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Abstract. The aim of this study is to develop a time-frequency method and test 
its applicability to investigating directional cortical connectivity in the newborn 
brain considering the effect of volume conduction. We modified time-varying 
partial directed coherence (tv-PDC) based on orthogonalization of the MVAR 
model coefficients to deal with the effect of mutual independent sources. The 
novel measure was then tested using a simulated signal with feature dimensions 
relevant to EEG activity. From the neonatal EEG responses evoked by flash light 
stimuli (1Hz), we extracted the directional interactions over time within each 
hemisphere. The results suggest that the method is able to detect directed in-
formation flow within a sub-second time scale in nonstationary multichannel 
signals (such as newborn EEG) and attenuate the problematic effect of volume 
conduction for multichannel EEG connectivity analysis.  

1 Introduction 

The human brain performs its sensory and cognitive functions by dynamically em-
ploying highly complex and interlaced neuronal networks.  Better understanding of 
these network functions may open insights to pathophysiological mechanisms of 
neurological development and disease [1]. Due to its non-invasive nature, high tem-
poral resolution and low cost, brain connectivity analysis using scalp EEG has received 
attention in recent years [2, 3].     

Several methods have been developed for assessing directed interactions from 
neurological signals (reviewed in [4]). Among these, Multivariate autoregressive 
(MVAR) model-based methods have been widely used for neurophysiological signal 
analysis [2, 5, 6]. An MVAR process is able to model interactions between EEG 
channels in the form of linear difference equations and allows the direction of infor-
mation flow between channels including direct and indirect influences [7]. Granger 
causality index [8], Directed Coherence [9], Partial Directed Coherence (PDC) [9], 
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Directed Transfer Function (DTF) [10] and direct Directed Transfer Function (dDTF) 
[11] are MVAR-based measures that have been introduced to determine directional 
influence in multivariate systems. They have also been validated using simulated 
models [7, 9, 12]. The original versions of these measures assume that the underlying 
signals are stationary and their interactions are constant over time. However, none of 
these assumptions is satisfied for EEG signals which represent a non-stationary beha-
vior and are generated through the time-varying complex system of the brain. There-
fore, time-varying MVAR-based connectivity measures have been proposed to account 
for the non-stationary nature of the EEG signals.  

A serious challenge in scalp EEG/MEG connectivity analysis is associated with the 
effect of volume conduction where the activity of a single source is reflected in many 
channels [13]. It may lead to the illusive connectivity between close-by electrodes, 
while they are not linked by factual brain interactions necessarily [13]. It becomes even 
more problematic for the MVAR-based measures, because the fitted MVAR coeffi-
cients on the multichannel EEG/MEG data might be considerably affected by volume 
conduction effects ([14], page 80). A potential solution is to perform the EEG/MEG 
connectivity analysis at the source level. It, however, needs a separate processing 
module for EEG/MEG source localization and solving the inverse problem. A recent 
EEG correlation analysis study [15] suggests the use of orthogonalized signals instead 
of the original ones to discount the effect of volume conduction. In this paper, we adapt 
the idea for MVAR-based EEG connectivity analysis and develop a novel extension of 
the classical PDC (called orthogonalized PDC or OPDC) to minimize the effect of 
mutual sources in multivariate signals. Then, we test it with a simulated model as well 
as newborn EEG traces evoked by flash light stimuli. By extracting time-frequency 
(T-F) connectivity maps and using a statistical testing approach, statistically significant 
T-F elements of the connectivity maps are determined.  

2 Materials and Methods 

2.1 Time-Varying PDC Measure 

For a time series ࢟ሺ݊ሻ א Թெ with length ܮ, a time-varying MVAR model of order  
is defined as: ݕଵሺ݊ሻݕڭேሺ݊ሻ൩ ൌ  ሺ݊ሻ  ଵሺ݊ݕ െ ெሺ݊ݕڭሻݎ െ ሻ൩ݎ   ெሺ݊ሻ൩ݓڭଵሺ݊ሻݓ

ୀଵ  (1) 

where ሾݓଵ ڮ ࢀெሿݓ ൌ  denotes the ܯ is a normally distributed white noise vector and ࢝
number of channels. The matrices Ar are given by: 

ሺ݊ሻ࢘ ൌ  ܽଵଵ ሺ݊ሻ ڮ ܽଵெ ሺ݊ሻڭ ڰ ெଵܽڭ ሺ݊ሻ ڮ ܽெெ ሺ݊ሻ൩ (2) 

for ݎ ൌ 1, … , The parameter ܽ . ሺ݊ሻ reflects the time-varying linear relationship 
between channel k and channel l at the delay ݎ.  

