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Abstract

Many studies have layed out the neural correlates of

perceptual decision making. It has been found that sev-

eral cortical regions are involved in the decision-making

process, but how the different regions interact to pro-

duce the final decision is unclear. At the beginning of

the decision, the emphasis lies on shuttling information

from perceptual regions to regions in which evidence

accumulation takes place, while towards the end, the

accumulated evidence has to be transferred to regions

that implement the motor response. In EEG, interac-

tion between brain regions is thought to be reflected

in synchronization of brain oscillations. Since previous

studies have shown that the dynamics of evidence ac-

cumulation for perceptual decisions is reflected in the

amplitude of 4-9 Hz theta oscillations, the focus was on

whether different stages of the decision process would

show a shift in patterns of synchronization in this fre-

quency band. Using two different methods of comput-

ing oscillatory synchronization, the results showed that

there was indeed a difference between the set of syn-

chronized regions at the beginning vs. the end of the

decision.

1 Introduction

Perceptual decision making is the process in which
a decision is made based on input stimuli resulting
in a motor action. It is the process of choosing
one option from a set of possible actions, given
the available sensory evidence (Heekeren et al.,

∗University of Groningen, Department of Artificial Intel-
ligence

2008; Gold & Shadlen, 2007; Platt, 2002). Many
studies have examined the neural correlates of
perceptual decision-making and it is thought that
several wide-spread cortical regions are involved
at different stages of the decision-making process.
To come to a decision, a lot of information needs
to be transferred between those regions, but how
those regions interact to produce the final decision
is unclear. In this study, we try to reveal the
interactions behind the complicated mechanisms
of information transfer present in a decision by
looking at synchronization.

It is thought that in the beginning of a per-
ceptual decision, the information-processing is
stimulus-oriented and that during this stage,
information is transferred from visual stimulus
areas to areas responsible for the accumulation
and integration of sensory evidence, so called
integration areas. At the end of the decision, just
before the response, it is thought the brain is
engaged in more response-focused processing. In
this response-focused stage, information of the
accumulated evidence is shuttled from integra-
tion areas to motor areas in order to prepare a
response (Usher & McClelland, 2001; Siegel et al.,
2011). The mapping of the sensory evidence onto
the evolving action plans is thought to be mediated
by large-scale oscillations in widespread networks
centered in prefrontal and parietal regions and
it has been proposed that the posterior parietal
cortex may serve as a hub integrating the large-
scale processes mediated by these networks (Siegel
et al., 2011). In order to come to a decision, it
is therefore necessary that a lot of information is
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transferred between these areas. Studies of brain
oscillations have found that the transmission of
information between local and large-scale cortical
regions is reflected in synchronization of brain
oscillations (Varela et al., 2001; Fries, 2009). When
oscillations are synchronized, they become strong
enough to be detectable on the scalp and can then
be measured using scalp EEG.

Studies of perceptual-decision making have
found that neuronal oscillations play an important
role in cortical information processing and that
oscillations in different frequency bands medi-
ate different subprocesses of perceptual-decision
making. It has for example been found that fast
oscillations in the EEG signal (in the high gamma-
band) within local networks reflect the encoding
of sensory evidence and evolving motor plans and
that synchronized oscillations at lower frequencies
(low gamma- and beta-band) across large-scale
cortical networks mediate the integrative processes
connecting these local networks (Siegel et al.,
2011). While earlier studies extensively discussed
oscillations in the 28-90 Hz gamma band in
the context of perceptual decision-making tasks
(see Fries (2009) and Wang (2010) for detailed
reviews), a growing body of evidence suggests that
cortical theta oscillations might have a fundamen-
tal role in perceptual decision making. It has been
found that stimuli are best perceived at certain
phases of the on-going 4-9 Hz theta oscillation
than at other phases (Busch & VanRullen, 2010).
Also, (Womelsdorf et al., 2010) suggested that the
structured retrieval of choice-relevant information
around decision points might be regulated by
cortical networks engaging in theta rhythmic
states. A prominent finding is that the dynamics
of evidence accumulation correlate most strongly
with oscillations in the 4-9 Hz theta-band (van
Vugt et al., 2012).

Because synchronization reflects the transmis-
sion of information and because oscillations in
the theta-band reflect evidence accumulation, it
seems plausible that synchronizations of theta-
oscillations measured in posterior electrodes,
covering occipital areas, and parietal electrodes
covering integration areas should be synchronized
early in the decision, while at the end, one could
expect to find synchronization between electrodes

covering integration areas and electrodes above
motor areas. It is thus expected that the EEG
data during a perceptual decision making task
show a shift from stimulus-focused patterns of
synchronization early in the decision, to more
response-focused synchronization at the end of the
decision.

In this study, we examine the patterns of theta-
synchronization present at different stages of a per-
ceptual decision. Differences between the synchro-
nization of theta oscillations at the beginning and
the end of the decision are layed out. We also ex-
amine what the effects of task difficulty are on
the patterns of synchronization. The expectation
is that EEG data of a perceptual decision-making
task show a shift from synchronization of stimulus
areas with integration areas in the beginning, to
synchronization of motor areas with integration ar-
eas at the end of the decision. This work not only
gives insights in the underlying synchronization as
a means of information transfer between cortical
regions, but also contributes to our understanding
of the role of theta oscillations in human decision
making.

2 Methods

In this study, two methods were used to examine
the patterns of synchronization over the course of a
perceptual decision-making task. The first method
computes the phase-synchronization and the sec-
ond method uses the coherence as a measure of
synchronization. The important difference between
the two methods is that the first method looks at
all possible combinations of electrodes, forcing us
to make a hypothesis-driven choice of a subset of
electrodes to look at because of computational rea-
sons, while the second method uses a data-driven
clustering of electrodes to overcome computational
issues.

