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Abstract
Spatial registration is an essential step in the analysis of fMRI data because it enables between-subject analyses of brain activity,
measured either during task performance or in the resting state. In this study, we investigated how anatomical registration with
MRTOOL affects the reliability of task-related fMRI activity. We used as a benchmark the results from two other spatial
registration methods implemented in SPM12: the Unified Segmentation algorithm and the DARTEL toolbox. Structural alignment
accuracy and the impact on functional activation maps were assessed with high-resolution T1-weighted images and a set of task-
related functional volumes acquired in 10 healthy volunteers. Our findings confirmed that anatomical registration is a crucial step
in fMRI data processing, contributing significantly to the total inter-subject variance of the activation maps. MRTOOL and
DARTEL provided greater registration accuracy than Unified Segmentation. Although DARTEL had superior gray matter and
white matter tissue alignment thanMRTOOL, there were no significant differences betweenDARTEL andMRTOOL in test–retest
reliability. Likewise, we found only limited differences in BOLD activation morphology between MRTOOL and DARTEL. The
test–retest reliability of task-related responses was comparable between MRTOOL and DARTEL, and both proved superior to
Unified Segmentation. We conclude that MRTOOL, which is suitable for single-subject processing of structural and functional
MR images, is a valid alternative to other SPM12-based approaches that are intended for group analysis. MRTOOL now includes a
normalization module for fMRI data and is freely available to the scientific community.
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Introduction

Since its introduction in the early 1990s, functional magnetic
resonance imaging (fMRI) based on blood oxygenation level-
dependent (BOLD) signals has led to countless scientific and
clinical breakthroughs on human brain function (Uludağ et al.
2015). The success of fMRI in the fields of basic and clinical
neuroscience is mainly due to its high spatial resolution and
ability to specifically identify changes in brain activity, which
sets it apart from other brain imaging techniques. A typical
fMRI study involves the acquisition of multiple, consecutive

functional scans to track brain dynamics during task perfor-
mance or rest, along with a structural scan to characterize the
anatomy of the detected functional activity or connectivity. The
structural scan is also typically used to make inferences about
the anatomical correspondence of brain responses across indi-
viduals and studies. Accordingly, spatial registration (or spa-
tial normalization) is today considered a fundamental step in
fMRI data preprocessing. Spatial registration requires the non-
linear transformation of an individual’s structural image (typi-
cally a T1-weighted (T1-w) image) to a template image inMNI
(Montreal Neurology Institute) coordinate space. Once this
transformation is computed, it is applied to the original func-
tional images (linearly aligned to the individual’s structural
image), thereby generating corresponding functional images
in template space.

fMRI studies typically involve comparisons of brain activ-
ity and connectivity across several participants. Therefore, the
detection of true effects may be hampered by both systematic
and random between-subject misalignments during the spatial
registration step. Random misalignments are likely to reduce
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the statistical benefits of group-level analyses, leading to an
increase in false negatives. Systematic misalignments may de-
ceptively link neural activity to incorrect anatomical areas.
Because anatomical labeling is template-based, classification
of brain responses detected by fMRI may be inaccurate, espe-
cially when the functional responses are located close to the
boundary between two anatomically defined brain regions.
Establishing the validity and reliability of fMRI results is an
area of concern for the neuroscientific community, and has
attracted particular interest in recent years (Crinion et al.
2007; Crivello et al. 2002; Fischmeister et al. 2013).

To date, several solutions for spatial registration of struc-
tural magnetic resonance (MR) images have been proposed
(Crinion et al. 2007; Klein et al. 2009). Many fMRI studies
use the normalization/segmentation tools available in the SPM
(Statistical Parametric Mapping) software package: the
Unified Segmentation algorithm (Ashburner and Friston
2005; Pohl et al. 2005) and the DARTEL toolbox
(Ashburner 2007). These yield significantly better registration
quality than previous solutions and have been successfully
used in numerous studies (Hoffman and Lambon Ralph
2018; Hope et al. 2015; Klöppel et al. 2008; Lorio et al.
2016; Michely et al. 2018; Ossenkoppele et al. 2015).
DARTEL ranks among the top-performing registration
methods currently available for group-level fMRI analyses
(Klein et al. 2009).

Our recent work focused on improving the spatial registra-
tion of structural MR images in the presence of large devia-
tions from standard brain morphology. To this end, we devel-
oped an SPM-based enhanced normalization approach, which
we implemented in our MRI analysis toolbox, MRTOOL
(Ganzetti et al. 2018). Our previous analyses demonstrated
that MRTOOL yields more reliable anatomical co-
localization across individuals with advanced levels of brain
atrophy and ventricular enlargement than the standard Unified
Segmentation algorithm. Our results also showed that the use
of different spatial normalization approaches can lead to dis-
similar results. Such differences can bemore easily assessed in
images where the brain anatomy deviates substantially from
the standard template image being used.

The extent to which our new approach to spatial registra-
tion may affect functional imaging results has not yet been
tested. Here, we aim to address this question by comparing
the reliability of BOLD-fMRI results obtained via the normal-
ization module of MRTOOL, the Unified Segmentation algo-
rithm, and the DARTEL toolbox, all in SPM12. We apply
these three registration methods to task-related BOLD data
extracted from a publically available dataset and used for
test–retest reliability analyses (Gorgolewski et al. 2013a). On
the basis of our previous results obtained with structural MR
data (Ganzetti et al. 2018), we hypothesize thatMRTOOLwill
produce fewer registration errors than the Unified
Segmentation algorithm, leading to greater statistical power

and increased detection of functional activations, as well as
increased test–retest reliability. Furthermore, we expect a sim-
ilar level of performance fromMRTOOL,which is suitable for
single-subject data processing, to that attained by DARTEL,
which is primarily used for group-level analyses.

