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Abstract
The spatial pattern of task-related brain activity in fMRI studies might be expected to change according to several
variables such as handedness and age. However this spatial heterogeneity might also be due to other unmodeled
sources of inter-subject variability. Since group-level results reflect patterns of task-evoked brain activity common
to most of the subjects in the sample, they could conceal the presence of subgroups recruiting other brain regions
beyond the common pattern. To deal with these issues, data-driven methods can be used to detect the presence
of sources of inter-subject variability that might be hard to identify and therefore model a priori. Here we assess
the potential of Independent Component Analysis (ICA) to detect the presence of unexpected subgroups of
participants. To this end, we acquired task-evoked fMRI data on 45 healthy adults using the verb generation task,
in which participants are visually presented with the noun of an object of everyday use, and asked to covertly
generate a verb describing the corresponding action. As expected, the task elicited activity in a temporo-parietofrontal network typically found in previous verb generation experiments. We then quantified the contribution of
every subject to nine task-related spatio-temporal processes identified by ICA. A cluster analysis of this quantity
yielded three subgroups of participants. Differences between the three identified subgroups were distributed in
left and right prefrontal, posterior parietal and extrastriate occipital regions. These results could not be explained
by differences in sex, age or handedness across the participants. Furthermore, some regions where a significant
difference was found between subgroups were not present in the group-level pattern of task-related activity. We
discuss the potential application of this approach for characterizing brain activity in different subgroups of patients
with neuropsychiatric or neurological conditions.
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1. Introduction
Many fMRI studies aim at localizing brain regions whose activity is enhanced while performing a given cognitive
task. Usually this involves estimating how consistent is the effect of the task on the regional haemodynamic
response across participants, by testing the difference from zero in the group-average parameter estimates at
each brain voxel (Holmes and Friston, 1998). This random effect analysis, which allows generalizing the results
beyond the considered sample, relies on the assumption that participants have been drawn from the same
homogeneous population (Kherif, 2003). Inter alia, this means assuming that most or all of the participants
performed the task using the same set of brain regions, while task-related activity detected elsewhere in the brain
of single participants - or possibly characterizing only a subgroup of participants - will be discarded as a confound
related to random noise (Noppeney et al., 2004). Rarely, however, this assumption is made the object of a
verification.
The issue of how to deal with spatial heterogeneity in task-related brain activity between subjects is not only
methodologically relevant (Price and Friston, 2002; Friston and Price, 2003): several studies have shown how
different sources of inter-subject variability can lead to differences in the location of the brain regions recruited
during the performance of the same task across subjects. For instance, Kherif and colleagues (Kherif et al., 2009)
analyzed data from a reading aloud task in a heterogeneous sample of 76 neurotypical participants featuring
different demographic characteristics (handedness, sex, age). This study aimed at extracting, in a data-driven
fashion, the principal trajectories of demographic variability associated with the spatial distribution of activation
patterns across participants. The four identified subgroups did not differ in terms of handedness and sex,
however younger (adolescent) participants showed stronger left-lateralized activity. The other three groups
showed an independent contribution above the common pattern in the ventrolateral premotor and extrastriate
visual cortex bilaterally, as well as in the left posterior cingulate region. Remarkably however the latter subgroups
did not differ from each other in terms of the recorded demographic variables. The latter result highlights the fact
that subgroups characterized by different patterns of brain activity might reflect sources of variability that can be
difficult to define a priori. For instance, in a study focused on reading familiar words (Seghier et al., 2008) on righthanded subjects, subgroups of participants showed different levels of task-related activity in either left posterior
occipito-temporal and right inferior parietal regions, or in left anterior occipito-temporal and left ventral inferior
frontal regions, respectively. This variability could not be explained in terms of gender, age or stimulus
differences, while it was associated with the speed of reading irregular words versus pseudowords. Finally, the
presence of commonalities and differences in the pattern of brain activity associated with a task could potentially
suggest the implementation of different cognitive strategies in different subgroups (Price and Friston, 2002), as
elaborated in a study (Noppeney et al., 2006) involving the estimation of the weight of an object, presented
visually and primed via auditory stimuli. Different levels of activity in occipital and posterior temporal regions
bilaterally, as well as in the right inferior posterior parietal cortex, between the two identified subgroups, hinted at
the possibility that in order to perform the task some participants relied more on visual information, while some
other relied more on auditory cues. This evidence supports the idea that in a sample of participants performing
the same task during an fMRI session, subgroups characterized by different phenotypical features and/or using
different cognitive strategies can display variability in the location of the brain regions recruited for that task.
Failing to model the presence of these subgroups can have profound effects on the group-level results and on
their interpretation; if different subgroups of participants perform the same task using both common and different
brain regions, the locations where consistent activity is detected in the whole sample will potentially represent
only a subset of the brain regions which are necessary and sufficient to perform that task (Noppeney et al., 2006).
In summary, both theoretical and methodological considerations highlight the importance of probing, rather
than assuming a priori, the homogeneity of the sample with respect to the brain regions recruited to perform the
same task in the scanner. This represents a hard task since subgroups of participants featuring different patterns
of brain activity might be characterized by unexpected, and therefore unmodeled sources of inter-subject
variability. In this situation, applying data-driven methods to subject-level profiles of brain activity can provide a
valuable strategy to identify the presence of unexpected subgroups. This strategy was indeed adopted by a few
aforementioned studies (Noppeney et al., 2006; Kherif et al., 2009), which analyzed the brain maps of voxel wise
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differences (i.e. error variance) between subject-specific and group-level parameter estimates of task-related
activity. Different subgroups of participants were detected on the basis of their differential expression of the
principal components of these maps, quantifying the error variance with respect to the group mean. One potential
issue in this approach is that some part of the error variance might reflect noise due to motion, physiological
artifacts, scanner drifts, rather than task-related neuronal activity (Beckmann, 2012). The ability to regress out
these sources of noise would increase the confidence in the fact that differences in the pattern of activations
across subgroups are driven by differences in task-related brain activity.
In the present work we consider how the detection of subgroups of participants can be carried out on the
basis of spatio-temporal patterns of brain activity, that is spatial maps whose temporal descriptor is associated
with the execution of the task, and in which the presence of task-unrelated noise has been regressed out prior to
the analysis. To this aim, we process fMRI data obtained during a verb generation task (Bizzi et al., 2008), using
the Tensorial extension of Probabilistic Independent Component Analysis (T-PICA) (Beckmann and Smith, 2005).
In recent years, ICA has become a popular method to extract spatial maps and their associated time courses in
resting-state fMRI data. These maps resemble functional networks recruited during actual task-based
experiments (Smith et al., 2009), and have proven advantageous to un-mix signal associated with noise from that
related to brain activity (Beckmann, 2012). Since ICA is blind to the conditions in which the fMRI data were
acquired, the same procedure can be applied to task-evoked fMRI data. In the latter case, one or more spatially
independent components, and their associated time course, will approximate the results of a standard modelbased group analysis (McKeown et al., 1998; Rombouts et al., 2009). In addition, when the time course of the
task is kept identical across subjects, T-PICA also yields a subject-specific mode quantifying how much a certain
spatio-temporal process is expressed by each subject (Beckmann and Smith, 2005; Rombouts et al., 2009), and
can therefore be used to estimate the presence of different subgroups of participants contributing in different
ways to different task-related spatio-temporal processes.

