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Abstract
Event related potentials (ERPs) provide precise temporal information about cognitive processing, but with poor spatial 
resolution, while functional magnetic resonance imaging (fMRI) reliably identifies brain areas involved, but with poor 
temporal resolution. Here we use fMRI to guide source localization of the ERPs at different times for studying the temporal 
dynamics of the neural system for recognizing familiar faces. fMRI activation areas were defined in a previous experiment 
applying the same paradigm used for ERPs. The Bayesian model averaging (BMA) method was used to estimate the genera-
tors of the ERPs to unfamiliar, visually familiar, and personally-familiar faces constraining the model by fMRI activation 
results. For this, higher prior probabilities in the solution space were assigned to the fMRI-defined regions, which included 
face-selective areas and other areas related to “person knowledge” retrieval. Source analysis was carried out in three-time 
windows: early (150–210 ms), middle (300–380 ms) and late (460–580 ms). The early and middle responses were gener-
ated in fMRI-defined areas for all face categories, while these areas do not contribute to the late response. Different areas 
contributed to the generation of the early and middle ERPs elicited by unfamiliar faces: fusiform (Fus), inferior occipital, 
superior temporal sulcus and the posterior cingulate (PC) cortices. For familiar faces, the contributing areas were Fus, PC 
and anterior temporal areas for visually familiar faces, with the addition of the medial orbitofrontal areas and other frontal 
structures for personally-significant faces. For both unfamiliar and familiar faces, more extended and reliable involvement 
of contributing areas were obtained for the middle compare with early time window. Our fMRI guide ERP source analysis 
suggested the recruitment of person-knowledge processing areas as early as 150–210 ms after stimulus onset during recogni-
tion of personally-familiar faces. We concluded that fMRI-constrained BMA source analysis provide information regarding 
the temporal-dynamics in the neural system for cognitive processsing.

Keywords  ERPs · BMA · fMRI-constrained source analysis · Familiar faces.

Introduction

Event related potentials (ERPs), have been extensively used 
to study cognitive processing due to their excellent temporal 
resolution (millisecond level) that is essential to discover the 
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temporal dynamics of brain information processing circuitry. 
They are hampered however by their low spatial resolution 
which precludes the extraction of precise anatomical infor-
mation. On the contrary, functional magnetic resonance 
imaging (fMRI) provides this detailed anatomical informa-
tion at the expense of very poor temporal resolution.

Both techniques have been applied to the study of famil-
iar face recognition. Face processing is critical for social 
interactions. It requires, not only the visual processing of 
faces, but also access to aspects of person knowledge and 
emotions, involving the activation of a widespread distrib-
uted network of brain areas not well understood yet. It is 
therefore not surprising that both ERPs and fMRI analyses 
have been applied to the study of familiar face recognition 
process—but usually in independent studies, thus yielding 
information on either spatial or temporal properties in isola-
tion but not both concurrently.

Several ERPs components, occurring at different time 
latencies, have been related to face processing (see review 
by Michel et al. 2004). The N170 component seems to be 
related with structural face processing (Bentin and Deouell 
2000) and are not modulated by familiarity (Henson et al. 
2003; Eimer 2000a, b, 2011). Late components, mostly 
around 250–300 ms (and in some cases even later), are 
modulated by familiarity (Bentin and Deouell 2000; Eimer 
2000b; Henson et al. 2003). It is to be noted that the N250 
component is associated with individual face recognition 
(Schweinberger et al. 2002; Kaufmann et al. 2009; see Sch-
weinberger 2011 for review). Our group (Bobes et al. 2007) 
have used ERPs to uncover a sequence of temporally distinct 
stages related to aspects of familiar faces processing, i.e. 
emotion derived from identity at around 300 ms, and visual 
familiarity at around 500 ms. In summary, ERPs results 
(including our own) suggest that the processing of informa-
tion of the familiarity of faces takes place after structural 
processing has been completed. Nevertheless, due the poor 
spatial information of ERPs it is challenging to make pre-
cise inference about the neural circuits underlying these two 
types of processing.

On the other hand, fMRI studies have pinpointed the 
anatomy of the neural circuitry underlying familiar face rec-
ognition. The locations involved are separated into two clus-
ters: the core and the extended neural system (Gobbini and 
Haxby 2007; Haxby et al. 2000). The core system mediates 
the primary visual analysis of faces and comprises structures 
in the ventral occipito-temporal cortex, the occipital face 
area (OFA), the fusiform face area (FFA), and the poste-
rior superior temporal sulcus (pSTS). The extended system, 
involved in processing information related to familiarity, 
includes the medial orbitofrontal cortex, insula, anterior 
cingulate, posterior cingulate cortex, hippocampus and the 
amygdala (Gorno-Tempini and Price 2001; Leveroni et al. 
2000; Elfgren et al. 2006; Henson et al. 2003; Rotshtein 

et al. 2005; Pourtois et al. 2005a, b; Gobbini et al. 2004; 
Brambati et al. 2010). The extended system is thought to 
receive and elaborate input from the core face processing 
system in ventral occipito-temporal cortex. However, fMRI 
data do not provide precise spatio-temporal dynamics about 
the sequence of activation of different nodes.

It would be ideal to combine the estimation of spatial 
localization with timing of dynamics. One way to extract 
more anatomical information from the scalp ERPdistribution 
(denoted by v ) is by estimating the sources (Primary Current 
Densities or PCDs, denoted by j ) in the brain that generate 
the voltage recorded at the scalp by solving the EEG Inverse 
Problem (IP). The indeterminacy of source localization may 
be overcome by incorporating prior information (or con-
straints) regarding EEG generators in order to increase the 
possibility of obtaining a unique and physiologically valid 
solution. These constraints are usually expressed as prior 
probabilities on the sources.

Previous approaches in this direction constraint the pos-
sible EEG PCDs to be localized in the gray matter and 
impose different spartsity models on the spatial distribu-
tion of activations. This type of source localization has been 
used to study the generators of the face related components. 
In particular, the sources of N170 face sensitive compo-
nents have been estimated using dipolar (Joyce and Rossion 
2005; Kaufmann et al. 2009; Schweinberger et al. 2002; 
Linkenkaer-Hansen et al. 1998; Jemel et al. 2009; Deffke 
et al. 2007) and distributed source localizers (Itier and Tay-
lor 2004; Herrmann et al. 2005; Corrigan et al. 2009; Piz-
zagalli et al. 2002; Latinus and Taylor 2006; Caldara et al. 
2003). These studies suggest the FFA and STS as the N170 
generators. There has been less work on source analysis of 
face familiarity ERPs (Schweinberger et al. 2002; Jemel 
et al. 1999; Rossion et al. 1999; Mnatsakanian and Tarkka 
2004) though they point to the fusiform area as the main 
contributor to the N250 generation (see also Kaufmann et al. 
2009). This line of work ignores information about fMRI 
activation maps.

This has been partially remedied correlating aspects of 
the N170 with fMRI responses during studies of unfamiliar 
face with both modalities recorded in the same subjects and 
with the same paradigm (Horovitz et al. 2004; Pizzagalli 
et al. 2002; Eryilmaz et al. 2007; Iidaka et al. 2006; Corri-
gan et al. 2009). These demonstrated reliable relationships 
between N170 and fMRI functional activation in FFA.