Methods

Participants and procedures

MR imaging data included in this study were downloaded
from the open access database OpenfMRI (Poldrack and
Gorgolewski 2017). The dataset was originally acquired to
validate fMRI tasks used in pre-surgical planning for tumor
resection. The study was approved by the local South East
Scotland Research Ethics Committee, and informed consent
was obtained from all participants. MR data were collected
from 10 normal healthy volunteers (four men and six women,
aged 50–58 years). Three volunteers were left-handed and
seven were right-handed, according to their own declaration.
Each participant was scanned in two separate sessions, either
2 days (eight participants) or 3 days (two participants) apart;
these are referred to as the ‘Test’ and ‘Retest’ sessions.

Tasks

Participants performed three behavioral tasks (Table 1): covert
verb generation, overt word repetition, and motor movements.
The first two tasks were aimed at mapping language areas of
the brain either with (overt) or without (covert) actual speech
production. The motor task consisted of finger tapping, foot
flexion, and lip pursing interleaved with fixation on a cross.
The behavioral paradigms were implemented in Presentation
v. 17.0 (Neurobehavioral Systems, www.neurobs.com).
Stimuli were synchronized and presented by NordicNeuroLab
hardware (www.nordicneurolab.com). During the first
scanning session, each participant familiarized themselves
with the tasks by practicing them inside the scanner.

Motor task

Subjects had to move a body part corresponding to a picture
presented on a screen. The following instructions were given:
BYou have to tap your index finger when you see a picture of a
finger, flex your foot when you see a picture of a foot and
purse your lips when you see a picture of lips^. A block design
with 15-s activation and 15-s rest period was employed. In
every block, subjects moved the index finger of their domi-
nant hand, or flipped their dominant foot or pouched their
mouth. Movement was paced with a frequency of 0.4 Hz
using visual stimuli. There were five repetitions of each
activation/rest block, for a total scan time of 7 min and 40 s.
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Covert verb generation task

Subjects were asked to think of a verb complementing a noun
presented to them visually. The following instructions were
given: BWhen a word appears it will be a noun. Think of what
you can do with it and then imagine saying ‘With that I can ...’
or ‘That I can ...’ B. A block design with 30-s task and 30-s rest
blocks was employed. During the task blocks, ten nouns were
presented for one second each followed by a fixation cross
during which subject had to produce the response. The nouns
were chosen at random from a set of 70 nouns. Rest blocks
had an analogous structure but with each word replaced by
scrambled visual patterns generated by scrambling the phase
of the ‘picture’ of each word, i.e. the control patterns were
matched in the amplitude spectrum. Seven activation/rest
blocks were presented, for a total scan time of 7 min and
12.5 s.

Overt word repetition task

Subjects had to repeat aloud words that were heard via head-
phones. The following instructions were given: BWhen you
hear a word, repeat it immediately .̂ A block design with 30-s
activation and 30-s rest blocks was employed in conjunction
with a sparse sampling data acquisition technique to present
and record stimuli during the silent periods. After 2.5 s of
blank screen during which the fMRI data were acquired, sub-
jects were presented with an auditory stimulus. This consisted
of a pre-recorded native British English speaker reading a
noun chosen at random from a set of 36 nouns. This was
followed by a question mark prompting the subject to repeat
the word. Subject responses were recorded using an MRI
compatible microphone. The question mark disappeared after
1741 ms and the sequence was repeated 6 times in the same
block. A blank screen was presented during rest periods.

There were six activation/rest blocks, for a total scan time of
7 min and 40 s.

MRI acquisition protocol

Data were acquired on a GE Signa HDxt 1.5 Tscanner with an
8-channel phased-array head coil at the Brain Research
Imaging Center, University of Edinburgh. fMRI data were
acquired with a single-shot gradient-echo echo-planar imag-
ing pulse sequence with the following parameters: in-plane
field of view (FOV) 256 × 256 mm, acquisition matrix 64 ×
64, 30 slices per volume (interleaved slice order), slice thick-
ness 4 mm, flip angle 90°, echo time (TE) 50 ms. The repeti-
tion time (TR) was 5 s for the overt word-repetition task and
2.5 s for all other tasks. In addition, in each session a high-
resolution 3-D T1-w scan was acquired with a 3-D inversion
recovery prepared (IRP) pulse sequence. The acquisition pa-
rameters for this additional sequence were: in-plane FOV
256 × 256 mm, acquisition matrix 256 × 256, 156 slices per
volume, slice thickness 1.3 mm, flip angle 8°, TR 10 s, TE 4 s,
and inversion time (TI) 500 ms.

Image processing

First, fMRI data were corrected for head motion with the re-
alignment tool in SPM12. Then, the SPM12 coregistration tool
was used to calculate an affine transformation aligning the
mean fMRI volume to the structural T1-w image in original
space. This affine transformation was then applied to the
motion-corrected fMRI data. Spatial registration of the T1-w
image to the standard SPM12 template in MNI space
(ICBM152-MNI) was then performed with either the SPM12
Unified Segmentation algorithm (Ashburner and Friston
2005), the MRTOOL normalization module (Ganzetti et al.
2018), or the SPM12 DARTEL toolbox (Ashburner 2007).

Table 1 Test–retest reliability analysis of segmented tissue maps

Pairwise comparisons

ICC MRTOOL - UNIF.SEG. DARTEL - UNIF.SEG. DARTEL - MRTOOL

Mean ± sd Effect size (d) D p Effect size (d) D p Effect size (d) D p

GM
UNIF.SEG. 0.59 ± 0.29

0.32 0.29 **** 0.33 0.25 **** 0.01 0.06 nsMRTOOL 0.73 ± 0.30
DARTEL 0.72 ± 0.28

WM
UNIF.SEG. 0.63 ± 0.31

0.27 0.25 **** 0.20 0.32 **** 0.06 0.05 nsMRTOOL 0.75 ± 0.31
DARTEL 0.71 ± 0.29

Means and standard deviations of the Intraclass Correlation Coefficient (ICC) computed over the tissue probability maps (TPMs) for gray matter (GM)
and white matter (WM). ICC values range from 0 to 1, where a value of 1 indicates complete correlation of the subject voxel intensities between the Test
and Retest sessions. Cohen’s effect size (d) is reported to allow a direct comparison between the mean ICC values across registration methods. The
Kolmogorov–Smirnov (K-S) test statistic (D), measuring the largest distance between two empirical ICC distributions, and the significance level (p) are
reported. Significance level: ****p < 0.0001; ns, not significant
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The resulting non-linear deformation was subsequently ap-
plied to the fMRI data. Finally, spatial smoothing with a 6-
mm full width at half maximum Gaussian kernel was applied
to the resulting fMRI volumes in MNI space.

