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Abstract

Mismatch negativity (MMN) is an event-related brain potential that appears when an auditory regularity is violated. Two
main hypotheses have been proposed to explain it: the adaptation hypothesis and the memory-based hypothesis.
Critically, they differ in whether the MMN can be distinguished from the N1. In this study, we assessed the differential
contribution of the N1 and the MMN using independent component analysis (ICA) combined with model-based
clustering. Our results show that the neural responses associated with the standard and deviant tones are explained by
three clusters of reliable ICs with frontocentral scalp distribution. Two of these clusters exhibited a common N1 for both
the standard and deviant tones and one cluster showed an enhancement of the anterior N1 at the MMN time range. These
results support the adaptation hypothesis, which proposes that MMN is generated by neural mechanisms similar to those
associated with auditory N1.

Descriptors: Independent component analysis, Mismatch negativity, N1

To survive in potentially hostile environments, animals need to
automatically detect changes in a uniform background to determine
their nature and, if needed, act to prevent undesirable conse-
quences. Significant advances in the study of brain activity related
to the violation of regularities in auditory stream patterns have been
made in the past few decades. It is well-established that the N1
component peaks approximately 100 ms after the onset of simple
auditory stimuli (Näätänen & Picton, 1987). However, when a rare
(deviant) sound is embedded into a sequence of regular (standard)
tones, it evokes an enhanced frontocentral negative potential in the
120–250 poststimulus latency range referred to as mismatch nega-
tivity (MMN; Näätänen, Gaillard, & Mäntysalo, 1978; Näätänen,
Paavilainen, Rinne, & Alho, 2007). It is generally accepted that

MMN represents a very early (if not the earliest) automatic index of
the auditory change detection process; as such, it has been studied
extensively in many experimental settings (Näätänen et al., 1978,
2007). However, the neural mechanisms and the idiosyncrasy
underlying MMN generation remain a matter of debate (Garrido,
Kilner, Stephan, & Friston, 2009). At the poles of this debate, two
explanatory models have been proposed: the memory-based model
and the adaptation model.

The memory-based model holds that MMN appears as a conse-
quence of a breakdown of earned auditory stream regularity
because current auditory input is compared to a formed memory
trace that is built up as sensory-memory representations that
encode repetitive aspects of the auditory environment (Näätänen,
1992; Näätänen & Winkler, 1999). This model assumes that the
MMN reflects the activity of specific groups of auditory neurons
that transiently signal that there is an incoming sound that does not
fit the previously repeated auditory pattern of stimulation. The
neural population responsible for detecting a change in incoming
sound would be different from the set of neurons that respond to
previously repeated sound input. Consequently, the model states
that the functional distinction between the N1 and MMN stems
from the premise that the MMN (derived by subtraction) should be
treated as an event-related fields/event-related potentials (ERF/
ERP) component independent from the N1 (one element of the
subtraction), so that the response to the deviance is the linear sum
of the N1 and the MMN. In contrast, the adaptation model suggests
that in each stimulus (or pattern) repetition of the conditions of
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stimulation, neurons of the auditory cortex become attenuated by a
combination of the poststimulus suppressive mechanisms of adap-
tation and lateral inhibition (May et al., 1999; May & Tiitinen,
2010) and, as a consequence, there is a reduction (suppression) of
the N1 amplitude with the repetition (Grau, Fuentemilla, & Marco-
Pallarés, 2007). The key proposal of the adaptation hypothesis is
the differential behavior of adapted and nonadapted neural
responses. When a deviant sound is embedded in a set of regular
tones, the nonadapted cells (“the fresh afferents”) fire, contributing
to an enhanced N1. In this model, the standard and the unexpected
stimuli would activate, within the same brain region (i.e., the audi-
tory cortex), different neural populations: while in response to the
former neural responses, leading to an adapted state (adapted cells),
the “fresh afferents” nonadapted cells would fire to the new/
changed characteristics of the unexpected stimulus. Therefore, as
stated in May and Tiitinen (2010), “The same areas partake in
generating the N1 to the standard and the enhanced response to the
deviant, and, consequently, there is no separate cortical area gen-
erating the MMN component” (pp. 71).