2. Methods
2.1 Participants
We acquired anatomical and functional magnetic resonance (MR) images on a sample of 45 healthy adult
participants (age range: 20 to 47 years, median: 29.5 years) with no history of neurological disease,
neuropsychiatric disorder or substance abuse. The sample was composed of 22 male and 23 female participants
with 29 being right-handed and 16 left-handed. Self-reports of handedness were confirmed by the Annett test
(Annett, 1970) in 35 participants. The study was performed in conformity with the declaration of Helsinki, and its
protocol approved by the local Institutional Ethics Committee. All participants signed a written informed consent in
compliance with the guidelines of the Institutional Review Board.

2.2 MR image acquisition
Functional magnetic resonance imaging (fMRI) was carried out during performance of a verb generation (VGEN)
task as previously reported (Bizzi et al., 2008). A block design with nine 24-sec alternating periods and two
conditions was used. In the experimental condition participants saw appearing on the screen the noun of an
object of everyday use (e.g. "knife", "key", "scarf"). The list of nouns appears to contain in the vast majority those
associated with a 'low selection' condition according to (Thompson-Schill et al., 1997); nouns with few associated
responses or with a clear dominant response. In response to that, they had been instructed to covertly generate a
verb describing the most appropriate action to be performed with the presented object. The covert modality was
preferred to overt speech production to prevent the fMRI data from being contaminated by head and mouth
motion artifacts, which would have been difficult to regress out, given their synchronization with the predictor of
the task. The same list of words was presented in the same order to all the participants. In each experimental
condition, eight stimuli were presented for two seconds each. Between each stimulus, a blank screen with a
central black dot was presented for one second. During the rest condition patients were asked to fixate on a cross
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at the center of the screen. Stimuli presentation started and ended with one block of rest. Four such experimental
blocks were acquired.
Brain images were acquired on a Siemens Avanto 1.5T MR scanner (Siemens, Erlangen, Germany). FMRI
images were acquired using a T2*-weighted BOLD echo-planar imaging (EPI) gradient-echo sequence (TR/TE:
3000/52 msec; 256 mm2 field of view (FOV), 128×128 matrix and nominal resolution 2.0×2.0×4.0 mm3; 25
sections with no intersection gap). A series of 76 volumes that included the first four initial dummy images was
obtained in the transverse plane parallel to the anteroposterior commissural line. In addition, we also acquired a
high-resolution anatomical image of each participant's brain using a sagittal volumetric T1-weighted
magnetization-prepared rapid acquisition gradient-echo (MPRAGE) sequence (repetition time (TR)/echo time
(TE)/inversion time (TI): 1640/2.28/552 msec; flip angle: 12°; 160 sections with iso-volumetric resolution of 1.0
mm3).

2.3 Analytical strategy
Our aim was to assess whether the fMRI data acquired during the VGEN task would suggest the presence of
different subgroups of participants using different patterns of brain regions recruited to perform the task. To this
end, we used a model-free approach (Tensorial extension of Probabilistic Independent Component Analysis,
hereafter T-PICA (Beckmann and Smith, 2005)) to (1) identify the presence of different spatio-temporal processes
related to the execution of the task, and (2) quantify each subject’s expression of these processes (see Fig. 1).
This approach yields a functional network fingerprint (FNF) for each subject: a vector composed by concatenating
the ICA-derived values quantifying the expression of each spatial process that is temporally associated with the
task. We hypothesized that subgroups of participants would differ in their FNF. These fingerprints were then fed
into a repeated clustering procedure, in order to define the subgroups. Finally, we performed a standard GLM
analysis of group differences between the identified subgroups.
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Fig. 1 - Graphical representation of the tensorial extension of ICA (T-PICA, (Beckmann and Smith, 2005)).
The matrix of fMRI signal at each brain voxel, time-concatenated across subjects, is decomposed into three
matrices describing (A) spatially independent components, (B) their associated characteristic time course, and
(C) the relative amplitude of the spatio-temporal processes (A ✕ B) in each participant. The latter quantity was
considered in the spatial components whose time course was associated with the execution of the task (see Fig.
2) and did not reflected nuisance variables such as motion. The values in the matrix C - one for each spatio-
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temporal process, for each subject - were concatenated in a functional network fingerprint (FNF), which was then
fed into repeated k-means clustering to detect the presence of different subgroups of participants.