Subject-level analysis

Statistical analysis was also carried out in SPM12. fMRI time
series were high-pass filtered with a cutoff of 128 Hz, and then
subjected to general linear modeling (Friston et al. 1994). The
design matrix consisted of task regressors and head-motion
regressors, as well as their first derivatives. A single task re-
gressor was employed for covert verb generation and overt
word repetition. This regressor was generated by a boxcar
function convolved with a canonical hemodynamic response
function. For the motor tasks, each body part was modeled
with a separate boxcar regressor. For the language tasks, we
generated a simple contrast based on the task regressor. For
the motor tasks, we generated three contrasts, one per condi-
tion, in which each body part was assessed against the other
two. The finger, foot, and lips contrast images from left-
handed subjects were flipped along the sagittal plane.

Group-level analysis

The average BOLD responses for the Test and Retest sessions
were computed at the group level. For each subject, task-
specific contrast images, as defined in the subject-level anal-
ysis, were averaged between sessions. The main effect of task
for each contrast was then computed. The false discovery rate
(FDR) method was employed at the cluster level to correct for
multiple comparisons (Chumbley and Friston 2009;Woo et al.
2014). Specifically, statistical t-score maps were thresholded
with a primary threshold level of p < 0.001, followed by a
cluster-extent probability threshold set to 0.05.

Reliability analysis

Anatomical registration

The segmentation accuracy of the anatomical registration was
assessed qualitatively and quantitatively. MRTOOL, the
Unified Segmentation algorithm, and the DARTEL toolbox
all use the same SPM12 processing framework to jointly ex-
ecute spatial registration and segmentation. Individual tissue
probability maps (TPM) of the gray matter (GM) and white
matter (WM) in MNI space were thresholded (p > 0.5) and
overlaid to generate consensus maps for each method and
session separately. Likewise, the Dice Similarity Coefficient
(DSC), which is a well-known metric for evaluating segmen-
tation outputs (Fischmeister et al. 2013; Ganzetti et al. 2018;
Shattuck et al. 2001; Van Leemput et al. 1999) was used to
quantify the degree of overlap between and within subjects on

the individual GM and WM tissue masks. The between-
subject DSC was performed by computing the overlap be-
tween the thresholded map from a single subject and the
thresholded maps of all the other subjects in the same session:

DSC ¼ 2∙
Sa∩Sbj j
Saj j∪ Sbj j ð1Þ

where Sa and Sb are, respectively, the normalized and
thresholded TPM for either GM or WM in two distinct sub-
jects. The procedure was repeated for the Test and Retest
sessions. Similarly, for within-subject overlap, the DSC was
calculated as follows:

DSC ¼ 2∙
Stest∩Sretestj j
Stestj j∪ Sretestj j ð2Þ

where Stest and Sretest are the TPM for either GM or WM in a
single subject for the Test and Retest sessions. DSC values
range from 0 to 1, with higher values indicating greater
overlap.

The test–retest reliability of the registration was assessed
using the intraclass correlation coefficient (ICC). The ICCwas
computed voxel-wise over the probability values of GM and
WM tissue maps following the approach described in Caceres
et al. (2009). If registration (matching between brain tissues) is
improved, the computed ICC should be a closer estimate of
the true ICC for a specific voxel. This implementation is based
on computing a single ICC value for each voxel, generating a
distribution of ICC values. A two-way model (subject vs ses-
sions) with no interaction (Shrout and Fleiss 1979) was used
to compute the ICC as follows:

ICC 3; 1ð Þ ¼ σ2
r

σ2
r þ σ2

e
ð3Þ

where σ2
r is the between-subject variance and σ

2
e is defined in

the following manner:

σ2
e ¼

∑n
j¼1 t1 j−t1

� �
− t2 j−t2
� �� �2

n−1
ð4Þ

where n is the total number of subjects, t1j and t2j are the values
of a single voxel for subject j for the Test and Retest sessions,
and t1 and t2 are the between-subjects mean values for the Test
and Retest sessions.

Effect on regional fMRI activations

We performed a reliability analysis on the BOLD responses
for each task-specific region. As described above for the eval-
uation of anatomical registration, we measured the between-
and within-subjects overlap of thresholded t-maps. Single-
subject t-maps were thresholded according to an adaptive
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cluster-forming threshold (q = 0.05) criterion (Gorgolewski
et al. 2012). This method combines Gamma–Gaussian mix-
ture modeling with topological thresholding to improve clus-
ter delineation at the subject level. Adaptive thresholding per-
forms better than fixed thresholding in terms of over- or
underestimation of the true activation border, especially
in the presence of different signal-to-noise ratios. We
repeated this analysis for both sessions and for the three
registration methods.

Likewise, we performed a test–retest reliability analysis,
based on the previously described voxel-wise ICC, for
each task-specific contrast map generated from the subject-
level analysis.

To ensure that the results were not biased toward low
values because of a lack of reliability in the many regions that
are not task-specific, we chose to report results only within
specific anatomical regions (Gorgolewski et al. 2013a). For
each of the five tasks, we used the probability maps available
in the Anatomy toolbox to construct a region of interest (ROI)
covering the area expected to show functional activity
(Eickhoff et al. 2005, 2006, 2007). For the three motor condi-
tions, the ROI was primary motor cortex, obtained bymerging
together Brodmann areas 4a and 4p (Geyer et al. 1996). For
the covert verb-generation task, the ROI was Broca’s area,
obtained by combining Brodmann areas 44 and 45 (Amunts
et al. 1999). For the overt word-repetition task, the ROI in-
cluded the left primary auditory cortex (TE1.0, TE1.1, and
TE1.2) and the posterior division of the left superior temporal
gyrus (Wernicke’s area) (Morosan et al. 2001, 2005).

