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Abstract

Magnetoencephalography was recorded during a matching-to-sample plus cueing paradigm, in which participants judged the
occurrence of changes in either categorical (CAT) or coordinate (COO) spatial relations. Previously, parietal and frontal lobes
were identified as key areas in processing spatial relations and it was shown that each hemisphere was differently involved and
modulated by the scope of the attention window (e.g. a large and small cue). In this study, Granger analysis highlighted the pat-
terns of causality among involved brain areas – the direction of information transfer ran from the frontal to the visual cortex in the
right hemisphere, whereas it ran in the opposite direction in the left side. Thus, the right frontal area seems to exert top-down
influence, supporting the idea that, in this task, top-down signals are selectively related to the right side. Additionally, for CAT
change preceded by a small cue, the right frontal gyrus was not involved in the information transfer, indicating a selective special-
ization of the left hemisphere for this condition. The present findings strengthen the conclusion of the presence of a remarkable
hemispheric specialization for spatial relation processing and illustrate the complex interactions between the lateralized parts of
the neural network. Moreover, they illustrate how focusing attention over large or small regions of the visual field engages these
lateralized networks differently, particularly in the frontal regions of each hemisphere, consistent with the theory that spatial rela-
tion judgements require a fronto-parietal network in the left hemisphere for categorical relations and on the right hemisphere for
coordinate spatial processing.

Introduction

Our ability to encode spatial relations relies on at least two separate
types of representation (Kosslyn, 1987, 1994). One is based on a
quantitative parsing of space (e.g. ‘how far’ or ‘how large’ is some-
thing) and is called ‘coordinate’, the other, labelled ‘categorical’,
parses space in a qualitative manner (e.g. whether something ‘is to
the left’ or ‘is above’). Neural and computational architecture has
been proposed (Kosslyn et al., 1989; Laeng, 2013; van der Ham
et al., 2014), suggesting that the two brain hemispheres can repre-
sent in parallel space – a predominantly right-hemispheric mode that
assesses coordinate (or analog) spatial relations (e.g. the distance
between two objects) and a predominantly left-hemispheric mode
that assesses categorical (or digital) spatial relations (e.g. whether

two objects are attached to one another, or one is above or below
the other).
Several neuroimaging studies have recently provided converging

evidence on the spatial function of such subsystems (Baciu et al.,
1999; Slotnick & Moo, 2006). Studies suggest that both parietal
lobes play a key role in the perception of spatial relations (Slotnick
et al., 2001; Laeng et al., 2002; Trojano et al., 2006; Amorapanth
et al., 2010) and left and right prefrontal cortex show activity when
categorical or coordinate respectively is held in memory (Kosslyn
et al., 1998; Trojano et al., 2002).
Separate categorical and coordinate systems have also been imple-

mented in computational networks that simulate spatial processing
(Kosslyn & Jacobs, 1994), reporting that networks trained to make a
categorical or a coordinate judgment more effectively for the former
type if they receive their input from units with small, non-overlap-
ping, receptive fields, as opposed to units with large, overlapping
receptive fields, that help instead to facilitate the encoding of the lat-
ter type of spatial relation (Jacob & Kosslyn, 1994). Consistently,
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Laeng et al. (2011) showed that encoding different types of spatial
relations is modulated by manipulation of the scope of the attention
window (Okubo et al., 2010; Michimata et al., 2011).
Recently, a magnetoencephalography (MEG) study (Franciotti

et al., 2013a) found neural evidence of the behavioural results, sup-
porting the hypothesis that narrowing the attention window benefits
the encoding of categorical relations, whereas spreading it promotes
the encoding of coordinate relations. Activation of the frontal lobes
indicates that each hemisphere has the ability to encode and judge
both types of spatial relation as well as to narrow or expand the
focus of attention, but that each can do so with different degrees of
proficiency. Following from these previous results, the present study
aims to highlight the possible causal interactions across brain areas
involved during the processing of categorical and coordinate spatial
relations by means of Granger causality (GC) analysis (Granger,
1969).
Specifically, we aimed to investigate whether the top-down mech-

anisms of attention could be related to information flow exchange
from frontal areas towards visual occipital and parietal cortex and
whether the facilitation process of the different scopes of attention
on categorical or coordinate relations could be mediated by different
causal connections among the brain areas involved.

Methods

Recordings and stimulation protocol

MEG recordings were carried out in 22 right-handed participants
(12 females, mean age 26 � 3 years, ranging from 21 to 33 years).
All subjects signed a written informed consent before recording; the
experimental procedures were carried out according to the Declara-
tion of Helsinki and they were previously approved by the local
Institutional Ethics Committee (at the University of Chieti-Pescara,
Italy). MEG signals were bandpass filtered at 0.16–250 Hz and
recorded at 1025 Hz sampling rate using 153 DC SQUID integrated

magnetometers arranged on a helmet surface covering the whole
head and 12 reference channels (Della Penna et al., 2000). High-
resolution whole head magnetic resonance imaging (MRI) was per-
formed via a Philips scanner at 3 T using a 3D T1-TFE sequence.
This was used to co-register MEG functional data with MRI ana-
tomical images transformed into stereotaxic coordinates of the Talai-
rach space.
The experimental task, using the same stimuli and procedure as in