2.1 Task

To examine the question of whether patterns of syn-
chronization shift over the course of a perceptual
decision-making task, EEG data of a random dot
motion task (Britten et al., 1992) were analyzed.
The EEG data used for this study were previously
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published in van Vugt et al. (2012). In the decision-
making task, participants had to judge the direc-
tion of motion (left or right) of a display of ran-
domly moving dots of which a percentage moved
to the left or right. White dots (2x2 pixels) moved
on a black background in an aperture of ∼7.6 cm
diameter viewed from ∼100 cm (∼4° visual angle).
A subset of dots moved coherently to the left or
right, whereas the rest of the dots jumped randomly
from frame to frame. Motion coherence was defined
as the percentage of coherently moving dots. The
dot density was chosen such that individual dots
could not easily be tracked (17 dots/square degree).
Dots moved at a speed of approximately 7°/s. Par-
ticipants had to indicate their response by pressing
the “Z” key with their left index finger when dots
moved to the left, or the “M” key with their right
index finger when dots moved to the right.
Participants also performed a control task in which
the integration of motion evidence was not neces-
sary (non-integration condition). Trials in this con-
dition started with dots moving entirely random
(0% coherence), followed by an arrow indicating the
direction of the motion.
The arrow onset time was calibrated by subtract-
ing the average time required for pressing a button
in response to a stimulus (“signal detection trials”)
from the RT distributions from previous blocks in
the non-integration condition. This way, the dot-
motion-viewing times mirrored the response time
of the dots trials.
For this study only the trials with moving dots (tri-
als of the integration condition) were selected. Ar-
row trials and signal detection trials were removed,
because no integration was present in those trials.
Trials for the easy and difficult condition were col-
lapsed for our analyses.

2.2 Participants

Twenty-three participants (12 female; 21 right-
handed; mean age 25; range 18-38) participated
in the experiment in exchange for payment. The
experiment was approved by the Institutional Re-
view Board of Princeton University. Participants
engaged in three separate hour-long training ses-
sions, during which EEG was not recorded, in which
they became familiar with the task. At the begin-
ning of each training session, participants had to
perform the task on a psychometric block (with

fixed viewing times of 1000 ms and five different
coherence levels). The performance on this psycho-
metric block was used to determine the coherences
at which the participant performed at ∼70 and
90% correct. For the remainder of the training ses-
sion those coherence levels were used and the co-
herences from the last training session were used
for two main EEG sessions, during which EEG was
recorded.

2.3 EEG recordings

EEG was measured for 128 channels using Neu-
roscan EEG caps with a Sensorium EPA-6 ampli-
fier. The sample rate at which the data were dig-
itized was 1000 Hz and data were band-pass fil-
tered from 0.02 to 300 Hz; all impedances < 30 kΩ.
Cogniscan software was used for data acquisition.
Channels used for the monitoring of eye movements
were removed from the dataset, leaving 116 chan-
nels in total.

2.4 EEG analyses

Most of the EEG analyses were done using func-
tions in the Fieldtrip toolbox. Fieldtrip is an open
source toolbox which supplies a set of high-level
functions to do MEG/EEG analysis (Oostenveld et
al., 2011). All code was written in MATLAB.

2.5 Artifact detection and removal

Artifacts are effects in the EEG signal that are not
produced by the brain, but emerge from activity
somewhere else in the body or environment, for
example activity due to line noise from electrical
equipment, eye blinks or eye movements. In this
study, two different kinds of artifacts were removed
from the data. The data were thresholded and eye-
blink artifacts were removed. Both steps are ex-
plained below in detail. Removing line noise from
the data was not relevant because only the theta
frequency band (4-9 Hz) was studied and line noise
is present at much higher frequencies (50-60 Hz)
than frequencies of the theta band.

2.5.1 Step 1: Thresholding

The first step in the rejection of artifacts was
thresholding the EEG signal. By visually inspect-
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ing the EEG data, the acceptable range of values for
the EEG signal was chosen to be -140 mV to 140
mV. Because eye-blink artifacts always produced
activation above the threshold and because those
were going to be removed in a later ICA analy-
sis, frontal electrodes were not thresholded. For all
other electrodes, the trials in which the EEG data
exceeded the threshold were marked as artifactual
and then removed from the signals of all electrodes.
Data of participants for whom more than 25% of
the initial trials was rejected due to artifacts, were
thought to be too weak and were removed from the
dataset. Table 1 shows for each participant the per-
centage of removed trials due to artifacts. Data of
participants 9 and 10 were removed completely.

Table 1: Percentage of trials removed due to ar-
tifacts

Participant % trials removed

1 8.8
2 0.9
3 3.2
4 4.9
5 14.0
6 1.9
7 4.1
8 3.0
9 66.8
10 51.8
11 21.8
12 12.9
13 20.6
14 0.5
15 8.5
16 1.1
17 20.7
18 1.8
19 8.5
20 5.1
21 1.8
22 1.8
23 8.6

2.5.2 Step 2: Independent component anal-
ysis

Artifacts are usually present in the signal of multi-
ple electrodes, because EEG electrodes include ac-
tivity generated within large underlying brain ar-
eas. EEG electrodes thus often contain a lot of re-
dundant information. It would therefore be use-
ful to isolate artifacts based on their projection
to overlapping electrode subsets. This is exactly
what ICA does. ICA separates the EEG signal into
components which are maximally independent of
each other. This method works particularly well
for eye-blink artifacts, because those artifacts have
a very stereotyped temporal and spatial pattern.
Eye-blinks show characteristic large deflections in
frontal electrodes. The advantage of ICA is that it
can isolate a wide range of artifacts to a few com-
ponents while removing them from all remaining
components (Makeig et al., 1996). For all partici-
pants, the eye-blinks were isolated from all other
components and were then removed from the data,
after which the ICA components were transformed
back into the original space.

2.6 Determination of regions of in-
terest

In this study, the main focus was on what the
synchronized brain networks are during different
stages of the decision-making process. It is thought
that perceptual processing of a visual stimulus
occurs in the beginning of the decision-making
process, and that the most important components
of this perceptual processing are visible in the
EEG signal within 200 ms after the presentation
of a stimulus (Luck, 2005; Rauss et al., 2011;
Di Russo et al., 2002). We therefore chose the time
interval to investigate the EEG signal related to
the processing of the stimulus to be the first 200
ms after stimulus onset. The time interval for the
response-related activity was chosen to be the 200
ms leading up to the response, because it is thought
that at the end of the decision-making process the
most important information processing is done by
motor areas and because important components
of the preparation of a motor response, like the
pre-motion positivity (positive activity peak at
100 ms before the response) and motor potential
(activity peak at 40-10 ms before the response),
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are usually visible in the response-related activity
within 200 ms prior to the response (Deecke et al.,
1969).