To complement the group-level analysis of the average
BOLD responses, we also extracted the activation-peak coor-
dinates from the average contrast map between sessions for
each subject and task.

Statistical analysis

We used modeling analysis to estimate whether the differ-
ences in performance across registration methods (assessed
by the DSC) were significant. In particular, for the between-
subjects analysis, we fitted the results to a linear mixed model
with the registration method as a fixed effect and random
intercepts for the subjects. The inclusion of the random inter-
cepts significantly enhanced the fit of the model as it ex-
plained the variability introduced by the individuals. Before
fitting the model, all mutually exclusive DSC values—gener-
ated by comparing an individual subject with the other sub-
jects—were averaged together, creating a single measure for
each subject. The resulting averaged DSC values were in turn
averaged across sessions, for each subject within eachmethod.
For the within-subject analysis, the same model was fitted to
the data. In both cases, assumption of normality was verified
by inspecting Q-Q plots and computing the Shapiro–Wilk test
on the residual distributions. This analysis was repeated for

the evaluation of the anatomical alignment of GM and WM,
for the volume overlap of the functional responses, and for the
activation peak analysis. For the last two, the analysis was
repeated for each separate task.

For the voxel-wise ICC reliability analysis, we computed
the mean and standard deviation of the ICC distribution. To
formally compare the reliability across registration methods,
we reported the effect size using Cohen’s d. Statistical differ-
ences between ICC distributions were assessed with the
Kolmogorov–Smirnov (K-S) test (Stephens 1992). The K-S
test statistic D measures the largest distance between two em-
pirical ICC distribution functions.

Results

Structural registration

To qualitatively evaluate the registration performance of
Unified Segmentation, MRTOOL, and DARTEL, we visually
compared the spatial pattern of tissue overlap across subjects
(Fig. 1). We observed inaccuracies in the spatial alignment of
both GM and WM tissue maps with the Unified
Segmentation algorithm. MRTOOL and DARTEL both
showed substantial improvement over Unified Segmentation,
with sharper transitions at the borders between tissues. There
were no striking differences between the maps from the Test
and Retest sessions.

To corroborate this qualitative assessment, we per-
formed a statistical analysis to quantify the exact degree
of overlap for both GM and WM thresholded maps
(Fig. 2). The between-subjects DSC was significantly
larger for DARTEL than for Unified Segmentation
(p < 0.0001) or MRTOOL (p < 0.0001), for both GM
and WM. MRTOOL had significantly larger DSC values
than Unified Segmentation for both sessions and tissue types
(p < 0.0001).

The within-subject overlap analysis confirmed the reliabil-
ity of DARTEL registration (Fig. 3); however, the GM DSC
values were only slightly higher for DARTEL than for
MRTOOL (p < 0.05). For theWMmaps, MRTOOL produced
slightly larger DSC values than DARTEL but the difference
was not significant. Of the three methods, Unified
Segmentation clearly exhibited the lowest performance.

The test–retest reliability analysis on the voxel-wise ICC
distributions (Table 1) revealed higher reliability for
MRTOOL (ICC = 0.73 and ICC = 0.75 for GM and WM, re-
spectively) and DARTEL (ICC = 0.72 and ICC = 0.71 for GM
andWM, respectively) than for Unified Segmentation (ICC =
0.59 and ICC = 0.63 for GM and WM, respectively).
Although MRTOOL produced higher ICC values than
DARTEL for both GM and WM, the difference was not sta-
tistically significant.
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Analysis of functional maps

Using the DSC as a performance metric, we next tested the
impact of anatomical registration on task-related activations.
Regional BOLD responses at the subject level were compared
both within and between subjects. The within-subject reliabil-
ity analysis did not reveal any significant differences between
the three registration methods for the different tasks, suggest-
ing a negligible effect of anatomical registration on the spatial
overlap of functional activations across sessions (Table 2).
However, differences between the methods became ap-
parent in the between-subjects analysis of DSC values
(Table 3). DARTEL and MRTOOL performed better
than Unified Segmentation regardless of the task
(Table 3). Despite the fact that DARTEL performed sig-
nificantly better than MRTOOL in the analysis of tissue
overlap (above), there were no significant differences
between the two methods in the motor tasks or the
verb-generation task. However, MRTOOL had lower
DSC values than DARTEL in the word-repetition task
(p < 0.0001). MRTOOL was relatively more reliable than
Unified Segmentation, especially for the lip-pursing
(p < 0.001) and verb-generation (p < 0.01) tasks.

The test–retest reliability analysis on the voxel-wise ICC
distributions showed that DARTEL andMRTOOL performed
better than Unified Segmentation regardless of the task
(Table 4). There were no tangible differences in effect size
between MRTOOL and DARTEL (d < 0.2). Except for the
foot-flexion (p < 0.05) and word-repetition (p < 0.0001) tasks,
there were no statistically significant differences between the
ICC distributions for MRTOOL and DARTEL.

To extend these reliability analyses, we investigated the im-
pact of anatomical registration on group-level BOLD responses
for both motor (Fig. 4) and language (Fig. 5) conditions. The
locations of movement-related activity, as detected by the three
registration methods, were largely in line with those reported in
the literature (Gorgolewski et al. 2013a). The activations were
more spatially confined with MRTOOL and DARTEL than
with Unified Segmentation, with regional differences in the t
values and the spatial extent of the clusters, as well as in the
activation-peak coordinates (Table 5).

