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3.2. ROl results

The ROIs from Humphreys et al. (2015) that overlapped
with significant clusters for the contrast of semantic ver-
sus control conditions, averaged across MR protocols,
are shown in Figure 3. These included left ventral anterior
temporal lobe (VATL), right inferior temporal gyrus (ITG),
left inferior frontal gyrus (IFG), left posterior middle tem-
poral gyrus (PMTG), and left frontal pole (FP).

The planned contrasts of interest and resultant statis-
tical p-values are shown in Table 2 (see Supplementary
Materials 1 for an extended table of comparisons, includ-
ing reverse contrasts). For activation magnitude (con-
trasts on the mean across participants of the difference
between betas from S vs. C conditions), ME was signifi-
cantly higher than SE in right ITG and trending for left
VATL. This would be expected if these regions suffer from
susceptibility artefacts, causing greater “drop-out” of sig-
nal for the SE with non-optimal TE for those regions. For
MB, we also found a significant benefit over SB in the left
VATL. The ICA-denoising (MEdn) did not improve on the
basic ME data. The interaction between echo and band
was not significant in any ROI. We show results across a
wider ROI network in Supplementary Materials 1.

For activation precision (comparisons across partici-
pants of their T-statistics), there were advantages for MB
versus SB for all five ROls, but no differences for ME ver-
sus SE. The former main effect of MB is expected from
the greater sampling rate (i.e., shorter TR), resulting in
more effective degrees of freedom in the data and less
aliasing of low-frequency noise. As expected, when
removing one half of the (even) volumes (MBodd), this
advantage disappeared for most regions, though an MB
advantage remained in IVATL. Though there was no evi-
dence for a basic advantage of ME versus SE, once ICA-
denoising was applied (enabled by having more than one
TE), the activation precision increased (for MEdn vs. ME)
in two of the ROls, suggesting that noise sources are
successfully being removed. We did not find any signifi-
cant results for reverse comparisons for these ROls (see
Supplementary Materials 1 for detailed results).

Finally, the decoding results were very similar to the
activation precision results, with no evidence for a benefit
for ME over SE protocols, but superior decoding for MB
over SB protocols in the left VATL, left IFGtri, and left
pMTG. Similarly, ICA-denoising improved data decoding
effects in the left vATL, left IFGtri, and right ITG. The
matched sampling MB data (MBodd) marginally outper-
formed the SB protocols in the left IFGtri only. As above,
the reverse comparisons showed fewer differences, with
an SB advantage observed over the reduced MB time
series only in the rITG (p = 0.030).

3.3. Whole-brain results

For activation magnitude, Figure 4a shows whole-brain
results for the semantic > control contrast, averaged
across all protocols (the results for individual protocols
are provided in Supplementary Materials 3). Activations
are largely bilateral, and include the core semantic regions
in the temporal and frontal cortices. Results for the main
effects of ME and of MB in the 2 x 2 ANOVA are shown in
Figure 4b and c, with peak information summarised in
Supplementary Materials 4. The main effect of echo iden-
tified three clusters with greater activation magnitude for
ME than SE: (1) left inferior temporal/fusiform cortex, (2)
left anterior cingulate gyrus, and (3) right frontal pole. By
contrast, clusters in bilateral medial temporal fusiform,
parahippocampal, and hippocampal regions showed the
opposite effect of greater magnitude for SE than for ME.
Finally, the main effect of band revealed greater activa-
tion magnitude for MB than for SB in similar bilateral
medial temporal structures such as fusiform cortex, with
no significant clusters for the reverse contrast. No voxels
survived correction for the ME-by-MB interaction. There
is a suggestion in the literature that smoothing may not
be necessary or optimal for ME data, due to the removal
of noise by averaging echoes over time rather than space
(Gonzalez-Castillo et al., 2016; Gilmore et al., 2022;
Ramot et al., 2020). However, other types of noise are not
addressed by temporal averaging such as imperfect

