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1

2
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Abstract. MultiVoxel Pattern Analysis (MVPA) is presented as a successful alternative to the General Linear Model (GLM) for fMRI data
analysis. We report diﬀerent experiments using MVPA to master several
key parameters. We found that 1) diﬀerent feature selections provide
similar classiﬁcation accuracies with diﬀerent interpretation depending
on the underlying hypotheses, 2) paradigms should be created to maximize both Signal to Noise Ratio (SNR) and number of examples and
3) smoothing leads to opposite eﬀects on classiﬁcation depending on the
spatial scale at which information is encoded and should be used with
extreme caution.
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Introduction

MVPA is presented as a successful alternative to GLM. It outperforms GLM for
detecting low SNR brain activation [1], [2], [3] while yielding similar results on
data correctly analyzed by GLM [3], [4]. Thanks to methodologists´ eﬀorts, various toolboxes are today freely available, oﬀering a simple, friendly user interface
to novices for processing with MVPA. In parallel, some brain researches give the
naı̈ve impression that it is simple to obtain outstanding results using MVPA.
In this paper, we report diﬀerent experiments we performed using MVPA to
better understand the eﬀects of several key parameters on our data analysis and
consequently our ﬁnal interpretation. We focus on three methodological points
that, if better mastered, will help neuroscientists make the right choices for a
proper use of MVPA:
- Feature selection is of paramount importance to avoid the curse of dimensionality: the use of too many features compared to the set of available examples
leads to a bad hyperplane computation and then hampers class separation. In many
studies, features are selected in Regions Of Interest (ROIs) deﬁned in independent
experiments. Most of the time, a second feature selection inside those ROIs is required: for instance voxels are selected based on T values obtained by a GLM [1],
[2], [5]. This leads to an additional (implicit) hypothesis about the data and prevents generalization to the whole ROI. We propose an alternative method.
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- The example set size is a problem in fMRI experiments because few examples
(typically ≤100) can be acquired compared to the number of voxels per acquisition (typically ≥105 ). Moreover, Rapid Event-Related Paradigms (RERP), i.e.
an Inter Stimulus Interval (ISI) ≤ Hemodynamic Response Function (HRF) peak
(about 6s), provide less examples for classiﬁcation compared to Block Paradigms
(BP). From the psychophysics point of view RERP should nevertheless be preferred because they are less cognitively biased than BP. RERP prevent subjects
from habituating to the stimuli, mind wandering or being less attentive. We explored methods to increase the number of examples provided by RERP, either
by discretizing parameter estimates or by performing supplementary sessions.
- Spatial smoothing of the data is customary in GLM analyses in order to
increase SNR and reinforce the normality of the voxels distribution. Oppositely
since MVPA relies on information stored in activation patterns, smoothing could
blur subtle diﬀerences between patterns and may better be avoided. We explored
the eﬀects of the kernel size of spatial smoothing on the classiﬁcation accuracy.