2.4 MR Image Analysis
2.4.1 Preprocessing
All image analyses were performed using FSL 5.0.5 (Smith et al., 2004; Woolrich et al., 2009). Structural (T1weighted) images were skull-stripped (and the results visually checked) after inhomogeneity correction. FMRI
data were preprocessed with motion correction, slice-timing correction, spatial smoothing (Gaussian kernel,
FWHM=6mm) and highpass temporal filtering (100s). Each subject’s fMRI image was then linearly registered to
the MNI152 template via the high-resolution structural image, and resampled to a voxel dimension of 4×4×4mm.
The resulting preprocessed data were subsequently used for T-PICA.

2.4.2 Tensor Probabilistic Independent Components Analysis (T-PICA)
T-PICA (Beckmann and Smith, 2005) was performed using FSL Melodic (Beckmann et al., 2005). The
preprocessed fMRI data were whitened and projected into an n-dimensional subspace using Principal
Component Analysis (PCA). The number of principal components for the current dataset was estimated to be 17
by using the Laplace approximation to the Bayesian evidence of the model order (Minka, 2000; Beckmann and
Smith, 2004). Therefore T-PICA decomposed the data into 17 components, by optimizing for non-Gaussian
spatial source distributions using a fixed-point iteration technique (Hyvarinen, 1999). Estimated component maps
were divided by the standard deviation of the residual noise and thresholded at P>0.5 (Beckmann et al., 2003b)
by fitting a mixture model to the histogram of intensity values (Beckmann and Smith, 2004).
T-PICA decomposes the fMRI data into spatial maps, associated time courses, and respective subject
modes. Spatial maps (matrix A in Fig. 1) reflect the voxels that co-vary in time, and the principal component of the
temporal dynamics is captured in their associated time course (matrix B in Fig. 1). The time course relative to a
certain spatial map allows assessing the association of that pattern of fMRI signal with the execution of the task.
Some of these spatio-temporal processes reflect haemodynamic fluctuations associated with task execution,
others reflect some form of structured noise due to motion or other physiological or scanner-related artifacts
(Salimi-Khorshidi et al., 2014; Pruim et al., 2015). Finally, the subject modes (matrix C in Fig. 1) represent a
measure of how much a spatio-temporal process is expressed by each subject. Therefore the latter can be used
to assess to what extent the extracted spatio-temporal processes are representative of the entire group, or are
different between groups, or are expressed only in a single or a few subjects (Rombouts et al., 2009). In
particular, by considering together all the spatio-temporal processes which have a high correlation with the task,
we obtain a multidimensional estimate of how much each participant expressed different spatio-temporal
patterns: we denote this a 'functional network fingerprint' (FNF). Should subgroups be present, the FNF of each
subgroup's participants will be more similar to each other than to those of other subgroups. One way to assess
this is by means of a clustering analysis, as detailed below.

2.4.3 Definition of subgroups and estimation of differences among subgroups
Out of the 17 spatio-temporal processes extracted by T-PICA, we considered nine processes, which presented a
time course highly correlated with task execution (see Fig. 2) and whose activity was mostly located in the grey
matter. We did not further consider (1) processes whose spatial map reflected motion or other physiological
artifacts, which are commonly extracted by means of ICA decomposition (Salimi-Khorshidi et al., 2014; Pruim et
al., 2015); (2) processes whose subject modes would display high values in only one subject. The subject modes
associated with the nine processes were concatenated as one vector representing the FNF for each subject.
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Finally, the matrix of all subjects' FNF was fed into the k-means algorithm implemented in MATLAB (The
Mathworks Inc. Natick, MA) to extract clusters of participants featuring internally homogeneous and reciprocally
different FNFs. To prevent the possibility that the retrieved clustering solution could be driven by the initial
random placement of the cluster centers, the clustering procedure was repeated 1000 times. The results of this
repeated clustering was used to determine the most appropriate number of cluster to ask the algorithm: for each
choice of cluster number in the range from 2 to 10, the stability of the clustering solution was estimated from the
rank of the matrix concatenating the cluster labels for each repetition. We anticipate that the most stable solution,
which returned the same cluster assignment over 1000 repetitions, was the one yielded by asking for three
clusters. We therefore concluded that the FNF supported the definition of three subgroups of participants in the
initial dataset. To characterize the three subgroups of participants in terms of regional differences in the taskrelated fMRI signal, as in previous works (Noppeney et al., 2006; Kherif et al., 2009) we performed a modelbased voxel wise group comparison. This analysis was carried out in the framework of the general linear model
(GLM) using FSL FLAME (Beckmann et al., 2003a). In this analysis age, sex and handedness were modeled as
covariates-of-no interest.
In most of the neurotypical population, language production tasks such as VGEN have been demonstrated
to yield highly left-lateralized brain responses that are almost independent from handedness (Mazoyer et al.,
2014). Despite this, handedness represented one of the main sources of variability in our sample, and following
the advice of the reviewers we examined whether differences in brain activity during VGEN between ICA-derived
subgroups could have been driven by handedness. We thus estimated differences between right- and left-handed
participants in the whole sample during the execution of the task, and performed a voxel-wise regression of the
parameter estimates associated with the task against the Annett scores for the 35 participants for whom this
information was available. We also performed a regression analysis of the task-related parameter estimates
against participants' age, and we estimated group-level differences between males and females, with the same
aim of assessing to what extent differences between the detected subgroups could be explained in terms of the
available demographic sources of inter-subjective variability. For all the described analyses, we will report effects
that are significant at P<0.05 and FWE-corrected at the cluster level using Gaussian Random Field theory
(Worsley et al., 1996; Woolrich et al., 2004).