Fig. 3. Semantic network regions of interest (ROIl; 8 mm spheres) defined using Humphreys et al. (2015) and selecting
those that overlap with overall main effect of semantics in the current study. Inferior frontal pole (red), left ventral anterior
temporal lobe (blue), left inferior frontal gyrus pars triangularis (green), left posterior middle temporal gyrus (purple), right

inferior temporal gyrus (cyan).
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Fig. 4. Whole-brain analysis comparing activation magnitude (contrast betas) for semantic > control in a 2 x 2 ANOVA
manipulating echo and band fMRI protocols. (a) Average effect across all protocols [t-value 3.28-32.8]; (b) directed effects
of echo (ME>SE [red] and SE>ME [blue]); and (c) directed effects of band (MB>SB [red]; SB>MB not significant).

spatial registration across individuals. For transparency,
we reanalysed the data using three levels of smoothing
(none, 3 mm, and 8 mm FWHM) and report results in
Supplementary Materials 5. We note that results are qual-
itatively similar and, therefore, not discussed further in
the main manuscript.

The results using activation precision (Fig. 5) were
largely similar to those for activation magnitude. The
main noticeable difference was that MB was significantly
better than SB in almost all parts of the semantic net-
work, including extending into the ventral anterior tempo-
ral fusiform cortex.

We also ran a 2 x 2 ANOVA on the multi-echo data only
to test the effect of ICA-denoising and whether this inter-
acted with multi-band. We observed only one cluster sur-
viving correction for activation magnitude, where the
main effect of band (MB>SB) identified left posterior fusi-
form cortex clusters extending up into the right calcarine
sulcus (Supplementary Materials 6a). Differences in acti-
vation precision were similar to those shown in Figure 5,
where the MB>SB contrast showed clusters across the
semantic network (Supplementary Materials 6b). Overall,
this analysis replicated results showing that MB offers
improvements over SB across the entire semantic net-
work; in contrast ICA-denoising did not show specific
improvements but was not significantly worse than when
not using ICA-denoising.
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3.4. Slice leakage results

Supplementary Material 7(i) shows the mean t-value per
participant for the two seeds (A and B) versus their poten-
tial leakage locations for the single-echo protocols, and
Supplementary Material 7(ii) shows the data for the multi-
echo protocols. For both univariate and multivariate anal-
yses, we used paired t-tests to compare the mean
t-values/dissimilarity between corresponding locations

for single-echo protocols (t,seys — tasess @9 tosevs —
tysese)s @nd for multi-echo protocols (t,evs — tauess:
tB,MEMB - tB,MESB’ tAg,MEMB - tAg,MESB’ and th,MEMB - th,MESB)'

For the univariate analysis, the difference for Seed A
was significant between SEMB and SESB (t = 5.817,
df = 20, p < 0.001) and also between MEMB and MESB
(t = 4.405, df = 20, p < 0.001), reiterating the previous
results where MB results in higher t-values than SB pro-
tocols. For the artefact locations, no comparison was
significant, with the exception of that for seed B in the
multi-echo data, where the mean t-values were found to
be significantly greater for MESB than for MEMB
(t=-2.096, df = 20, p = 0.048). However, the directionality
is opposite to what we might expect for slice-leakage
artefacts, and the comparison does not survive correc-
tion for multiple comparisons.

For the multivariate analysis, the difference for Seed A
was significant between SEMB and SESB (t = 3.295,
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Fig. 5. Whole-brain analysis comparing activation precision (statistical t-values) during semantic activation
(semantic > control) in a 2 x 2 ANOVA manipulating echo and band fMRI protocols. (a) Overall main effect of all protocols
[t-value 3.28-32.8]; (b) directed effects of echo (ME>SE [red] and SE>ME [blue]); and (c) directed effects of band (MB>SB

[red] and SB>MB [blue)).

df = 20, p < 0.005), but not between MEMB and MESB
(t=0.2488, df = 20, p < 0.8069). For the artefact locations,
no comparison was significant. Therefore, overall the
results suggest no evidence of slice-leakage effects for
univariate or multivariate analysis in the current dataset.

In addition, we compared SESB and MEMB at loca-
tions Ag and Bg to determine whether there was an
adverse effect of in-plane aliasing; however, we found no
significant differences (see Supplementary Material 7(iii);
Ag p =0.09 and Bg p = 0.479).