Because of the assumption that early in the de-
cision the information processing is focused on the
processing of the visual stimulus, it is expected that
posterior electrodes covering regions of the visual
cortex should show activity peaks in the beginning
of the decision, and because it is thought that at
the end of the decision the information processing
is response-focused, it is expected that central elec-
trodes covering motor areas should show activity
peaks at the end of the decision.
To check the assumptions that early in the deci-
sion posterior electrodes covering the visual cor-
tex and at the end of the decision central elec-
trodes covering motor areas should show activ-
ity peaks, the event-related potentials (ERP) were
computed for the stimulus-related EEG activity
and the response-related EEG activity. An ERP
is the average of EEG activity time-locked to a
sensory, cognitive or motor event (Coles & Rugg,
1995). To compute the stimulus-locked ERP, all
trials for a participant were aligned at stimulus on-
set and the stimulus-locked ERP for a participant
was then computed by averaging over all trials for
the time interval of 200 ms after stimulus onset.
To compute the response-locked ERP, the trials
were aligned at the response, because the reaction
time of a participant differed for every trial. The
response-locked ERP was then computed by aver-
aging over all response-aligned trials, using the time
interval of 200 ms before the response. To deter-
mine the general brain state at the time of stimulus
onset and response production, the grand average
ERP was computed for the stimulus-locked event
and the response-locked event, which is the aver-
age ERP signal over all electrodes, all trials and all
participants. Also, topoplots of the stimulus-locked
and response-locked ERPs were made to investi-
gate which electrodes show activity during those
time-locked events.

2.7 Computation of phase-
synchronization

The first method that was used to investigate the
patterns of synchronization computes the phase
synchronization between the EEG signals. Phase

synchronization measures the relation of the tem-
poral structures of the signals regardless of sig-
nal amplitude. Two signals are phase-synchronized
when they enter into phase-locking over a period of
time (Lachaux et al., 1999). To compute the phase-
locking between the EEG signals and to determine
which phase-locking values were significant, we im-
plemented phase-locking statistics (PLS) described
in Lachaux et al. (1999, 2000). In the first step of
PLS, the instantaneous phase is computed for sig-
nals x and y of every electrode combination (x, y).
Next, phase-locking values are computed by av-
eraging the phase difference between the signals
over all trials. Third, phase-locking statistics are de-
termined by comparing the original phase-locking
values to a set of surrogate phase-locking values
(pseudo-random phase-locking values).

2.7.1 Computation of instantaneous phase

In order to compute the phase-locking of signals,
the phase and amplitude had to be separated. One
way to extract the phase from a signal is by con-
volving the EEG signal with a Gabor or Morlet
wavelet. The data was wavelet-transformed in the
theta (4-9 Hz) frequency band using six-cycle Mor-
let wavelets. Morlet wavelets were used because
they are well-suited for analyzing human EEG
data, because the sinusoidal shape of the wavelet,
which tapers at the end, matches the signal one
expects to extract from the EEG signal (Schiff et
al., 1994). Furthermore, Morlet wavelets have an
optimal trade-off between temporal and frequency
resolution for EEG data (van Vugt et al., 2007).
Six-cycles are often used for the analysis of EEG
data (Caplan et al., 2001).
Morlet wavelets were computed using the Fieldtrip
function ft freqanalysis. After the transformation
of the EEG signals with the Morlet wavelet, the
phase of the signals was extracted from the coeffi-
cients of their wavelet transform.

2.7.2 Computation of phase-locking values

The phase-locking value (PLV) between two signals
x and y measures the variability of the phase dif-
ference at time t and frequency f over all trials:
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PLV (f, t) = | 1

Ntrial

Ntrial∑
trial=1

exp(j(φy, trial(f, τ)

−φx, trial(f, τ)))|
(2.1)

where φ is the phase and Ntrial is the total num-
ber of trials. By dividing the sum of the phase dif-
ferences of all trials over the total number of tri-
als, the PLV has a normalized index. If the dif-
ference in phase between the signals is approxi-
mately the same for all trials, the average differ-
ence will be close to zero, and PLV will be close
to 1 (PLV = 1 when phases are perfectly phase-
locked). If the phase difference varies a lot across
the trials, PLV will be close to zero. The code to
compute the phase-locking values can be found in
Appendix A.

2.7.3 Computation of surrogate phase-
locking values

Surrogate phase-locking values were computed
from the same signals x and y, but after permuting
the order of the trials in y. This way, surrogate data
were created with the same distribution and char-
acteristics as the original signals but without any
connection between the signals x and y. Twenty-
four electrodes were used in the computation of sur-
rogate phase-locking values instead of all 116 elec-
trodes because of memory limitations (Computing
200 surrogate phase-locking values for 13456 elec-
trode combinations was not possible). The selected
electrodes were: 91, 92, AF7, AF8, F3, F4, FZ, FC3,
FC4, C5, CZ, C6, 120, 69, P5, PZ, P6, 110, 112, O1,
O2, 101, 106, 124, covering the major areas of the
scalp. For every electrode combination (x, y), the
phase-locking value between x and y was computed,
and 200 different permutations of y were created to
compute a set of 200 surrogate phase-locking val-
ues.
Phase-locking statistics were then computed by
comparing the original PLV to the 200 surrogate
phase-locking values of the corresponding electrode
combination. A significant PLV should be larger
than most of the distribution of surrogate PLVs.
Because the computation of the significance of the
PLV between all combinations of 24 electrodes in-
volved many t-tests, a False Discovery Rate pro-

cedure was used to compute the significance level
of p = 0.005. A False Discovery Rate procedure is
a statistical method to correct for multiple com-
parisons. The False Discovery Rate is a method to
correct for multiple comparisons, but this method is
much less stringent on a false discovery than com-
mon multiple comparisons methods like the Bon-
feronni correction, but which at the same time has
much larger power than a Bonferonni correction,
especially for a great amount of comparisons (Ben-
jamini & Hochberg, 1995). A False Discovery Rate
of 0.01 was used, which indicates that on average
1 in 100 of the significant effects that are found
is a false positive. The code to compute surrogate
phase-locking values and phase-locking statistics
can be found in Appendix B.