3. Results
3.1 Spatio-temporal processes extracted by T-PICA analysis
Tensor-based probabilistic ICA decomposed the fMRI dataset in 17 spatio-temporal patterns, and their
associated subject modes. Out of them, the first nine components satisfied our criteria for inclusion in the
following analyses: (1) highly correlated with the task (See Fig. 2); (2) mostly distributed in the gray matter; (3)
substantially expressed by a consistent number of participants; (4) clearly distinguishable from typical
components reflecting motion, cardiac pulsation and other sources of physiological artifacts (See Fig. S1). The
spatial maps associated with the first seven components (IC1-IC7) all included the left inferior frontal gyrus (IFG)
and the left premotor cortex (PMC) including the medial preSMA region. Besides IFG and PMC, these maps
encompassed different combinations of other brain regions commonly found in studies examining (1) verb
generation (posterior parietal lobule, bilaterally); (2) reading single words (extrastriate visual cortices and
occipitotemporal regions, bilaterally). IC8 encompassed a right-lateralized temporo-parieto-frontal network
involved in attention and working memory, whose activity was increased during the cross fixation, while IC9 was
only expressed in the temporo-occipital cortex bilaterally, immediately posterior to the so-called visual word form
area (Dehaene and Cohen, 2011). Several of these components also described fMRI signal negatively correlated
with the task, such as for regions in the default mode network (especially expressed in IC2) and in the bilateral
primary sensory and motor cortices (IC6). The subject modes associated to the spatio-temporal processes
present in the 9 selected components were considered together in a subject-specific functional network fingerprint
(FNF), quantifying how much a subject would express each of the nine task-related components.
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Fig. 2 - Spatio-temporal processes associated with the VGEN task, displayed in radiological orientation. The
components are ordered according to the decreasing amount of total variance explained in the fMRI data. The
displayed values of the component maps have been thresholded by fitting a mixture model to the histogram of
intensity values (Beckmann and Smith, 2004). Below each spatial map, the associated time course, averaged
across participants, is shown in red. In green, we show the convolved boxcar design describing the time course of
the experimental paradigm. The same boxcar design was used for every participant, as required by T-PICA for
comparing the subject-specific modes across participants. For IC1-IC7, red-yellow overlays are associated with a
positive correlation of the pattern of activity with the VGEN task, while blue-azure overlays are associated with a
negative correlation with VGEN. For IC8-IC9, the situation is reversed. Flipping the sign of the component maps
does not change the meaning of the results, and is merely due to the fact that the T-PICA decomposition is
invariant under inversion of two of the three modes it extracts (see (Rombouts et al., 2009)). The excluded
components are presented in Fig. S2.

3.2 Definition of the subgroups and estimation of between-subgroups differences
The matrix of all participants' FNFs was repeatedly fed into the k-means clustering algorithm to determine the
presence and distribution of subgroups of participants. Across the range from 2 to 10 clusters, only for the 3cluster solution was the matrix rank exactly three, indicating that the assignment of different participant's FNF to
different clusters/subgroups had been consistent across all the 1000 repetitions. This solution partitioned the
sample of participants in three subgroups sg1, sg2 and sg3 with numerosity Nsg1=6, Nsg2=13, and Nsg3=23
respectively (see Table 1). The three subgroups did not significantly differ in the proportion of right- and lefthanded participants (χ2(2)= 4.70, p = 0.1), sex (χ2(2)= 0.88, p = 0.64) or age (F(2,42) = 0.33, p = 0.72). However, the
GLM analysis of task-related haemodynamic response in the brain revealed a distributed set of significant
differences between the three subgroups (See Fig. 3). Sg2 and Sg3 shared some differences with respect to Sg1:
the participants in Sg1 showed higher activity in bilateral extrastriate visual regions and in the left inferior frontal
gyrus. Sg2 and Sg3 showed higher activity in the right inferior posterior parietal lobe as well as in the medial and
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lateral BA9. Finally, Sg2 and Sg3 showed reciprocal differences restricted to the precuneus bilaterally and the left
occipital pole (see Fig 3).

Fig. 3 - Left panel: The top row shows common activation pattern yielded by a group-level analysis on the whole
sample of 45 participants, by controlling for age, sex and handedness. The middle and bottom row show which
regions were associated with differences in terms of handedness (LH = left-handed; RH = right-handed
participants), sex (F = Females; M = Males) in the entire sample. No brain region was positively associated with
Age. Right panel: Brain regions where a significant difference in the parameter estimates of task-related activity
was found across the three subgroups (Sg1 N=6; Sg2 N=23; Sg3 N=16) identified by performing k-means
clustering on the subject-specific modes of the ICA components. This analysis was performed using additional
covariates to control for age, sex and handedness. Note how the patter on between-subgroup differences is
completely dissociated from those yielded by contrasting right- with left-handed participants, showing that the
former cannot be explained by the different composition of the subgroups in terms of handedness. Analyses of
the demographic variables showed that the three subgroups did not differ in terms of mean age and proportion of
males/females or right-/left-handed participants.

3.3 Differences associated with handedness, age, and sex
Significant differences in task-related brain activity between right- (RH) and left-handed (LH) participants were
detected in different locations with respect to those highlighted by the contrasts between the three subgroups. In
right-handed participants, VGEN parameter estimates were higher than left-handed participants in regions of the
left posterior parietal cortex adjacent to the intraparietal sulcus, as well as in the left posterior STS (RH>LH in Fig
3). For the LH>RH contrast, a significant effect was found in several left-hemispheric parietal and frontal regions,
as well as in the posterior inferior temporal gyrus. Regression of the task-related parameter estimates against the
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Annett handedness scores yielded a significant effect in the regions where the effect of handedness was more
prominent when right- and left-handed participants were compared with each other (see Fig. 3 and Fig. S2).
Females displayed stronger activity than males in the left ventral premotor and somatosensory region, as well as
in the medial occipital lobe, while the reverse contrast yielded higher activity in the left precuneus. Finally, age
was negatively correlated with task-related activity in the right primary motor and somatosensory cortex.