With the Unified Segmentation algorithm, the finger-
tapping response was mainly located in the postcentral gyrus,
specifically in the primary somatosensory cortex. With
MRTOOL and DARTEL, the finger-tapping response was
not limited to sensory areas, but spanned anteriorly toward
the middle contralateral precentral gyrus. The foot-flexion re-
sponse was also confined to the hemisphere contralateral to
the movement. With MRTOOL and DARTEL, the cluster,
corresponding to the precentral and postcentral gyri, was
well-defined and characterized by relatively high t values. In
contrast, the activation cluster obtained with Unified
Segmentation was located more medially, straddling the mid-
sagittal plane. In the lip-pursing condition, all three methods
yielded consistent bilateral activations in the inferior part of
the precentral gyrus, although the Unified Segmentation ap-
proach resulted in the lowest t values, indicating lower reli-
ability. Activation was also observed in the cerebellum, ipsi-
laterally in both the finger and foot tasks, and bilaterally in the
lips task.

The results from the language tasks largely confirmed those
from the motor tasks (Fig. 5). The verb-generation condition

Fig. 1 Consensusmaps of segmented tissues.Registration performance
between methods was assessed by comparing the overlap of gray matter
(GM) and white matter (WM) tissue probability maps (TPMs) across
subjects. TPMs in the standard space of the SPM12 template were

thresholded at 0.5. Values range from 0 to 10, where 10 indicates com-
plete overlap. Consensus maps are reported for each method and session
separately
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yielded consistent activation in the language-specific areas of
the brain. For all registration methods, significant clusters
were found in the Broca’s area (BA 44 and 45), the anterior
superior part of the left putamen, the left posterior superior
temporal gyrus, and the supplementary motor area.
However, the left thalamus was significantly activated only
when MRTOOL was used for anatomical registration. The
activation cluster in the Broca’s area showed higher reliability
with MRTOOL and DARTEL than with Unif ied
Segmentation. In the word-repetition task, we found signifi-
cant clusters over the bilateral superior temporal gyrus, at the
level of the primary auditory cortex (Morosan et al. 2001), and
the Wernicke’s area (Caspers et al. 2006). A major difference
between methods was the detection of a significant response
in the left anterior putamen withMRTOOL and DARTEL, but
not with Unified Segmentation. Furthermore, the activation
patterns in the auditory areas TE 1.1, TE 1.2, and TE 1.3
had lower t values with Unified Segmentation, indicating re-
duced reliability with this method. Overall, MRTOOL and

DARTEL yielded similar activation maps and consistent lo-
calization of activation peaks (Table 5).

Discussion

Over the past few decades, fMRI has become a key technique
for measuring brain activity noninvasively (Bullmore 2012).
However, no consensus on the reliability of BOLD responses
has yet been reached (Bennett and Miller 2010; Giussani et al.
2010). The inherent complexity of fMRI data processing is
one of the major determinants of this impasse (Savoy 2005).
Given the multilevel structure of fMRI data processing, nu-
merous factors can influence the final outcome. In the present
study, we investigated how anatomical registration—which

Fig. 3 Anatomical registration: within-subject tissue overlap. Box
and whisker plots show the Dice Similarity Coefficient (DSC) between
the tissue probability map (TPM) for a single subject in the Test session
and the respective map for the same subject in the Retest session. The
procedure was iterated for each subject. The DSC was computed on the
normalized and thresholded (p > 0.5) TPMs for gray matter and white
matter. DSC values range from 0 to 1, where 1 indicates complete overlap.
Significance levels: *p < 0.05, ****p < 0.0001; ns, not significant

Fig. 2 Anatomical registration: between-subjects tissue overlap. Box
and whisker plots showing the Dice Similarity Coefficient (DSC) be-
tween the tissue probability map (TPM) for a single subject and the
respective maps for all other subjects. The procedure was iterated for each
subject and repeated separately for the Test and Retest sessions. The DSC
was computed on the normalized and thresholded (p > 0.5) TPMs for gray
matter and white matter. DSC values range from 0 to 1, where 1 indicates
complete overlap. Significance level: ****p < 0.0001
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Table 3 Volume overlap of thresholded task-related responses: between-subjects analysis

Pairwise comparisons

DSC MRTOOL - UNIF.SEG. DARTEL - UNIF.SEG. DARTEL - MRTOOL

Mean ± sd Estimate [C.I.] Effect
size (d)

p Estimate [C.I.] Effect
size (d)

p Estimate [C.I.] Effect
size (d)

p

Finger
UNIF.SEG. 0.452 ± 0.113

0.032
[−0.011,0.075]

0.44 ns 0.039
[−0.004,0.081]

0.9 ns 0.007
[−0.036,0.050]

0.13 nsMRTOOL 0.484 ± 0.151
DARTEL 0.490 ± 0.120

Foot
UNIF.SEG. 0.386 ± 0.107

0.020
[−0.029,0.070]

0.69 ns 0.055
[0.005,0.104]

0.63 * 0.034
[−0.015,0.084]

0.45 nsMRTOOL 0.406 ± 0.087
DARTEL 0.441 ± 0.072

Lips
UNIF.SEG. 0.457 ± 0.093

0.078
[0.031,0.125]

1.37 *** 0.099
[0.052,0.146]

1.37 **** 0.021
[−0.026,0.068]

0.35 nsMRTOOL 0.535 ± 0.070
DARTEL 0.556 ± 0.050

Verb gen
UNIF.SEG. 0.400 ± 0.089

0.030
[0.008,0.053]

1.1 ** 0.045
[0.022,0.068]

1.17 **** 0.014
[−0.007,0.037]

0.98 nsMRTOOL 0.430 ± 0.109
DARTEL 0.445 ± 0.118

Word rep
UNIF.SEG. 0.358 ± 0.093

0.021
[−0.011,0.054]

1.1 ns 0.084
[0.051,0.116]

1.62 **** 0.062
[0.030,0.095]