Such comparisons fall short of formally incorporating 
fMRI activation (with its higher anatomical resolution) as a 
constraint into the source localization formalism. One inter-
esting approach, known as fMRI-constrained analysis, does 
uses fMRI as a “hard constraint”, limiting source analysis 
to those locations with significant activations in the fMRI 
analysis (Dale and Sereno 1993). Thus, for a given segmen-
tation of the brain (say the AAL segemention used in this 
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paper), an “anatomical model” is the set of regions over 
which we will allow the search for inverse solutions—in this 
case those limited to having the fMRI activation of interest.

This “hard threshold” method of selecting the IP anatomi-
cal model has been applied to studies of facial expression 
processing to estimate sources of N170 (and later compo-
nents) (Pizzagalli et al. 2002; Trautmann-Lengsfeld et al. 
2013), gives results congruent with the previously men-
tioned fMRI studies. Unfortunately, this ‘hard-thresholding’ 
approach suffers from an important drawback. By selecting 
the anatomical model ( M ) that comprises those areas with 
fMRI activations, it rule out completely any other source 
that might be present but invisible to fMRI. This is always 
an anatomical model larger than that defined by the “hard 
threshold”. Thus we actually have to deal with a number Nm 
of alterantive possible anatomical models Mm , indexed by 
m = 1,⋯ ,Nm —a problem we shall term “anatomical model 
uncertainty”.

A technique that addresses anatomical model uncertainty 
is Bayesian Model Averaging (BMA), developed by Trujillo-
Barreto et al. (2004, see “Material and Methods” sections for 
a detailed explanation). In BMA each model is defined by 
the set of assumptions of the inverse method used, as well 
as by the functional dependence between the data and the 
Primary Current Density (PCD) inside the brain. This model 
eliminate depence of the solution on the anatomical model 
by averaging all estimated PCD weighted by their evidences.

Thus a unique PCD distribution is found that is not con-
ditioned on any particular anatomical model, solving the 
uncertainty problem. Furthermore, by assigning prior prob-
abilities derived from fMRI activations to anatomical region, 
a “soft thresholding” based on fMRI activation is imple-
mented, in which regions invisible to BOLD but supported 
strongly by the ERP information may be included in the final 
solution. This contrasts with the usual approach to the EEG 
IP which selects the solution as ignores the model evidence. 
The efficacy of BMA has been extensively tested with syn-
thetic and real data from simple sensory stimulation with 
known primary sensory sources with a great improvement 
over model selection methods as described (Trujillo-Barreto 
et al. 2004). Even less blurred solutions were obtained when 
the information from fMRI data was taken into account, 
thereby highlighting the strong potential of this method for 
conducting fMRI-“soft-thresholded” ERP source analysis 
(Penny et al. 2006).

Here we use the innovative BMA method to explore the 
contributions of fMRI predefined regions of interest (ROIs) 
to the generation of ERP responses. To this end, we use fMRI 
and ERP data collected from the same subjects using similar 
paradigms (in non concurrent experimental sessions). ERPs 
and fMRI data provided complementary information regard-
ing the face processing system. While fMRI data are used 
to localize specific ROIs involved in face recognition, ERP 

data are used to characterize the time-course of face infor-
mation processing. We estimated the generators of the early 
(150–210 ms), middle (300–380 ms) and late (460–580 ms) 
time windows responses using the BMA method, favoring the 
solution to the fMRI predefined ROIs, but not strictly exclud-
ing all other possible anatomical locations. We hypothesized 
that a subset of the areas detected in the fMRI study (Bobes 
et al. 2013) contributes to the generation of each ERP compo-
nent (Bobes et al. 2007). By using the fMRI-constrained BMA 
approach we were able to estimate the latency of activation 
in each face area (rather than only localize ERP generators) 
thus providing information about the temporal dynamics of 
the familiar face processing.

Materials and Methods

In this article, we combined data from a previous ERP study 
(Bobes et al. 2007), and a previous event related fMRI study 
(Bobes et al. 2013). We carried out a new source analysis of 
the ERPs components using the results of the fMRI study 
for modeling the solution space for source estimation. Both 
studies were carried out using the same stimulus material 
and similar paradigms in different experimental sessions one 
week apart. The same group of participants was recruited for 
both experiments, except for two participants, who were not 
able to participate in the fMRI study and had to be replaced. 
Details about the event related fMRI experiment (partici-
pants, paradigm, acquisition parameters and analysis) could 
be found in the original paper (Bobes et al. 2013).

fMRI group analysis were used for extracting the fMRI-
defined ROIs (19 areas). These ROIs were extracted from 
two different contrast (Fig. 1a): (1) unfamiliar faces > non 
faces, which reveal the face-selective areas (the core face 
system) and (2) personally-familiar faces > unfamiliar faces, 
which reveal those areas involved in further processing of 
familiar faces information (the extended face system). In 
order to obtain larger ROIs for both contrasts, functional 
areas were selected as the anatomical regions presenting 
functional activation using a relaxed threshold of p < 0.005 
(uncorrected). The AAL atlas (Tzourio-Mazoyer et al. 2002) 
was used for the anatomical segmentation.

Here, we reanalyzed the ERP data from (Bobes et al. 
2007), to estimate the specific contributions of these 19 face-
activated areas to the generation of ERP responses in three 
time windows: early (150–210), middle (300–380) and late 
(460–580) (see Fig. 1b).

Participants

Ten healthy adults, 6 males and 4 females, with ages rang-
ing from 23 to 33 years (mean = 27) participated in the ERP 
study as non-paid volunteers. All participants had university 
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degrees, all were right-handed (as ascertained by personal 
report) and all had normal or corrected-to-normal vision. 
The experimental protocols were approved by the Ethics 
Committee of the Cuban Neuroscience Center. Participants 
provided written informed consent to participate in the 
study, which were documented in signed forms.

Face Stimuli

Stimuli consisted of digitized black and white photo-
graphs of faces that could be either familiar or unfamil-
iar to the participants. Two different sets of familiar faces 
were obtained, acquaintance faces, which were personally 
familiar faces selected among the family and close friends 
of each subject (i.e. these faces were different for each par-
ticipant), and newly-learned faces, which were pre-exper-
imentally unfamiliar faces that had been learned in the lab 
(see Bobes et al. 2007, for a more detailed description). 
The ERP procedure consisted of two stimulation blocks 
each, with an oddball paradigm in which one category of 
familiar faces were randomly mixed with unfamiliar ones. 

In Block I acquaintance and unknown faces were com-
bined, with acquaintance faces acting as familiar targets. 
In Block II, newly-learned and unfamiliar faces were com-
bined, and the learned faces were the target stimuli. Each 
block included 15 different familiar and 75 different unfa-
miliar face identities, and each face image was presented 
twice, comprising a total of 30 familiar (16.7%) and 150 
unfamiliar (83.3%) face trials for each stimuli block. Dif-
ferent unfamiliar faces were used as standards in each block 
and block order was counterbalanced across subjects. Face 
stimuli were presented for 1000 ms, with an inter-stimulus 
interval (ISI) of 1000 ms. Participants were required to 
discriminate between familiar and unfamiliar faces and 
respond on the computer keyboard during the ISI (a go/
go design).

