontoparietal 
cortex. Th e reference was set on one electrode from the grid, distant from the inter-
esting area. Th e data were originally sampled at 1000 Hz frequency. Because lower 
frequencies were of interest, the data were low-pass fi ltered and downsampled four 
times to 250 Hz sampling frequency. Th e artifact-free trials (49 trials for the fi rst 
patient and 55 trials for the second) were selected and aligned with respect to the 
stimulus onset time. Th e analyzed segments covered time from 3 seconds before to 
4 seconds after onset of the stimulus.

For the application of the STDTF method, the number of channels used for 
MVAR modeling was limited, because of statistical reasons, to 12 channels at a time. 
On the other hand, all the relevant channels should be included in the set. Two dif-
ferent methods of selecting the relevant channels were applied. Th e relevance of the 
channel selection was done by analyzing the results of the cortical stimulations. In 
Fıgure 39 the areas identifi ed in patient 1 by stimulations as related to motor activity 
are shown. In addition, the analysis of signifi cant changes in spectral power occur-
ring during the task with respect to a reference period (2.5–0.5 s before stimulus 
onset) has been performed.

Fınally, a sliding window 125 ms long was chosen for STDTF analysis. In 
order to highlight the frequency ranges of interest, the data were high-pass fi ltered 
(forward and backward, with a 30 Hz cutoff  for beta and a 40 Hz cutoff  for gamma 
band) before the STDTF estimation.

Patterns of propagations for beta (20–30 Hz, Fıg. 40) and gamma (35–45 Hz, 
Fıg. 41) bands diff er.

In the beta band, a characteristic feature is that the propagations often vanish 
at movement onset and rebound after the movement, sometimes at diff erent loca-
tions. Gamma range transmissions tend to appear after stimulus onset and often are 
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FIGURE 39. Results of cortical stimulations. Lightning bolt icons denote electrical stimulation-

induced disruption of motor function in the body part (arm). One bolt = slowing or cessation 

of ongoing motor activity (wiggling fi ngers); two bolts = involuntary motor response (e.g., 

posturing); and three bolts = clonic muscular contractions. (Reprinted from Crone, et al. 

Brain 1998; 121:2301–2315,38 with kind permission Oxford University Press.)

sustained during the task. Interestingly, major source of gamma activity was found to 
be located in a similar place for both patients. Moreover, locations of activity sources 
found by STDTF analysis correspond to sites identifi ed by cortical stimulations as 
connected with motor function.

To improve the visualization of the STDTF results, the DTFs were integrated 
over the beta and gamma frequency ranges, respectively. Having done that, the time 
courses of propagations were presented for diff erent time moments in the form of 
color arrows in Fıgure 42 for beta and in Fıgure 43 for gamma bands. Dynamic 
transmission may be presented in the form of a movie.

Th e results of that study were preliminarily presented in Kamiński et al.⁸⁹; an-
other part is in preparation. Several methodological conclusions can be drawn. Th e 
LFP signals recorded from subdural electrodes contain higher frequency compo-
nents than scalp EEG. Th e model fi tting has to allow for more complex spectrum 
estimation. However, the transmissions in higher frequencies are relatively weak and 
can be masked by phenomena occurring in lower frequency bands. To make high 
frequencies more visible, the data were high-pass fi ltered to reduce the disturbance 
from other frequency components. 

A separate problem is to include all the relevant channels within a statistical 
limit of the model estimation. Such a limit depends on window size and number of 
repetitions of the experiment. Th e correspondence of results among subjects can be 
diffi  cult to fi nd because (1) the patients have diff erent placements of the electrode 
grids based on individual diagnosis; and (2) there is an intersubject variability of 
the location of the corresponding brain sites. However, certain general features can 
be observed when all the anatomical and functional knowledge is taken into ac-
count in the interpretation of the results. Dynamically shifting phase relationships 
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FIGURE 40. STDTF results (transmissions) in beta range (20–30 Hz) for a set of 12 electrodes 