2

Materials and Methods

Subjects
Data were collected on two subjects (MR and JMH, authors) during two diﬀerent
sessions each. MR performed twice the same orientation session (S1-O1 and S1O2). JMH performed an orientation session (S2-O) and a color session (S2-C).
Protocol
Orientation and color sessions contained 4 stimulation conditions, with respectively oriented bars or color concentric sinusoidal gratings visual stimuli, with
an additional ﬁxation-only condition for the HRF return to the baseline. Similarly to [6], each condition lasted 1.5s, appeared 6 times and was randomly
distributed. ISI was randomly set to 3, 4.5 or 6s.
o Oriented bars: Stimuli were black and white sinusoidal gratings taking one
out of 4 possible orientations (0, pi/2, pi/4 and 3pi/4 rad.) and displayed within
a circular 4.5deg. radius aperture. They were projected on a neutral gray background (CIE xyY=0.32, 0.41, 406). At the center of the screen, a dark gray dot
(0.45deg. radius) had to be ﬁxated for the whole duration of the experiment.
o Color concentric sinusoidal gratings: Stimuli were similar to [6]. They subtended a maximum 5deg. radius with a square wave luminance proﬁle alternating (1.2 cycles/deg.) between one out of four colors (red, green, blue and yellow)
and isoluminant gray. Colors were approximately equalized in luminance using
a classical ﬂicker experiment.
o Attentional task: Each subject performed a one-back task to maintain his
attentional workload constant throughout the experiment. Letters (A, T, O, M
and X) appeared one at a time over the central dot in a pseudorandom order.
Letters were 1deg. wide, lasted 1s with an ISI of 300ms. The subject had to press
a button when the same letter appeared twice in a row (ten times in a run).
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MRI Acquisition
We acquired structural and EPI functional images on a Philips 3T Achieva
whole body scanner using an 8-channel head coil. For structural image we
used a T1-3D FFE sequence (TR/TE: 25/15ms, ﬂip angle: 15deg., acquisition matrix: 180x240x256 (x, y, z), BW=191Hz/pixel, and total measurement
time=9min40s). Functional images were acquired using a gradient-echo EPI sequence (TR/TE: 2500/30ms, ﬂip angle: 80deg., acquisition matrix: 80x80, 38
adjacent slices, spatial resolution 2.75x2.75x3mm3). For each session, 12 functional runs were acquired containing 78 TRs. We used an eye-tracker (ASL 6000)
for eye movements recording.
MR Data Processing
Standard preprocessing steps were applied to fMRI data using SPM81 : slice timing correction and realignment. We extracted Rigid-Head Motion Parameters
(RHMPs). Anatomical T1 images were coregistered to the mean functional image. To address our methodological questions, a smoothing step could be added.
We either used a 4mm, 6mm or 8mm 3D FWHM Gaussian ﬁlter. Parameter
Estimate Images (PEIs, also called images of beta weights) were computed by
ﬁtting a boxcar function convolved with HRF. A GLM was created based on 12
predictors (5 conditions, subjects blinks and 6 RHMPs). PEIs discretization was
modeled with 9 predictors. The ﬁrst predictor was a single event; the second predictor contained the 29 other events; 1 predictor contained subjects blinks and
6 predictors were RHMPs. There were as many GLMs as there were stimulation
conditions during the whole sessions (i.e. 24 x 12 runs). In order to decrease the
noise in the data, PEIs were divided by the square root of the GLM residuals.
Classification
o Classifiers: We performed our classiﬁcation analyses using a Support Vector
Classiﬁcation (SVC, linear kernel, C parameter default value=1) provided by
the python module scikit-learn (v.0.10)2 [7]. We also used a Recursive Feature
Elimination (RFE) method that performs a feature selection through iterative
classiﬁcation [8]. The ﬁrst classiﬁcation uses all the features of the ROI; at each
iteration the worst features (here 1% of the features with the lowest weights)
are eliminated, until reaching the chosen ﬁnal feature set size (set to 288 voxels,
RFE performed around 90 iterations).
o Examples: PEIs were used as examples for the classiﬁers. The non-discretized
models produced 12 PEIs per condition (or 48 examples in total). The discretized
models produced 72 PEIs per condition (or 288 examples in total).
o Cross-Validation: We used a leave-one-run-out cross-validation procedure:
a classiﬁer was trained on 11 runs (4x11 examples) and tested on the remaining
one (4 examples). The accuracy score was the average accuracy of the 12 possible classiﬁers. For the PEI discretization method we also computed the mean
1
2
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accuracy over 12 classiﬁers, but this time each classiﬁer was trained over 264
examples (24x11) and tested on the 24 examples of the remaining run (examples
within a run may not be fully independent so they cannot be separated to be
used for training or testing).
o Feature Selection: We constrained our analyses inside a ROI that contained
most of the visual areas with 3424 and 3313 voxels for subjects MR and JMH
respectively (Fig. 1, Left). We performed a second feature selection inside those
ROIs by selecting 288 voxels. We chose this number in order to reach optimal
conditions when performing the classiﬁcation with discretized PEIs, by having
as many features as examples. Similar amounts of voxels were also used in the
literature as a second feature selection [1], [2]. The second feature selection could
be based on 1) the best SNR as assessed by T values of an activation contrast (all
active conditions against the rest), 2) the best GLM model ﬁtting the data as
assessed by F values of all active condition pair contrasts, 3) their importance in
the classiﬁcation as computed by RFE, using the voxels with the best weights and
4) the bootstrap random selection of 288 voxels in the ROI (10 000 iterations).