The PDC measure is based on the concept of Granger causality [9]. A dynamical 
process X is said to Granger-cause a dynamical process Y, if the prediction of the 
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process Y is enhanced using the information of the past of process X compared to the 
knowledge of the past of process Y alone [12]. Such relationship between different 
channels of a multivariate signal is reflected to the MVAR parameters ࢘ሺ݊ሻ in the 
time (Eq. (1)) and frequency domains (Eq. (3)). 

,ሺ݊ ݂ሻ ൌ ܫ െ  |௭ୀೕమഏିݖሺ݊ሻ
ୀଵ  (3) 

݂  varies within the range of 0 to the Nyquist rate. In this paper, ሺ݊ሻ are estimated 
using dual extended Kalman filter (DEKF) [7]. The time-varying version of the PDC is 
then defined as [7]: ߨሺ݊, ݂ሻ  ,ሺ݊ܣ| ݂ሻ|ඥࢇுሺ݊, ݂ሻࢇሺ݊, ݂ሻ (4) 

where ࢇሺ݊, ݂ሻ  is the ݈ ’th column, ܣሺ݊, ݂ሻ is the ݈݇ ’th element of the matrix ሺ݊, ݂ሻ, ࢇு denotes the Hermitian transpose of the vector ࢇ and |. | represents the 
absolute value operator. The measure ߨሺ݊, ݂ሻ takes values between 0 and 1 where 
high values in a certain T-F bin reflect a directionally linear influence from channel ݈ 
to channel ݇  in that bin (ܪܥ ՚ ܪܥ ). Note that the measure is directional, i.e.,  ߨሺ݊, ݂ሻ is not equal to ߨሺ݊, ݂ሻ necessarily. 

2.2 Time-Varying Orthogonalized PDC  

To reduce the illusive co-variability in power of two signals due to measuring the same 
sources (the effect of volume conduction), one can orthogonalize them before ex-
tracting their power envelopes [15]. Power envelope of a random signal represents the 
temporal evolution of its spectral power and can be estimated using parametric or 
non-parametric (FFT-based) methods. It is, however, known that the FFT-based me-
thods inherit performance limitations of the FFT approach. Namely, they are unable to 
provide high frequency resolution and also, they suffer from the spectral leakage 
caused by the effect of windowing on the signal. Autoregressive (AR) model-based 
spectral estimation methods can overcome these limitations by fitting the observations 
to an AR model. These methods can be extended to multivariate signals using Eq. (1) 
leading to the power spectral density (PSD) matrix. Therefore, the MVAR model 
coefficients in Eqs. (1) to (3) reflect the interactions within the channels and at the same 
time, they represent the spectral information of the signal power envelopes. The main 
idea behind the orthogonalized PDC (OPDC) measure is that instead of performing the 
orthogonalization process at the signal level, it can be done at the level of MVAR 
coefficients. The term ܣሺ݊, ݂ሻ in Eq. (4) is given by [9]: 

,ሺ݊ܣ ݂ሻ ൌ
۔ۖەۖ
1ۓ െ  ܽ ሺ݊ሻ݁ିଶగ,

ୀଵ ݂݅ ݇ ൌ ݈
   െ  ܽ ሺ݊ሻ݁ିଶగ,

ୀଵ ݂݅ ݇ ് ݈. (5) 



686 A.H. Omidvarnia et al. 

 

It turns out that the numerator of the tv-PDC(i.e. |ܣሺ݊, ݂ሻ|) in Eq. (4) depends di-
rectly on the ܽ ሺ݊ሻ݁ିଶగ  terms which describe the T-F relationships between 
channel ݇ and channel ݈ at the delay ݎ. Each term is a complex number expressed by 
a real part ܽ ሺ݊ሻ cosሺ2ݎ݂ߨሻ  and an imaginary part ܽ ሺ݊ሻsin ሺ2ݎ݂ߨሻ  which are 
orthogonal in the complex plane: ܽ ሺ݊ሻ݁ିଶగ ൌ ܽ ሺ݊ሻ cosሺ2ݎ݂ߨሻ െ ݆ܽ ሺ݊ሻ sinሺ2ݎ݂ߨሻ. (6) 