previous studies (Okubo et al., 2010; Laeng et al., 2011; Franciotti
et al., 2013a), consisted in comparing a sample stimulus and a sub-
sequently presented matching stimulus appearing in one of the four
possible quadrants of the screen (Fig. 1). Both types of stimuli
included images of a pair of animals already used in previous studies
(Laeng, 1994, 2006; Laeng et al., 2011). Three possible pairing con-
ditions of the same animals were used to create matching stimuli –
coordinately different, categorically different and with no change in
spatial relations. For the ‘coordinately different’ condition (COO),
the distance between the two animals decreased in comparison to the
sample stimulus while their relative orientation remained unchanged.
For the ‘categorically different’ condition (CAT), the facing direction
of one of the animals was reversed in comparison with the sample
while the distance between animals remained unchanged. For the
‘no change’ condition (NoCh), the matching stimulus was exactly
the same as the sample stimulus. Grey squares, slightly darker than
the white background of the screen, came in two sizes, referred to as
either ‘large’ or ‘small’ and were equally and randomly distributed
across the experiment. These were used as cues to shift and modify
the size of the attention window, so they were non-predictive of the
task. In the cue-valid trials, cue location was superimposed to the to-
be-presented location of the matching stimulus. In the cue-invalid
condition, the cue and the match were located in different positions
in the same trial. Cue-valid and cue-invalid trials were presented
with a ratio of 9–1 for a total of 336 trials. At the beginning of each
trial, a fixation cross was presented in the centre of the screen for
500 ms. Next, a sample stimulus appeared for 2000 ms, followed by

Fig. 1. Example of a valid trial for the CAT condition preceded by a small size cue (Small-CAT) with the two time intervals (T1, T2) used in the GC analysis.
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the cue (for 200 ms). Immediately after the cue, the screen turned
blank for 150 ms, followed by a matching stimulus presented for
250 ms. Each participant was trained to respond as fast and accu-
rately as possible after the presentation of the matching stimulus
indicating whether it was the same as the sample stimulus or differ-
ent from it.
Figure 1 shows the presentation sequence and the time intervals

(500 ms long) used for the GC analysis.

Preliminary MEG data analysis

Cardiac and ocular activities were monitored by means of bipolar
electrodes placed on the chest and on the peri-orbital region to filter
out possible heart-related contaminations on the MEG raw signals
and to exclude from the analysis trials including eye movements
from the fixation point. Heart-related contaminations were filtered
out on the MEG raw signals by means of an adaptive algorithm
using orthogonal projections (Samonas et al., 1997; Della Penna
et al., 2004). The total number of noisy trials which were rejected
was lower than 5% for each participant (See Fig. 2).
For each of the 12 experimental conditions (2 visual field presen-

tation, left/right 9 2 cue size, large/small 9 3 spatial relations,
CAT/COO/NoCh), we averaged the evoked magnetic fields of valid

trials with correct responses over the timeline, from 0 ms (i.e. the
matching stimulus onset) to 1000 ms (i.e. the maximal response
time over which the behavioural responses were given on average).
For each channel, a baseline level was computed as the mean value
of the magnetic field in the time interval 0–1000 ms.
Generators of MEG-evoked responses were obtained for each of

the experimental conditions by means of LORETA (low-resolution
brain electromagnetic tomography analysis) (Pascual-Marqui et al.,
2002) as it was previously applied on the same data (Franciotti
et al., 2013a). Eight clusters of activations common to all conditions
and that were also implicated in previous positron emission tomog-
raphy and functional MRI studies on spatial relations (Kosslyn
et al., 1998; Slotnick & Moo, 2006) were selected from the activa-
tion maps of the CAT, COO and NoCh conditions. From each clus-
ter of activation, we selected a region of interest (ROI) including the
voxel of maximal activity and the 26 nearest neighbour voxels. The
clusters of activation were – left and right visual cortex (LVC,
RVC), left and right superior parietal lobe (LSPL, RSPL), left and
right inferior parietal lobe (LIPL, RIPL) and left and right middle
frontal gyrus (LMFG, RMFG). Equivalent current dipoles (ECDs)
were then positioned in the centre of each of the eight clusters of
activation (See Fig. 2). To evaluate the orientation of each dipole
we first determined objectively the time interval of the maximal

A

B

C

E

D

Fig. 2. Schematic representation of data analysis. (A) Traces of MEG raw data and structural MRI used for the localization of the sources. (B) Cluster of acti-
vations provided by LORETA. (C) Equivalent current dipoles located at the centre of the clusters and source waveforms over time estimated by the forward
solution. (D) 3D matrix from simulation – GC values for each trial. (E) GC results on a head model.
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activity for each source by a data-driven statistical approach. The
intensity strength (nA.m/cm3) of each ROI was averaged across all
conditions (discarding type of spatial relations, cue size and visual
field of presentation). Thus, the mean intensity of each ROI was
computed across 50-ms time intervals and normalized to the maxi-
mal value obtained for each subject among the 20 time intervals to
eliminate inter-
subject variability on source strength.
For each cluster, we performed one-way analysis of variance