for patient 1. Convention similar to Figure 18. 
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FIGURE 41. STDTF results (transmissions) in gamma range (35–45 Hz) for a set of 12 

electrodes for patient 1. Convention similar to Figure 18. 
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FIGURE 42. Propagations in beta range (20–
30 Hz) for a set of 12 electrodes for patient 1 
for: 2 seconds before (left), 0.5 second after 
(middle), and 1.2 seconds after the stimulus 
onset (right). Direction is shown as triangle-
shaped arrow pointing from the source to 
the destination electrode. Intensity of trans-
missions coded in color and transparency of 
arrows (scale on the left of each picture, the 
same for all three pictures). 

FIGURE 43. Propagations in gamma range 
(35–45 Hz) for a set of 12 electrodes for patient 
1 for: 2 seconds before (left), 0.7 second after 
(middle), and 2.5 seconds after the stimulus 
onset (right). Direction is shown as triangle-
shaped arrow pointing from the source to 
the destination electrode. Intensity of trans-
missions coded in color and transparency of 
arrows (scale on the left of each picture, the 
same for all three pictures).

(Background image for both fi gures showing electrode grid placement is reprinted from Crone, et 

al. Brain 1998; 121:2271–2299,38 with kind permission of Oxford University Press.)
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between cortical recording sites occurred in neurophysiologically plausible patterns, 
suggesting that STDTF may provide an estimate of EEG signal propagation in 
both time and frequency.

VI. FUNCTIONAL IMAGING

Th e AR modeling technique has been used to investigate relations in functional 
magnetic resonance imaging (fMRI) data.⁷³ fMRI data have a form of matrices of 
values representing blood oxygenation level (BOLD) at the respective volume ele-
ments (voxels) of tissue. Th e diff erences in the oxygenation level can be connected 
with changes in neurobiological activity in the relevant region of the brain. Time 
series constructed from selected voxels values in successive fMRI scans represent 
successive samplings of activity of that brain region. Such time series are then subject 
to the linear modeling method.

Th e fMRI data from an experiment measuring the eff ects of attention in dorsal 
visual pathways³¹ were used in Granger.⁷³ Before the experimental data were ana-
lyzed, the algorithms were tested on simulated datasets. Two six-channel sets were 
generated using AR model of order 2. Th e optimal model order and parameters 
were estimated by means of Bayesian inference approach.¹³² Further analysis was 
performed in time domain on A(t) parameters of the fi tted AR model (Eq. [3]). By 
inspection of mean values and variances of the estimated parameters (obtained as 
posterior distribution), the parameters signifi cantly diff erent than zero were identi-
fi ed. Th e estimates are in agreement with the simulated patterns of connections.

Th e bilinear variables approach was used to model nonlinear interactions that 
may occur as a result of interaction of two diff erent sites. If Xj(t) describes a state 
of a site j at time t and Xm(t) a state of a site m, their interaction can be modeled 
by a bilinear variable Ij,m = Xj(t)Xm(t).³¹ Such a bilinear variable can be added as a 
separate channel to the set of data channels under study.

In the experiment, two states of brain with diff erent attentional components 
were investigated. Subjects were asked to observe random dots moving radially 
outward. In one condition they were asked to attend to changes in dot velocity 
(they were trained to detect such changes), whereas in another condition, they only 
observed the moving dots. Th e states were separated by a dark screen with only a 
fi xation dot visible (“fi xation state”). At the end of the experiment, the last frame of 
moving dots was frozen on the screen (“stationary state”). Th e velocity of the dots 
was constant across the experiment, so the attention level was the only diff erence. 
Th ree-hundred-sixty scans were collected, and the experiment consisted of the four 
conditions (described before) of four blocks of 90 scans (Fıg. 44).