The orthogonalized components at different delays don’t share the trivial co-variability 
caused by the effect of mutual sources, as their parallel part has been subtracted.  The 
tv-OPDC is then defined as: 

Ψሺ݊, ݂ሻ  ห∑ ∑ ܽ୰భሺ݊ሻ ܽ୰మሺ݊ሻ cosሺ2݂ߨrଵሻ sinሺ2݂ߨrଶሻ୮୰మୀଵ୮୰భୀଵ หࢇுሺ݊, ݂ሻࢇሺ݊, ݂ሻ . (7) 

It is straightforward to show that Eq. (7) is equal to: Ψሺ݊, ݂ሻ ൌ |ܴ݈݁ܽሼܣሺ݊, ݂ሻሽ|ඥࢇுሺ݊, ݂ሻࢇሺ݊, ݂ሻ . ,ሺ݊ܣሼ݃ܽ݉ܫ| ݂ሻሽ|ඥࢇுሺ݊, ݂ሻࢇሺ݊, ݂ሻ , ݇ ് ݈. (8) 

Since each factor in Eq. (8) is greater than zero and less than ߨሺ݊, ݂ሻ, the measure Ψሺ݊, ݂ሻ will always take values between zero and 1.  

2.3 Statistical Testing  

The procedure of obtaining a T-F thresholding plane for each group (left or right he-
misphere) of each subject is as follows: 

A. tv-OPDC measures are extracted from the whole length (one second) of each 
epoch. If ܰ is the number of epochs for subject i obtained from either right or 
left hemisphere, ܰ time-frequency representations of the OPDC measures are 
obtained at the end of this step. 

B. Each time-frequency representation is divided into two parts: first 400ms in-
terval and last 400ms interval. First intervals over epochs provide the original 
estimates and the second intervals build the surrogate library.  

C. The highest score at the 99th percentile of the distribution of each T-F bin over 
epochs is computed. It leads to a thresholding plane covering the whole 
time-frequency space.   

2.4 Data 

Simulated Data  
Data from a simulated model was used to evaluate the proposed OPDC measure and 
test the integrity of our time-varying connectivity analysis framework. The model is a 
3-dimensional time-varying MVAR(2)-process plus a linear superposition of sparse 
uniformly distributed random sources, given by: 
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ሺ݊ሻࢄ ൌ ሺ݊ሻ࢟   ሺ݊ሻ (9)ࡿࢂ

where ࢂ א Թൈ  is a time-constant mixing matrix and ࡿሺ݊ሻ  denotes the source 
components matrix. In this study, the elements of ࢂ were randomly selected from the 
interval [0, 1]. The time-varying MVAR process ࢟ ൌ ሾݕଵ ݕଶ yଷሿࢀ is expressed as (see 
also [17]): 

۔ە
ଵሺ݊ሻݕۓ ൌ ଵሺ݊ݕ0.59    െ 1ሻ െ ଵሺ݊ݕ0.20 െ 2ሻ             ܾሺ݊ሻݕଶሺ݊ െ 1ሻ  ܿሺ݊ሻݕଷሺ݊ െ 1ሻ  ଶሺ݊ሻݕଵሺ݊ሻݓ ൌ ଶሺ݊ݕ1.58    െ 1ሻ െ ଶሺ݊ݕ0.96 െ 2ሻ  ଷሺ݊ሻݕଶሺ݊ሻݓ ൌ ଷሺ݊ݕ0.60    െ 1ሻ െ ଷሺ݊ݕ0.91 െ 2ሻ   ଷሺ݊ሻ (10)ݓ

where ࢝ ൌ ሾݓଵ ݓଶ ݓଷሿࢀ  is a normally distributed white noise vector. The source 
components satisfy two assumptions: i) they are independent and ii) they are sparse. 
The latter property was included in the model, because the EEG source components are 
known to be sparse in the time-frequency domain [16]. For a model of length ܮ ൌ 2000 samples and sampling frequency ܨ௦ ൌ  parameters ܾሺ݊ሻ and ܿሺ݊ሻ ,ݖܪ 200
are a half-sinc and a rectangular function, respectively. For MVAR parameter estima-
tion, the model order is fixed to 2 throughout the process. 