1.36 ****MRTOOL 0.379 ± 0.107
DARTEL 0.441 ± 0.110

Means and standard deviations of the Dice Similarity Coefficient (DSC) between the suprathreshold map for a single subject and the respective maps for
all other subjects. The procedure was iterated for each subject and session. For each task-related response, DSC was computed over suprathreshold
voxels restricted to a specific region of interest. DSC values for each pair of subjects were averaged together. The resulting mean values averaged across
sessions are reported for each separate method together with the respective pairwise comparisons. Significance levels: *p < 0.05, **p < 0.01, ***p <
0.001, ****p < 0.0001; ns, not significant

Table 2 Volume overlap of thresholded task-related responses: within-subject analysis

Pairwise comparisons

DSC MRTOOL - UNIF.SEG. DARTEL - UNIF.SEG. DARTEL - MRTOOL

Mean ± sd Estimate [C.I.] Effect size (d) p Estimate [C.I.] Effect size (d) p Estimate [C.I.] Effect size (d) p

Finger
UNIF.SEG. 0.644 ± 0.183

0.002
[−0.040,0.045]

0.08 ns −0.029
[−0.072,0.014]

−0.41 ns −0.031
[−0.074,0.011]

−0.48 nsMRTOOL 0.646 ± 0.184
DARTEL 0.615 ± 0.200

Foot
UNIF.SEG. 0.546 ± 0.205

0.026
[−0.006,0.058]

0.71 ns 0.008
[−0.024,0.040]

0.18 ns −0.018
[−0.050,0.014]

−0.38 nsMRTOOL 0.572 ± 0.208
DARTEL 0.554 ± 0.212

Lips
UNIF.SEG. 0.614 ± 0.262

0.079
[−0.024,0.183]

0.54 ns 0.048
[−0.056,0.152]

0.28 ns −0.031
[−0.135,0.072]

−0.4 nsMRTOOL 0.694 ± 0.142
DARTEL 0.663 ± 0.138

Verb Gen
UNIF.SEG. 0.584 ± 0.180

0.024
[−0.013,0.062]

0.52 ns 0.049
[0.011,0.086]

1.08 ** 0.024
[−0.014,0.062]

0.46 nsMRTOOL 0.609 ± 0.190
DARTEL 0.633 ± 0.171

Word rep
UNIF.SEG. 0.524 ± 0.194

−0.028
[−0.085,0.030]

−0.48 ns 0.024
[−0.034,0.081]

0.25 ns 0.051
[−0.006,0.109]

0.87 nsMRTOOL 0.496 ± 0.219
DARTEL 0.547 ± 0.207

Means and standard deviations of the Dice Similarity Coefficient (DSC) between the suprathreshold maps of single subjects in the Test and Retest
sessions. For each task-related response, the DSC was computed over suprathreshold voxels restricted to a specific region of interest. Average DSC
values across subjects are reported for each separate method along with the respective pairwise comparisons. Significance level: **p < 0.01; ns, not
significant
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transforms an individual’s structural image to a standard-space
template—can impact the reliability of task-related
BOLD activity.

Between-subjects reliability analysis

Our findings suggest that anatomical registration is a crucial
step in the data-processing routine that contributes significant-
ly to the total inter-subject variance of the resulting activation
maps (Figs. 4 and 5). During normalization of the anatomical
T1-w image to the standard SPM12 MNI template, a decrease
in registration performance (Fig. 2) is directly linked to a
reduction in the Dice overlap (DSC) between thresholded
fMRI maps (Table 3). According to the present results, and
in line with our previous study (Ganzetti et al. 2018), a key
factor in the superior performance of MRTOOL compared
with Unified Segmentation and DARTEL may be the explicit
skull-stripping of the structural image. In Unified
Segmentation and DARTEL, implicit brain extraction is exe-
cuted according to a probabilistic weighting of non-brain
structures. That is, in the Unified Segmentation registration
framework, the GM, WM, and cerebrospinal fluid TPMs are
used to segment the brain, and three supplementary non-brain
tissue maps (i.e. bone, fat and air) are used to improve the
implicit skull-stripping. In line with other studies, we found
a clear benefit of skull-stripped images on the quality of spatial

registration (Acosta-Cabronero et al. 2008; Fein et al. 2006;
Fischmeister et al. 2013).

Our results demonstrate that the use of different spatial
normalization approaches can lead to dissimilar results.
However, it is worth noting that the difference between
MRTOOL and the other twomethods can be appreciated more
easily in cases where the brain anatomy deviates markedly
from the standard template image. In contrast to our previous
validation of MRTOOL, MR data in the present study were
collected from healthy volunteers characterized by normal
anatomy and limited age range (50–58 years).

DARTEL uses the TPM generated by the Unified
Segmentation module as input, yet produces the best registra-
tion output. We believe that this is because of the multilevel
registration process in DARTEL. Instead of producing a non-
linear transformation that directly matches the individual brain
to a standard template in MNI space, DARTEL estimates the
deformations that best align the subjects by iteratively regis-
tering the individual brains with the group average. After sev-
eral iterations, a population-specific template is generated that
is then registered to the standard template, permitting the
transformations to be combined so that all the individual spa-
tially normalized brains can be transformed to MNI space. In
this way, the residual inter-subject variability not accounted
for in Unified Segmentation is reduced. In line with the works
of Crinion et al. (2007) and Fischmeister et al. (2013), who