4. Discussion
4.1 Main findings
In the present study we applied Tensor-based Probabilistic Independent Component Analysis (T-PICA,
(Beckmann and Smith, 2005)) to the fMRI data of 45 healthy adult participants acquired while they were
performing the verb generation task (VGEN). We decomposed the signal associated with the execution of the
VGEN task as different spatio-temporal processes, and quantified how much each subject expressed these
processes. Our aim was to assess the presence of subgroups of participants characterized by different spatial
patterns of brain activity between each other, and with respect to the group-level results. To this end, we
performed a cluster analysis on vectors quantifying differences in the subject-specific contribution to different
task-related spatio-temporal processes.
Three main findings emerged from our analyses. (1) T-PICA decomposed the task-related fMRI signal into
nine spatio-temporal processes, some of which (IC6, IC8) were relatively unexpected, thus providing a richer
characterization of the brain activity during VGEN with respect to what has been reported in previous modelbased fMRI studies employing this task. (2) Clustering analyses of the subject-specific expression of these spatiotemporal modes robustly revealed the presence of three distinct subgroups of participants, characterized by
different levels of haemodynamic response to the task in prefrontal, posterior parietal and extrastriate occipital
regions. (3) Differences in brain activity between subgroups could not be explained in terms of age, sex or
handedness.

4.2 Comparison of T-PICA spatial components with previous model-based fMRI findings obtained using the
VGEN paradigm.
The vast majority of task-related spatial components extracted by T-PICA were located as expected, in a frontoparieto-temporal network described in previous fMRI works using the VGEN task (Grezes and Decety, 2001;
Holland et al., 2001; Karunanayaka et al., 2010; Horowitz-Kraus et al., 2014). Within this network, activity in the
left IFG is related to the cognitive load imposed by the task (Thompson-Schill et al., 1997; Persson et al., 2004;
Berlingeri et al., 2008). The observed activity in posterior temporal regions bilaterally, involved in the retrieval of
semantic memories, appears to be modulated by the degree of repetition of semantic information (ThompsonSchill et al., 1999). The rostral part of the bilateral medial premotor regions (preSMA), also commonly found
during the VGEN task, is known to contribute in higher-order associative processing of sensory stimuli for the
selection of motor plans (Picard and Strick, 2001). In addition, studies in primary progressive aphasia (GornoTempini et al., 2004) show that the entity of damages to the frontal aslant tract (Catani et al., 2012), connecting
preSMA and Broca's region, is associated with deficits in verbal fluency (Catani et al., 2013). Finally, task-related
changes in the haemodynamic response were also found in several regions of the posterior parietal cortex (PPC)
bilaterally, and more extensively in the left hemisphere. In the context of VGEN, PPC is likely to play a multimodal
role. Lesion studies have shown the importance of PPC in storing and accessing motor representations
(Leiguarda and Marsden, 2000), however its involvement is also likely linked to the necessity of holding the noun
of the object in the working memory during verb generation (Karunanayaka et al., 2011).
Besides these regions, T-PICA extracted other components reflecting task-related activity, which are not
commonly reported in VGEN studies. IC8 shows higher activity during cross fixation in a right-lateralized network,
commonly found using T-PICA on resting-state fMRI data (Damoiseaux et al., 2006; Smith et al., 2009) and
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involved in visuo-spatial attentional tasks (Thiebaut de Schotten et al., 2011). IC6 is more interesting with respect
to the specificity of the verb generation task, because it shows that activity in primary sensory and motor regions
in both hemispheres was decreased during the task with respect to the periods of cross fixation. Given the high
correlation of these 'deactivations' with the VGEN task, it is unlikely that they are associated with brain activity
related to the usual instruction given to the participants to remain still during the experiment. Instead, they are
more likely to reflect a selective inhibition of the final motor pathway in fronto-parietal networks involved in
execution, simulation, and observation, and possibly also verbalization of motor activities (Grezes and Decety,
2001; Berlingeri et al., 2008)

4.3 On the nature of the differences between subgroups
Our analyses highlight the presence of three subgroups (Sg1, Sg2, Sg3) of participants characterized by either
different levels of activity within the group-level pattern, or by activations located in different brain regions above
the group-level map, after controlling for age, sex and handedness. To simplify the exposition of betweensubgroup differences, we will denote increased or decreased task-related parameter estimates as increased or
decreased 'activation'. Sg1 showed increased activation in bilateral extrastriate occipital regions with respect to
both Sg2 and Sg3 (Fig. 3, right panel). This effect extended to cover almost the entire dorsal extrastriate occipital
cortex bilaterally for the contrast Sg1>Sg2. Additionally, Sg1 showed higher activity than Sg2 in the left inferior
frontal sulcus, extending onto the left pars triangularis. The reverse contrast showed that both Sg2 and Sg3
featured higher activation in the right angular gyrus and in the right rostral superior frontal gyrus (putative BA9). In
addition to this pattern, Sg2 showed higher activity than Sg1 in the right posterior supramarginal gyrus and in the
left rostral superior frontal sulcus, extending to the adjacent frontal gyri and to the frontal pole. Finally, Sg2
featured higher activation than Sg3 in the left dorsal occipital extrastriate region, while the reverse contrast
(Sg3>Sg2) showed higher bilateral activation in the precuneus. Importantly, all the regions where a significant
difference in activation was elicited by the contrasts Sg2>Sg1, Sg3>Sg1 and Sg3>Sg2 had not been displayed in
the group-level analysis on the entire sample.
The variability associated with functional activations between subjects is classically attributed to noise
(Noppeney et al., 2004). However, distinct patterns of task-related brain activity feature a remarkable longitudinal
stability across repeated fMRI sessions separated by several months (Miller and Van Horn, 2007; Miller et al.,
2012). Also, it has recently been shown that inter-subject variability in task-related brain activity is accurately
predicted by resting-state fMRI data (Tavor et al., 2016). Such evidence suggests that variability in functional
activations could be grounded in real differences across subjects (Price and Friston, 2002). This is important as
standard group-level analyses might conceal these differences and yield a significant association with the task
only in those regions shared by the vast majority of participants in the considered sample. The latter situation is
apparently depicted in our results: some regions where a significant difference in the task-related parameter
estimates was found between subgroups were also present in the group-level results, such as in the left IFG and
in the extrastriate occipital regions; however right posterior parietal and bilateral dorsal prefrontal regions, where
activity was increased in Sg2 and Sg3 with respect to Sg1, were not reported as significant by the analysis on the
entire sample (see Fig. 3). The nature of this variability is difficult to establish given the data at hand. While
subgroups of participants did not significantly differ in terms of age, sex and handedness, we assessed whether
the effect of these variables on the entire sample could have driven some of the differences between the
subgroups. We found that all three demographic variables had an effect on the task-related haemodynamic
response, however such effect was present in different brain regions with respect to those elicited by contrasting
different subgroups (see the comparison between right and left panel in Fig. 3). An analogous situation, where
subgroup differences could not be entirely attributed to the recorded phenotypical variables, was reported in a
previous study investigating brain activity during a reading aloud task (Kherif et al., 2009), where three out of four
subgroups showing different pattern of brain activity did not differ in terms of the recorded demographic variables.
Therefore, we cannot exclude that the detected subgroup differ along an unrecorded demographic dimension. In
addition, it is difficult to provide a behavioural interpretation of the differences between the subgroups, since the
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presented data were not originally acquired for the purposes of the present analyses, but rather to validate the
VGEN task against intracortical mapping in a clinical setting for the purposes of presurgical mapping of eloquent
regions (Bizzi et al., 2008). Therefore we did not perform a debriefing of the participants after the fMRI
examination aimed at assessing the cognitive strategy used to perform the task.
In conclusion, the detected differences in the pattern of activity between subgroups could be due to a
number of reasons, including unrecorded demographic variables, network degeneracy (Price and Friston, 2002),
anatomical differences or the use of different combination of strategies. Given the limited assessment of intersubject differences along these dimensions in our participants, the available data do not allow us to support one
or the other of these possibilities. However, our results highlight the presence of a source of inter-subject
variability, which led to detect significant differences in the pattern on brain activity that would have otherwise
gone unnoticed at the group level.