(ANOVA) for each ROI separately on normalized intensity strength
with 20 temporal intervals of 50 ms as main factor, to obtain the
time intervals in which the source activities were higher than all
the rest of the epoch. Then, for each condition, the orientations of
the eight ECDs were estimated by means of a multiple source analy-
sis based on genetic algorithm provided by the BESA software
(Megis, Gr€afelfing, Germany) to model the involved sources. The
fitting intervals for each dipole are shown in Table 1. The estimated
orientations of the dipoles are typically influenced by MEG tech-
nique, which is mainly sensitive to tangentially orientated sources
and theoretically silent to radially dipole sources.
After identification of the positions and orientations of the eight

dipolar sources, the source waveforms describing their amplitude
over time were obtained across all trials throughout the whole
recording session by applying an inverse operator to the instanta-
neous raw magnetic field distribution over the helmet (Della Penna
et al., 2004). The activations of each source were estimated with
0.97 ms (1/1025 Hz) temporal resolution.
GC analysis was then applied on the eight ECD waveforms for

each single trial for the time intervals T1 (1–500 ms, fixation) and
T2 (2851–3350 ms, presentation of the match stimulus). Specifi-
cally, to evaluate the temporal dynamics of the connectivity pattern
during and after the presentation of the match stimulus we used for
T2 20 sliding windows, with 450 ms of overlap (each 500 ms long)
from the onset of the match stimulus to 1000 ms after the presenta-
tion of the match stimulus.
For each condition, valid trials with correct responses were

selected for GC analysis.

GC analysis

GC analysis was employed to identify patterns of causal interaction
between sources. Data analysis was performed using home-made
software, BSMART, a MATLAB/C Toolbox implemented to analyse brain
circuits (Cui et al., 2008) and GC connectivity analysis (Seth,
2010).
The probabilistic concept of GC is based on the idea that causes

precede their effects in time. According to linear vector autoregres-

sive (VAR) models, the time series X1(t) and X2(t) can be explained
by their own past by means of a linear model with coefficients aj
and bj and prediction errors e1 and g, respectively:

X1 tð Þ ¼
Xm
j¼1

ajX1 t � jð Þ þ e1 tð Þ;

X2 tð Þ ¼
Xm
j¼1

bjX2 t � jð Þ þ g1 tð Þ:

Lagged VAR models are used to determine the ability of one
time-varying signal to predict the future behaviour of another, com-
paring the accuracy of the prediction obtained by considering only
information of its own past with inclusion of the past of the other
signal of the system (Granger, 1969). Thus, the temporal dynamics
of the time series X1(t) and X2(t) (both of length T) can be described
also including in the model not only information on the own past of
the time series, but also information on the past of the other time
series, with prediction errors e2(t) and g2(t), which are different
from the previous e1(t) and g1(t):

X1 tð Þ ¼
Xm
j¼1

ajX1 t � jð Þ þ
Xm
j¼1

bjX2 t � jð Þ þ e2 tð Þ;

X 2 tð Þ ¼
Xm
j¼1

cjX2 t � jð Þ þ
Xm
j¼1

djX1 t � jð Þ þ g2 tð Þ;

where m is the maximum number of lagged observations included
in the model (the model order, m << T), whereas b and d are the
gain factors, respectively, of the signal X2 (source) influencing the
signal X1 (sink), and of the signal X1 (source) influencing the signal
X2 (sink).
The linear influence (FX1!X2 ) from X1(t) to X2(t) and (FX2!X1 )

from X2(t) to X1(t) can be calculated as the ratio between the vari-
ances of the residual errors.

FX1!X2 ¼ log
varðg1Þ
varðg2Þ

� �
;

FX 2!X1 ¼ log
varðe1Þ
varðe2Þ

� �
:

GC analysis is generalized to the multivariate (conditional) case
in which the G-causality of X2 on X1 is tested in the context of mul-
tiple additional variables X3, . . ., Xn (Geweke, 1982) when all other
variables X3, . . ., Xn are also included in the regression model. In
our data, a conditional multivariate VAR (MVAR) model was
applied to the eight time series.

Table 1. The anatomical locations, Talairach and MNI coordinates of the centre of clusters as estimated by means of LORETA; for each region, fit intervals
for the estimation of the dipole orientation are shown

Region

ECD position (mm)

Fit interval (ms)Talairach MNI

Visual cortex left �22 �81 4 �22 �84 9 50–150
Visual cortex right 20 �83 1 23 �87 5 50–150
Left superior parietal lobe �35 �53 35 �36 �51 40 50–400
Right superior parietal lobe 29 �60 33 33 �59 38 50–400
Left inferior parietal lobe �49 �31 31 �51 �28 34 50–550
Right inferior parietal lobe 53 �31 31 59 �28 32 50–550
Left middle frontal gyrus �31 46 10 �33 51 2 350–1000
Right middle frontal gyrus 32 46 10 36 52 1 350–1000
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A crucial aspect of GC analysis regards the definition of the
model order m and the number of time points T required to estimate
causality. Indeed, a low order value can lead to a poor representation
of the data, whereas a high value can lead to incorrectly rejected
null hypotheses (type I errors). The Akaike information criterion
(Akaike, 1974) was used to estimate the order of the model (Bress-
ler & Seth, 2011) for each subject and for each trial separately.
When the Akaike information criterion did not find a global mini-
mum, the trial was discarded (about 3% of the total trials).
For the T1 time interval GC analysis was performed on all trials