Several attempts have been performed to test both theories.
Whether the MMN is generated from a different auditory neural
population (i.e., the memory-based model) or, instead, from the
same neural population that elicited the N1 ERP (i.e., the
adaptation-based model) represents the critical cutting point
between both models. The study of the temporospatial scalp dis-
tribution of the MMN and N1 might be conceived as an important
approach that may help in disambiguating between the two gen-
eration proposals. For instance, finding differences at the spatial
and temporal domain between the MMN and N1 would support
the memory-based model (Näätänen, Jacobsen, & Winkler, 2005).
Indeed, while the N1 topography is larger in the contralateral
hemisphere after stimulation, the MMN presents a consistent right
lateralization in response to simple sounds independent from the
side of stimulation (Alain, Woods, & Ogawa, 1994; Giard, Perrin,
Pernier, & Bouchet, 1990; Paavilainen, Alho, Reinikainen, Sams,
& Näätänen, 1991, but see also Deouell, Bentin, & Giard, 1998).
In addition, magnetoencephalographic (MEG) source localization
studies have proposed that generators of N1 and MMN are sepa-
rated by ~10 mm, suggesting that there is a specific neural
network involved in MMN (Alho, 1995; Alho et al., 1998). Using
the same line of reasoning, the latencies of N1 and MMN are very
different, the former peaking at ~85 ms after the presentation of
the stimuli and the latter at ~150 ms after the appearance of a
deviant sound (Jääskeläinen et al., 2004; Näätänen & Picton,
1987). Other experiments demonstrate that MMN is elicited when
detecting changes in complex auditory patterns. For example,
MMN can appear when a sound is omitted in a regular auditory
pattern (Tervaniemi, Saarinen, Paavilainen, Danilova, &
Näätänen, 1994; Yabe, Tervaniemi, Reinikainen, & Näätänen,
1997). As it would appear obvious that omission would never
generate an N1 ERP, the presence of MMN in this condition
would support the presence of an independent mechanism of
change detection. In addition, MMN also appears in abstract
changes, such as in the violation of regular changes in frequency
(Tervaniemi et al., 1994) or in the relationship between intensity
and frequency (Paavilainen, Simola, Jaramillo, Näätänen, &
Winkler, 2001). According to the memory-based model, this
abstract-detection mechanism is an index of a primitive intelli-
gence (Näätänen, Tervaniemi, Sussman, Paavilainen, & Winkler,
2001), which cannot be explained by means of an adaptation
process, as sounds are not repeated and violations occur at the
abstract level.

Nevertheless, the study of the spatiotemporal properties of the
appearance of the N1 and MMN has also lent important support
to the adaptation-based model. Jääskeläinen et al. (2004) showed,
in a combined magnetoencephalography (M/EEG) and fMRI
study, that the N1 and MMN had common source auditory neural
population origins and that the delayed peak latency of the MMN
could be explained by the alteration of the “center of gravity” of
the activity within this neural population, being more anterior for
MMN and more posterior for N1 (Jääskeläinen et al., 2004). Fur-
thermore, the neurophysiological premises underlying the adap-
tation model are based on several physiological studies that
showed adaptation and lateral inhibition in the auditory cortex,
while studies showing cell populations that specifically fire in
response to auditory change but not in response to standard
tones are rare and controversial (Kropotov et al., 2000; May &
Tiitinen, 2010). Jääskeläinen and colleagues also showed that an
MMN was not generated by a separate group of neurons when
compared to areas involved in single-sound processing (Jääskel-
äinen et al., 2004). This would argue against the existence of
groups of neurons that specialize in auditory change detection.
Finally, in a very exhaustive review, May and Tiitinen exposed,
through computational simulations, that the adaptation model
might account for most of the results found in the literature,
including those that have been proposed to demonstrate the
memory-based model, such as the elicitation of an MMN by
stimulus omission or abstract changes (May & Tiitinen, 2010). In
addition, Occam’s razor would favor its validity, as the adaptation
model is simpler and more physiologically based than the tradi-
tional model.

Furthermore, one of the primary criticisms of the conclusions
derived from the memory-based model is centered in the rationale
of using a subtraction method when identifying the MMN. In
practically all MMN studies, the N1 response to the standard tone
is subtracted from the response to the deviant tone, and the result-
ing subtraction curve is treated as a separate component, that is, a
“genuine” brain response reflecting the activity arising out of a
dedicated neural generator. Although the subtraction procedure
may be intuitively valid when a priori assuming that the N1 and
MMN are generated separately, this procedure may underestimate
the possibility that they were elicited by common neurophysiologi-
cal mechanisms with an unfixed response latency (May & Tiitinen,
2010). Indeed, in the adaptation model, the adapted and nonad-
apted neural activity that elicits the N1 ERP presents not only
different amplitudes but different temporal dynamics. The N1 ERP
that originates from adapted neural activity might peak earlier than
the N1 that is primarily contributed by nonadapted neural
responses. Therefore, the study of the temporal dynamics of
N1/MMN might convey critical information regarding the nature of
the neural generators that contribute to their appearance. Hence, a
method that takes into consideration the temporal information
when extracting functionally dissociated neural components
seems, at first glance, appropriate here. Independent component
analysis (ICA) represents a blind source-separation technique that
decomposes a mixture of signals (EEG data, in our case) into their
maximal independent components (IC) based on temporal infor-
mation (Makeig, Bell, Jung, & Sejnowski, 1996; Makeig, Debener,
Onton, & Delorme, 2004). It has been shown that ICA is able to
separate ocular and muscular artifacts in EEG and MEG signals
(Jung et al., 2000, 2001) and to identify spatiotemporal event-
related brain responses (see, among others, Debener, Makeig,
Delorme, & Engel, 2005; Delorme, Westerfield, & Makeig, 2007;
Grau et al., 2007; Kalyakin, González, Kärkkäinen, & Lyytinen,
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2008; Makeig et al., 1996; Makeig, Jung, Bell, Ghahremani, &
Sejnowski, 1997; Marco-Pallarés, Grau, & Ruffini, 2005; Onton,
Delorme, & Makeig, 2005). In the present study, we aimed to
investigate whether MMN and N1 ERPs arise as a single or a
dissociated component that is detectable in scalp electroencepha-
lographic data (EEG) with a new single trial-based statistical
approach based on ICA.