In the preliminary analysis, the regions of interest were selected: V1 and V2 
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FIGURE 44. These are the representative time series of regions V1/2 complex, V5, PPC, 

and PFC from one subject, in the right hemisphere. All plots have the same axes of 

activity (adjusted to zero mean and unit variance) versus scan number (360 in total). The 

experiment consisted of four conditions in four blocks of 90 scans. Periods of “attention” 

and “non-attention” were separated by a “fi xation” interval, and each block ended with 

a “stationary” condition. Epochs of each task are indicated by the background grayscale 

(see key) of each series. Visually evoked activity is dominant in the lower regions of the 

V1/2 complex, whereas attentional set becomes the prevalent infl uence in higher regions’ 

PPC and PFC. (Reprinted from Harrison, et al. NeuroImage 2003; 19:1477–1491,73 with 

kind permission of Elsevier.)

complex in primary visual cortex (V1/2), visual motion region (V5), posterior pari-
etal cortex (PPC), and right prefrontal cortex (PFC). Th ose regions were centered 
around the most signifi cant voxel (with 8 mm diameter), and time series were con-
structed as the fi rst eigenvariate of the region. Th ree AR models were assembled: 
Model 1: regions V1/2, V5, PPC, and PFC; model 2: V1/2, V5, and bilinear IV1,PPC 
(V1/2 × PPC); model 3: V5, PPC, and bilinear IV5,PFC (V5 × PFC). In models 1 and 
3 only right hemisphere PFC data were used.

Th e results of the AR modeling analysis are presented graphically for models 
1, 2, and 3 in Fıgures 45, 46, and 47, respectively. Th e optimal model order was four 
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FIGURE 45 (opposite page). Model 1 including regions V1/2 complex, V5, PPC, and 

PFC. (a) Matrix of the estimated coeffi cients from a MAR(4) model, with each region 

indicated on the rows and columns of the diagram. Each element within the matrix 

of plots contains means and variances of parameter estimates at all time lags for that 

connection. Diagonals are “self-connections,” and, given the order of variables, the 

upper off-diagonal coeffi cients represent ascending, feed-forward infl uence and can be 

interpreted as characterizing driving connections through the cortical hierarchies. The 

lower off-diagonals complement these and characterize the infl uence higher regions have 

upon lower, estimating back-projecting activity. All signifi cant connections are circled. (b) 

Connectivity map of all connection strengths that were signifi cantly different from zero 

across all time lags for model 1. Arrow width is scaled to the p value of the connection 

strength estimated in the parameters’ matrix (thin for p values between 0.05 and 0.001 

and thick for <0.001). (Reprinted from Harrison, et al. NeuroImage 2003; 19:1477–1491,73 

with kind permission of Elsevier.)
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FIGURE 46. Model 2 including regions V1/2 complex, V5, and bilinear term IV1,PPC for one 

subject (right hemisphere). (a) AR model parameters shown in the same layout as Figure 

45. The weight of interest is between IV1,PPC and V5, and it describes a second-order 

interaction characterizing the modulatory role upon downstream processing (upon the 

connection strength between V1 and V5). These coeffi cients were signifi cantly nonzero 

(circled). A diagram of the model including the bilinear term as a “virtual” node is shown 

in B, and the physiological interpretation of this is shown in C, where IV1,PPC is not shown 

but is represented implicitly (the thin arrow represents a p value of between 0.05 and 

0.001). (Reprinted from Harrison, et al. NeuroImage 2003; 19:1477–1491,73 with kind 

permission of Elsevier.)
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FIGURE 47. Model 3 including regions V5, PPC, and bilinear term IV5,PFC for one subject 

(right hemisphere). The signifi cance of the connection between IV5,PFC→PPC is tested as in 

previous models, and connectivity maps are shown as in Figure 45. The model supports the 

notion that PFC plays a modulatory role during attention upon the connectivity between 

V5 and PPC. (Reprinted from Harrison, et al. NeuroImage 2003; 19:1477–1491,73 with kind 

permission of Elsevier.)

 

for each analysis. Note that, unlike in the other fi gures presented in this review, the 
transmissions are presented from the channel indicated at the left of the relevant 
row to the channel marked above the relevant column.