4. DISCUSSION

Gradient-echo BOLD sensitivity varies across the brain.
In particular, the presence of air cavities near the front
and lateral sides of the head results in magnetic suscep-
tibility artefacts (signal loss and distortions). Many meth-
ods have tried to improve signal detection in such areas
while retaining sufficient sensitivity to the rest of the brain,
and this study provided a unique opportunity to system-
atically compare a typical imaging protocol with multi-
echo and multi-band modifications. When comparing the
precision with which activations were detected during a
semantic task (i.e., average T-statistics), we found that
multi-band protocols were generally beneficial, with no
evidence of signal leakage artefacts, at least for a multi-
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band factor of 2. This increased precision is to be
expected given the greater number of volumes and hence
additional degrees of freedom with which to estimate
activation. Also as expected, when comparing the mag-
nitude of activations, multi-echo protocols increased
activations in regions prone to susceptibility artefacts
(specifically the anterior temporal lobes, ATLs), and the
addition of ICA-denoising (enabled by measuring multi-
ple echoes) further improved the precision of those acti-
vations. Both multi-banding and ICA-denoising of ME
data also tended to improve multi-voxel decoding of
experimental conditions. However, multi-echo protocols
reduced activation magnitude in more central regions,
such as the medial temporal lobes (MTLs), presumably
due to the higher in-plane acceleration (GRAPPA) required
to record multiple echoes.

4.1. Advantages and disadvantages of multi-echo
protocols

In the current study, we used task-based fMRI to probe
semantic cognition because the semantic network
includes regions affected by susceptibility artefacts, such
as the anterior temporal lobes (ATLs; Lambon Ralph
et al., 2017). Detecting fMRI activation in the ventral and
lateral ATLs has been challenging, due to a number of



A.D. Halai, R.N. Henson, P. Finoia et al.

Imaging Neuroscience, Volume 3, 2025

factors (reviewed in Visser, Jefferies, et al., 2010), the
most important of which is likely to be signal loss when
using conventional echo times (TEs) of ~30-35 ms. As
noted in the Introduction, modified protocols have been
successful at detecting activity using spin-echo fMRI
(Binney et al.,, 2010; Humphreys et al., 2015; Visser,
Embleton, et al., 2010) and dual gradient-echo fMRI
(Halai et al., 2014, 2015). In the current study, all proto-
cols were able to detect robust activations in bilateral
ventral ATL as well as inferior frontal regions. Nonethe-
less, we demonstrated that certain modifications can
lead to further improvements.

A priori, we expected multi-echo to improve activation
magnitude in regions prone to susceptibility artefacts by
recovering signal drop out, compared with single-echo
protocols. In our ROI analysis, we observed such a ben-
efit in the left ATL and right ITG for activation magnitude.
Interestingly, this increased signal was not accompanied
by higher T-statistics (activation precision)—nor better
multivoxel decoding—in these ROls, suggesting that the
ME protocol also increased noise in these regions (e.g.,
due to the in-plane acceleration required to reduce echo
train length). Nonetheless, when leveraging the multiple
echoes to improve ICA-denoising, these ROIls did now
show increased activation precision and multivoxel
decoding (see Supplementary Materials 2).

Signal recovery in areas near susceptible artefacts is
expected with multi-echo protocols because the shorter
TEs are better able to capture signal before it dephases.
This is in line with current language literature using similar
modified protocols (i.e., Halai et al., 2014; Jung et al.,
2017). When using a whole-brain search, we saw
increased activation magnitude and precision in a few
other clusters, most notably left posterior inferior tempo-
ral gyrus, which is also prone to susceptibility artefacts.
Improvements were also seen in left anterior cingulate
gyrus and right frontal pole, likely due to increased BOLD
sensitivity through optimally combining multiple echoes
(better estimation of T2*), suggesting that improvements
are not restricted to regions normally associated with
susceptibility artefacts. Importantly, we also observed a
significant reduction in both activation magnitude and
activation precision in more central brain regions, such as
the MTL. This is most likely due to lower tSNR in brain
regions that are further from the receiver coils, which is
exaggerated when using higher g-factors for in-plane
acceleration (Kirilina et al., 2016; though Fazal et al.,
2028, also reported reduced sensitivity in visual and
anterior cingulate regions during a Stroop task for multi-
echo multi-band compared with multi-band only).