Fig. 1. Left: ROI for subject MR. Middle: voxels selected (n=288) by the best T, RFE
and best F methods (red, green and blue respectively). Right: Randomly selected voxels
(n=288) that gave the best performance.

3

Results

Feature Selection
In our experiments, chance level and the binomial law signiﬁcance level (p=0.05)
were respectively 25% (four conditions) and 36%. For orientation (S1-O1, S1O2 and S2-O), information was robust enough (distributed and redundant) in
the considered ROI, to obtain signiﬁcant classiﬁcation accuracy (Conﬁdence Interval (CI) minimum=43% in average) with 288 voxels randomly selected with
bootstrap as well as by using all the voxels of the ROI (Fig. 2A). All methods (but best F for S2-O) yielded classiﬁcation accuracy higher than the upper
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Fig. 2. A. Classiﬁcation accuracy for all methods used with a 4mm kernel smoothing.
B. Classiﬁcation accuracy for non-discretized and discretized PEIs with a 4mm kernel
smoothing. Bars denote the classiﬁcation mean accuracy for 10 000 iterations with
random selection of 288 voxels in the ROI. Error bars denote a 95% CI.

limit of the 95% CI of the bootstrap. Their accuracy, but S1-01, was lower or
equal to the maximum accuracy provided by bootstrap method. This indicates
that random selection can outperform a priori selection criteria. This raises the
question of the population of voxels selected by each method. Clearly, (Fig. 1
Middle, Right) indicates diﬀerences both in density and localization. With bootstrap method, the best classiﬁcation was obtained with highly sparse voxels. The
overlap was respectively of 48%, 44% and 8% between best T/RFE, best T/best
F and bootstrap/other methods (on average).
To assert the signiﬁcance of these results, we shuﬄed the set of labels to generate incoherent patterns of information (data not shown). We obtained classiﬁcation accuracy at the chance level for all methods. Note that for bootstrap
method, the binomial law signiﬁcance level, Bonferroni-corrected for multiple
comparisons, was 54% (10000 iterations). With randomized labels, the maximum
classiﬁcation accuracy obtained was below (e.g. 48% for S1-O2). Compared to
other methods, bootstrap 1) gives the global performance for the ROI, 2) provided in our case similar results and 3) allows for robust statistics thanks to
larger samples. Only this method is considered in the following sections.
Example Set Size
We found a signiﬁcant decrease (paired T-test, p≤0.0001, mean 11%) in accuracy for discretized PEIs (Fig. 2B).
We found a signiﬁcant increase (paired T-test, ≤0.0001, 6% to the best single
session) in accuracy for the combined session (Fig. 3A).
Smoothing
We found (Fig. 3B) a signiﬁcant main eﬀect of smoothing (paired t-test: p≤0.0001).
Post-hoc analysis showed signiﬁcant diﬀerences between all conditions
(Tukey-HSD test p≤0.0001 all kernel pairs, but S2-O, 4mm vs. 8mm = p≤0.01,
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Fig. 3. A. Classiﬁcation accuracy for two sessions and their combination with a 4mm
kernel smoothing. B. Classiﬁcation accuracy for diﬀerent smoothing kernel sizes. WO:
without smoothing. See Figure 2 for legend.

and S1-O2 4mm vs. 6mm not signiﬁcant). For orientation sessions, 4mm kernel
smoothing systematically provided a signiﬁcant increase in classiﬁcation accuracy
compared to no blurring, while a small decrease in accuracy (0.5%) was reported
when using 4mm compared to no smoothing for color session.