Th e results for Model 1 indicate that the selected regions of interest indeed 
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form a network of connectivity that is presented in Fıgure 45B (on average over all 
attentional states). Models 2 and 3 were designed to test whether attentional areas 
modulate the coupling within the visual system.

In Model 2, only the connection IV1,PPC→V5 is signifi cant. Th is fact may be 
interpreted to mean that PPC infl uences the connection between V1/2 and V5. In 
Model 3, a similar signifi cant eff ect of modulation of the V5→PPC connection by 
PFC is observed.

Th e results of the study demonstrate the possibility of application of AR mod-
eling to the analysis of the connectivity pattern between brain areas based on the 
fMRI time series. In addition, a method of modeling second-order modulatory 
interactions was proposed by bilinear terms approach. As such, the eff ect of infl u-
ence of a site to a connection between other sites can be investigated. Higher order 
terms can be defi ned to describe more complicated interrelations. By conducting the 
analysis in time domain, we lose frequency characteristics, but we can estimate time 
delays in the investigated relations. Th e relatively novel Bayesian approach to AR 
model estimation is an interesting proposition with possible future extensions. Th e 
analysis of posterior distribution can give rise to useful answers about the presence 
of a connection at a chosen signifi cance level.

VII. SUMMARY AND FUTURE DIRECTIONS

In this article, we presented several selected examples of diff erent applications of 
multivariate linear modeling to determine causal relations in biomedical datasets. Th e 
examples were chosen in order to present typical problems that may be encountered 
in the research practice and to in turn come up with solutions. Various data types 
were processed: scalp EEG data, local fi eld potentials (LFP) data recorded from 
electrodes implanted in human and animal subjects, neuron spike trains, spike density 
series, and fMRI data. Th e data diff ered by number of channels, the characteristics 
of the signals, the record length, and the number of repetitions of an experiment. 
Th e common feature for all the examples was the possibility of application of the 
AR modeling technique. In presenting the data processing examples, we focused 
mainly on the methodological part of each study. 

Spectral analysis of the MAR model is a comprehensive means of depicting the 
neural activity as a function of frequency. Th e MAR model, coupled with the short, 
moving window,⁴¹ seems to be an elegant approach for dealing with the nonstation-
ary, multivariate time series, and can be eff ectively used to reveal rapidly changing 
neural dynamics¹⁰⁵-¹¹⁰ in various cognitive tasks. Once an MAR model is adequately 
estimated, the causal measures reviewed here are only one of the many powerful 
spectral quantities that can be derived from the MAR modeling. Other commonly 
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used spectral quantities such as power, ordinary coherence, partial coherence, mul-
tiple coherence, and causal infl uence measures can also be derived. When applying 
these spectral quantities on neurobiological data, we note that the nonparametric 
spectral estimates such as multitaper techniques¹²³,¹³³,¹⁵⁹ should also be performed 
in parallel to provide independent verifi cation of the results. We also note that the 
MAR model is not restricted to the type of signal reviewed. Its application can 
be tailored for the needs of many types of biomedical signal processing, such as 
cardiovascular data.⁹⁹

Several issues concerning causal relations of multichannel activity should be 
considered. Th e solution of the general problem of estimation of causal relations 
may only be obtained when all the relevant information about the process under 
investigation are included. Th is statement can be translated into data analysis terms 
of the necessity of including all relevant sources of the signal and application of 
truly multichannel methods. A bivariate analysis, performed pair by pair, may lead to 
improper interpretation of the results. Rarely, a two-channel system contains all the 
relevant information and includes all the sources of activity. Moreover, if a certain 
connection between a pair of channels from a set should be examined more closely 
(e.g., for estimation of time delay between signals or to check the nonlinear character 
of the coupling) and the chosen method is defi ned for a pair of channels only, it is 
suggested to apply it as a supplementary method, after a multichannel estimation 
of connectivity pattern. As reviewed above, the AR modeling technique seems to 
provide an eff ective way to perform the multichannel data analysis.