Newborn EEG Data 
We used 20-channel EEG data of four healthy full-term newborns obtained from the 
Department of Children’s Clinical Neurophysiology (Helsinki University Central 
Hospital, Finland). The signals were recorded during sleep with sampling rate of 256 
Hz using a NicOne EEG amplifier (Cardinal Healthcare, USA) and EEG caps (sintered 
Ag/AgCl electrodes; Waveguard, ANT-Neuro, Germany) with positioning according 
to the international 10-20 standard. To capture connectivity in the whole brain network 
associated with visual processing (i.e., postcentral) driven by the visual stimuli, we 
selected ten monopolar channels (Cz as the reference) divided into two groups 
representing left (O1,C3,P3,T3,T5) and right (O2,C4,P4,T4,T6) hemispheres. The signals 
were pre-processed using a 0.1-30Hz band-pass filter and ICA for artifact removal. The 
analysis of functional connectivity was then performed on each hemisphere separately. 

3 Results  

3.1 Simulation 

Testing the tv-OPDC measure on a simulated process described in Eq. (9) demonstrates 
that it outperforms the tv-PDC measure in presence of mutual independent sources. Both 
measures are able to successfully reflect the oscillatory partial connectivity from channel 2 
to channel 1 (ߨଵଶሺ݊, ݂ሻ, Ψଵଶሺ݊, ݂ሻ) as well as the ramp-shaped strength influence from 
channel 3 to channel 1 (ߨଵଷሺ݊, ݂ሻ, Ψଵଷሺ݊, ݂ሻ) (see Fig. 1). According to the model, there is no 
direct coupling from ݕଵሺ݊ሻ to ݕଶሺ݊ሻ and ݕଷሺ݊ሻ, from ݕଶሺ݊ሻ to ݕଷሺ݊ሻ, and also from ݕଷሺ݊ሻ to ݕଶሺ݊ሻ. This fact is reflected to the corresponding OPDC plots with negligible 
T-F values. However, the corresponding PDC plots for ߨଶଵሺ݊, ݂ሻ, ߨଶଷሺ݊, ݂ሻ, ߨଷଵሺ݊, ݂ሻ and ߨଷଶሺ݊, ݂ሻ represent high false positive values. Another strong impact can also be observed 
after applying the proposed approach to the simulated model. The residual connectivity 
values after removing the effect of mutual sources reveal much smaller magnitude than the 
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original PDC values (note the color bars in Fig. 1). This observation originates directly 
from the orthogonalization step in the OPDC measure where the spurious connectivity 
caused by the mutual sources is attenuated.  

 
(a) (b) 

Fig. 1. The connectivity measures extracted from the simulated model. a) time-varying PDC, b) 
time-varying OPDC. The diagonal matrix elements have been set to zero. 

 
(a) (b) 

Fig. 2. Average tv-OPDC measures across four subjects for the occipital-temporal-parietal areas 
from 100 msec to 400 msec post-stimulus, (a) the left hemisphere, (b) the right hemisphere. The 
direction of the information flow and the total mean OPDC value [5-15 Hz, 100-300 msec] is 
presented on top of each map. 