2.8 EEG coherence analysis:
FuMapLab

A second method was used to explore the patterns
of synchronization over the course of a perceptual
decision-making task. For this second method, in-
stead of using the phase-locking value as a mea-
sure of synchrony, the coherence measure was used.
A data-driven approach was chosen to overcome
the computational constraints encountered in the
hypothesis-driven method for the computation of
the phase-synchronization. We used the method
from ten Caat et al. (2007), who developed a
data-driven method for the computation and vi-
sualization of high-density EEG coherence using
functional units (FUs) as regions of interest. The
method is implemented in FuMapLab, which is a
Matlab toolbox for the visual analysis of multichan-
nel EEG coherence (ten Caat et al., 2008).

2.8.1 Computation of functional units for
individual participants

Because the oscillations of a single source are
usually recorded by multiple EEG electrodes,
it makes sense to first compute sets of multiple
electrodes which are spatially connected and which
record similar signals, called functional units,
and then compute the connections between those
functional units. This is exactly what FuMapLab
does. Without the intention of describing the
graph theory behind FuMapLab in full, a few basic
steps in the procedure are pointed out.
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FuMapLab starts with computing the coherence
graph for every participant. This is a graph in
which electrodes are represented by vertices and
significant coherences between electrodes are
represented by edges. Significant coherences were
determined by comparing the coherence values to
a significance threshold. The significance threshold
for the coherence is given by θ = 1 − p1/(L−1) in
which L is the amount of trials for the participant
and p is a probability value associated with a
confidence level α, such that p = 1 − α (ten
Caat et al., 2007). For this study, the dataset for
each participant consisted of 50 trials (L = 50).
Trials were selected based on the corresponding
response time. We only selected trials for which
the response time was below 1000 ms, because
a high response time for a trial might indicate
that the participant was distracted from the task
at hand. The same probability value was used as
in the computation of significant phase-locking
values: p = 0.005, which resulted in a coherence
threshold of θ = 1− 0.0051/(50−1) = 0.1025.

After the computation of significant coherences
between all electrodes, the functional units were
computed. A FU is represented in the EEG co-
herence graph by a set of spatially connected ver-
tices which form a ‘clique’. A clique is a subset
of electrodes in which all electrodes are connected
to each other, based on whether or not the coher-
ence between the two electrodes crosses a signifi-
cance threshold. In order to compute the functional
units, the spatial relationships between the elec-
trodes had to be determined first. This is done in
FuMapLab by partitioning the space of electrodes
into a number of cells using a Voronoi diagram.
Each cell is a region with one electrode as a cen-
ter and the cell encloses all points which are clos-
est to this center electrode. Two cells are neigh-
bors if they have a boundary in common. After the
computation of the spatial relationships between
all electrodes, functional units were detected based
on a maximal clique-based method, which means
that FUs were detected which are as large as possi-
ble. Every cell was allowed to be part of one func-
tional unit. For a complete description of how the
functional units were computed using the maximal
clique-based method, the reader is referred to the
paper of ten Caat et al. (2007). To find the over-
all patterns of coherence in the coherence graph of

an individual participant, connections between all
functional units were computed. To compute which
inter-FU connections were significant, the same co-
herence threshold was used as for the determination
of the initial coherences.

2.8.2 Visualizing the functional units

After the computation of the connections between
the functional units, FuMapLab visualizes the FUs
in a so called FU map. In such a map, each FU
is visualized as a set of cells with the same gray
value, and different gray values for different func-
tional units. If the coherence between two func-
tional units exceeded significance threshold, a line
was drawn between the centers of the functional
units. The significance threshold was consistently
chosen to be equal to the significance threshold of
the individual coherences.

2.8.3 Group analysis

After the analysis of EEG coherence for individual
participants, FuMapLab performs a group analysis
to investigate the general patterns of EEG coher-
ence over all participants. First, the group mean
coherence was computed by taking the mean of the
coherences for all electrode pairs over all partici-
pants. The group mean coherence was then visual-
ized by plotting a group mean coherence map. Only
the edges with a coherence value greater than the
coherence threshold were plotted. Once again, the
same threshold was used as for the individual co-
herences (ten Caat et al., 2008). Second, the group
FU size map was computed which visualizes the
average FU size for every electrode across a col-
lection of individual FU maps, which emphasizes
those electrodes that are often part of a large FU
in the individual subjects (ten Caat et al., 2008).

3 Results

3.1 Event-related potentials for the
stimulus-processing interval and
response interval

First the assumption was tested that early in the
decision, information processing should take place
in visual stimulus areas and that at the end of the
decision, just before the response, the information

7



processing should be found in motor areas. If this
assumption is correct, we should find the focus of
activity in posterior electrodes at the beginning of
the decision, covering visual stimulus areas and at
the end, we should find activity in central and pari-
etal electrodes, covering motor areas.
Figure 1 shows the stimulus-locked and response-
locked event-related potentials, with correspond-
ing topoplots. In Figure 1A, the grand average
stimulus-locked ERP (in µV) is plotted for the first
200 ms after stimulus onset. Two activity peaks are
present in the stimulus-locked ERP: One negative
activity peak around ∼120-130 ms, and one posi-
tive peak of activation at ∼150-170 ms. These acti-
vation peaks are possibly related to motion onset.
These results correspond to evidence from previous
studies, which found that two activity peaks re-
lated to motion onset should be visible in a motion
discrimination task in the first 200 ms after stim-
ulus onset (Kuba & Kubová, 1992; Prieto et al.,
2007). Figure 1B shows the topoplot corresponding
to the stimulus-locked ERP. The focus of activation
peaks is mainly found in posterior electrodes, cov-
ering occipital areas. The grand average response-
locked ERP is shown in Figure 1C. The course of
the response-locked ERP shows a drop of activ-
ity around ∼100 ms before the response. After this
negative peak, theta power increases until just be-
fore the response, after which the power decreases,
consistent with results of earlier studies (Jacobs et
al., 2006; Deecke et al., 1969). Figure 1D shows the
topoplot for the response-locked ERP. The focus
of activity for the response-locked ERP is found
above central and parietal electrodes, as expected.
These results confirm the assumption that poste-
rior electrodes should show activity peaks at the
beginning and that central and parietal electrodes
should show activity peaks at the end of the de-
cision, reflecting stimulus-related processing at the
beginning and response-focused processing at the
end of the decision.