With only ordinary coherences, either we may not obtain satisfactory results or 
such results may be misinterpreted when applied to a multichannel set of data. In 
addition, the Granger causality defi nition does not specify any details on how the 
actual infl uence imposes upon one signal or another. Similarly, with the DTF, we 
are not able to tell if a relation is direct or if the signal from the source goes through 
several channels before reaching the destination channel. To distinguish which rela-
tions are direct among a set of channels of interest, we must apply direct or partial 
methods. Partial measures are designed especially to evaluate direct relations when 
the infl uence of the rest of the set (all the sources included) is taken into account 
(Section I.E.3).

Th e DTF value for linear systems can be directly interpreted as the connection 
strength, to facilitate the explanation of the observed transmissions pattern. More-
over, in a case of moderate nonlinearities in the signals, the directions can still be 
determined, although the calculated connection strength may be underestimated.⁵⁰,¹⁷⁰ 
Furthermore, the analysis of nonlinear systems typically requires long, stationary 
time series, whereas the linear modeling, when applied properly, can be applied on 
the short data segment to reveal the temporal dynamics of neural activity. Th erefore, 
the linear model technique may provide a valuable means to investigate relations in 
neural systems at a fraction-of-a-second time scale.
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Causality analysis is sensitive to proper data handling. Any operation that 
aff ects phases of the signals may distort the estimate. Certain types of refer-
ence electrodes, such as a common average reference that mixes data from many 
derivations, should be avoided. Fıltering data should be performed in a way that 
preserves the phases of diff erent frequency components (preserved when the 
procedure is applied forward and backward). Any operation that could mix data 
from diff erent channels would infl uence the causality measures and coherences, 
especially partial coherences. It should be noted that sometimes the fi rmware of 
EEG recording machines may contain hidden operations—e.g., smoothing the 
displayed results could distort the data, and thus make the data inappropriate 
for the analysis of causal relations. Th is possibility should be checked before the 
causal analysis is performed. 

Th e stationarity of the signal is assumed in the AR model estimation. When the 
signals are nonstationary, we may not be able to fi t a model correctly to the entire 
data epoch. Under such a situation, either time-varying parameters or short-time 
window methods could be helpful. If the frequency-dependent information is not 
of a primary importance, we may switch to information-theory measures. 

Th e interpretation of the information fl ow revealed by DTF depends on the 
nature of the data. In spike trains analysis, we investigate phase relations between 
neurons. In LFP or EEG/MEG analysis, we observe the eff ects of ensemble neuronal 
activity. In either case, we cannot make conclusions about anatomical connections. 
With linear modeling analysis, we evaluate functional connectivity among regions.³⁰ 
By referring to the functional connectivity term, we stress the fact that we do not 
reveal mechanisms of coupling, we only detect its presence in the system.

Possible future development of the techniques reviewed here strongly depends 
on the challenges and diffi  culties we are facing. Nowadays, nonstationary data and 
nonlinear data analysis are issues that still need better understanding. Th e possibility 
of revealing dynamics of information transmissions during nonstationary phenomena 
seems to be one of the key features to understand information processing by the 
brain. Increasing time resolution can be achieved by constructing new time-vary-
ing parameter methods or exploring the possibilities of ensemble averaging and 
the short-window approach. Additional advantages may be achieved by combining 
several methods to provide complementary information. Such an example could be 
an application of the matching pursuit (MP) algorithm, a high-resolution time-
frequency decomposition of a signal, together with cross-dependencies analysis 
performed by means of STDTF to analyze the data on multiple precision levels.⁶⁸ 
Development of such combined methods of analysis could shed light on many 
aspects of the system under study.

It is worth noting that the Bayesian approach, recently introduced to linear 
modeling, is a promising method for optimal model order selection or for establish-
ing confi dence levels for every estimated model coeffi  cient.
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