4.4 Comparison of T-PICA with previous methods proposed to detect the presence of spatial heterogeneity in
patterns of activation between subgroups of participants
As already mentioned in the Introduction, a few previous papers dealt with the problem of assessing the presence
of subgroups of participants showing patterns of task-related activation departing from the group-level mean
(Noppeney et al., 2006; Seghier et al., 2008; Kherif et al., 2009). The main idea in previous attempts to
demarcate the differences between individuals was to use a singular value decomposition (SVD) of the residual
variance from a group-level parameter estimate of the task-related contrast of interest, that is on the subjectspecific deviation from the group mean (Noppeney et al., 2006); a mass univariate voxelwise approach was
employed to obtain one residual variance map per subject. These maps were concatenated across subjects in a
matrix of dimension M-by-N, where M is the number of subjects and N the number of voxels in brain. The SVD
produces a decomposition in terms of eigenimages and eigenvariates which represent the activation pattern in
the brain, and the extent to which each subject reflects that pattern, respectively. Similarly in (Kherif et al., 2009),
the authors perform a principal component analysis (PCA) on the same residual maps in order to represent the
data in a lower dimensionality, following which they invoke a generative model to ascertain the pattern of activities
that emerge out of k distinct components. A different approach to study inter-subject variability was implemented
in (Seghier et al., 2008). There, it was hypothesized that subjects would differ, beyond a group-level pattern, in
the relative activation of brain networks centered on anterior or posterior left occipito-temporal regions as defined
in previous studies. To this aim, the authors performed a group-level multiple regression on the subject-level
parameter estimates of a reading aloud task, using the mean parameter estimates in either regions of interest as
predictors. Importantly, these authors found that the inter-subject differences in the activity of either networks
correlated with the response time to read irregular words and pseudowords. The rationale of this study is different
from those of (Noppeney et al., 2006; Kherif et al., 2009) and from ours, since it took the lead from an hypothesis
grounded in two specific brain regions, rather than estimating the presence of subgroups on the basis of the
whole maps of parameter estimates. In other words, it is possible that our method and those of (Kherif et al.,
2009) and (Noppeney et al., 2006) could have retrieved similar or different partitions of the groups of individuals,
by looking at the covariation of the (residuals of) parameter estimates across the whole brain. Therefore in the
following we will focus our methodological comparison to considering the algorithms implemented in (Kherif et al.,
2009) and (Noppeney et al., 2006). We propose that the method we implemented in the present study, based on
T-PICA, bears some advantages with respect to the aforementioned residual-based methods. These advantages
can be summarized in three points:
(1) While in principle there can be consistent between-group differences in the residuals of the taskrelated parameter estimates, they do not necessarily reflect differences in the neuronal signal related to taskexecution. Instead they could be caused, at least in part, by motion, physiological artifacts, scanner drifts. This is
particularly evident for the case of motion: in a standard GLM analysis (such as those performed in (Noppeney et
al., 2006) and (Kherif et al., 2009)) task-related motion will inflate the parameter estimates associated with the
task. The signal associated with motion can be mixed with neuronal signal across the whole brain, however, it is
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particularly pronounced in specific locations at the outer border of the brain (Salimi-Khorshidi et al., 2014). Since
our T-PICA is optimizing components extraction for spatial independence, it is capable of isolating such motionrelated components even in the presence of a temporal correlation with the task. By removing the time course
associated to these spatial component, it is possible to unmix the motion-related signal from that related to the
task in every brain voxel before estimating the task-related parameter estimates in the cortex and in deep nuclei
(Pruim et al., 2015). In the case of motion-related noise orthogonal to the task-related signal, the GLM regression
coefficient associated with the task will not be affected, however the residual variance with respect to the task
predictor will be inflated (Beckmann, 2012). In addition, recent studies carried out in a large cohort of subject and
across different task-evoked fMRI data showed that estimating motion-related signal from the data using ICA,
with respect to explicly modeling it using motion-parameter estimates, increases the sensitivity to activations and
deactivations, and reduces the estimated activity around brain edges (Pruim et al., 2015). Therefore ICA allows to
remove the variability in the residuals of the model which can result in both artefactually increased or decreased
task-related parameter estimates.
(2) The standard GLM analysis performed in the previous studies rests on the assumption that the
BOLD response is the same for all participants, while it has been shown that the haemodynamic response can
vary across neurotypical individuals (D'Esposito et al., 2003; Handwerker et al., 2004; Schippers et al., 2011), as
well as in individuals affected by neurodegenerative diseases (Rombouts et al., 2005). In these cases, the
interpretation of the residual variance from group-level parameter estimates remains ambiguous, since it could be
due either to the deviation from the standard haemodynamic response function used for all subjects, or to the
level of task-related activity. With respect to this, it has been shown that T-PICA is capable of detecting such
differences in the haemodynamic response (Rombouts et al., 2009), and therefore to yield a more precise
estimation of each subject's contribution to the group-level pattern of task-related activity.
(3) Finally, the crucial difference between our analysis and that carried out in the aforementioned studies
is that in all of them the temporal activities of the subjects was collapsed over time in order to obtain the
regression coefficients. In other words, the activity over time was summarized into the regression coefficients for
further analysis, deeming them sensitive to perturbations in temporal dynamics only to the first order. For
example, if a subject co-varied with the task only in the first half and another subject co-varied with the task in the
second half, both of them would have similar coefficients, assuming that they co-varied in the same manner in the
first and second halves respectively. This can lead to lose valuable information on the temporal aspect of the
covariation between these two subjects. Herein lies the difference between T-PICA and other methods. Within TPICA, the template used to extract subject-wise contribution is composed of matrix formed by the outer product of
B and A (see figure 1). This outer product provides a much richer representation by combining spatio-temporal
information into the template thus making it more sensitive to higher order temporal variations whilst performing
the task. This provides additional information to disentangle an individual's contribution to the group-level pattern
of activity.