discarding the type of conditions resulting in one pattern of causal
connection, whereas for the T2 time interval, 12 patterns of connec-
tivity were estimated according to the 12 experimental conditions (2
visual field 9 2 cue size 9 3 spatial relations).
For each of the experimental trials, eight signals from eight ECD

waveforms 512 time points long (T = 500 ms) were separately checked
for covariance stationarity by using the Durbin–Watson test, based on
MATLAB code provided by Seth (2010) and the Dickey–Fuller test
(P < 0.01) to identify unit roots. The mean number across subjects of
non-stationary trials compared with all trials was 60 � 20 and
77 � 14% for T1 and T2 time intervals, respectively. In cases where
unit roots existed, we generated covariance stationarity using a first-order
differencing applied to time series (Seth, 2005, 2010; Gow et al., 2008).
The consistency of the MVAR model, which ensures that the MVAR
model properly represents the data, was verified by the tests proposed by
Ding et al. (2000) and by the Durbin–Watson statistics, which assess
whether the residuals are uncorrelated. The consistency values per-
formed for each trial separately indicated whether there was a good cor-
respondence between the real data and the MVAR model. Trials with
model consistency lower than 80% were discarded. Then, a GC analysis
was computed for each subject and each trial separately by a MATLAB

toolbox for multi-trial data (Seth, 2010), obtaining a GC matrix of eight
rows and eight columns of GC magnitude, representing the causal
strength of the connection between each couple of nodes. The F-statistic,
Bonferroni-corrected (P < 0.05), was applied to the logarithm of the GC
magnitude matrix (Benjamini & Hochberg, 1995). The values of GC
magnitude that did not reach the significance threshold were set to zero.
Trials with all GC values equal to zero were discarded from subsequent
analysis. To eliminate causal interactions with type I errors, we estimated
by means of simulations (see below) the cut-off values of GC magni-
tude, and subsequently all GC values lower than the cut-off value were
set to zero. Model order size and results from stationary and non-station-
ary trials were first compared and the results then merged. The model
order size and the standard deviation across subjects were 20 � 2 and
19 � 2 for stationary and non-stationary trials, respectively, for the T1
and T2 temporal intervals.
For all subjects, the GC matrixes from each trial of the same condi-

tion were concatenated and a matrix containing the number of occur-
rences of connectivity from each pair of nodes (number of trials with
non-zero GC magnitude between each pair of nodes) was computed.
When the connectivity between two nodes (GC value different from
0) was found in a few subjects (lower than 80%), the value of GC for
that connection was set to zero, otherwise the GC value for that con-
nection was obtained from the mean of the GC values across all sub-
jects. The final result is then a GC matrix with eight rows and eight
columns containing the mean values of GC magnitude (causal
strength) for each connection between nodes (See Fig. 2).

Simulations

A simulation analysis was performed to estimate cut-off values of
data, which highlighted causal interactions without type I errors. The

simulation was performed by means of Simulink MATLAB software and
consisted of a network of sources and sinks that represent a reproduc-
tion of the recorded signals of the cerebral electric field (Blinowska
et al., 2010). We simulated sources and sinks which replicated the key
features found in the real data (number of time series, signal length,
frequencies, signal-to-noise ratio). The simulation included signals
derived from algorithms containing Poisson random functions
together with white and pink noise generators. In the connections
between the different signals, delays and gains of the signals were also
included. The main component of each simulated signal was the sum
of the electric fields generated by the mean response of neuron popula-
tions. The validity of the simulation software was tested by means of
different oscillatory signals according to the previous literature (Bac-
cal�a & Sameshima, 2001; Schelter et al., 2005).
Generated signals were checked for similarity with real data by

means of an output device provided by Simulink. Then, a GC analy-
sis was performed on the simulated data. The best correspondence
between the prediction of Granger analysis and the information flow
exchanges imposed previously in the simulation allowed estimation
of the minimum gain value of the source and the minimum number
of trials needed to highlight causal relationships. Thus, for simulated
data, GC analysis estimated the right direction of causal information
without type I errors when the gain of the sources involved in the
flow exchange was > 0.2 and the number of trials was > 300.
Indeed, the simulation results showed that when a source influenced
a sink with a gain < 0.2, the causal information was not detected by
the Granger analysis and/or type I errors were evident.

Statistical comparisons

To describe the interactions between the eight brain regions of the
network, we used the number of total connections of each node, and
the in-degree and the out-degree of each node of the network. The
in-degree in a GC causal connectivity network means the number of
causal in-flow connections to the node from any of the other nodes
in the network. Out-degree of a node means the number of causal
out-flow connections from the node to any of the other nodes in the
network (Jiao et al., 2011).
For T1 and T2 temporal windows, the statistical comparison was

performed on all subjects and successively the total group of sub-
jects was divided into two subgroups based on behavioural results.
Specifically, the median of the difference of the reaction times (RTs)
between the CAT and COO conditions was used to divide the sub-
jects into two subgroups of high vs. low performers. All subjects
with this difference lower than the median value were considered
high performers, and the other subjects were considered low per-
formers.
For the T1 temporal window, within-subject statistical analyses

were performed on in-degree and out-degree by means of ANOVA

with two factors and eight conditions – ROIs (VC, SPL, IPL, MFG)
and hemisphere (left, right). Then, ANOVA was repeated using low
and high performers as categorical variables.
For the T2 temporal window, a four-way ANOVA was performed on