However, there are some shortcomings with regards to the use
of ICA; namely, ICA might not be reliable when inadequate data
(i.e., noise) are provided or when there are multiple local minima
in the algorithm’s objective function (Groppe, Makeig, & Kutas,
2009). Furthermore, after applying single-subject ICA, a cross-
participant IC comparison procedure is needed to identify repre-
sentative ICs between participants under specific experimental
conditions. Indeed, clustering approaches have emerged as a suc-
cessful way to address this methodological drawback. Different
algorithms, such as k-means, neural networks, and feature-based
indices (IC topography, spectral activity, ERPs, dipoles, event-
related spectral perturbation, and intertrial coherence), among
others, have been used in ICA clustering research (Contreras-
Vidal & Kerick, 2004; Delorme et al., 2007; Huang, Jung,
Delorme, & Makeig, 2008; Onton et al., 2005; Onton & Makeig,
2006; Onton, Westerfield, Townsend, & Makeig, 2006; Zeman,
Till, Livingston, Tanaka, & Driessen, 2007). The common restric-
tion of most of these algorithms resides in the need of an a priori
determination of the number of IC clusters (ICc), which inher-
ently entails the possibility that subjective bias could be intro-
duced to the results (Onton & Makeig, 2006; Zeman et al., 2007).
Several proposals have been made to automatically determine the
number of clusters (see, e.g., Fraley & Raftery, 1998; Lange,
Roth, Braun, & Buhmann, 2004; Martinez & Martinez, 2004;
Still & Bialek, 2004, among many others), but their application of
ICA to brain electrophysiological data has been scarce. In the
present study, we used the model-based clustering (MBC)
approach (Fraley & Raftery, 1998; Martinez & Martinez, 2004),
based on the finite mixture model for probability densities, to
calculate, in a nonsupervised way and without a priori assump-
tions regarding the number of clusters required as an input, the
number of statistical ICcs that reliably contribute to the formation
of an ERP. Our hypothesis is that if the MMN memory-based
model is correct in claiming that MMN is a different process
superimposed on N1, then we should be able to find ICs com-
prising standard and deviant responses in different clusters. In
this model, a cluster or clusters should ideally contain standard
N1 ICs, including some with the MMN ICs in their respective
expected time ranges, and some common MMN/N1 ICs. If the
adaptation model holds true, we should identify common ICs to
standard and deviant-response N1 ICs in the same cluster(s),
leading to the interpretation that N1 and MMN ERPs consist of a
similar mechanism of brain dynamics.

Materials and Methods

Participants

Fifteen right-handed, healthy participants (7 women; mean age
25.4 years; range 20–28 years) gave their written consent to par-
ticipate in the study. None of the participants reported a history of
head injury, neurological disease, hearing problems, severe
medical illness, or drug abuse. The experiment was approved by the
Ethics Committee of the University of Barcelona.

Stimuli and Procedure

The paradigm consisted of trains of three pure sine-wave tones
(1000 Hz, 10-ms rise/fall times) delivered binaurally through head-
phones (90 dB SPL) by the Stim Interface System (Neuroscan
Inc.). The first two tones (S1 and S2) were 75 ms in duration
(standard tones), and the third tone was, in the same proportion
(P = .5), either a standard (N = 100) or a deviant tone (N = 100) of
25 ms in duration.

The order of standard and deviant trains was random, the intras-
timulus interval was 584 ms, and the intertrain interval was 30 s
(Fuentemilla, Marco-Pallarés, & Grau, 2006). The MMN and
neural oscillatory activity results using the same subjects and para-
digm were described in a previous study (Fuentemilla, Marco-
Pallarés, Münte, & Grau, 2008).

Participants sat in a comfortable chair in a dimly lit, electrically
and acoustically shielded booth. During the EEG recording, each
subject was instructed to perform an irrelevant visual task
(reading), to ignore the auditory stimuli, and to avoid extra eye
movements and blinking.

EEG Recording

EEG activity (0.01–70 Hz band-pass; 50 Hz notch filtered) was
recorded by a 32-channel amplifier (Synamps, Neuroscan, Inc.) at
a sampling rate of 500 Hz. EEG electrodes were placed according
to the enhanced 10-20 position system (Fp1/2, F3/4, C3/4, P3/4,
F7/8, T3/4, T5/6, Fz, Cz, Pz, Oz, FC1/2, FT3/4, M1/2, IM1/2,
TP3/4, CP1/2) and were all referenced to the tip of the nose.
Impedances were maintained below 5 kW. Ocular movements
(EOG) were recorded from two electrodes at the outer canthus of
each eye. A single ground electrode was attached at AFz.