Data acquisition was carried out with 120 monopolar 
derivations, homogeneously distributed over the scalp. Two 
channels for EOG recording were also used. A notch filter 
with peak at 60 Hz was used and the signals were amplified 
by a factor of 10,000 and filtered between 0.5 and 30 Hz (3 
dB down). All electrodes were referred to linked earlobes 

Fig. 1   a Activation maps obtained from the fMRI group level anal-
ysis in the event related fMRI study (Bobes et  al. 2013). In the left 
panel contrast unfamiliar faces > non faces. In the right panel con-
trast personally-familiar faces > unfamiliar faces. These activations 
are shown on an inflated brain, depicting voxels surviving p < 0.005 

(uncorrected). b ERPs recorded at T6 and F3 to faces of acquaint-
ances (in blue), newly-learned faces (in red) and unfamiliar faces (in 
green). The three time windows used for source analysis are displayed 
at T6 (early response) and F3 (middle and late responses) electrodes



724	 Brain Topography (2019) 32:720–740

1 3

and then re-referenced to an average reference. The inter-
electrode impedance was always below 10 kΩ. The onset of 
the stimuli served to synchronize data collection. The EEG 
was digitally recorded at a sampling rate of 200 Hz, with 
700 ms epochs, and a 300 ms pre-stimulus baseline. EOG 
correction and artifact rejection were carried out before the 
ERPs were averaged. Averaged evoked responses were digi-
tally low-pass filtered (5.5 Hz cut-off). ERP amplitudes were 
corrected by subtracting the average pre-stimulus amplitude 
value. Additional details of stimulation and recordings can 
be found in Bobes et al. (2007). In order to equalize the 
signal to noise ratio for unfamiliar ERP, here we obtained a 
new average in each subject by randomly selecting 30 trials 
of this condition.

ERPs resulting from this analysis are displayed in Fig. 1b. 
These waveforms showed the N170 component, present 
for all face conditions (mean peak latency 180 ms at T6 
electrode), and two different components related to famili-
arity: one around 350 ms at F3, only present for faces of 
acquaintances and another around 500 ms at Pz, elicited 
by newly-learned and acquaintances faces. According to 
this, we selected three different time windows for sources 
analysis, which were located around the mean peak latency 
of each component for all participants and conditions (see 
shadowed area in Fig. 1b). The early time window was set 
between 150 and 210 ms (60 ms around N170 component). 
Since familiarity effect was more extended in time, the mid-
dle and late time windows were set between 300 and 380 ms 
and between 460 and 580 ms, centered around the peak for 
newly-learned (500–580) and for acquaintances (460–570). 
These two time windows showed a significant familiarity 
effect on a permutation tests for the amplitude differences 
between ERPs for familiar (acquaintances and learned, 
respectively) and unfamiliar faces. A detailed description 
of the methods can be found in the previous article (see 
Bobes et al. 2007).

Source Analysis by Bayesian Model Averaging

ERP Voltage Distributions

Inverse solutions were calculated from the mean amplitude 
across the three time windows selected (Fig. 1b) for each 
face condition. For unfamiliar faces two sets of inverse solu-
tions were obtained (each one corresponding to the unfamil-
iar faces of each block in each subject), which were averaged 
within subject in order to obtain a set of solutions similar 
to those obtained for the other face categories. This pro-
cedure allow to obtain inverse solutions from ERPs more 
similar in signal to noise ratio to that present in the two 
other conditions.

Individual ERPs obtained for each condition in each par-
ticipant were submitted to source analysis. These individual 

solutions were later submitted to statistical analysis (see 
below) which allow the identification of replicable sources 
across the sample.

Bayesian Model Averaging (BMA)

The principle of BMA is quite simple, and can be under-
stood by noting that all EEG IPs, if we assume a fixed ana-
tomical model Mm , can be formulated via Bayes theorem:

This relation states the a-posteriori probability of the 
PCD jm for anatomical model m , defined by the conditional 
density functionP

(
j
|||v, �

2
e
, �2

j
;Mm

)
 , given the voltage data v 

and the hyperparameters �2
e
(sensor noise variance) and �2

j

(source variance or strength) is equal to:

•	 the product of P
(
v||jm, �2

e
;Mm

)
 , the likelihood of the 

data given the PCD, times the prior distributions for the 
hyperparameters

•	 divided by the “Evidence” or probability of the data 
given anatomical model P

(
v||Mm

)
.

If there is no doubt about the anatomical model, the best 
estimate of the PCD ( ̂jm ) is obtained by first estimating the 
hyperparameters and then maximizing the numerator of 
(1.1) to obtain what is known as the maximum a posteriori 
(MAP) estimator of j . This is the standard operating proce-
dure for the EEG IP.

Now consider that we have anatomical model uncertainty: 
that is we are considering models m = 1,… ,Nm modelsMm . 
We now have two choices:

1.	 Model selection: We pick the ĵm that has the largest evi-
dence P

(
v||Mm

)
.

2.	 Bayesian model averaging: Eliminate depence of the 
solution on the anatomical model by averaging all ĵm , 
weighted by their evidences.

Anatomical Models

The intracerebral PCDs, j is defined over a source space 
(grid) comprising 17,759 generators. These were placed in 
Rr r = 1,… , 20 , 19 corresponding with the face-responding 
ROIs obtained from the group level analysis of the fMRI data 
of our previous study, (Bobes et al. 2013) and one includ-
ing the rest of the brain. The face-responding fMRI-defined 
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regions were: inferior occipital gyrus (InfOcc), fusiform 
gyrus (Fus), posterior part of the superior temporal sulcus 
(pSTS), posterior cingulate cortex (PC), anterior cingulate 
cortex (AC), middle orbitofrontal (mOF) cortex, inferior 
frontal cortex pars triangularis (FrInfT), insula (Ins), hip-
pocampus (Hip) and the anterior part of the right temporal 
middle gyrus (ATempM) (see Fig. 2).

The anatomical model m is defined as a union of any set 
I of regions:

It to be noted that the number of anatomical models is 
Nm = 220.

c‑Loreta

The basic bulding block for BMA is, in this case, the antomi-
cally “constrained LORETA” (cLORETA, see Trujillo-Bar-
reto et al. 2004):

Where N
(
�, �2

)
denotes the gaussian distribution defined 

by the mean and variance. Also v is the voltage distribution 
of the ERP, and jm , Km and L−T

m
are, respectively, the PCD, 

lead field and Laplacian operator restricted by the 

Mm =
⋃

I⊂1,...,20

Ri

(1.2)

v = Km jm + e

e ∼ N
(
0, �2

e

)

j ∼ N
(
0, �2

j
L−T
m
L−1
m

)

�2
e
, �2

j
∼ IG(�)

anatomical model m . The hyperparameters are �2
e
 , the sensor 

noise and �2
j
 the variance of the sources and are given the 

usual inverse gamma distribution.
The lead field Kmthat relates the intracerebral activity to 

the scalp electric fields was computed. The forward model 
used in this case consisted of three spheres modeling piece-
wise homogenous compartments: brain, skull, and scalp. 
The conductivity values selected in our case were 0.33, 
0.022 and 0.013 Ω/m for the brain, scalp, and skull, respec-
tively (Oostendorp et al. 2000; Zhang et al. 2006).

The c-LORETA solution then the MAP estimator:

This estimator can be reformulated in the more familiar 
minimization of:

Note that the solution depends on the hyperparameters. 
Rather than using usual methods such as the generalizaed 
crossvalidation (GCV) to estimate these parameters, we 
relied on the iterative procedure developed by MacKay 
(1992) for this purpose (explained in Trujillo-Barreto et al. 
2004).