Table 4 Test–retest reliability analysis of task-related responses

Pairwise comparisons

ICC MRTOOL - UNIF.SEG. DARTEL - UNIF.SEG. DARTEL - MRTOOL

Mean ± sd Effect size (d) D p Effect size (d) D p Effect size (d) D p

Finger
UNIF.SEG. 0.43 ± 0.21

0.20 0.12 **** 0.22 0.14 **** 0.04 0.05 nsMRTOOL 0.49 ± 0.22
DARTEL 0.50 ± 0.24

Foot
UNIF.SEG. 0.39 ± 0.21

0.15 0.12 **** 0.21 0.15 **** 0.06 0.06 *MRTOOL 0.44 ± 0.22
DARTEL 0.46 ± 0.24

Lips
UNIF.SEG. 0.33 ± 0.22

0.20 0.13 **** 0.22 0.15 **** 0.02 0.05 nsMRTOOL 0.41 ± 0.24
DARTEL 0.41 ± 0.23

Verb gen
UNIF.SEG. 0.50 ± 0.24

0.09 0.08 *** 0.03 0.09 *** 0.05 0.05 nsMRTOOL 0.53 ± 0.24
DARTEL 0.51 ± 0.27

Word rep
UNIF.SEG. 0.52 ± 0.21

0.22 0.15 **** 0.33 0.26 **** 0.13 0.15 ****MRTOOL 0.58 ± 0.19
DARTEL 0.62 ± 0.21

Means and standard deviations of the Intraclass Correlation Coefficient (ICC) computed over each task-specific contrast map. ICC values range from 0 to
1, where 1 indicates complete correlation of the subject voxel intensities between the Test and Retest sessions. Cohen’s effect size (d) is reported to allow
a direct comparison between the mean ICC values across registration methods. The Kolmogorov–Smirnov (K-S) test statistic (D), measuring the largest
distance between two empirical ICC distributions, and the significance level (p) are reported. Significance levels: *p < 0.05, ***p < 0.001, ****p <
0.0001; ns, not significant
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also investigated language tasks, our results show that the
temporal area is a substantial source of structural variability

not completely accounted for during the normalization proce-
dure. Indeed, the superior performance of DARTEL in this
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region compared with the other methods suggests that there
may be an increased level of inter-subject variability in the
temporal lobe that is not fully compensated in the other
methods.

According to our group-level analysis (Fig. 5), MRTOOL
produced superior results at the subcortical level. Compared
with Unified Segmentation, MRTOOL produced significant
activation clusters in the left thalamus in the verb-generation
task and in the anterior portion of the left putamen in the word-
repetition task. We believe that the superiority of MRTOOL in
this case is mainly due to the improved registration in the
region of the lateral ventricles. Indeed, one of the advantages
of MRTOOL over the other methods is the use of a specific
registration step to address the anatomical variability in the
periventricular WM. As shown in our previous work
(Ganzetti et al. 2018), spatial alignment around the ventricles
is considerably improved with MRTOOL.

Fig. 5 Group-level cortical activations: language tasks. Statistical
maps of the BOLD response averaged across sessions for two language
conditions: covert verb generation (top panel) and overt word repetition
(bottom panel). The effect of anatomical registration on group-level acti-
vations is illustrated for the Unified Segmentation, MRTOOL, and

DARTEL algorithms. We report thresholded values calculated using a
cluster-based significance criterion to control for multiple comparisons
(false discovery rate: primary threshold p < 0.001, cluster-extent thresh-
old p < 0.05)

�Fig. 4 Group-level cortical activations: motor tasks. Statistical maps
of the BOLD response averaged across sessions for three motor
conditions: finger tapping (top panel), foot flexion (middle panel), and
lip pursing (bottom panel). The effect of anatomical registration on group-
level activations is illustrated for the Unified Segmentation, MRTOOL,
and DARTEL algorithms. We report thresholded values calculated using
a cluster-based significance criterion to control for multiple comparisons
(false discovery rate: primary threshold p < 0.001, cluster-extent thresh-
old p < 0.05)
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Within-subject reliability analysis

The within-subject overlap of thresholded activation maps
(Table 2) was greater than the between-subjects overlap
(Table 3) for each task. This was the main motivation behind
our decision to average across sessions prior to the group-level
analysis. Given the lower within-subject tissue overlap with
Unified Segmentation than with MRTOOL or DARTEL (Fig.
3), it is reasonable to expect a similar trend for the correspond-
ing volume overlap in the task-related analysis. However, we
did not find any statistical differences between the methods,
except between DARTEL and Unified Segmentation during
the verb-generation task. A possible explanation is that the
spatial resolution of the fMRI acquisition may not have been
high enough to capture the small within-subject variations
introduced by different registrationmethods. It is worth noting
that, despite the significant differences between methods, the
Dice overlap computed for the assessment of GM and WM
segmentations (Fig. 3) yielded relatively high DSC values
(range 0.89–0.94 and 0.91–0.96 for GM andWM, respective-
ly). Therefore, in the within-subject case, it is conceivable that
thresholded task-related activations, which focus on local ac-
tivation patterns, may not be affected by the registration
process.

However, with the test–retest reliability analysis of the
functional maps, we confirmed that anatomical registration
does have a significant impact on the reliability of task-
related responses in our study (Table 4). Since the ICC metric
combines both between-subjects and between-sessions vari-
ance, the same ICC value can be due to either high between-
subjects variance and low between-sessions variance, or low
between-subjects variance and high between-sessions vari-
ance. However, Gorgolewski et al. (2013b) and Wei et al.
(2004) suggested that the ICC is more heavily influenced by
between-subjects variance than between-sessions variance.
Indeed, the results of our test–retest reliability analysis of
task-related responses (Table 4) are more in line with the
between-subjects DSC results than the within-subject DSC
results (Tables 3 and 4).

Methodological considerations

Our decision to use Dice overlap as a reliability metric was
mostly driven by its utility for analysis of thresholded maps.
Thresholded maps are generally considered the reference out-
put in a standard fMRI analysis. Not only are the conclusions
from group studies drawn from such maps, but neurosurgeons
use single-subject thresholded maps to design surgical proce-
dures (Wengenroth et al. 2011). We acknowledge the limita-
tion raised by Smith et al. (2005) that thresholded single-
session maps do not provide accurate information about
inter-session variability. However, we emphasize that our
study focused on the differences between registrationT

ab
le
5

(c
on
tin

ue
d)

Pa
ir
w
is
e
co
m
pa
ri
so
ns

A
ct
iv
at
io
n
pe
ak

M
R
T
O
O
L
-U

N
IF
.S
E
G
.