Data Analysis

The ERP protocol analysis consisted of a sequence of five steps
delineated in Figure 1 and explained in detail in the following
paragraphs.

ERP analysis. For each subject, continuous EEG data were band-
pass filtered offline (1–35 Hz). Only epoched trials of 550 ms
(150 ms prestimulus to 400 ms poststimulus) containing responses
to the third standard of the train or deviant were extracted. The
mean EEG at each channel for each epoch, rather than the mean
EEG in a prestimulus baseline, was removed to improve the
number of reliable ICs (Groppe et al., 2009). Trials were excluded
automatically if amplitudes exceeded �100 mV in EEG and/or
EOG. ERPs were found by separately averaging EEG epoch trials
with standard or deviant tones, while the MMN difference wave
was calculated by subtracting the averaged deviant ERP from the
averaged standard ERP. For each participant, differences between
deviant and standard conditions were assessed with a repeated
measures, two-tailed cluster mass permutation test (family-wise
corrected with an alpha of 0.05; Bullmore et al., 1999; Groppe,
Urbach, & Kutas, 2011a) using a recent EEGLAB toolbox devel-
oped by David M. Groppe (http://openwetware.org/wiki/Mass_
Univariate_ERP_Toolbox; Groppe, Urbach, & Kutas, 2011b).
Points between 0 and 250 ms after stimuli onset and all electrodes
were included in the test. Electrodes within 5.44 cm of one another
were considered spatial neighbors. A total of 2,500 random permu-
tations were used to compute the repeated measures t test null
hypothesis distribution.
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ICA. The Infomax ICA algorithm finds the unmixing matrix, W
(components by electrodes), which linearly decomposes an
m-sensor EEG time series, x(t), into n-IC time series (n � m), u(t),
where t represents each time point:

u Wxt t( ) = ( ) (1)

An IC is represented by two main features: the activation (rows of
u(t) matrix) and the scalp topography (A, electrodes by compo-
nents) corresponding to the inverse of the W unmixing matrix, as
follows:

x W u Aut t t( ) = ( ) = ( )−1 (2)

whose columns define the weights of the projections of n IC to each
scalp electrode. Because the polarity of the IC scalp map and
activity are arbitrary, only their products determine the sign and the
amplitude of each channel’s potential (Onton & Makeig, 2006).

The extended Infomax algorithm (Lee, Girolami, & Sejnowski,
1999) was used for the ICA of the concatenated standard and
deviant single-subject trials; that is, stimuli from both conditions
were pooled to increase the robustness of the ICA decomposition
(Groppe et al., 2009). IC extraction was performed with EEGLAB
(v6.01b) software under MatLab 7.2, as described by Delorme and
Makeig, 2004.

ICA artifact rejection. After ICA, CORRMAP was run in auto-
matic mode to detect, in a semiautomatic way, which ICs enclosed
eye blinks and lateral eye movements. First, a preselection of
representative artifact templates was used to draw correlations
between these templates and the ICs from all participants (Viola
et al., 2009). In a second step, the remaining ICs were subjected to
a visual inspection to identify nonstereotype artifacts (e.g., bad
electrode contacts, muscular activity, etc.). The identification of
such artifactual ICs was based on the scalp and time course char-
acteristics (Jung et al., 2000, 2001).

ICA reliability via split-half comparisons. ICA reliability was
assessed using the split-half approach (Groppe et al., 2009). This
method determines the reliability of each subject’s IC by splitting
individual data into two halves (odd and even trials) and computing
the distance of topography and activation features found in each
half with those found when entering the whole dataset. To statisti-
cally test the reliability of a certain IC (in our case, that two ICs are
homogeneous or not), a probabilistically interpretable reliability
criterion was used (see Groppe et al., 2009, for details).

This analysis was performed for standard and deviant condi-
tions together. The MatLab code for implementing the split-half
reliability analysis is freely available at David M. Groppe’s website
(http://www.cogsci.ucsd.edu/~dgroppe/eeglab.html).

After the reliability analysis, ICs were inspected, and only those
with (a) a minimum of 10 consecutive statistically significant
samples in comparison with the mean of their baseline activity
(−100 to 0 ms; repeated measures t test thresholded at p < .05); (b)
a minimum contribution of 5% of the IC activation back-projected
ERP variance (using “eeg_pvaf” EEGLAB function) during the
poststimulus interval (0 ms to 400 ms after the onset of the stimu-
lus), that is, the IC must have accounted for 5% of the MMN or N1
for that subject within this time window; and (c) showing topog-
raphies (i.e., frontocentral distribution at the scalp) and time acti-
vations (i.e., appearing 80 to 250 ms after the stimuli onset)
compatible with the N1/MMN scalp distribution, were selected for
further analysis.