Model Averaging

The final model of the neural generators associated with 
the electrophysiological effects was carried out using the 

(1.3)ĵm = argmax
jm

P
(
jm
|||v, 𝜎

2
e
, 𝜎2

j
;Mm

)

(1.4)ĵm = argmin
jm

1

𝜎2
e

‖‖v − Km jm
‖‖
2
+

1

𝜎2
j

‖‖Lm jm
‖‖
2

Fig. 2   Source space generators (in red) overlaid on the 20 compart-
ments used for BMA solution estimation. In white the 19 functional 
face ROIs and in blue the non-specific face areas. Functional face 
ROIs are left and right inferior occipital gyrus (InfOcc), left and right 
fusiform gyrus (Fus), right posterior part of the superior temporal sul-

cus (pSTS), posterior cingulate cortex (PC), anterior cingulate cortex 
(AC), middle orbitofrontal (mOF) cortex, inferior frontal cortex pars 
triangularis (FrInfT), insula (Ins), hippocampus (Hip) and the anterior 
part of the right temporal middle gyrus (ATempM)
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Bayesian model averaging (BMA) approach (Penny et al. 
2006; Trujillo-Barreto et al. 2004).

The prior probability of each model is expressed in terms 
of combinations of anatomical compartments defined with 
independence of the observed data. The final primary cur-
rent density is obtained as linear combinations of Nm models:

Where E(jm||v,Mm ) is the PCD estimate for modelMm

and p
(
Mm|v

)
 is the posterior probability of the model Mm 

given the voltage v which is obtained from the Bayesian 
expression:

In this expression, the Bk0 corresponds to a Bayes factor 
that measures a ratio of evidences for comparing a model k 
versus a reference model indexed by 0.

From this description it should be clear that this inverse 
solution is data-adaptive. In particular for each time window 
the solution adapts best to the evidence at those latencies.

Note that the reference model M0 =
⋃

Ri comprise the 
whole brain. The terms �lare prior odds that define the belief 
of each anatomical compartment to be involved in the gen-
eration of the component. In this case, the prior probabil-
ity of the fMRI based anatomical compartments was set as 
�l = 1 , while the probability of the rest of the brain was fixed 
as�l = 0.5 . This is the basis of the “soft thresholding” since 
no area is assigned an �l = 0.

It is easy to see that a “hard thresholding” solution is 
a particular case of BMA in which only one anaotimical 
model is considered and prior probabilities are set to zero 
for many regions.

Group Analysis of Source Reconstruction Maps

The ranks of inverse solution coefficients were computed 
for each participant. The rank function is defined as the 
position of each generator in the list that results when the 
inverse solution coefficients are sorted in descending order. 
If inverse solution maps are not consistent across partici-
pants, a uniform distribution of rank values is expected for 
each generator across the set of participants. On the contrary, 
when generators with the largest inverse solution coefficients 
are concentrated into a particular ROI across subjects, the 
smallest ranks are expected in this region and a violation of 
uniformity is obtained.

ĵ = E(j|v ) =
Nm∑

m=0

E
(
jm
||v,Mm

)
p(Mm|v )

p
�
Mm�v

�
=

�mBm0

Nm∑
l=0

�lBl0

To evaluate whether the null hypothesis of a uniform dis-
tribution of ranks can be rejected, a Kolmogorov–Smirnov 
(KS) statistics test was used (left tail). The p-values of KS 
statistics were computed with a permutation test with 10,000 
repetitions. For each permutation step the ranks of the coef-
ficients of the inverse solution maps were spatially rand-
omized across generators for each participant. This proce-
dure estimates empirically the distribution of KS statistics 
for the inverse solution coefficients under the null hypothesis 
of a uniform distribution of ranks. An alpha level of 0.001 
was used to extract generators with significant spatial con-
sistency across participants.

The results of the group analysis was summarized at each 
ROI with the cluster-mass index (Bullmore et al. 1999), 
which integrates the extent and amplitude of the genera-
tors within each ROI. After thresholding the KS statistic 
map (p < 0.001), the resulting inverse solution image is seg-
mented in continuous clusters. At each cluster the sum of 
KS statistics across all active generators is computed, after 
subtracting the value of the used statistical threshold. Thus, 
each ROI is summarized with the cluster mass value within 
the ROI. It is important to note that the spatial smoothness 
of the inverse solution maps produces only one cluster at 
each ROI.

Zmax

For summarizing the results of each cluster the peak of sta-
tistical significance of each cluster (p-value min which pro-
duces Z-max) were reported using the inverse normal cumu-
lative distribution. Such function projects a p-value into the 
space of a normally distributed variable. This makes easy 
the interpretation and visualization of the results because it 
visually enlarges the differences across significant regions. 
For a p-value of 0.05 corresponds a Z value of 1.64, while 
for a p-value of 0.001 corresponds a Z value of 3.1.

Results

The results of the source analysis are presented in Figs. 3, 
4, 5 respectively for each face category: unfamiliar, newly 
learned and acquaintances. For unfamiliar faces (Fig. 3) the 
source analysis revealed generators in fMRI-defined ROIs 
for the early and middle time window responses, but not 
for the late time interval. The fMRI-defined ROIs that con-
tributed to the early response (150–210 ms) were the Fus 
bilaterally, the left pSTS, left InfOcc and the PC bilaterally 
(Fig. 3). Other brain areas (i.e. the visual cortex) also con-
tributed to the solution. The localization of these sources is 
described in Table 1. The solution for the middle time win-
dow (300–380 ms) seems to be similar, including the Fus, 
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InfOcc, the PC bilaterally and right pSTS (Fig. 3), and also 
includes other brain areas (see Table 1). The most consistent 
sources across subjects at the late response (460–580 ms) 
were located in the Supp Motor Area and Precuneus, without 
participation of any fMRI-defined areas.

For newly learned faces sources of the early response 
were estimated in Fus bilaterally, right ATempM and in 
the left PC (Fig. 4), with small contributions of other brain 
structures out of the fMRI pre-defined space (Table 2). For 
the middle time window, several generators were located in 
the fMRI pre-defined regions, including the right ATempM, 
the bilateral FrInfT, and bilateral AC. In this case other 
sources were localized in brain areas out of the fMRI-defined 
space, such as the bilateral Supplementary Motor Area (see 
Table 2). For the late response, the most significant sources 

were located out of the fMRI-defined ROIs, with the main 
sources localized in Postcentral Area and Middle Cingulate 
gyrus (see Table 2).

The sources of the three different ERP components elic-
ited by faces of acquaintances are shown in Fig. 5. For this 
face category, sources of the early response were found in 
fMRI-defined ROIs: the bilateral Fus, the right OccInf, 
bilateral mOF, bilateral AC, bilateral PC, left Hip and right 
ATempM (Table 3). The sources of the middle time win-
dow response (300–380 ms) were very similar and located 
bilaterally in Fus, mOF, AC, FrInfT, PC, ATempM, Ins and 
Hip, and also small clusters in right pSTS and right InfOcc. 
Other areas from central and visual cortices also contributed 
to this component (see Table 3). The solution obtained for 
the late response elicited by face of acquaintances found 

Fig. 3   Statistical maps of the cortical current density distribution of 
the ERPs to unfamiliar faces. This and subsequent figures present 
the Z score statistical maps for the three time windows analyzed. 
The Z scores were obtained by transforming the permutation derived 

p values using the inverse of the Gaussian cumulative density. Only 
those voxels where the Z value reached significance (Z = 3.1, p 
value = 0.001) are displayed. This and subsequent maps were plotted 
with MRIcron (http://www.sph.sc.edu/comd/rorde​n/mricr​on)

http://www.sph.sc.edu/comd/rorden/mricron
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generators out of the fMRI-defined ROIs explored here, but 
their locations differed to those described previously for 
newly learned and unfamiliar faces. In this case, the most 
significant sources were located in the central part of the 
Temporal Middle gyrus bilaterally (see Table 3).