the total causal connections with cue size (large, small), visual field
of stimuli presentation (left, right), spatial relation (CAT, COO,
NoCh) and time (20 sliding windows) as factors to test for possible
differences in the number of connections across temporal windows.
Subsequently, for each of the 20 sliding windows of T2, within-

subject statistical analyses were performed on the total number of
causal connections, on in-degree and out-degree separately. For the
comparison of the number of total connections, a three-way ANOVA

was performed among 12 conditions – cue size (large, small), visual
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field of stimuli presentation (left, right) and spatial relation (CAT,
COO, NoCh). The in-degree and the out-degree of each node were
compared by means of an ANOVA with five factors and 96 conditions
– cue size, visual field, spatial relation, ROIs (VC, SPL, IPL, MFG)
and hemisphere (left, right). A post-hoc analysis using the Duncan
test was used for multiple comparisons. The level of statistical sig-
nificance was set at 5% (P < 0.05). For each of the 20 sliding win-
dows, the ANOVA was repeated using low and high performers as
categorical variables. The Mauchly’s test of sphericity was used to
evaluate the sphericity assumption. If the sphericity assumption was
violated, the Greenhouse–Geisser epsilon correction was used to
adjust the degrees of freedom.

Results

Behavioural results

Both statistical analysis on response accuracy values and RT showed
that participants were less accurate and slower for the CAT than
both NoCh and COO spatial relations, reflecting the greater diffi-
culty of the categorical spatial relation task than the other spatial
relation tasks. In addition, participants were less accurate when they
had to evaluate COO-small cue than COO-large cue trials and they
were slower when matching stimuli were presented in the right than
in the left visual field and when matching stimuli followed the small
cue than the large cue. All statistical results were shown in detail in
a previous paper (Franciotti et al., 2013a).

GC results

For time series that were not stationary, one application of differenc-
ing was sufficient to obtain stationary time series. GC results
obtained from the first-order differencing of the non-stationary time
series were compared with the GC results from the stationary time
series. The comparison on the model order size and on the number
of connections showed no difference between the two approaches.

Table 2 shows all significant effects for in-degree and out-degree
during the T1 temporal interval. In particular, statistical analyses on
T1 showed a different involvement of the left and the right hemi-
sphere and significant differences across ROIs. The number of in-
degrees was higher in the left than in the right hemisphere and the
number of out-degrees was higher in the right than the left hemi-
sphere, indicating that the right hemisphere could be considered the
source of the causal information. The significant main effect of the
ROIs showed a lower connectivity in MFG than the other ROIs and
VC was more involved as a source than the other ROIs. No differ-
ence was found between the two subgroups of subjects, indicating
that behavioural results were not linked to the connectivity pattern
of the beginning of the task. Figure 3A shows the casual flows
among brain areas for T1 temporal interval.
GC analyses were conducted over sliding time intervals to under-

stand the time course of the connectivity pattern during the T2 tem-
poral interval. For the comparison of the total number of
connections across time, the four-way ANOVA showed no significant
differences for time factor (P = 0.35). Figure 3B and C show the
casual flows among brain areas for the T2 temporal interval, from
450 to 950 ms after the onset of the match stimulus.
During T2 the left fronto-parietal connections were mainly

involved during categorical spatial relations, whereas right fronto-
parietal connections were found during coordinate spatial relations.
The direction of causal information was from right middle frontal
gyrus to parietal cortex (top-down mechanism) and from visual cor-
tex to left middle frontal gyrus.
Statistical comparison of the total number of connections of the

network for each temporal window showed significant effects for
spatial relation from 100 to 600 ms (F2,38 = 7.22, P < 0.005), from
250 to 750 ms (F2,38 = 3.97, P < 0.05) and from 300 to 800 ms
(F2,38 = 4.01, P < 0.05) after match stimulus presentation. The
number of connections was lower during CAT than COO and NoCh
conditions (P < 0.05 for all comparisons). Visual field presentation
was also significant for 100–600 ms (F1,19 = 10.08, P < 0.005) and
300–800 ms (F1,19 = 4.61, P < 0.05) showing a larger number of

Table 2. Significant statistical results on in-degree and out-degree connections for the T1 temporal window

Flux Significant effects F P Post-hoc comparison P

In-degree ROIs 18.53 0.000 SPL > VC, IPL 0.04
SPL > MFG 0.000
VC > MFG 0.000

Hem 12.93 0.002 Left > Right 0.002
ROIs 9 Hem 8.38 0.000 LSPL > LVC 0.000

LVC > LMFG 0.005
RVC > RMFG 0.000
LSPL > RSPL 0.000
LSPL > LIPL 0.001
LSPL > LMFG 0.000
RSPL > RMFG 0.003
RIPL > RMFG 0.01

Out-degree ROIs 14.73 0.000 VC > IPL, MFG 0.000
VC > SPL 0.005
SPL > MFG 0.001
IPL > MFG 0.02

Hem 13.2 0.002 Right > Left 0.002
ROIs 9 Hem 3.05 0.000 RVC > LVC 0.03

LVC > LSPL, LIPL 0.001
LVC > LMFG 0.000
RVC > RIPL 0.01
RVC > RMFG 0.000
RSPL > LSPL, RMFG 0.000
RIPL > LIPL, RMFG 0.004
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connections when the match stimulus was presented on the left than
on the right side.