3.2 Relationship between PLV and
PLS

Before launching into the analysis of phase synchro-
nization in the beginning and end of the decision,
the relationship between the phase-locking values
and the phase-locking statistics was analyzed to
check if the results matches the expected outcome.

If the method presented in this study is correct,
an increasing PLV should be accompanied by an
increasing significance of the PLV, and therefore
lower values of PLS.
The bottom plot in Figure 2 shows the relationship
between the values of PLV and the values of PLS.
As one can see, PLS decreases as PLV increases,
as expected. The top left figure in Figure 2 shows
the phase waveforms of two signals x and y for
which a low PLV was found (PLV = 0.1761). The
waveforms oscillate out of phase, consistent with
the assumption that two waveforms that oscillate
out of phase should have a low phase-locking. The
top right figure in Figure 2 shows two signals for
which a high PLV was found (PLV = 0.8223). The
waveforms show a high phase-locking, which is to
be expected when a high PLV is found. These re-
sults confirm that phase-locking statistics is a vi-
able method to compute phase synchronization.

3.3 Phase synchronization for the
beginning and end of the deci-
sion

After having confirmed that the method to com-
pute phase synchronization works, the patterns of
phase synchronization were analyzed by examining
topoplots of significantly phase-locked electrode
combinations. We will first describe the results by
visually inspecting the topoplots for the different
conditions of task difficulty for the beginning and
end of the decision, after which the differences
will be tested formally. The expectation was that
we should find strong phase-locked connections
between electrodes above stimulus areas and
integration areas early in the decision, and that we
should find strong connections between integration
areas and motor areas towards the end of the
decision.
Figure 3 shows the topoplots for the beginning
of the decision (0 - 200 ms after stimulus on-
set, left column) and end of the decision (200
ms previous to the response, right column) for
electrode combinations for which a significant
phase-locking statistic was found. The color of
a connection between two electrodes indicates
the strength of the phase-locking value. Only
phase-locking values larger than 0.4 were plotted.
The first row shows the topoplots for the high
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Figure 1: Stimulus and response-locked event-related potentials (ERPs) (A) Grand average
stimulus-locked ERP (i.e. average across all electrodes, all trials and all participants, 0 - 200
ms after stimulus onset). (B) Topographic plot of ERP amplitude for the stimulus-locked ERP in
(A). (C) Grand average response-locked ERP (time interval of 200 ms previous to the response).
(D) Topographic plot of ERP amplitude for the response-locked ERP in (C).

9



Figure 2: Relationship between the PLV and PLS (bottom plot) with the least-squares line through
all values of PLS (red). Two signals x and y are shown for a low phase-locking between the signals
(top left, PLV = 0.1761) and for a high phase-locking between the signals (top right, PLV = 0.8223).

coherence (easy) condition. The topoplots for the
low coherence (hard) condition are shown in the
second row. At first sight, the topoplots seem
to resemble each other a lot. However, there are
important differences when we look at the details.
We first notice that in the high coherence (easy)
condition, more combinations of electrodes show
significant phase-locking than in the low coherence
(hard) condition. This is rather unexpected. One
would expect more synchronization in general for
the low coherence condition, because the task is
harder than for the high coherence condition, and
so more evidence accumulation needs to take place.

For both the beginning and end of the de-
cision, a few connections with strong phase-

locking (PLV > 0.7) were found between electrodes
above occipital, parietal and frontal areas. How-
ever, the more interesting connections of phase-
synchronization were found for phase-locking val-
ues between 0.4 and 0.7. For example, as we can
see from the topoplots for the low coherence condi-
tion, more electrode pairs above parietal areas show
significant phase-locking than at the end. Further-
more, the connections between parietal electrodes
which are significantly phase-locked both in the be-
ginning and at the end have a higher phase-locking
at the beginning, indicated by colors higher on the
colorbar. These strong parietal connections possi-
bly reflect the processing of the stimulus and the
accumulation of evidence in integration areas in
the beginning of the decision. For the high coher-
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ence condition, more significant connections were
found above parietal areas at the end with respect
to the beginning of the decision, but all connec-
tions were weaker at the end than at the begin-
ning. At the end of the decision, more significant
connections are found between parietal electrodes
and medial-frontal electrodes, possibly above mo-
tor areas, with respect to the beginning. Connec-
tions between electrodes above occipital areas and
parietal areas are approximately the same for both
the beginning and end of the decision, although the
connections were stronger in the beginning of the
decision. These results show that electrodes above
integration areas show stronger synchronization in
the beginning than at the end of the decision, and
that connections between electrodes above integra-
tion areas and motor areas show stronger synchro-
nization at the end of the decision. Thus, the results
are in agreement with our hypothesis that states
there is a shift from stimulus-focused processing in
the beginning, to more response-focused processing
at the end of the decision, visible in the phase syn-
chronization of oscillations in the theta frequency
band.

3.3.1 Differences of phase synchronization
between the beginning and end of the
decision

After the patterns of theta-synchronization were
computed, we wanted to compare the differences
between the early and the late interval and be-
tween the two task difficulties more directly. For
every electrode combination, we performed a 2x2
repeated measures analysis of variance (ANOVA)
on the mean phase-locking value over all partici-
pants. The factors were stage (begin / early) and
motion coherence (low / high). For 448 (out of
13456) electrode combinations a significant effect
of stage was found (i.e. a significant difference be-
tween the beginning and the end of the decision).
Again, because of the many comparisons, we com-
puted the significance level using a False Discovery
Rate (0.001, i.e. 1 in 1000 found differences is a false
positive) which resulted in a p-value threshold of
p = 1.6173 ∗ 10−5. No significant effects of motion
coherence were found on the phase-locking value.
Also, there were no interaction effects of stage and
motion coherence.
Figure 4 shows the topoplot for all electrode combi-