In order to quantify the magnitude of the source acti-
vations in the face system ROIs, a cluster-mass index was 
measured within each area. The results from this analysis 
are assembled in Fig. 6, where the response of each ROI 
at each time window is represented with a bar graph for 
each face category. For unfamiliar faces, in the early and 
middle time windows (150–210 ms and 300–380 ms) large 
cluster mass values were found in face-selective areas (Fus, 
InfOcc, pSTS), as well as in the left PC. The highest clus-
ter mass values were found in the middle time window, in 
which also the ATempM and FrInfT showed large values. 
No important activation of any of the fMRI-defined ROIs 
was observed in the late time window (460–580 ms). For 
newly-learned faces, in the early time window (150–210 ms) 

highest cluster mass values were found in bilateral Fus, right 
ATempM and left PC, and a discrete value was observed in 
the right InfOcc. In the middle time window (300–380 ms), 
higher activation appeared in the ATempM area, and also 
small cluster mass values could be observed in right Fus, 
bilateral AC, and bilateral FrInfT ROIs. In the late time win-
dow (500–580 ms), no activation in the fMRI-defined ROIs 
was observed (except for the left FrInfT area). For faces of 
acquaintances, ROIs of both core and extended face systems 
showed higher cluster mass values in the two earlier time 
windows. In the first one (150–210), highest cluster mass 
values were associated with right Fus, bilateral mOF, right 
PC and ATempR, and smaller values were found in left Fus, 
right InfOcc, bilateral AC, left FrInfT and bilateral Hip. 
Increased cluster mass values were observed in the middle 
time window (300–380 ms), where bilateral mOF and bilat-
eral AC showed the highest values, but important activations 
were also present in ATempM, bilateral FrInfT, Ins, Hip, left 
PC and in right Fus and right pSTS. In the late time window 

Fig. 4   Statistical maps of the cortical current density distribution of the ERPs to newly-learned faces
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(460–570) no significant cluster mass values showed up in 
any of the fMRI-defined ROIs, which is similar to the result 
obtained for other face categories.

Discussion

To infer the temporal dynamics of familiar face processing, 
we used a BMA/ fMRI guided inverse solution method to 
assess the contribution of fMRI defined areas (Bobes et al. 
2013) to the generation of ERPs elicited by faces with vary-
ing levels of familiarity in three time windows (150–210 ms, 
300–380 ms, 460–580 ms). This fMRI-defined ROIs coin-
cide with those described in the neural model for familiar 
face recognition (Gobbini and Haxby 2007) and belong 
either to the core or to the extended face system.

The present study complement our two previous studies 
in which we obtained information about the processing of 
different types of information associated to familiar faces, by 
recording either ERPs or fMRI related to unfamiliar, visually 

familiar, and personally-familiar faces. In the previous ERP 
study (Bobes et al. 2007) we found that all three types of 
faces evoked an early ERP response, whose amplitude was 
not modulated by familiarity (probably the N170). In addi-
tion, personally-familiar faces elicited two components: a 
frontal positive response around 300 ms, and a later centro-
parietal positive response around 500 ms, whereas visually 
familiar faces only elicited the later response. The topogra-
phy of these responses was different, arguing for differences 
in active neural source configurations. These results sug-
gested that information related with different face memories 
is accessed at different times in different neural structures/
networks. However, ERP topography does not allow to make 
inferences regarding the precise anatomical location of the 
nodes of these networks.

On the other hand, fMRI responses to unfamiliar, visu-
ally familiar, and personally-familiar faces (Bobes et al. 
2013) demonstrated that most areas of the extended face 
processing system (medial orbito-frontal, anterior and pos-
terior cingulate) exhibited higher amplitude and prolonged 

Fig. 5   Statistical maps of the cortical current density distribution of the ERPs to faces of acquaintances
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Table 1   Local maxima of the clusters of generators estimated for unfamiliar faces

(a) 150–210 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

FrInfT L 3.78 3176 (18%) Frontal Inf Tri L -46 28 13 -
PC L
PC R

4.25 5335 (15%) Precuneus L 0 -58 24 Cingulum Mid R
Cingulum Post L, R
Calcarine L, R
Cuneus L, R
Precuneus R

Fus L 4.44 9598 (15%) Temporal Inf L -51 -49 -11 Fusiform L
Temporal Mid L

Fus R 3.69 948 (2%) Temporal Inf R 54 -50 -17 -

(a) 150–210 ms

Other clusters Z max n voxels Maximum location X Y Z Other structures included in the cluster

4.28 6998 Precuneus L 0 -60 49 Cingulum Mid L
Cuneus L
Precuneus R

3.93 2072 Cuneus L -3 -79 20 Calcarine L, R
Cuneus R
Occipital Sup R
Precuneus R

(b) 300–380 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

ATempM R 4.75 4466 (60%) Temporal Mid R 57 -6 -18 Temporal Sup R
Temporal Pole Mid R
Temporal Inf R

PC L
PC R

5.39 20,636 (78%) Precuneus R 0 -53 21 Cingulum Mid L, R
Cingulum Post L, R
Calcarine L, R
Cuneus L, R
Lingual L, R
Precuneus L

Fus L
OccInf L

5.16 37,355 (0.6%) Temporal Inf L 47 -58 -7 Lingual L
Occipital Mid L
Occipital Inf L
Fusiform L
Temporal Mid L

Fus R
OccInf R
pSTS R

4.48 206 (36%) Temporal Inf R 54 -51 -4 Occipital Inf R
Fusiform R
Temporal Sup R
Temporal Mid R

(b) 300–380 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

4.63 8120 Frontal Inf Tri R 51 28 11 Frontal Mid R
Frontal Inf Oper R
Insula R

(c) 460–580 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

FrInfT L 3.40 181 (1%) Frontal Inf Tri L − 45 27 12 -

(c) 460–580 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

3.31 595 Temporal Sup R -58 -21 -3 -
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Blood-Oxygen-Level-Dependent (BOLD) responses 
to personally-familiar faces but not to visually familiar 
faces. By contrast, the core face processing areas (OFA 
and FFA) responded to personally-familiar and visually 
familiar faces (and also unfamiliar faces) with equivalent 
amplitude and duration (Bobes et al. 2013). However, the 
low temporal resolution of the fMRI data does not allow 
examining changes in the latency of the BOLD response 
across different areas. Therefore, it was not possible to 
examine the temporal dynamics of the face circuitry using 
fMRI.

The present ERPs source analysis contribute to disentan-
gle the temporal sequence of activation of these different 
areas. Here we found that fMRI defined ROIs contributed to 
the generation of ERPs in the early (150–210 ms) and mid-
dle time windows (300–380 ms), whereas ERPs in the late 
time window (460–580 ms) were generated in other brain 
areas. Moreover, for unfamiliar faces only face-selective 
ROIs (the core face system) contributed to the generation 
of ERPs in the early and middle time windows, while for 
familiar faces both the core and extended face system ROIs 
contributed to the generation of the early and middle ERP 
responses. However, in the early time window ROIs of the 
extended system contributed differently to ERP responses 
to personally familiar compared to only visually familiar 
faces, with a reduced set of generators in ATempM and PC 
for newly-learned faces, and a wider set of regions includ-
ing also the mOF and AC for personally familiar faces. The 
activation of these areas became even broader in the middle 
time window for this particular face category.