In-degree

ANOVAs with five factors on in-degree (sinks) showed main signifi-
cant effects for ROIs and hemisphere for all sliding windows. All
significant values for all sliding windows are reported in Table 3.
The number of connections was highest in SPL, decreasing statisti-
cally in VC, IPL and MFG, and it was greater in the left than in
the right hemisphere. The interaction ROIs 9 Hemisphere was also
significant for all sliding windows, showing a greater number of
connections for the left than for the right hemisphere in SPL and
IPL.
When we included the subgroups analyses we also obtained a sig-

nificant difference between the two subgroups, showing a greater
number of in-flow connections for low than for high performers
(Table 3). The interaction Cue size 9 Spatial relations 9 Hemi-
sphere 9 Subgroups was significant for the following sliding win-
dows – from 50 to 550 ms (F2,36 = 3.41, P < 0.05), from 350 to
850 ms (F2,36 = 3.63, P < 0.05), from 400 to 900 ms (F2,36 = 3.51,

P < 0.05), from 450 to 950 ms (F2,36 = 3.45, P < 0.05) and from
500 to 1000 ms (F2,36 = 4.19, P < 0.05) after match stimulus pre-
sentation. Significant post-hoc comparisons for the sliding window
from 500 to 1000 ms are reported in Table 4.

Out-degree

ANOVAs with five factors on out-degree (sources) showed significant
main effects for cue size, spatial relations, ROIs and hemisphere.
All significant values for all sliding windows are reported in
Table 3. The number of out-degrees was lower for large cue than
for small cue, was lower for CAT than for COO and NoCh spatial
relations, was higher for VC than the other ROIs for all sliding win-
dows and was lower for the left than for the right hemisphere. In
addition the interaction ROIs 9 Hemisphere was also significant,
showing that LVC and RVC were more involved as sources than the
other ROIs, and VC, SPL and the IPL were more involved in the
right than in the left hemisphere.
When we included the subgroups analyses, we also obtained a

significant difference between the two subgroups, indicating a larger
number of out-degree for low than for high performers (Table 3), a

A

B C

Fig. 3. GC patterns during T1 (A) and T2 temporal window from 450 to 950 ms after the onset of the match stimulus (B, C). Arrows indicate the direction of
all statistically significant instances of GC. For T2, the pattern of connectivity is shown for categorical spatial relation attending to the right visual field, pre-
ceded by small cue (B, Ssize CAT Rside) and for coordinate spatial relation attending to the left visual field preceded by large cues (C, Lsize COO Lside). Note
the involvement of the left and right fronto-parietal connections during categorical and coordinate spatial relation. respectively.
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significant interaction Cue size 9 Spatial relation 9 Hemi-
sphere 9 Subgroups (F2,36 = 4.26, P < 0.05) for the window from
700 to 1200 ms after match stimulus presentation. Table 4 shows all
post-hoc significant results for this interaction.

Discussion

Previous neuroimaging studies reported that SPL, IPL and MFG are
implicated in different visuospatial tasks (Corbetta et al., 1998;
Rosen et al., 1999) and specifically in spatial relation processing
(Kosslyn et al., 1998; Slotnick & Moo, 2006; Franciotti et al.,
2013a). Our MEG data allowed us to reveal the involvement of a
specific network that is active during the processing of spatial rela-
tions of the categorical vs. coordinate types. Specifically, VC, SPL
and RIPL are interconnected during the entire duration of the task.
In particular, RVC, RSPL and RIPL seem to play a central role in
the information flow from fixation for the whole duration of the trial
(Fig. 3). The total number of connections was not statistically differ-
ent across temporal windows of T2, indicating that the number of
directed influences was not modified during processing of the task.
Indeed, T2 represents the temporal windows from the onset of the
match stimulus to the following 1000 ms that corresponds, approxi-
mately, to the average RT (Franciotti et al., 2013a). Another possi-
ble explanation is that the possible changes across times were
hidden by the temporal windows of 500 ms length.
The present results support the idea that top-down mechanisms

involved in endogenous orientating of attention are generated in the
frontal cortex, as has been previously reported in visual attention
tasks (Desimone & Duncan, 1995; Kastner & Ungerleider, 2000;
Corbetta & Shulman, 2002; Moore et al., 2003; Serences & Yantis,
2006). Specifically, our results reveal a causal information flow from
the right middle frontal gyrus to parietal and visual cortex (Fig. 3B),
and thus the frontal area seems to exert top-down modulatory

influence on the visual and parietal cortex, but only in the right
hemisphere. For the left hemisphere the direction of causal informa-
tion flow runs in the opposite direction, from the parietal and visual
cortex to the left middle frontal gyrus, supporting the idea that in
this paradigm the top-down signals are selectively related to the
right hemisphere (Fig. 3C).
The modulation of information flow by manipulation of the scope

of the attention window was tested by statistical comparison of the
total number of connections and of in-degree and out-degree. Thus,
these results indicate that the source of information exchange is in
the right hemisphere for all conditions and the left middle frontal
gyrus is selectively involved when solving the categorical spatial
judgment.
A smaller number of connections was found during the more difficult