D
A
R
T
E
L
-U

N
IF
.S
E
G
.

D
A
R
T
E
L
-M

R
T
O
O
L

M
ea
n
±
sd

(m
m
)

E
st
im
at
e
[C

.I.
]

E
ffe
ct
si
ze

(d
)

p
E
st
im
at
e
[C

.I.
]

E
ffe
ct
si
ze

(d
)

p
E
st
im
at
e
[C

.I.
]

E
ffe
ct
si
ze

(d
)

p

W
or
d
re
p

U
N
IF
.S
E
G
.

x
−5

3.
4
±
5.
2

x
−3

[−
6.
94
,0

.9
4]

0.
67

ns
x

−4
[−
6.
52
,−

1.
48
]

0.
84

**
x

−1
[−
3.
26
,1

.2
6]

0.
28

ns
y

−1
3.
2
±
7.
2

z
0.
6
±
2.
8

M
R
T
O
O
L

x
−5

6.
4
±
2.
9

y
−2

.8
[−
8.
32
,2

.7
2]

0.
44

ns
y

−2
.2

[−
7.
17
,2

.7
7]

0.
35

ns
y

0.
6

[−
2.
56
,3

.7
6]

0.
12

ns
y

−1
6
±
4.
3

z
4.
4
±
3.
8

D
A
R
T
E
L

x
−5

7.
4
±
3.
6

z
3.
8

[0
.4
6,

7.
13
]

1.
06

*
z

4.
8

[2
.0
1,

7.
59
]

1.
69

**
z

1
[−
1.
81
,3

.8
0]

0.
29

ns
y

−1
5.
4
±
4.
5

z
5.
4
±
2.
5

M
ea
ns

an
d
st
an
da
rd

de
vi
at
io
ns

fo
r
th
e
gr
ou
p-
le
ve
l
co
or
di
na
te
va
lu
es

of
th
e
ac
tiv

at
io
n
pe
ak
s
fo
r
ea
ch

ta
sk
.
Fo

r
ea
ch

su
bj
ec
t,
3-
D

co
or
di
na
te
s
w
er
e
ex
tr
ac
te
d
fr
om

th
e
m
ea
n
co
nt
ra
st
m
ap

co
m
pu
te
d
by

av
er
ag
in
g
ac
ro
ss
th
e
Te
st
an
d
R
et
es
ts
es
si
on
s.
A
ve
ra
ge

co
or
di
na
te
va
lu
es

ac
ro
ss
su
bj
ec
ts
ar
e
re
po
rt
ed

fo
re
ac
h
se
pa
ra
te
m
et
ho
d
to
ge
th
er
w
ith

th
e
re
sp
ec
tiv

e
pa
ir
w
is
e
co
m
pa
ri
so
ns
.S
ig
ni
fi
ca
nc
e
le
ve
ls
:*
p
<

0.
05
,*
*p

<
0.
01
;n

s,
no
ts
ig
ni
fi
ca
nt

Brain Imaging and Behavior (2019) 13:1538–15531550



methods. Therefore, given that we processed and evaluated
the same group of individuals equivalently with all methods,
the between-session variability can be considered a constant
term in our analysis. Hence, we can conclude that this con-
straint does not affect the interpretation of our results.

Furthermore, to minimize the effect of between-session
variability in the fMRI time series at the single-subject level,
we implemented an adaptive thresholding method instead of
the classic fixed-threshold strategy. We used the cluster-
forming threshold approach described in Gorgolewski et al.
(2012). In fMRI, global effects and nuisance variation are
common sources of noise in the BOLD signal (Murphy et al.
2009), causing shifts of the overall t-distribution around zero.
Adaptive thresholding can correct for null-distribution imper-
fections by shifting the mean of the Gaussian component in
the mixture model. The ability to adapt to different levels of
noise translates to superior between-session reliability, and
thus greater between-session overlap of thresholded maps.

It could be argued that the low spatial resolution of our
fMRI readout may be not sufficient to capture small differ-
ences introduced by differences in spatial registration, leading
to a limitation in the interpretation of our results. However, the
relative performance of the three methods on high-resolution
structural MR data (i.e. the anatomical registration; Figs 2 and
3, Table 1) is expected to translate to comparable performance
at the functional level; therefore, we would expect to observe
similar results even with higher-resolution fMRI acquisition.

Conclusion

At present, BOLD-fMRI is one of the most useful methods
available for studying human brain function (Rosen and
Savoy 2012). Many fMRI studies rely on the use of large
cohorts of participants to make robust inferences about brain
structure–function relationships (Boisgontier et al. 2018;
Pauwels et al. 2015; Solesio-Jofre et al. 2018). However, such
large cohorts can include participants with a wide range of
ages, and thus different structural properties of the brain. In
this context, the availability of accurate tools for spatial regis-
tration of fMRI data is important to ensure the reliability of the
reported findings. Recently, the use of fMRI for clinical pur-
poses has increased (Detre 2006). Although neuroscience
studies often rely on group analyses, clinical applications fo-
cus on a single patient (de Bertoldi et al. 2015; Dubois and
Adolphs 2016). Indeed, being able to accurately associate a
specific functional activation to the underlying anatomical
structure is crucial for diagnosis (Demirci and Calhoun
2009; Nahab and Hallett 2010) and rehabilitation of neurolog-
ical disorders (Dong et al. 2006; Laatsch et al. 2004). Our
results suggest that MRTOOL permits the mapping of brain
activity with greater accuracy and reliability than Unified
Segmentation. Furthermore, MRTOOL was developed for

single-subject applications (in which an individual brain is
directly registered to a reference template), yet its performance
is comparable to that achieved by DARTEL (a multilevel reg-
istration approach that iteratively registers individual brains
with the group average).

Given its effectiveness in the presence of brain atrophy
(Ganzetti et al. 2018), which occurs in normal aging as well
as in a number of pathologies, MRTOOL may be particularly
suitable for single-subject clinical purposes.
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