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Causal Influences in the Human Brain
During Face Discrimination: A Short-Window
Directed Transfer Function Approach
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Abstract—In this letter, we considered the application of parametric spectral analysis, namely a short-window directed transfer
function (DTF) approach, to multichannel electroencephalography (EEG) data during a face discrimination task. We identified
causal influences between occipitoparietal and centrofrontal
electrode sites, the timing of which corresponded to previously
reported EEG face-selective components. More importantly we
present evidence that there are both feedforward and feedback
influences, a finding that is in direct contrast to current computational models of perceptual discrimination and decision making
which tend to favor a purely feedforward processing scheme.
Index Terms—Causal influences, directed transfer function
(DTF), electroencephalography (EEG), face discrimination, feedback, feedforward.

I. INTRODUCTION

T

HE neural correlates of face processing in the human brain
have been extensively explored. Several studies, using
electroencephalography (EEG) and magnetoencephalography
(MEG), have already identified two distinct face-selective
components during similar face discrimination tasks [1]–[5].
Specifically, these components were found at 100 and 170 ms
(the well known N170) after the onset of visual stimulation.
Though the implication of these components in face processing is widely accepted, little is known about the causal
relationships of the areas involved in their generation. Popular
models of perceptual discrimination and the subsequent decision making (i.e. accumulator and diffusion models) [6]–[9]
propose a purely feedforward processing stream between sensory and decision areas.
The directed transfer function (DTF) method has been shown
to be a robust tool in estimating direction of information flow
in biological systems as a function of frequency [10]–[14]. In
this paper we use a short-time window DTF approach [15], [16]
to analyze EEG data collected during a face discrimination task
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in order to identify the flow of neural information during face
discrimination.
II. METHODS
A. Behavioral Paradigm
Six subjects performed a simple face-versus-car discrimination task. Images of faces and cars at two different difficulty
levels were presented in random order. We adjusted the difficulty level by changing the percent phase coherence of our images [17] [see Fig. 1(a)]. All subjects performed nearly perfectly
at the highest phase coherence and just above psychophysical
threshold for the lower coherence level (i.e. 85% correct). Images were presented for 30 ms and followed by an interstimulusinterval which was randomized in the range of 1500–2000 ms.
Subjects reported their decision by pressing a mouse button
using their right hand.
B. Data Acquisition
EEG data was acquired from 60 Ag/AgCl scalp electrodes.
All channels were referenced to the left mastoid with input
impedance
and chin ground. Data was sampled
at 1000 Hz with an analog pass band of 0.01–300 Hz using
12 dB/octave high-pass and eighth-order Elliptic low pass filters. Subsequently, a software-based 0.5 Hz high-pass filter was
used to remove DC drifts and 60 and 120 Hz (harmonic) notch
filters were applied to minimize line noise artifacts. Artifacts
such as eye blinks, and horizontal and vertical eye-movements
were removed using a principle component analysis approach
[18].
C. Data Analysis
1) Directed Transfer Function: In the context of a
multivariate autoregressive model (MVAR) we defined
the measurement from
channels at time
as
and assumed this is adequately
described by the following th-order equation:
(1)
denotes a
To estimate
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zero-mean uncorrelated noise vector
. Matrices
are of size
.
we multiplied (1) by
, where
, to obtain the Yule-Walker equations
(2)
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Fig. 1. (a) Sample images used in our face-versus-car discrimination task. (b) AIC as a function of model order computed in a representative 50-ms window. The
shape of the curve is similar for all other windows. (c) Average ERP scalp maps for the two face-selective components at 100 and 170 ms after stimulus onset.

Fig. 2. (a) Normalized DTF as a function of frequency for a representative electrode pair (PO8-FC2) 100 ms after stimulus onset. (b) Normalized DTF, averaged
in the frequency range 1–12 Hz, as a function of time. Each data point was computed by sliding a 50-ms window across time in 5-ms increments. For both figures,
the solid lines indicate the feedforward influence, while the dotted lines indicate feedback.

are the covariance matrices of all
of lag . We solved these equations using a least squares
approach based on QR-factorization [19].
Transforming (1) to the frequency domain yields
, where
with
( : identity matrix). Equation (1) can then be
rewritten as

(3)
and the
The transfer function of the system is denoted by
DTF which represents the causal influence from channel to
channel is defined as

(4)

The normalized DTF [20] then becomes

(5)
To estimate the correct model order we used the Akaike
Information Criterion (AIC) [21] defined as,
, where denotes the covariance
and
the total number of
matrix of the noise vector
data points from all trials. We determined that order
is sufficient since there is little change in the AIC beyond that
value [Fig. 1(b)].
2) Short-Time Window Directed Transfer Function: As menthe covariance matrices ( ’s)
tioned above, to estimate
are required. However, for a shortof the measurement
time window, typically 50 ms in length [10], [16], there are not
enough data points to provide good estimates. To overcome this

2604

IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 53, NO. 12, DECEMBER 2006

Fig. 3. Group results summarizing the directional influences between all electrode sites included in the MVAR analysis for (a) the 100-ms face component and
(b) the 170-ms face component. Only significant connections (as assessed by the bootstrap technique) are shown. Note that for the 100-ms component the majority
of the connections are feedforward. For the 170-ms component all significant connections are feedback.