Independent component clustering. To test whether different or
similar ICs would result in response to standard and deviant tones
across participants, we applied MBC because it requires no a priori
knowledge of the number of clusters (Fraley & Raftery, 1998;
Martinez & Martinez, 2004), and only the specification of the
maximum number of clusters is required. MBC is based on the
finite mixture model for probability densities (Martinez & Mar-
tinez, 2004), which assumes that the probability density function

Figure 1. Data analysis steps. The initial and final data are in black squares, and the analysis steps are in blue squares.
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can be modeled as the sum of the weighted component densities,
and if the covariance matrix is constrained with a model,
the particular multivariate normal density data can be explained.
The term model refers to the type of constraint applied to and the
geometric properties of the covariance matrix. First, the algorithm
implements the model-based agglomerative clustering, which pro-
vides an initial configuration of the maximum number of clusters.
Next, the expectation-maximization algorithm refines the estima-
tions obtained from the model-based agglomerative clustering.
Finally, the Bayesian information criterion (BIC) is used to provide
a measure of the appropriateness of a model and the number of
clusters (Martinez & Martinez, 2004). The EDA Toolbox (http://
lib.stat.cmu.edu/matlab/) was selected to implement the algorithm,
and an in-house program (freely available at www.brainvitge.org/
software.php) was created to integrate the MBC into EEGLAB
clustering options. The maximum number of clusters allowed was
set to 10. Previously, IC activation stimulus response 80–250 ms
was selected as a clustering feature being reduced to 10 dimensions
by principal component analysis. For each participant, differences
between deviant and standard conditions were assessed with the
Tmax permutation test (Blair & Karniski, 1993; Groppe et al.,
2011a). All time points between 100 and 200 ms after the stimuli
onset were used, and 2,500 random permutations of the data were
used to estimate the distribution of the null hypothesis.

Results

ERPs

A total of 1,477 trials were obtained for the standard condition
(98.5 � 1.4 per subject, mean � SD), and 1,382 for the deviant
condition (98.7 � 1.2). Significant differences were obtained
between the deviant and standard response amplitudes within the
MMN time range using the cluster permutation test. A first signifi-

cant cluster was identified at the frontocentral scalp regions.
Figure 2 shows the time evolution at the F3 and F4 electrodes for
the deviant (thick black line), standard (thin black line), and the
corresponding difference waveform (red line) between both condi-
tions. F4 presented significant differences (pcorrected < .05) from 78
ms to 240 ms after stimuli onset, tunc (14) = 4.07, punc = .001,
d = 0.84, and for F3, this difference was significant from 92 to 230
ms, pcorrected < .05; tunc (14) = 5.15, punc = .0001, d = 1.07. None of
the mastoid electrodes showed significant differences between both
conditions using the cluster permutation test.

ICA and Reliability Via Split-Half Comparisons

After ICA, 30 ICs per participant were obtained (450 ICs in total).
CORRMAP identified a total of 21 frontal ICs associated with eye
blinks (mean correlation = 0.96; correlation threshold = 0.8) and
15 lateral eye-movement ICs (mean correlation = 0.97; correlation
threshold = 0.85; Supplementary Figure 1) across the 15 partici-
pants. Then, split-half reliability analysis was applied by dividing
the data into three separate datasets (odd trials, even trials, and all
trials). All possible pairs of ICs from the full dataset and from each
half of the data were formed, and those pairs presenting significant
lower distance metrics in the joint distribution of the topography
and activation distances were selected as reliable (see Groppe et al.,
2009, for a more detailed description of the topography and acti-
vation distance metrics). After split-half reliability analysis, a total
of 202 (55.11% IC rejection) reliable ICs were obtained (13.47 �
4.12 per subject; mean � standard deviation; see Supplementary
Figure 2 for more details). The percentage of ICs that overcame the
abovementioned criteria was remarkably similar to the original
Groppe et al., 2009, study (for a direct comparison, see Figure 7,
Experiments 3 and 4 of Groppe et al., 2009). ICs that survived
reliability split-half analysis were submitted to a second threshold
step explained in the ICA reliability via the split-half comparison

Figure 2. Top: Grand mean of the standard (thin gray line), deviant (thick black line), and MMN difference waves (thick red line). F4 presented significant
differences (pcorrected < .05) from 78 ms to 240 ms after incoming stimuli, tunc (14) = 4.07, punc = .001, d = 0.84, while in F3, this difference was significant
from 92 to 230 ms, pcorrected < .05; tunc (14) = 5.15, punc = .0001, d = 1.07). Bottom: Isovoltage significant cluster of electrodes (white electrodes; from −3 mV
to 3 mV) topographic maps for the deviant versus standard comparison.
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paragraph of the Methods section. As a result, a total of 60 ICs
overcame (a) temporal activation, (b) variance explained, and (c)
topography criteria. All participants contributed, with a minimum
of 1 IC and a maximum of 7 ICs (see Supplementary Figure 3 for
illustrative examples).