By modeling plausible ERP generators in fMRI-defined 
ROIs, we inferred the temporal activation profile of these 
regions making the best possible use of the data’s degrees of 
freedom. Importantly, even when higher a priori probability 
was assigned to fMRI-defined ROIs (as the most likely loca-
tions), other possible sources could still be localized, since 
other brain areas were not excluded from the model. Note 
that the late response (460–580 ms) was not generated in the 

fMRI defined ROIs (which could be consider the face sys-
tem), which indicated that this late component is not related 
to familiar face processing, and must be indexing other type 
of processing i.e. the organization of behavioral response. 
Since these late component seem to be unrelated to familiar 
face processing, these results will not be considered further 
in this discussion.

ERPs in the early and middle time windows were gener-
ated in ROIs of the core and the extended face processing 
network, but the relative contribution and onset latency of 
each fMRI defined ROI differed between unfamiliar, newly-
learned and acquaintances faces. For unfamiliar faces, gen-
erators were found in Fus, InfOcc and pSTS (areas of the 
face core system), and the participation of the extended face 
system was restricted to the PC. The core face system have 
been proposed to participate in the earlier processing of 
face, and it is related with coding visual appearance and the 
invariant features of faces (Gobbini and Haxby 2007; Haxby 
et al. 2000). The early onset response we found in these areas 
is congruent with this proposal. For newly-learned faces 
and for faces of acquaintances, the contribution of fMRI 
defined areas of the core system in the early time window 
(150–210 ms) was restricted to the Fus, whereas several 
ROIs of the extended face system also contributed to this 
early component. Particularly, for personally familiar faces, 
there were generators of the early ERPs components in all 
fMRI defined ROIs of the extended system, while only the 
ATempM and PC contributed for newly-learned faces. These 
findings are in line with the fact that faces of acquaintances 
convey more information (semantic, emotional and episodic) 
than faces learned in the laboratory. It is interesting to note 
that both mOF and ATempM contributed to the generation of 
the early response (150–210 ms) to faces of acquaintances, 
thereby suggesting that the timing of processing of person-
ally significant information (such as emotional reward and 
other memories) is in the same time interval than the struc-
tural information processing of unfamiliar faces (between 
150 and 210 ms). It is possible that in this time interval the 

In this and subsequent tables we presented clusters corresponding to functional ROIs (fMRI-ROI) and other clusters not included in fMRI-
defined areas. Information associated to each cluster are: the maximum Z reached; the number of voxels activate in each cluster (for fMRI-ROI 
also the percent that number represents from the total size of the ROI); the anatomical label of the maximum in each cluster; MNI coordinates 
of the maximum; and when clusters included other anatomical structures, they will be also specified in an additional column. Anatomical labels 
were obtained from the AAL atlas distributed with MARSBAR toolbox (http://marsb​ar.sourc​eforg​e.net/)
Size is the number of voxels belonging to the cluster. For face functional ROIs the percent of the total volume of the ROI is showed
Anatomical labels were obtained from the AAL atlas distributed with MARSBAR toolbox (http://marsb​ar.sourc​eforg​e.net/)
Xmm, Ymm, Zmm are coordinates in MNI space

Table 1   (continued)

(c) 460–580 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

3.52 2076 Temporal Mid L 57 -17 -5 -

http://marsbar.sourceforge.net/
http://marsbar.sourceforge.net/
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Table 2   Local maxima of the clusters of generators estimated for newly-learned faces

(a) 150–210 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

ATempM R 3.56 652 (9%) Temporal Mid R 59 -9 -13 Temporal Sup R
PC L 3.73 3791 (10%) Precuneus L -7 -53 21 Cingulum Post L

Calcarine L
Cuneus L

Fus L 3.66 2369 (4%) Temporal Inf L -49 -47 -20 Fusiform L
Temporal Inf L

Fus R 4.28 6476 (11%) Temporal Inf R 52 -52 -16 Occipital Inf R
Fusiform R
Temporal Mid R

OccInf R 3.11 53 (0.1%) Occipital Inf R 38 -82 -16 Occipital Inf R

(a) 150–210 ms

Other clusters Z max n voxels Maximum location X Y Z Other structures included in the cluster

3.94 6079 Temporal Mid L -56 -19 1 Frontal Inf Oper L
Rolandic Oper L
Heschl L
Temporal Sup L

3.32 229 Calcarine R 3 -80 4 Calcarine L, R
Lingual L,R

3.33 318 Temporal Sup R 58 -19 7 Rolandic Oper R
Heschl R

(b) 300–380 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

ATempM R 4.71 2028 (27%) Temporal Mid R 59 -9 -15 Temporal Sup R
Temporal Pole Mid R

FrInfT L 4.02 1441 (8%) Frontal Inf Tri L -46 28 11 -
FrInfT R 3.87 712 (5%) Frontal Inf Tri R 51 29 11 -
AC R 3.88 1314 (4%) Frontal Sup Medial R 4 56 11 Frontal Sup Medial L, R

Cingulum Ant L, R
Fus R 3.98 1002 (2%) Temporal Inf R 52 -51 -16 Fusiform R

(b) 300–380 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

4.26 5040 Temporal Sup R 58 -23 7 Rolandic Oper R
Postcentral R
SupraMarginal R
Heschl R
Temporal Mid R

3.14 33 Temporal Sup L -56 -15 -0 Temporal Mid L
4.08 5593 Cuneus L 4 -80 20 Calcarine L, R

Cuneus R
Lingual L
Occipital Sup R
Precuneus R
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Table 2   (continued)

(b) 300–380 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

4.33 27,019 Supp Motor Area R 2 -2 54 Precentral R
Frontal Sup L, R
Supp Motor Area L
Frontal Sup Medial L, R
Cingulum Ant L, R
Cingulum Mid L, R
Postcentral R
Parietal Sup R
Precuneus L, R
Paracentral L, R

(c) 500–580 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included in the cluster

FrInfT L 3.50 945 (5%) Frontal Inf Tri L -46 25 16

(c) 500–580 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included in the cluster

4.08 10,117 Postcentral L -54 -18 14 Precentral L
Frontal Mid L
Frontal Inf Oper L
Rolandic Oper L
Postcentral L
SupraMarginal L
Heschl L
Temporal Sup L
Temporal Mid L

4.58 8120 Temporal Sup R 58 -21 9 Rolandic Oper R
Postcentral R
SupraMarginal R
Heschl R
Temporal Sup R
Temporal Mid R

5.06 126,255 Cingulum Mid R 2 -16 47 Precentral L, R
Frontal Sup L, R
Frontal Mid L, R
Supp Motor Area L, R
Frontal Sup Medial L,R
Cingulum Ant L, R
Cingulum Mid L, R
Calcarine L, R
Cuneus L, R
Lingual L
Occipital Sup L, R
Occipital Mid L, R
Postcentral L, R
arietal Sup L, R
Parietal Inf L, R
Angular L, R
Precuneus L, R
Paracentral Lobule L,R