problem several realizations of the same process are required
(i.e. several trials) in order to average across all of them to obtain final estimates for the ’s [16]. Therefore we used several
hundred trials (across both difficulty levels and across all subjects) to obtain reliable estimates of the ’s and subsequently
of
.
III. RESULTS
We computed event-related potentials (ERPs) by averaging
all face trials across all subjects. In order to visualize the spatial
extent of the face-selective ERP components we constructed
average ERP scalp maps [Fig. 1(c)]. As expected we were
able to identify the two face-selective components at 100 and
170 ms poststimulus. Note that the spatial distribution of activity is very similar between the two time points, however, the
polarity of the ERPs is reversed. Specifically, strong activations
are seen at several centrofrontal and occipitoparietal electrode
sites. We only included electrodes from these sites into the
MVAR process. Specifically, we used a total of 22 electrodes;
10 from centrofrontal locations and 12 from occipitoparietal
sites (see Fig. 3).
A. DTF Analysis of the EEG
We used the short-time window approach outlined above
] across time by
to compute the normalized DTF [i.e.,
sliding a 50-ms-long window (in 5–ms increments) starting at
the onset of visual stimulation. For this analysis we used a total
of 960 trials across all subjects and both difficulty levels. Prior
to carrying out the MVAR modeling, however, we performed
two preprocessing steps on the EEG data. First, we aligned all
trials to the onset of the stimulus and subtracted the temporal
mean of the entire trial and divided by the standard deviation
(on an electrode-by-electrode basis). This step ensured that
each trial was given an equal weight in the model estimation.
Second, we subtracted the ensemble mean from each trial
and we divided by the ensemble standard deviation (on a

point-by-point basis). This step ensured that the non-stationarities embodied in the ensemble mean and standard deviation
respectively were removed.
Fig. 2(a) shows an example of the causal influence from
channel PO8 to channel FC2 and vice versa at 100 ms poststimulus. In the frequency range 1–12 Hz there is a significant
influence from the occipitoparietal site (PO8) onto the centrofrontal location (FC2) (solid line) whereas the opposite
(dotted line) is not true. Note that, in the context of the EEG,
this frequency range, can be considered physiologically realistic. Specifically, it includes the delta (1–4 Hz), theta (4–8 Hz),
and alpha (8–12 Hz) bands which have been associated with
different cognitive events such as attention, memory, and target
detection [22]–[24].
In order to visualize the temporal evolution of the causal relationships between all electrode locations in our MVAR model
we computed the average normalized DTF in the frequency
range 1–12 Hz for each of the several 50-ms sliding windows.
Fig. 2(b) shows one such example for the same electrode pair.
Interestingly, we were able to identify a causal influence from
occipitoparietal sites to centrofrontal locations which began
about 100 ms poststimulus. The feedback influence did not
arise until 70 ms later, around 170 ms. In principle, it is expected that higher processing areas will begin influencing lower
processing areas after first receiving information from them.
Our results not only appear to be consistent with this hypothesis
but the timing of these effects are perfectly consistent with the
two face-selective components previously reported for similar
behavioral tasks [1]–[5].
B. Statistical Analysis and Group Results
In order to establish statistical significance for the DTF peaks
seen in all of the electrode-pair influences we used a bootstrap
resampling technique. Specifically, we randomly resampled all
of the 960 trials 100 times, each time re-computing the normalized DTF. We compared the maximum value of each peak (at a
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particular time point) against the corresponding DTF bootstrap
.
distribution to determine significant peak values
We used this technique to determine all of the significant
electrode-pair influences at the two times of interest (i.e. 100
and 170 ms poststimulus) in order to summarize the overall
causal relationships between centrofrontal and occipitoparietal
sites during face processing. Fig. 3(a) and (b) represents the directional influences for the 100- and 170-ms time windows respectively. Solid lines represent the forward influence from occipitoparietal electrode sites to centrofrontal locations while the
dotted lines indicate the feedback influence. It is clear that the
majority of the directional influence at the earlier time (100 ms)
are feedforward and for the later time (170 ms) are feedback.
In addition the relative number of these influences suggests
that there are more significant relationships at the later time (and
with a right hemispheric bias) than there are for the earlier one.
This is not surprising since many EEG/MEG studies have shown
the importance of the N170 over the 100-ms component during
face processing [2], [3], [5]. There are also several reports of a
right-hemisphere bias for the N170 component [25], [26].
IV. CONCLUSION
In this work we took advantage of a short-window DTF approach, to identify the directional influences between different
EEG electrode sites during a face discrimination task. Using this
technique we were able to infer the causal relations of EEG components that have already been implicated in face processing
(the 100- and 170-ms poststimulus components) [1]–[5]. Specifically, we have presented evidence that the majority of causal
influences 100 ms after the onset of visual presentation follow
a feedforward direction from occipitoparietal to centrofrontal
electrode sites. It is not until 70 ms later (N170 component) that
centrofrontal locations begin to exert influences, that can be interpreted as feedback, on occipitoparietal sites. These findings
are in direct contrast to popular computational models of visual
discrimination and the subsequent decision making [6]–[8] that
favor purely feedforward processing.
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