nations for which a significant difference was found
for the phase-locking value between the beginning
and end of the decision. The differences were plot-
ted in such a way that for every electrode com-
bination it could be identified whether the phase-
locking was higher at the beginning or at the end of
the decision. This was done by plotting significant
differences in two colors: A red line whenever the
phase-locking value for the electrode combination
was higher in the beginning compared to the end
of the decision. A blue line means that the phase-
locking value was higher at the end with respect
to the beginning of the decision. The expectation
was that we should find a shift from synchroniza-
tion between stimulus-areas and integration areas
in the beginning to synchronization between motor
areas and integration areas at the end of the deci-
sion. This should be visible in the topoplot of the
difference of the phase-locking value by red lines
between posterior and parietal electrodes, and blue
lines between central and parietal electrodes.
The majority of red lines are found between elec-
trodes covering occipital areas and prefrontal elec-
trodes, indicating that these connections are more
phase-synchronized in the beginning with respect
to the end of the decision. Blue lines are mainly
found between electrodes covering motor areas with
other electrodes above motor or parietal areas, as
well as with electrodes above prefrontal areas and
parietal areas, indicating that these connections are
more phase-synchronized at the of the decision with
respect to the beginning. These results suggest that
information is transferred from visual stimulus ar-
eas to prefrontal areas in the beginning of the de-
cision, and that information is transferred between
motor areas and between motor and parietal areas
at the end of the decision.

3.4 EEG coherence analysis

Finally, the coherence measures over the course
of the decision were analyzed. The FU maps are
shown for functional units containing at least 6
cells. Figure 5 shows the group FU maps with sig-
nificant connections between the functional units
for the group mean coherence. The color of the
connection indicates the strength of the inter-FU
coherence. Different functional units have different
gray values. The left column in Figure 5 shows the
FU maps for the beginning of the decision and the

11



Figure 3: Topoplots showing the connections between significantly phase-locked electrodes for
the stimulus-processing interval (left column) and response interval (right column). The first row
shows the topoplots for the high coherence (easy) condition. The second row shows the topoplots
for the low coherence (hard) condition. The color of a connection between two electrodes indicates
the strength of the phase-locking value. Phase-locking statistics were computed by determining
the fraction of surrogate phase-locking values that were bigger than the original phase-locking
value. The significance of the PLV was determined by comparing the phase-locking statistics to a
significance threshold of 0.005, which was computed using a False Discovery Rate (fdr = 0.01). 24
electrodes were used in the computation. Electrode combinations with a PLV > 0.4 were plotted.

right column shows the FU maps for the end of the
decision. Three large and four smaller functional
units are visible in the FU maps of both conditions
for the beginning of the decision and in the FU map
for the low coherence condition for the end of the
decision. The FU map for the high coherence con-
dition for the end of the decision shows four large
functional units and five smaller functional units.
Early in the decision, significant connections are
found between a large posterior FU and a large

frontal functional unit, between the large posterior
FU and small lateralized FUs to the left and to the
right of the head and between the lateralized FUs
themselves. The large posterior FU possibly reflects
the coherence of visual stimulus areas. The two
small functional units at both sides of the head are
possibly above integration areas, responsible for ev-
idence accumulation. The medium-sized functional
unit in the center is possibly related to the prepara-
tion of a motor action. For the low coherence con-
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Figure 4: Topoplot showing the electrode com-
binations for which a significant difference for
the phase-locking value (PLV) was found be-
tween the stimulus-processing interval and the
response interval. The significance level was
computed using a False Discovery Rate proce-
dure (fdr = 0.001). Red lines indicate that the
PLV was higher in the stimulus-processing inter-
val with respect to the response interval. Blue
lines indicate that the PLV was higher in the re-
sponse interval when compared to the stimulus-
processing interval.

dition, we found the same patterns of coherence for
the end of the decision as at the beginning of the
decision. For the high coherence condition, a lot
more significant connections (21) were found at the
end than at the beginning (10). This could be be-
cause a large part of the brain is activated around
the time of a response in a decision-making task, as
suggested by earlier research (Jacobs et al., 2006).
However, this phenomenon was not found in the
low coherence condition. The last important note
is that more connections are present in the low co-
herence condition than in the high coherence con-
dition, which could be because the difficulty of the
task was higher, but this was only visible for the
beginning of the decision and not at the end.

4 Conclusion and discussion

In this study, the patterns of theta-synchronization
over the course of a perceptual-decision making
task were investigated. The most important find-

ing is that EEG oscillations in the theta-band
show a shift of patterns of synchronization from
stimulus-focused processing in the beginning, to
more response-focused processing at the end of a
perceptual decision-making task.
From the analysis of the stimulus-locked ERP
and response-locked ERP it can be concluded
that early in the decision, cortical information
processing mainly takes place in visual stimulus
areas and that at the end of the decision, cortical
information processing is more focused to motor
areas for oscillations in the theta frequency band.
In this study, we implemented a powerful
method (PLS) to compute significant phase-
synchronization between EEG electrodes. Although
the overall pattern of phase-synchronization was
approximately the same for the beginning and the
end of the decision, important differences were
found between the two stages of the decision. The
differences between the beginning and end showed
us that synchronization of electrodes above visual
stimulus areas and frontal regions was larger in
the beginning than at the end of the decision.
The synchronizations in the beginning were not
between visual stimulus areas and parietal areas as
expected, but between visual stimulus areas and
frontal regions. It could be that the connections of
phase synchronization we found in the beginning
of the decision are between visual stimulus areas
and the dorsolateral prefrontal cortex or frontal
eye field, which have previously been indicated
as important areas responsible for controlling the
flexible mapping of sensory evidence onto motor
plans (Siegel et al., 2011). The phase-synchronized
connections above motor areas and between motor
areas and integration areas were stronger at the
end with respect to the beginning of the decision.
However, these difference were not reflected by the
patterns of the EEG coherence measure.
We therefore conclude that a shift of phase-
synchronization of theta oscillations does take
place from synchronization between visual stim-
ulus areas and frontal regions in the beginning,
to synchronization between motor areas and
integration areas at the end of the decision.