task. Indeed, a smaller number of connections was found in CAT than
COO and NoCh and when the match stimulus was presented in the
right than in the left visual field. The decreased functional connectivity
may represent increased efficiency of the functional network (Yoo
et al., 2013), i.e. when the task is more demanding (CAT condition,
attended stimulus in the right visual field).
The comparison between high and low performers indicated that

the latter had more connections than the former and more in-flow
and out-flow, possibly indicating that the network is less efficient.
The increased functional connectivity in low performers could be
related to their lower ability to keep relevant information in mind
and ignore irrelevant information (Bunge et al., 2001).
In addition, in high performers the benefit of the small cue pre-

ceding the CAT condition was related to lower in-flow connections
in the left hemisphere than for the large cue condition, whereas the
NoCh condition showed lower in-flow connection when it was pre-
ceded by the large cue. These results showed that a better perfor-
mance (i.e. the RTs during the more difficult task, CAT, were
similar to those of the easier task, COO) was obtained when the

Table 3. Significant main effects and interactions on in-degree and out-degree in all T2 temporal intervals

Interval

In-degree Out-degree

ROIs Hemisphere
ROIs 9
Hemisphere

Low/High
performers

Cue
size

Spatial
relation ROIs Hemisphere

ROIs 9
Hemisphere

Low/High
performers

F3,57 F1,19 F3,57 F1,18 F1,19 F2,38 F3,57 F1,19 F3,57 F1,18

0–500 14.4*** 13.6*** 8.3*** 6.2* n.s. n.s. 17.1*** 12.5** 3.4* 6.2*
50–550 14.7*** 14.2*** 10.4*** 9.2** 5.9* n.s. 11.6*** 14.4*** n.s. 9.2**
100–600 17.5*** 17.0*** 8.6*** 8.0** n.s. 7.2** 14.0*** 16.8*** 3.1* 8.0**
150–650 12.7*** 12.7*** 6.6** 5.4* n.s. n.s. 21.4*** 13.0*** 3.1* 5.4*
200–700 14.9*** 17.2*** 5.3** 5.4* n.s. n.s. 16.9*** 26.9*** n.s. 5.4*
250–750 17.4*** 18.9*** 7.5*** 6.0* n.s. n.s. 16.9*** 17.5*** 2.9* 6.0*
300–800 12.0*** 15.5*** 6.2*** 6.4* n.s. 4.0* 12.8*** 12.6** n.s. 6.4*
350–850 13.1*** 12.5*** 4.8** n.s. n.s. n.s. 22.6*** 18.9*** 3.2* n.s.
400–900 12.5*** 14.5*** 5.7*** 4.9** n.s. n.s. 19.4*** 17.1*** 2.7* 4.9*
450–950 12.6*** 12.4** 8.8*** n.s. n.s. n.s. 20.4*** 19.2*** 3.4* n.s.
500–1000 10.5*** 17.9*** 7.1*** n.s. n.s. n.s. 21.0*** 21.5*** n.s. n.s.
550–1050 8.9*** 20.9*** 8.4*** 5.8** n.s. n.s. 15.2*** 16.2*** 4.1** 5.8*
600–1100 11.9*** 18.7*** 6.3*** 6.3* n.s. n.s. 12.6*** 15.1*** 3.2* 6.3*
650–1150 15.1*** 16.2*** 9.0*** n.s. n.s. n.s. 13.4*** 14.7*** n.s. 6.0*
700–1200 14.9*** 18.6*** 6.3*** n.s. n.s. n.s. 12.2*** 11.3** n.s. n.s.
750–1250 16.6*** 14.0*** 10.4*** 5.9* n.s. n.s. 12.2*** 11.9** n.s. 5.9*
800–1300 12.5*** 14.7*** 7.8*** 5.8* n.s. n.s. 12.0*** 16.0*** 3.8* 5.9*
850–1350 14.5*** 18.6*** 5.1*** n.s. n.s. n.s. 11.8*** 12.5** 3.2* n.s.
900–1400 14.7*** 8.9*** 8.2*** n.s. n.s. n.s. 14.4*** 13.2*** 3.4* n.s.
950–1450 13.0*** 8.6*** 11.1*** n.s. n.s. 3.8* 15.6*** 10.6** 3.6* n.s.
0–1450 15.9*** 19.4*** 8.9*** 5.3* n.s. n.s. 18.0*** 16.3*** 3.5* 5.3*

*P < 0.05, **P < 0.01, ***P < 0.001.