4.5 Applications of model-free methods for detection of subgroups and other sources of inter-subjective
variability.
While in the present work we analyzed fMRI data acquired in a sample of healthy adult controls, T-PICA as well
as other model-free methods for detection of subgroups of participants are likely to be particularly useful in
analyzing samples of patients diagnosed with a neuropsychiatric condition, with the aim of detecting different
subtypes (Fair et al., 2012). In this respect, one recent work (Gates et al., 2014) used graph theoretical measures
(community detection, (Newman, 2006)) to detect the presence of subgroups of children diagnosed with ADHD
based on resting-state fMRI data. In this study, the presence of subgroups was hypothesized to be related to
differences in the interaction between the nodes of the same network, rather than to a heterogeneous expression
of different brain networks. Different subgroups of ADHD participants featured either increased or decreased
functional connectivity between posterior parietal and dorsolateral prefrontal regions, which would have likely
been undetected by pooling together all the participants. Importantly, while the ratio between ADHD and control
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participants was greater than by chance, all subgroups included both ADHD and control participants. Applying the
presented method based on T-PICA to such datasets would allow detecting whether different subtypes could be
characterized also in terms of the expression of different functional networks, as well as in their interaction (Jafri
et al., 2008; Cerliani et al., 2015)
Another remarkable application of model-free methods such as ICA is represented by the possibility of
detecting differences between categories of participants with different risks of developing a degenerative
neurological syndrome, and to do so in an early and even presymptomatic stage. For instance, an ICA-based
examination of the spatio-temporal properties of the Default Mode Network (Fox et al., 2005) led to detect
differences in the intrinsic functional architecture of the brain in young asymptomatic adults who were the carrier
of the APOE-ε4, which has been shown to be associated with a high risk of developing Alzheimer's disease
(Filippini et al., 2009). Finally, in studies involving aging and degenerative diseases, the added value of modelfree techniques is given by the capability to account for deviations of the fMRI signal with respect to the expected
haemodynamic response function used in model-based approaches to estimate task-dependent regional activity
(D'Esposito et al., 2003; Rombouts et al., 2005). In this context, the subject-specific modes of T-PICA were used
to show that demented participants were characterized by a decrease in the activation and deactivation of taskrelated functional networks. In addition, such measures were able to detect group differences in twice as many
networks than by using model-based approaches (Rombouts et al., 2009).

4.6 Limitations
Using T-PICA and other model-free methods to detect the presence of subgroups and other sources of intersubject variability comes at the cost of a number of limitations that also apply to the present study.
While the use of ICA to denoise the data (Beckmann, 2012) increases the confidence that subgroups
detected using this strategy are unlikely due to noise, the interpretation of what might have led to the such
subgroups can be hard. The observed source of variability might relate to (1) demographic and/or behavioural
traits that are not specific for the task under investigation (Smith et al., 2015), (2) reflect the presence of
degenerate neural system sub-serving the same function (Price and Friston, 2002), or (3) suggest the possibility
that different subgroups implemented different cognitive strategies to perform the task (Noppeney et al., 2004;
Noppeney et al., 2006; Jobard et al., 2011; Miller et al., 2012). Each one of these interpretations, and the decision
to support one or the other alternative, requires a process of reverse inference (Poldrack, 2006) that should be
used with caution, and be supported by an accurate behavioural assessment of participants. In our case, we only
had access to basic demographic information about our participants and therefore we could not support a strong
behavioural interpretation of the differences we detected.
Related to this, it is currently not possible to assess whether the presence of different patterns of activations
reflects the implementation of different cognitive strategies in our verb generation task. On the one hand many
variables can influence the patterns of activity elicited by verb generation tasks, such as the number of possible
responses or the strength of association between the cued noun and verb associated to the appropriate action
(Thompson-Schill et al., 1997; Martin and Cheng, 2006; Crescentini et al., 2010). On the other hand, most of the
brain regions that are highlighted by our contrast between subgroups are involved in panoply of different tasks,
such as the IFG and the inferior posterior parietal lobe. Therefore it is hard to estimate the specificity of their
functional role during verb generation. For instance previous studies suggest that during different tasks requiring
retrieval from the semantic knowledge, the differential activity of the IFG is linked to an increase in task demands,
due to competing alternatives, rather than being specific to verb processing (Thompson-Schill et al., 1997;
Berlingeri et al., 2008). On the basis of these considerations, and due to the lack of behavioural assessment in
our participants, we refrained from commenting on the different patterns of activity in terms of different cognitive
strategies, and we leave this issue for future studies.
On the methodological side, using the subject-specific modes of the spatio-temporal processes individuated
by T-PICA in the way we described is only possible when analyzing task-evoked fMRI data where each subject
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has an identical study design for event types and timings (Rombouts et al., 2009). The reason for this is that the
subject-specific modes yielded by T-PICA quantify the extent to which each individual expresses a certain spatiotemporal process, only if we can assume the invariance of these spatio-temporal processes across subjects.
Therefore the use of T-PICA that we have described in the present work cannot be readily extended to the
analyses of resting-state fMRI datasets such as the ABIDE (Di Martino et al., 2013). Further methodological
investigation is granted to determine the meaningfulness of the subject-specific modes yielded by T-PICA for
resting state data.