4

Discussion

We investigated the impact on classiﬁcation accuracy of 1) feature selection 2)
increasing example set size either by PEI discretization or additional sessions
and 3) kernel smoothing size.
Feature Selection
MVPA requires selecting features (in our case voxels) on which classiﬁcation
will be performed. No feature selection (i.e. using all voxels in the brain) led to
poor results (25, 23, 27 and 30% for S1-O1, S1-O2, S2-O and S2-C respectively),
not signiﬁcantly diﬀerent from chance with the binomial law. Features can be
selected through independent experiments such as retinotopic mapping but a
second feature selection step can be required. It often relies on a univariate
selection, like voxels with the best T values of an activation contrast [2], [9]. Such
selection has been criticized because voxels with low T values can be relevant
for classiﬁcation [10]. It requires hypothesis about which voxels are relevant
to the classiﬁcation. Here we compared a bootstrap classiﬁcation method with
two univariate- (GLM) and a multivariate- (RFE) based feature selection in a
ROI. We found that the best classiﬁcation accuracy obtained with bootstrap
was similar, or even higher, to accuracy obtained with the best T, F and RFE
methods. However, the voxel populations selected by each method were not the
same and their repartition was diﬀerent. Each selected population was relevant
(classiﬁcation obtained by chance led to bad results) and correctly localized in
grey matter (see for instance Fig. 1, Right). In consequence, feature selection
method may not inﬂuence accuracy but importantly can favor a distributed or
a localized interpretation of the results.
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Example Set Size
Classiﬁers need enough examples to perform accurately. When using RERP, two
solutions were proposed to increase the amount of examples: compute many estimates with low SNR [11], or perform multiple sessions [6]. Mumford et al. [11]
suggested to estimate each event in a separate GLM: the ﬁrst regressor is the
onset of a single event; the second regressor contains onsets of all other events.
They found that discretized PEIs yielded better classiﬁcation accuracies than
other methods when short ISI were used. At higher ISI, similar classiﬁcation
accuracies were found. Our results showed signiﬁcant decreases in accuracy (up
to 13.5%) with discretized PEIs. This might be due to a lower SNR of the PEIs
because fewer events were used compared to [11]. Consequently, a large amount
of examples is not enough to increase classiﬁcation accuracy. In [6], 5 subjects
performed 3 to 5 sessions composed of 8 to 10 event-related runs. Each type
of stimulus was presented 8 times in a run, which provided them many examples while keeping well estimated PEIs. Classiﬁcation accuracy was nevertheless
highly diﬀerent between subjects (40-70% in retinotopic V1; chance=12.5%).
When using two sessions, we found only a small signiﬁcant increase in accuracy (6%). First, accuracy was already high in a single session and we might
have reached an upper limit. This limit could depend on information encoding
(e.g. color session had poorer classiﬁcation accuracy than orientation session).
Second, sessions were realigned and then images interpolated which might have
decreased SNR. Note that performing multiple sessions is not always possible
with untrained volunteers. Based on these results, we suggest to perform many
short runs in the same session, as proposed in [12] using a BP. It remains to be
shown whether RERP also beneﬁt from this method.
Smoothing
Several articles investigated smoothing eﬀect using BP or slow ERP with various
conclusions [5], [13], [14]. [13] found that to some extent high smoothing tended
to provide better SVM (i.e. with fewer support vectors). Using PEIs [14] found
that high smoothing led to a signiﬁcant decrease in accuracy (5%). [5] reported
a signiﬁcant 1-1.5% increase in accuracy with high smoothing for emotional
prosody classiﬁcation. We tested 3 smoothing kernel sizes and found a signiﬁcant
increase in classiﬁcation accuracy (up to 10%) for the orientation sessions with
smoothing. [15] showed that classiﬁcation of oriented bars came more likely from
a radial bias in the periphery of V1 (bias sampling by averaging within voxel
boundaries [1], [16]). The radial bias is expressed at a large scale so smoothing
probably increased SNR and exacerbated the pattern. Classiﬁcation accuracy
of the color session was hampered by smoothing maybe because information
is encoded at a ﬁne-grained level. This would be in line with the idea that
improvement due to smoothing reﬂects the spatial scale at which the information
is encoded [5]. We therefore suggest to systematically compare classiﬁcation
accuracies with and without smoothing. It might increase classiﬁcation accuracy
and indirectly reveal how information is encoded.
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