The present ICA reliability results (percentage of reliable ICs
for 30 electrodes) are remarkably similar to the original study
(Garrido et al., 2009). Of those, a total of 60 reliable ICs remained
significant after the application, for each participant and IC, of the
three criteria explained in the ICA reliability via split-half compari-
son paragraph of the Methods section (see above). All participants
contributed, with a minimum of 1 IC and a maximum of 7 ICs (see
Supplementary Figure 3 for illustrative examples).

Finally, to test the accuracy of the IC modelling of the N1 and
MMN, we compared the signal-to-noise ratios (SNR) of the
artifact-corrected data (after split-half reliability, CORRMAP, and
visual inspection to identify nonstereotype artifacts) and the SNR
from the ICs included in the three clusters. The SNR was computed
by dividing the root mean square of each IC for each participant
around the N1 (90–120 ms) and MMN (140–188 ms) peaks by the
variance of their respective baselines (-150 to 0 ms). This analysis
revealed that the SNRs of the artifact-corrected data and the ICs
selected for cluster analysis were not significantly different for
either the N1 (t test; p = .78) or the MMN (t test; p = .81) (Supple-
mentary Figure 4). Thus, the IC modeling is not significantly dif-
ferent from the clean EEG data.

Independent Component Clustering

The MBC found three ICcs (Figure 3, Supplementary Figure 5 for
BIC curves). ICc1 included 29 ICs from 12 participants with fronto-
central scalp distribution and right mastoid polarity inversion. ICc2
grouped 19 ICs from 10 participants, and ICc3 pooled 12 ICs from 10
participants. These clusters were also characterized by frontocentral
topographies, with ICc2 more anterior than ICc3 (Figure 3).

In a second step, ERPs for the standard and deviant conditions
were back-projected separately. As explained above, to increase the
number of time points per channel, we decided to pool together the
standard and deviant trials. As our main research question was to
test whether the MMN was a modulated N1, we used the clustered
spatial filters to calculate the standard and deviant activations sepa-
rately. To avoid any ambiguity in the maps and activations in the
scalp of the components (Onton & Makeig, 2006), the “std_comp-
pol.m” EEGLAB function was used to find the polarity inversions
(if any) of each IC from each ICc and each participant. Each IC
scalp map activation magnitude was normalized by multiplying
their root mean square amplitude using the “std_erp.m” EEGLAB
function. ICc1 and ICc2 showed clear N1 responses for standard
and deviant conditions, with no significant differences between the
standard and deviant conditions. In addition to the N1, ICc3
showed significant differences (pcorr < .05) in the MMN time range
using the Tmax permutation approach (110–136 ms; t(9) = 4.43,
punc = .002, d = 0.34).

To further validate our approach, we considered the amount of
variance explained by each of the three ICcs of the F3 and F4
electrodes. These electrodes were selected as representative of this
analysis because they are the traditional electrode locations for
which the MMN and N1 show maximal amplitudes and because
they both showed significant differences between the deviant and
standard conditions in our experiment. For each of the three ICcs,
the amount of explained variance from the artifact-corrected ERPs
was calculated separately for the standard and deviant conditions

and the MMN contrast using the EEGLAB function “eeg_pvaf.m.”
ICc1 explained a mean of 41.78% and 45.43% of the standard and
deviant ERP amplitude variances, respectively; ICc2 explained
44.89% of the standard and 49.28% of the deviant ERPs; and ICc3
explained 45.68% of the standard and 49.09% of the deviant ERP
amplitude. In addition, ICc3, the unique cluster for which standard
and deviant responses differed statistically, accounted for 90.23%
of the MMN brain response computed with the classical difference
wave approach.

Discussion

We combined ICA and MBC to study whether the auditory EEG
MMN and the N1 could be explained by a single or a dissociated
component that is detectable at the scalp. Our approach combined

Figure 3. Clustering results. The MBC found 3 different clusters (ICc1,
ICc2, and ICc3). Scalp topographies are normalized to the unit and
averaged. ICc1 included 29 ICs from 12 participants with frontocentral
scalp distribution and right mastoid polarity inversion. ICc2 grouped 19 ICs
from 10 participants, and ICc3 pooled 12 ICs from 10 participants. Gray
areas indicate statistically significant (pcorr < .05) time ranges using the Tmax