The corresponding funtional ROI (fMRI-ROI) of each cluster, the anatomical label of the maximum and other anatomical structures included in 
each cluster are specified
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Table 3   Local maxima of the clusters of generators estimated for faces of acquaintances

(a) 150–210 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included 
in the cluster

ATempM R 5.16 3737 (49%) Temporal Mid R 57 -7 -18 Temporal Sup R
Temporal Pole Mid R
Temporal Inf R

Hip L 3.44 200 (2%) Hippocampus L -27 -13 -18 -
FrInfT L 3.62 567 (3%) Frontal Inf Tri L -45 32 7 -
mOF R
mOF L
AC L
AC R

3.98 8064 (34%) Frontal Med Orb R 1 46 -12 Frontal Sup Orb L
Olfactory L, R
Frontal Med Orb L
Rectus L, R
Cingulum Ant L, R

AC L
AC R

3.40 438 (2%) Frontal Sup Medial L − 4 57 8 Cingulum Ant L, R
Frontal Sup Medial L, R

PC R 4.33 4320 (10%) Precuneus R 7 -56 22 Cingulum Mid R
Calcarine L R
Cuneus R
Lingual R
Precuneus L ,R

Fus R
OccInf R

5.04 9600 (17%) Temporal Inf R 50 -52 -16 Occipital Inf R
Fusiform R
Temporal Mid R

Fus L 3.69 2930 (5%) Temporal Inf L -51 -48 -20 Fusiform L
InfOccR 3.83 1401 (3%) Occipital Inf R 38 -83 -8 Occipital Mid R

(a) 150–210 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included 
in the cluster

3.17 49 Temporal Mid L -57 -20 -1 Temporal Mid L
3.13 69 Temporal Sup R 57 -22 0 Temporal Sup R

(b) 300–380 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included 
in the cluster

ATempM R 4.24 2173 (29%) Temporal Mid R 57 -7 -18 Temporal Sup R
Temporal Pole Mid R

Hip L 3.54 470 (4%) Hippocampus L -27 -14 -17 -
Hip R 3.30 231 (1%) Hippocampus R 30 -15 -16 -
Ins R 3.98 834 (4%) Insula R 41 12 -3 -
FrInfT L 4.48 11,409 (64%) Frontal Inf Tri L -42 23 9 Frontal Inf Oper L

Insula L
FrInfT R 4.64 6412 (38%) Frontal Inf Tri R 51 29 12 Frontal Mid R

Frontal Inf Oper R
AC L
AC R
mOF L
mOF R

5.38 77,859 (100%) Cingulum Ant L -1 44 17 Frontal Sup L, R
Frontal Sup Orb L, R
Frontal Mid L, R
Frontal Mid Orb L, R
Supp Motor Area L, R
Olfactory L, R
Frontal Sup Medial L, R
Frontal Med Orb L, R
Rectus L, R
Cingulum Ant L, R
Cingulum Mid L, R
Caudate L
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two types of processing run in parallel. Another interesting 
finding is that the contribution of the fMRI-defined ROIs to 
the ERPs in the middle time window was more extended and 
reliable than to the ERPs in the early time window, as indi-
cated by the largest values of the cluster mass for unfamiliar 
faces in the core system ROIs and for faces of acquaint-
ances in the extended system ROIs, suggesting a sustained 
processing in some areas with the posterior recruitment of 
additional areas.

Our results suggest a dynamic network with rapid activa-
tion growing over time by recruiting further units and nodes 
according to the memories conveyed by the different types of 
faces. As predicted by the Gobbini and Haxby model (Gob-
bini and Haxby 2007), responses to unfamiliar faces in the 
core face system (FFA, OFA, STS) occur early and are sus-
tained in time. The core system (through right FFA) is also 
engaged in familiar face processing early in time together 
with areas of the extended face system triggered by familiar 

In this and subsequent tables the corresponding funtional ROI (fMRI-ROI) of each cluster, the anatomical label of the maximum and other ana-
tomical structures included in each cluster are specified

Table 3   (continued)

(b) 300–380 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included 
in the cluster

PC L 4.22 3410 (10%) Precuneus L -7 -52 18 Cingulum Post L
Calcarine L
Cuneus L

pSTS R 4.76 11,782 (17%) Temporal Mid R 54 -52 -1 Occipital Inf R
Fusiform R
Temporal Sup R
Temporal Inf R

Fus L 3.47 674 (1%) Temporal Inf L -52 -46 -20 -
Fus R 3.13 29 (0.05%) Fusiform R 32 -48 -16
InfOccR 3.41 67 (0.1%) Occipital Inf R 39 -83 -3 Occipital Mid R

(b) 300–380 ms

Other clusters Z max n voxels Maximum location X Y Z Other structures included 
in the cluster

3.74 2958 Paracentral Lobule R 1 -38 61 Supp Motor Area R
Cingulum Mid L, R
Precuneus L, R
Paracentral Lobule L

3.99 5369 Cuneus R 5 -81 17 Calcarine L, R
Cuneus L
Lingual L

4.07 6089 Postcentral L -54 -19 14 Precentral L
Rolandic Oper L
SupraMarginal L
Heschl L
Temporal Sup L
Temporal Mid L

(c) 460–570 ms

fMRI-ROI clusters Z max n voxels (ROI %) Maximum location X Y Z Other structures included 
in the cluster

FrInfT L 3.40 181 (1%) Frontal Inf Tri L -45 27 12

(c) 460–570 ms

Other clusters Z max nvoxels Maximum location X Y Z Other structures included 
in the cluster

3.52 2076 Temporal Mid L − 57 -17 -5 Temporal Sup L
3.31 595 Temporal Sup R 58 -21 -3 Temporal Mid R
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face processing: PC and ATempM, as well as the mOF for 
personally significant faces, probably involved in emotional 
reaction to familiar faces. The remaining structures of the 
extended face system (e.g., AC, Hip, Ins, FrInfT), possibly 
involved in processing semantic and episodic information, 
as well as personal traits and intentions, may be recruited 
later in time.

From a methodological point of view, different aspects 
deserve comments. We will first consider the advantage 
of BMA over traditional source analysis methods and the 
interest of this approach for fMRI-constrained analysis, 
and second, we will discuss the statistical method used for 
the second level analysis. First, the advantage of the BMA 
method is that a large number of inverse solution maps are 
weighted by their posterior probability, that is, how well 
each inverse solution map explains the voltage distribution 
over the scalp. In this framework, it is possible to address the 
model uncertainty problem that arises when different model-
based solutions account for the same data. Using BMA, it is 
possible to find a unique inverse solution that is independ-
ent (unconditional) of the chosen model (Trujillo-Barreto 
et al. 2004). Furthermore, BMA general formulation allows 
defining each model by constraining the solution to a par-
ticular anatomical structure or a combination of structures. 