© 2015 Federation of European Neuroscience Societies and John Wiley & Sons Ltd
European Journal of Neuroscience, 1–11

8 N. W. Falasca et al.



hemisphere specialized in the task (e.g. the left hemisphere for the
CAT condition) receives less information. The benefit of the small
cue in the CAT condition was also evident in the out-flow connec-
tion and the right hemisphere appears to transfer less causal flow
when a cue is small than when it is large.
For the low performers, when the CAT condition was preceded

by the small cue, the left hemisphere received more information
flow than when it was preceded by the large cue, suggesting that
the network is less efficient. For the COO condition, the left hemi-
sphere received less causal connection when it was preceded by the
large than the small cue, in agreement of the benefit of the large cue
for the coordinate spatial judgment.
In conclusion, this study, using for the first time GC on the pro-

cessing of spatial relations modulated by the scope of attention,
revealed a pattern of causal connectivity that changed during the dif-
ferent phases of the task. This pattern is in line with the proposed
theory of a hemispheric specialization of spatial relation processing
(e.g. CAT, left hemisphere; and COO, right hemisphere) as well as
predictions, derived from theory, about the benefits of manipulating
the scope of the attention window (e.g. CAT, small cue; and COO,
large cue) on specific types of spatial relation processing (van der
Ham et al., 2014). The present analysis also revealed a key causal
role of the middle frontal gyrus towards parietal and visual cortices
for both spatial relation judgments. Most probably, the middle fron-
tal gyrus may implement a mechanism originally posited by Kosslyn
(1994, pp. 230–233) in his neural architecture of spatial relation pro-
cessing. In his model, Kosslyn reasoned that a specific neural sys-
tem converts all spatial information, including categorical relations,
into coordinates (i.e. information about the size, distance and orien-
tation of the object currently being viewed) so as to guide top-down
search. Such a mechanism would be relevant also for shifting top-
down attention to compute categorical spatial relations, as categori-
cal spatial relations correspond to a range of locations and this

cannot be used to shift attention directly to a correct location (e.g.
the head and paws of an animal).
GC, a statistical method for estimating the directional causal influ-

ence among different sources, plays a key role in understanding
cerebral functions in normal participants (Gow et al., 2008; Ge
et al., 2009, 2012; Luo et al., 2011) as well as in patients (Miao
et al., 2011; Franciotti et al., 2013b), providing directed functional
connectivity maps (Barrett & Barnett, 2013).
Generally, it is difficult to establish a universal pattern of the

dynamics of activity propagation during a task performance, as there
is a large inter-subject variability connected with the different RTs
and different strategies in solving the task; however, some general
trends can be observed (Blinowska et al., 2010).
In our paradigm, GC analysis was used to estimate the causal

connectivity across brain areas for selected time intervals. Differ-
ently from other analysis methodologies such as correlation or co-
herencem which highlight the functional connectivity among brain
areas, GC has the advantage that it estimates the causal direction of
information flow between areas, revealing which area sends and
which area receives information. Knowledge of the direction of
causal information is related to the specific time interval under
scrutiny, but it is not possible to infer how long the exchange lasts
and, in particular when the exchange is bi-directional, it is not pos-
sible to establish which direction starts first. Moreover, GC does
not allow us to estimate in which way the signal source influences
the sink, for example if the source will evoke an increment or a
decrement of the intensity of the receiving signal, but it allows us
to explicitly quantify an underlying causal mechanism. In addition,
MVAR models can be applied to stationary signals, and thus these
approaches have the disadvantage that the non-stationary contribu-
tion to the signals has to be removed. A widely used strategy to
generate the covariance stationarity is to apply the first-order
differencing to time series (Seth, 2005, 2010; Gow et al., 2008).

Table 4. Significant statistical results on in-degree and out-degree connections in the interaction Subgroup 9 Cue size 9 Spatial relation 9 Hemisphere for
the T2 temporal interval; the most important statistical findings are shown in bold

Flux

Low/high performers 9 cue size 9 spatial relation 9 hemisphere

Post-hoc comparison P

In-degree sliding window
from 500 to 1000 ms

In low performers Small CAT Right < Large CAT Right 0.036
Small CAT Left > Small CAT Right 0.000
Small CAT Left > Large CAT Left 0.033
Large CAT Left > Large CAT Right 0.013
Large COO Left > Large COO Right 0.05
Large COO Left < Small COO Left 0.039
Large NoCh Left > Small NoCh Left 0.046
Large NoCh Right > Small NoCh Right 0.021
Large NoCh Left > Large NoCh Right 0.043
Small NoCh Left > Small NoCh Right 0.02

In high performers Large CAT Left > Large CAT Right 0.012
Small CAT Left < Large CAT Left 0.026
Small COO Left > Small COO Right 0.022
Large NoCh Left < Small NoCh Left 0.004
Small NoCh Left > Small NoCh Right 0.001

Out-degree sliding window
from 700 to 1200 ms

In low performers Small CAT Right < Large CAT Right 0.014
Large CAT Left < Large CAT Right 0.01
Large NoCh Left > Small NoCh Left 0.016
Small NoCh Left < Small NoCh Right 0.05

In high performers Large CAT Left < Large CAT Right 0.035
Small CAT Left < Small CAT Right 0.002
Small COO Left < Small COO Right 0.011
Large NoCh Left < Large NoCh Right 0.038
Small NoCh Left < Small NoCh Right 0.029
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However, this procedure may complicate the interpretation, as what
is being assessed is the causal connectivity among changes in each
time series.
New approaches such as adaptive MVAR models (Hesse et al.,

2003; Astolfi et al., 2008) that make no assumptions about the sta-
tionarity of the signals or information theoretic tools, such as trans-
fer entropy (Schreiber, 2000), a model-free method that measures
directed non-linear and linear information flow have been proposed
and applied successfully to simulated and real electrophysiological
data (Vicente et al., 2011; Plomp et al., 2014). Future studies with
new statistical approaches should attempt to determine the effective
functional mechanisms that underlie the observed data.
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