permutation approach (110–136 ms; t(9) = 4.43, punc = .002, d = 0.34) from
the deviant versus standard comparison. Note that because the IC scalp map
and activity are arbitrary, only their product determines the sign and the
amplitude of the potential of each activation time course.
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a split-half reliability ICA (Groppe et al., 2009) and an MBC analy-
sis (Fraley & Raftery, 1998; Martinez & Martinez, 2004). The
combination of the two procedures allowed us to filter out statisti-
cally nonrobust ICs and search for reliable ICs across participants
without a priori information about the number of clusters. Our
findings showed that most of the ICs identified across participants
in response to standard and deviant auditory conditions were
grouped in two clusters (ICc1 and ICc2), both located at the fron-
tocentral scalp regions. Furthermore, these two clusters yielded
indiscernible (nonsignificant) N1s for both standard and deviant
sounds, with higher right mastoid activity for the former. Strik-
ingly, we also found a third frontocentral cluster (ICc3) with sig-
nificant differences in the MMN time range. Previous studies using
ICA have shown that auditory N1s and MMNs could be decom-
posed into different ICs, which may be associated with different
functional spatiotemporal neural dynamics of the brain auditory
responses (Grau et al., 2007; Kalyakin et al., 2008; Makeig et al.,
1997; Marco-Pallarés et al., 2005). However, the ICA protocols
used in these studies were very different from those used here.
None of these studies applied reliability or clustering analysis to
the ICs, so there is no guarantee that the resulting ICs were stable
within the experiment and across participants. Moreover, a previ-
ous MMN study from our group used a difference waveform
approach in the ICA computation (Marco-Pallarés et al., 2005),
which indirectly assumes that the N1 and MMN are different brain
responses. In addition, and given that the goal of none of these
studies was to evaluate competing theories about the MMN origin,
the results shown in some of these studies analyzing MMN by
means of ICA were only the difference waveform (Marco-Pallarés
et al., 2005) or the deviant response (Kalyakin et al., 2008). These
methodological limitations increased the difficulty in interpreting
previous ICA results in light of both the memory-based and adap-
tation hypotheses.

Of the competing hypotheses of MMN generation, our results
seem to fit better to the adaptation model rather than to the memory-
based model. The adaptation model predicts that the MMN would
be generated by a partially overlapping patch of neurons in the
auditory cortex that respond to the deviant sound but, interestingly,
also to the standard sound. The ICc1 and ICc2 data support this
hypothesis, given that the ICc activations for the standard and
deviant tones showed equivalent N1 ERPs. The adaptation model
further argues that the differences in the response to the deviant and
standard sounds would rely on the neurophysiological adaptation
response caused by the auditory stimulation, with the neural activity
to the entrance of a deviant sound being less adapted (i.e., less
suppressed) than to a standard sound. Critically, this model predicts
that the N1 and the MMN would involve activity from similar
auditory brain areas, which confirms the conclusion that the MMN
may constitute a mere modulation of the N1 component at the scalp
(May & Tiitinen, 2010). This argument is further supported by our
results because ICc3 showed a statistically significant enhancement
of the deviant N1 in comparison with the standard N1.

In contrast, the memory-based hypothesis presumes the exist-
ence of a fundamental distinction between the N1 and the MMN. In
accordance with this hypothesis, two neural systems can be differ-
entiated in the auditory processing: the “transient detector system”
and the “feature detector system.” N1 would be related to the
former by expressing the need to detect energy changes elicited by
input stimuli; and MMN would analyze the physical features of
incoming stimuli, comparing them with those engendered by pre-
vious auditory stimulation, consequently acting as a sensory
memory comparison process (Näätänen, 1992). Hence, and criti-

cally for the interpretation of our results, these two systems would
be identified as two separate components by the scalp EEG. The
present data do not support this possibility because we failed to find
any ICc that was uniquely contributed by ERP data that was elicited
by the deviant stimuli but not by the standard sound. In addition,
the current study showed that the MBC was also classified in a third
ICc (ICc3) that presented significant differences between the stand-
ard and deviant conditions that are compatible with the existence of
a dissociated N1 component, the N1a, which would correspond to
the MMN time range (Jääskeläinen et al., 2004) and the N1p,
appearing later in latency, which would be more suppressed in
response to the deviant sound (Jääskeläinen et al., 2004).

Methodologically, we believe the approach presented here
may open new horizons in the interpretation of other ERP com-
ponents described in the literature. Traditional ERP analysis
assumes that brain signal acquisition at the scalp is equivalent for
all participants. This argument, however, does not take into
account that infinite brain source configurations and individual
neuroanatomical and neurophysiological differences might affect
the electrical propagation of the same ERP component of the
scalp sensor space (Baillet, Mosher, & Leahy, 2001). Across-
participant IC clustering overcomes the questionable assumption
that the sources for each participant are projected to the scalp in
an equivalent way (Onton & Makeig, 2006; Onton et al., 2006).
However, traditional clustering analysis (such as k-means or
neural networks) requires a prior determination of the number of
clusters to be extracted. To our knowledge, this is the first study
that combined ICA and MBC in EEG research (see, however,
Neumann, von Cramon, & Lohmann, 2008; Neumann, Fox,
Turner, & Lohmann, 2010, for fMRI applications). MBC groups
the IC features across participants and conditions without a priori
assumptions about the number of clusters, the participants’
identity, or the experimental condition. However, compared to
the k-means, hierarchical clustering algorithms and all other
approaches used in the abovementioned studies (such as in
Contreras-Vidal & Kerick, 2004), MBC goes one step further and
determines which statistical model (out of 9 possible models) fits
better with a specific number of clusters (from 1 to a mandatory
maxima, e.g., 10). Then, MBC systematically combines the infor-
mation of the number of clusters in the data and the type of
constraint that best explains them. With the unsupervised clustering
analysis, it is possible to study the individual data and discover how
robust and reproducible one particular experimental condition is
across the whole sample of participants (Onton & Makeig, 2006;
Onton et al., 2006).