The prior probability of each model provides information 
regarding the relative plausibility of the competing mod-
els thereby addressing two main problems of linear inverse 
solutions: (a) the presence of ghost sources in the estimated 
solution and (b) the tendency to underestimate deep genera-
tors in favor of cortical ones (Trujillo-Barreto et al. 2004). 
Results demonstrate that this strategy seems to cope with 
both problems. Additionally, it is also possible to consider 
different prior probabilities for each model based on the 
fMRI activation maps while maintaining the good proper-
ties of BMA (Melie-García et al. 2004). In the present work, 
we defined prior probabilities assigning the highest values to 
the face areas defined in a previous fMRI work (Bobes et al. 
2013) and lower probabilities to other brain areas, in order 
to guarantee the inclusion of additional sources, if present. 
With this approach, the properties of BMA are maintained, 
since prior odds were set to one in the fMRI-defined ROIs, 
and since different models resulting from the combination 
of the fMRI-defined ROIs have the same prior probability. 
Consequently, while the relative plausibility of the differ-
ent fMRI-ROIs combinations will be the same, the model 
favors the brain regions receiving higher support from the 
data and penalizes those that are less likely to contribute to 
the generation of the ERP components and deeper ROIs are 

Fig. 6   Cluster mass values representing the ROI contribution to the 
generation of the ERP components in each time window and face 
condition. The length of each bar corresponds to the cluster mass 
intensity at each ROI after thresholding the Kolmogorov–Smirnov 

(KS) statistic map with the threshold obtained with the permutation 
procedure. The cluster mass intensity integrates the extent and the 
amplitude of the response within the ROIs
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not disfavored. The brain areas not included in the fMRI data 
based ROIs are considered as less likely generators (prior 
odds were set to 0.5), but the support they receive from the 
data is taken into account.

Regarding second level analyses, BMA creates a statisti-
cal challenge for the estimation of group effects, because 
the scale of BMA coefficient maps is largely variable across 
participants. As a consequence, the parametric tests for the 
group mean are useless. Thus, to assess the statistical sig-
nificance of group effects, we used non-parametric meth-
ods based on the spatial consistency of BMA maps. Rank 
tests have recently been used by Rosenblatt and co-workers 
(Rosenblatt et al. 2014) for fMRI data second level analy-
sis. These authors demonstrated that the rank test increases 
statistical power compared with conventional parametric 
methods, when the data follow a mixture model of active 
and non-active populations of unknown distribution func-
tions (Xu et al. 2009). Importantly, in the present study, we 
also estimated statistical significance at each voxel with per-
mutation tests to avoid the problems of sample size require-
ments and the assumption of dependence of the distribu-
tion of BMA maps. To the best of our knowledge, no other 
methods allow overcoming the differences in variation scale 
of BMA maps.

The present results obtained with the method described 
above are consistent with other studies using more tradi-
tional inverse solution approaches. Previous studies per-
forming source analysis using distributed solutions models 
without restricting the space of solutions found that the Fus 
(Corrigan et al. 2009; Caldara et al. 2003; Herrmann et al. 
2005; Henson et al. 2007), STS (Itier and Taylor 2004; Cor-
rigan et al. 2009; Eryilmaz et al. 2007), OFA (Henson et al. 
2007, 2009; Caldara et al. 2003; Corrigan et al. 2009; Her-
rmann et al. 2005) and also the PC (Corrigan et al. 2009) 
contributed to the N170 to unfamiliar faces. These results 
are in line with the sources found here in the early time 
window that included the N170 component. Results obtained 
using dipolar models are also congruent with the present 
results. Generators of the N170 to unfamiliar faces were 
located in the fusiform and inferior occipital gyrus (Shibata 
et al. 2002; Rossion et al. 2003; Deffke et al. 2007; Jemel 
et al. 2009; Caldara et al. 2003). Dipole analysis of the N250 
component related to familiarity processing (Schweinberger 
et al. 2002) revealed that the Fus was the main generator. 
Other studies also described the implication of the inferior 
frontal regions in the ERPs responses to familiar faces in dif-
ferent tasks (Mnatsakanian and Tarkka 2004; Genetti et al. 
2009; Jemel et al. 1999; Tarkka and Mnatsakanian 2003; 
Gao et al. 2013).

Due to the uncertainty of inverse solution models, a gold 
standard is to use data obtained from intracranial record-
ings. Importantly, the present results are in line with those 
reported by Barbeau and collaborators (Barbeau et al. 2008) 

in an exhaustive study of the electro-cortical responses to 
faces. These authors found responses to familiar and unfa-
miliar faces with different latencies in several areas of the 
face system. The earliest response to both familiar and unfa-
miliar faces (around 110 ms) was found in the Fus, InfOcc 
regions and in the inferior frontal gyrus. A familiarity effect 
was found between 250 and 360 ms in areas of the tempo-
ral pole and hippocampus. Other studies using intracranial 
recordings also found early activations for faces in the Fus 
and late activations in a widespread network (Puce et al. 
1996, 1999; Halgren et al. 1994; Allison et al. 1994, 1999; 
Dietl et al. 2005). Importantly, however, intracranial record-
ing studies have not explored other structures of the extended 
face system (e.g., AC, FrInfT and PC), which in the present 
study were found to contributes also to face elicited ERPs.

Additional evidence suggests multiple contribution of dif-
ferent areas of the core face system to the N170 component, 
including adaptation studies in normal participants (Eimer 
et al. 2010) and studies in patients with acquired prosopag-
nosia (Dobel et al. 2008; Dalrymple et al. 2011; Oruc et al. 
2010; Bobes et al. 2004).

The results obtained here evince the potential of the 
fMRI-guided BMA solution for exploring temporal 
dynamics in neural cognitive networks. However, some 
methodological aspect would be improved. In this study, 
we defined the ROIs from the group analysis, in order to 
have a common solution space that facilitated the sources 
statistical analysis. Also, the ERP component for source 
estimation (the time window presenting experimental con-
dition effects) were selected from group analysis. It could 
be convenient in future studies to select the ROI and locate 
the time presenting effects, individually by each subject. By 
this way, the spatial and temporal variability of the data due 
to anatomical variations of functional areas and differences 
in temporal processing will be minimized, allowing more 
precise results.

In sum, our results provide additional information regard-
ing the temporal-dynamics of the familiarity processing in 
the neural system for familiar face recognition. Face process-
ing models have tried to posit the nodes of the face circuitry 
and the computations carried out in each node. As these 
models are based on fMRI studies, they fully described the 
different neural structures that participate in the processing 
of different types of information derived from faces. How-
ever, no temporal information was included. The temporal 
dynamics described here complements those models. The 
simplest hypothesis is that response onset latency increases 
as activation progresses along the ventral visual pathway, 
integrating the core system with frontal areas belonging to 
the extended face system. This hypothesis is not entirely 
supported by the present data. While response onset latency 
differs between ROIs, fast responses were found not only in 
areas of the core system but also in areas of the extended 
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face system. As the earliest analyzed time window was 
150–210 ms, it is possible that response onset latency was 
shorter (inferior to 150 ms). Previous results suggested 
an early ERP face modulation around 100 ms (P100) and 
sources analysis using LORETA localized P100 generators 
in the Fus (Herrmann et al. 2005). Thus, activation in the Fus 
may occur before the mOF. Nevertheless, results of intracra-
nial studies showed activation of these two structures at the 
same latency. Moreover, considering LORETA problems for 
localizing deep sources such as mOF (see Trujillo-Barreto 
et al. 2004 for a discussion), the possibility of simultaneous 
activation of Fus and mOF cannot be discarded.

Conclusion

The present study suggested that the processing of different 
types of faces involves a complex network, including areas 
of the core and the extended face systems that operates in 
parallel and acts dynamically. We concluded that fMRI-con-
strained BMA source analysis provides information about 
the temporal-dynamics of the neural system for familiar face 
recognition, which complement the anatomical information 
considered in the currently accepted model.
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