An important point to discuss is the hypothesis-
driven choice of the electrodes for which we
computed the phase-locking statistics. Because
we could not compute the phase-locking statistics
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Figure 5: Group Functional Unit maps (EEG theta frequency band 4-9 Hz) of 21 participants.
The first row shows the FU maps for the high coherence (easy) condition. The second row shows
the FU maps for the low coherence (hard) condition. The left column shows the FU maps for
the beginning of the decision (0 - 200 ms after stimulus onset). The right column shows the FU
maps for the end of the decision. Different Functional Units have different gray values. The data
of each participant consisted of 50 trials. The coherence threshold to compute the functional units
(θ = 0.1025) was determined using a p-value of 0.005 (the same as for the computation of significant
phase-locking values). The minimum size of a functional unit was 6 cells. Lines show connections
between FU centers, if the inter-FU coherence exceeds the significance threshold. The color of the
line indicates the strength of the inter-FU coherence (see color bar at the right of the FU map).
The number of functional units and the number of significant inter-FU connections are displayed
above each FU map. At the center of each FU a circle is drawn with a number inside, which shows
the strength of the FU.
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for all combinations of 116 electrodes because
of memory issues, we had to make a choice of
electrodes to investigate. One could argue that
the expected patterns of synchronization present
during the decision are not reflected well by the
phase-locking between the specific electrodes we
chose to look at. However, it is unlikely that the
overall patterns would change a lot if we would
choose another set of electrodes (also covering
the whole scalp), because the data-driven method
which we used to compute the coherence also did
not yield the expected overall patterns. Future
studies could develop a data-driven method to
compute phase-synchronization like the data-
driven coherence method which does not suffer of
memory issues.
Another point for discussion is the length of the
time intervals. The time intervals had a length of
200 ms. We only looked at low frequencies (4-9)
Hz. The lowest frequency of 4 Hz only has 4/5 of
a cycle within 200 ms, and the highest frequency
of 9 Hz has less than 2 cycles within 200 ms. The
phase-locking value was defined as the measure
of stability of the phase-locking between signals
over a specific time interval. It could be that the
stability of the phase-locking value changes if we
would, for example, look at a time interval of
400 ms instead of 200 ms. Future studies should
investigate the behavior of the phase-locking value
in relation to different lengths of time intervals.
Also, the phase synchronization could be studied
for theta oscillations for larger time windows.
It is also important to consider alternative ex-
planations for the differences we found for the
phase-synchronization between the beginning and
the end of the decision. For example, another inter-
pretation could be that the phase-synchronization
reflects uncertainty of the participant instead of
information transfer. One could also argue that
the patterns of phase-synchronization we found in
this study are related to the timing of pressing the
button.
As a last note, it is important to state that our
results merely show a correlation between phase
synchronization and information transfer. It could
be possible that the differences in synchronization
are merely epiphenomenal. In order to come to
more causal claims about the role of synchroniza-
tion in information transfer, we would need to add
a control condition in which we turn off synchro-

nization. Further research could identify the causal
relationships between phase synchronization and
information transfer during decision making.

In this study, we found a difference between
the set of synchronized regions in the beginning
and the set of synchronized regions at the end
of the decision. We showed that there is a shift
from synchronization of visual stimulus areas with
integration areas in the beginning of the decision,
to synchronization of motor areas with integration
areas at the end of the decision, for oscillations
of the theta frequency band. This study is one of
the first studies to start to elucidate the patterns
of synchronization in decision making. Our results
add to the knowledge of the complex large-scale
interactions between brain areas during percep-
tual decision making and also gives insights in the
role of theta oscillations in human decision making.
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Appendix A: computePLV.m

Function to compute phase-locking values. The input signal is a wavelet of an EEG signal in Fieldtrip
format. The output is a data structure with the phase-locking values stored in PLV.plvspctrm, a
4D-matrix with the following dimension order: <channel x channel x frequency x time>.

1 func t i on PLV = computePLV( wavelet )
2 % Computes phase−l o c k i n g va lue s for a l l <channel x channel> combinat ions
3 % for a wavelet o f an EEG s i g n a l in F i e l d t r i p format
4 %
5 % Input parameters :
6 % wavelet = Morlet wavelet o f EEG s i g n a l in F i e l d t r i p format
7 % Dimord o f input wavelet : < t r i a l s x channel x f requency x time>
8 %
9 % Output parameters :

10 % PLV = A data s t r u c t u r e with the phase−l o c k i n g va lue s s to r ed in the
11 % f i e l d : PLV. plvspctrm , a 4D−matrix : <channel x channel x f requency x time>
12 %
13 % Implementation o f PLV as introduced by Lachaux et a l . (1999)
14 % Reference paper :
15 % JP Lachaux , E. Rodriguez , J . Mart iner ie , and FJ Varela .
16 % Measuring phase synchrony in bra in s i g n a l s .
17 % Human bra in mapping , 8 (4) :194−208 , 1999 .
18 %
19 % Author : Simon J . Houtman , October 2013
20 % Department o f A r t i f i c a l I n t e l l i g e n c e , Un ive r s i ty o f Groningen
21
22 i f ( narg in < 1)
23 e r r o r ( ‘No input wavelet s p e c i f i e d . ’ ) ;
24 end ;
25
26 % Number o f t r i a l s , channels , f r e q u e n c i e s and time samples
27 N t r i a l s = s i z e ( wavelet . t r i a l i n f o , 1 ) ;
28 N chans = length ( wavelet . l a b e l ) ;
29 N f reqs = length ( wavelet . f r e q ) ;
30 N samples = length ( wavelet . time ) ;
31
32 % I n i t i a l i z e the PLV matrix
33 % Dimord : <channel x channel x f requency x t imesteps>
34 plv = ze ro s ( N chans , N chans , N freqs , N samples ) ;
35
36 % Loop over a l l channel combinat ions and compute PLV
37 % f o r a l l d imensions at once us ing matrix m u l t i p l i c a t i o n
38 f o r chan1 = 1 : N chans
39 f o r chan2 = 1 : N chans
40 wave le t channe l1 = wavelet . f ou r i e r sp c t rm ( 1 : N t r i a l s , chan1 , 1 : N freqs , 1 :

N samples ) ;
41 wave le t channe l2 = wavelet . f ou r i e r sp c t rm ( 1 : N t r i a l s , chan2 , 1 : N freqs , 1 :