A challenging option to consider with this unsupervised clus-
tering approach is the comparison of ERP components from dif-
ferent experimental paradigms, following the rationale of the meta-
analytic studies (Neumann et al., 2008, 2010). For example, it is
argued that the MMN component in response to auditory changes
in frequency, duration, intensity, gap, and location is generated in
different regions of the auditory cortex; however, it is unclear to
what degree neural mechanisms of sensory memory comparison or
adaptation processes contribute to each of these factors (Näätänen
et al., 2007). To solve this question, an ICA of the MMN ICs from
different experiments (using frequency, duration, intensity, gap,
and location deviants) with their respective samples of participants
could be grouped using MBC analysis. In that way, one could
answer experimental questions by not only comparing different
conditions from the same/different participants, but also by com-
paring different conditions from different experiments using either
the same or different participants.
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It is worth mentioning some limitations of the current methodo-
logical approach. First, the split-half reliability analysis was per-
formed on a relatively low number of trials (Groppe et al., 2009).
The number of reliable ICs depends on the amount of training data,
and it is possible that the conservative criteria hampered the sur-
vival of specific ICs, among these ICs, the “genuine” MMN com-
ponent. Nevertheless, if this was the case, it would mean that the
“genuine” MMN is less statistically robust than the N1, which is in
agreement with some studies (Dalebout & Fox, 2001; Lew, Gray, &
Poole, 2007; Martin & Boothroyd, 1999; Picton, Alain, Otten,
Ritter, & Achim, 2000).

However, the main limitation of the present study is the modest
spatial resolution (30 channels). In ICA, the successful demixing of
different brain sources is determined by the number of electrodes
and the number of time points per channel (Lee et al., 1999). It has
been suggested that the spatial overlapping of different IC sources
could be explained by the limited spatial resolution (implicitly
constrained because of the low number of electrodes; Baillet et al.,
2001). Consequently, it could be difficult to fully separate neighbor-
ing neural populations participating in distinct processing tasks or
the contribution of intermixed neuronal populations located in the
same brain structure that are performing different brain computation
processes (Marco-Pallarés et al., 2005). Taking into account this
previous evidence, we precluded ourselves from using dipoles or
other source reconstruction algorithms whose outputs could have
been used as a cluster feature in combination with the ERP ICs’
activation time courses (Gramann et al., 2009; Onton et al., 2006).
Further studies with different stimulation paradigms and higher
dimensional data (64 or more electrodes) using the combined ICA-
MBC must be performed to test if the number of ICcs changes.

Another limitation, due to the intrinsic data-driven property of
the ICA, is that the split-half reliability analysis promotes the most
reliable ICs across time and space that, in turn, may have been
affected by EEG noise or artifacts common during an experimental
setting or when, for example, EEG data are obtained from common
artifacted electrodes from different participants across the same
experiment. This may lead to increasing the cut-off values of the
critical region, occluding ICs with meaningful physiological inter-
pretation. The introduction of criteria to identify and reject these
ICs (e.g., by changing the cut-off of the values of the critical region,
introducing new methods for automatic artifact rejection, such as
the ADJUST plug-in (Mognon, Jovicich, Bruzzone, & Buiatti,
2011), or introducing new reliability methods may help solve this
issue. In addition, it is important to note that, while the ICs that are
included in the cluster analysis are reliable, there is no evidence
that the clustering result found is reliable. This is a common limi-
tation of several studies based on clustering that is based on ICA,
and although there are already some procedures in use (see, e.g.,
Lange et al., 2004), data cluster estimation, comparison, and reli-
ability assessment is an area of research itself beyond the scope of
the present investigation. Finally, a possible caveat of MBC might
be a lack of sensitivity to the type of constraints of the covariance
matrix from the different models.

In conclusion, in the present study, we combined ICA and
MBC, and we showed that EEG modulations in response to audi-
tory standards and deviants can be explained by three frontocentral
ICcs. These results lend support to the hypothesis derived from the
adaptation model of MMN generation, which predicts that MMN
represents the modulation of neural responses that are also associ-
ated with auditory N1.
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Supporting Information

Additional supporting information may be found in the online
version of this article:

Figure S1: CORRMAP results for blink and lateral eye movement
artifacts.
Figure S2: Histograms of topography and activation distances for
all possible IC pairs for the ICs from the standard plus deviant
trials.
Figure S3: Examples of ERP images of the single trials of visual
selected ICs submitted to MBC analysis from different participants
and ICs.

Figure S4: SNR for N1and MMN peaks from artifact-corrected
data and ICs selected to the cluster analysis.
Figure S5: BIC curves from the MBC analysis of the IC activa-
tions from the 60 ICs.
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