4.7 Conclusions
In conclusion, we presented an original data-driven approach to detect unexpected subgroups of participants in
task-based fMRI data. With respect to previous works on this issue, the use of Tensor Probabilistic ICA allows us
to discriminate which of the extracted patterns of activity relate to the task, and to isolate other sources of
variability in the fMRI signal which are not temporally related to the task or are due to artifactual effects.
Characterizing the participants based on their differential contribution to different task-related functional networks
allowed us to discover three subgroups of participants featuring different parameter estimates of brain activity
associated to the task in regions shared with the group-level pattern, as well as in other regions not found when
all the participants were pooled together. This spatial heterogeneity reflected an unexpected source of intersubject variability that could not be explained by age, sex or handedness. We propose that data-driven
approaches such as the one we presented can be useful to probe the hypothesized homogeneity of a sample of
participants before conducting analyses of between-group differences along the expected dimensions of
variability, for instance among clinical and healthy participants. If not considered, such unexpected sources of
variability can undermine the ability to detect expected effects at the group level, as well as the interpretation of
the obtained results. We believe that in the near future analytical approaches based on model-free methods like
ICA will play a progressively more important role in the characterization of different subtypes of neuropsychiatric
syndromes, as well as in monitoring the incipience of compensatory strategies in early stages of degenerative
neurological syndromes.
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Tables
Subgroup 1: N=6; M=4 F=2; median Age = 27; 6 RH 0 LH
Subgrou
p

Subj ID

Age

Sex

Annett score

handedness

1

4

46

M

11

RH

1

6

27

M

N/A

RH

1

9

25

F

N/A

RH

1

15

22

M

N/A

RH

1

16

28

F

24

RH

1

17

27

M

N/A

RH

Subgroup 2: N=22; M=10 F=12; median Age = 31; 15 RH 7 LH

!

Subgrou
p

Subj ID

Age

Sex

Annett score

handedness

2

3

38

F

N/A

RH

2

5

32

M

17

RH

2

11

28

M

22

RH

2

12

47

F

16

RH

2

13

23

F

13

RH

2

14

30

F

N/A

RH

2

19

29

F

18

RH

2

20

21

M

20

RH

2

21

30

F

N/A

RH

2

23

38

F

20

RH

2

24

24

M

20

RH

2

25

21

F

20

RH

2

26

38

F

24

RH

2

27

20

M

16

RH

2

29

27

M

18

RH

2

30

46

M

-22

LH

2

31

39

M

-24

LH

2

33

34

M

-13

LH

2

36

39

F

N/A

LH

19

2

39

21

F

-19

LH

2

43

36

F

N/A

LH

2

44

40

M

-20

LH

Subgroup 3: N=17; M=8 F=9; median Age = 31; 9 RH 8 LH
Subgrou
p

Subj ID

Age

Sex

Annett score

handedness

3

1

23

M

14

RH

3

2

28

M

16

RH

3

7

29

M

20

RH

3

8

34

F

24

RH

3

10

39

F

24

RH

3

18

24

M

15

RH

3

22

27

M

23

RH

3

28

24

F

20

RH

3

32

31

F

-20

LH

3

34

25

F

-21

LH

3

35

31

F

-8

LH

3

37

32

F

-14

LH

3

38

47

M

-8

LH

3

40

28

M

18

RH

3

41

24

F

-19

LH

3

42

40

F

N/A

LH

3

45

34

M

-20

LH

Table 1: Participants' demographics in the different subgroups detected by our method. F=female; M=Male,
RH=right-handed; LH=left-handed. As reported in the text (section 3.3) no significant difference in terms of age,
sex and handedness was found across subgroups.
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Supplementary Figures

Excluded ICA components
IC10: Mostly located outside of the
brain (potential motion artifact and/
or sagittal sinus veins)

IC14: CSF fluctuations (cardiac
pulsation)

IC11: Highly expressed in only one
subject

IC15: Motion artifact

IC12: Motion artifact

IC16: Cardiac pulsation

IC13: ssEPI susceptibility artifact

IC17: Unknown, possibly related
to susceptibility artifacts and
cardiac pulsation

Fig. S1: These ICA components, ordered by decreasing explained variance, were excluded by further analyses
since they reflect sources of noise, or are highly expressed only in one subject (IC11). See also Salimi-Khorshidi
et. al 2014 (reference in the main text) for a similar visualization and interpretation of the noise components

LH > RH

Annett: negative correlation

RH > LH

Annett: positive correlation

Fig. S2: Different brain activity during the VGEN task, evidenced by contrasting right-handed (RH) with
left-handed (LH) participants. A correlation with the Annett handedness scores (Annett, M 1970, full
reference in the main text) on all the 35 (over 45) participants for which this score was available showed
an effect in the regions where the contrast between RH and LH yielded the highest parameter estimates.
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