3.2 Time-Frequency Connectivity Analysis on Newborn EEG 

The time-varying connectivity analysis was commenced from 100ms post stimulus to 
cover all cortical components of visual stimuli. Grand mean T-F maps of directional 
interactions within EEG channels at each hemisphere are demonstrated in Fig. 2. 
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An overall inspection of the results in Fig. 2 suggests that there are preferential 
frequencies and directions of information flow in the T-F domain. To quantify the 
visual interpretation of the results, the total mean OPDC value is calculated for each 
plot. The pair-wise OPDC maps, i.e. two maps for each electrode pair (one for each 
direction) can be interpreted as the pure directional ‘coherence spectrogram’ between 
the two electrodes, when the effect of volume conduction is removed. Notably, most 
directed information flow appears to take place at 5-15Hz frequency band, with a 
general decrease in frequency over time. This change in frequency is, indeed, com-
patible with the respective changes in the intrinsic frequency content of the average 
waveform. All graphs show a clear attenuation of interactions towards the end of the 
400ms analysis window. The grand mean OPDC maps (Fig. 2) reveal strong interrela-
tions between the occipital and central lobes at the left hemisphere and between the 
occipital and temporal lobes at the right hemisphere around the central frequency of 10 
Hz (most dominant interactions are O1←C3 and O2←T6). In the whole matrices (left 
and right – 40 maps in total), the dominant electrode pairs involve the occipital elec-
trodes as the sink of information (e.g. O1←T3, O2←T6, O1←C3). In addition, rela-
tively high T-F interactions originate from the temporal lobe and discharge into the 
occipital and parietal lobes (e.g. P3←T5, O1←T5, P4←T6, O2←T4). 

 In the next step, we created three-dimensional connectivity maps of the grand mean 
interactions at 5-15Hz band by selecting three time windows (∆tଵ =100-200 msec, ∆tଶ=200-300 msec and ∆tଷ=300-400msec) depicted in Fig. 3. The figures verify the 
observation from the time-frequency OPDC graphs in Fig. 2 that interactions in the 
network attenuate over time. In the earliest time window (100-200ms), most connec-
tions are active, whereas the interactions weaken towards the end of the analysis time. 
The 3-D maps also imply that long connections travel from the occipital lobe to the 
central regions during the visual stimuli exposed to the newborn brain. 

 
 

 

 

(a) (b)         (c) 

Fig. 3. Color-coded 3-D directed graphs representing the grand mean information flow at (a) ∆tଵ=100-200 msec, (b) ∆tଶ=200-300 msec and (d) ∆tଷ=300-400 msec after the stimulus onset 
within the frequency range of 5-15 Hz. Note the significant decrease of information flow in the 
last time window compared to the first two time windows. Each color-coded arrow shows a 
directed interaction between two electrodes. 
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4 Discussion 

We have demonstrated that tv-OPDC using DEKF is able to track changes associated 
with transient couplings and remove the effect of mutual independent sources within 
the multivariate nonstationary signals. Most of the existing EEG connectivity analysis 
methods assume stationarity of interactions in the underlying signals, while EEG 
signals are well-known to be nonstationary. Also, the effect of volume conduction is a 
problematic issue in EEG signal analysis. Our present work introduces a 
time-frequency framework for functional EEG connectivity analysis to deal with the 
effect of volume conduction, and extracts the sequence of nonstationary information 
flows between EEG channels within sub-second segments. Admittedly this is only 
possible with sufficient signal to noise ratio, which can be achieved by averaging over a 
larger number of trials as was done in our application. 

The effect of EEG montage is an important factor in any studies on EEG connec-
tivity. While we used monopolar montage with Cz reference in this study, other mon-
tages like Laplacian or average referencing should be explored. It would also be useful 
to explore the potential of the tv-OPDC in source space signals [5] when such become 
available with the as yet unresolved, realistic inverse solutions for neonatal EEG [17]. 
Finally, any effect of the number of electrodes in each group on the tv-OPDC measure 
needs more systematic assessment as volume conduction effects may increase with 
higher density of EEG electrodes. 

The time-varying connectivity measure used in this paper support the same pattern 
of information transfer in the newborn brain as well. We could observe some longer 
connections from occipital to temporal and central regions, which is compatible with 
previous steady state VEP studies in adults [18, 19]. The proposed methodology in this 
study from the stimulation paradigm (a routine flash light) and recording system (a 
routine EEG device) to the analysis procedure with computationally reasonable load 
make this paradigm directly applicable for large scale clinical trials. Notably, a directed 
information transfer, called ‘travelling waves’ in the adult literature [20] is considered 
to be sensitive to changes in sub-cortical structures [21]. In the clinical context, it raises 
the potential that our paradigm presented here could be used to assess integrity of the 
sub-cortical structures after acute brain injury, such as birth asphyxia, where diagnostic 
strategies have remained a challenge [22]. It may have applicability through change 
over time in response to therapy and prognostication of long term outcome. 
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