N samples ) ;
42 % Phase i s found by us ing atan2
43 ph i channe l1 = atan2 ( imag ( wave le t channe l1 ) , r e a l ( wave le t channe l1 ) ) ;
44 ph i channe l2 = atan2 ( imag ( wave le t channe l2 ) , r e a l ( wave le t channe l2 ) ) ;
45 p h i d i f f = phi channe l2 − phi channe l1 ;
46 plv ( chan1 , chan2 , 1 : N freqs , 1 : N samples ) = abs ( (1/ N t r i a l s ) ∗ sum( exp ( j ∗(

p h i d i f f ) ) ) ) ;
47 end
48 end
49
50 % Return the phase−l o c k i n g va lue s in F i e l d t r i p format
51 PLV. l a b e l = wavelet . l a b e l ;
52 PLV. dimord = ‘ chan chan f r eq t ime ’ ;
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53 PLV. plvspctrm = plv ;
54 PLV. f r e q = wavelet . f r e q ;
55 PLV. time = wavelet . time ;
56 PLV. dof = N t r i a l s ;
57 end
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Appendix B: computePLS.m

Function to compute surrogate phase-locking values and phase-locking statistics. The input signal is a
wavelet of an EEG signal in Fieldtrip format. Also, the number of permutations to compute surrogate
phase-locking values can be set as a parameter. If the number of permutations is undefined, the default
number of permutations is 200, as used by Lachaux et al. (1999). The output is a 2D-matrix containing
the p-values for the phase-locking statistics of all channel combinations.

1 func t i on p l s = computePLS ( wavelet , N perm )
2 % Computes phase−l o c k i n g s t a t i s t i c s for a l l <channel x channel> combinations
3 % for a wavelet o f an EEG s i g n a l in F i e l d t r i p format
4 %
5 % Input parameters :
6 % wavelet = Morlet wavelet o f EEG s i g n a l in F i e l d t r i p format
7 % Dimord o f input wavelet : < t r i a l s x channel x f requency x time>
8 % N perm = Number o f permutat ions to compute su r roga t e phase−l o c k i n g va lue s
9 % default o f N perm i s 200 .

10 %
11 % Output parameters :
12 % PLS = matrix with phase−l o c k i n g s t a t i s t i c s for every channel combination
13 % Dimord o f PLS : <channel x channel>
14 %
15 % Implementation o f PLV and PLS as introduced by Lachaux et a l . (1999)
16 % Reference paper :
17 % JP Lachaux , E. Rodriguez , J . Mart iner ie , and FJ Varela .
18 % Measuring phase synchrony in bra in s i g n a l s .
19 % Human bra in mapping , 8 (4) :194−208 , 1999 .
20 %
21 % Author : Simon J . Houtman , October 2013
22 % Department o f A r t i f i c a l I n t e l l i g e n c e , Un ive r s i ty o f Groningen
23
24 i f ( narg in < 1)
25 e r r o r ( ‘No input wavelet s p e c i f i e d . ’ ) ;
26 end ;
27
28 i f ( narg in < 2)
29 % Defau l t number o f permuatat ions to compute su r roga t e PLVs i s 200
30 N perm = 200 ;
31 end ;
32
33 % Compute o r i g i n a l phase−l o c k i n g va lue s
34 PLV = computePLV( wavelet ) ;
35 PLV = nanmean(PLV. plvspctrm , 4 ) ;
36 PLV = nanmean(PLV, 3 ) ;
37
38 % Number o f t r i a l s , channels , f r e q u e n c i e s and time samples
39 N t r i a l s = s i z e ( wavelet . t r i a l i n f o , 1 ) ;
40 N chans = length ( wavelet . l a b e l ) ;
41 N f reqs = length ( wavelet . f r e q ) ;
42 N samples = length ( wavelet . time ) ;
43
44 % Loop over a l l channel combinat ions and compute su r roga t e PLV
45 % f o r a l l d imensions at once us ing matrix m u l t i p l i c a t i o n
46 % I n i t i a l i z e p l s matrix
47 p l s = ze ro s ( N chans , N chans ) ;
48 f o r chan1 = 1 : N chans
49 f o r chan2 = 1 : N chans
50 s u r r o g a t e p l v = ze ro s ( N perm , 1 ) ;
51 % Compute N perm sur roga t e phase l o c k i n g va lue s
52 f o r perm = 1 : N perm
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53 % Permutation array o f the t r i a l s
54 p e r m u t e d t r i a l s = randperm ( N t r i a l s ) ;
55 wave le t channe l1 = wavelet . f ou r i e r sp c t rm ( 1 : N t r i a l s , chan1 , 1 : N freqs , 1 :

N samples ) ;
56 % T r i a l s are permuted f o r the second channel
57 wave le t channe l2 = wavelet . f ou r i e r sp c t rm ( p e r m u t e d t r i a l s ( 1 : N t r i a l s ) ,

chan2 , 1 : N freqs , 1 : N samples ) ;
58 % Phase i s found by us ing atan2
59 ph i channe l1 = atan2 ( imag ( wave le t channe l1 ) , r e a l ( wave le t channe l1 ) ) ;
60 ph i channe l2 = atan2 ( imag ( wave le t channe l2 ) , r e a l ( wave le t channe l2 ) ) ;
61 % Compute the phase d i f f e r e n c e
62 p h i d i f f = phi channe l2 − phi channe l1 ;
63 % Compute the su r roga t e phase−l o c k i n g va lue s
64 PLV surr = abs ( (1/ N t r i a l s ) ∗ sum( exp ( j ∗( p h i d i f f ) ) ) ) ;
65 PLV surr = nanmean( PLV surr , 4 ) ;
66 PLV surr = nanmean( PLV surr , 3 ) ;
67 % Store the PLV surr f o r every permutation
68 s u r r o g a t e p l v ( perm ) = PLV surr ;
69 end
70 % Compute the phase−l o c k i n g s t a t i s t i c f o r every channel combination
71 % p l s = % of su r roga t e va lue s b i gge r than the o r i g i n a l phase−l o c k i n g value
72 p l s ( chan1 , chan2 ) = sum(PLV( chan1 , chan2 )<=s u r r o g a t e p l v ) /N perm ;
73 end
74 end
75
76 % Return the phase−l o c k i n g s t a t i s t i c s
77 PLS . l a b e l = wavelet . l a b e l ;
78 PLS . dimord = ‘ chan chan ’ ;
79 PLS . p l s = p l s ;
80 PLS . f r e q = mean( wavelet . f r e q ) ;
81 PLS . time = wavelet . time ;
82 PLS . dof = N t r i a l s ;
83 end
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