Note that the precise effects of multiple versus single
echoes on activation magnitude and precision are likely to
depend on how the multiple echoes are combined
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(weighted), and how they relate to the optimal TE for a
given brain region. Here we weighted the data for each
echo according to the default tedana options, which opti-
mises for CNR (Posse, 2012). Previous studies using simi-
lar weighting have actually shown reduced activation
magnitudes (Gilmore et al., 2022; Gonzalez-Castillo et al.,
2016; Heunis et al., 2021). We did not see this decrease in
any of our ROls (perhaps because many are prone to sig-
nal drop out), but as noted above, we did see this in some
other brain regions in our whole-brain analysis, such as
MTL (Supplementary Materials 4). As stated earlier, we
suspect that such signal reductions reflect the increased
in-plane acceleration relative to our standard single-echo
sequence, but this explanation cannot apply to studies
that compared results when a single echo is compared
with a weighted combination of echoes from the same
multi-echo MR sequence. In any case, future work could
explore whether these magnitude reductions could be pre-
vented by some other weighting of TEs for such regions.

Finally, we hypothesised that removing noise from the
time series should improve activation precision and
decoding (but not affect activation magnitude, unless
signal is removed by mistake). MR physics dictates that
there is a positive linear relationship between TE and
BOLD signal amplitude, and this fact is used by auto-
mated techniques that deploy ICA and machine learning
to automatically separate components likely to be signal
from those likely to be noise, such that noise compo-
nents can then be projected out of the data (DuPre et al.,
2021; Kundu et al., 2012, 2013). Many studies have
demonstrated the benefit of this “ME-ICA” approach for
resting-state fMRI connectivity (e.g., Cohen, Yang, et al.,
2021; Lombardo et al., 2016; Lynch et al., 2020); few
however have demonstrated this benefit in task-based
fMRI. Here we also failed to find any clusters in our whole-
brain analysis that survived correction for the main effect
of ICA-denoising (for ME protocols averaged across SB/
MB; Supplementary Materials 6). This suggests that
effects of ICA-denoising are generally weak in task-based
analyses, given that noise is rarely correlated with the
task design. Nonetheless, we did find evidence that ICA-
denoising improves task-related activation precision and
decoding when using more sensitive tests within some of
our a priori ROls. These improvements presumably reflect
a reduction in overall residual error (noise). Interestingly,
one ROI (right ITG) actually showed a reduction in activa-
tion magnitude after ICA-denoising (see Supplementary
Materials 2), suggesting that some signal of interest may
have been removed by mistake. In sum, we propose that
automated ICA-denoising methods that use the TE
dependence of BOLD enabled by ME protocols can
improve task-based statistics, but only modestly, and the
risk of also removing signal should be kept in mind.
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4.2. Advantages of multi-band data

For the multi-band modification, we expected improve-
ments to activation precision owing to having more data
and less aliasing of high-frequency fMRI noise, without
any impact on activation magnitude. There is some evi-
dence that multi-band protocols can impair sensitivity
when combined with in-plane acceleration or reduced
k-space sampling (e.g., Chen et al., 2015), but here we
were careful to match these to the single-band protocols
(apart from the flip angle, which was reduced so as to
maximise BOLD sensitivity for the corresponding TR).
Multi-band modifications have mainly been promoted for
improved estimation of resting-state connectivity (Smith
et al., 2013; Ugurbil et al., 2013); their benefit for task-
based fMRI analysis has been less clear (Demetriou et al.,
2018; Todd et al., 2017), since the reduced low-frequency
noise is unlikely to be correlated (phase-locked) with the
task regressors, and so can be removed by standard
high-pass filtering. Our data show that even a modest
acceleration of MB factor (x2) can lead to consistent ben-
efits in activation precision across all a priori ROls
(Table 2). It also improved multivoxel decoding in many of
them. However, we note that higher MB accelerations
(>4) have been associated with noise amplification or
other reductions in signal quality (e.g., Demetriou et al.,
2018; Risk et al., 2021; Todd et al., 2016). Therefore,
researchers using such high MB factors, such as those in
protocols developed for the Human Connectome Project
(HCP), should be aware that task-based results might be
negatively impacted, particularly if the overall scan time
and number of participants are modest (see Wall, 2023
for discussion). Consistent with the hypothesis that the
MB advantage arises primarily from more volumes
(Constable & Spencer, 2001; Miller et al., 2015), these
improvements were largely removed when we sub-
sampled only odd-numbered volumes. The only excep-
tion to this pattern was IVATL, which showed increased
activation precision for MB protocols. We also found an
increase in activation magnitude with multi-banding in
MTL in the whole-brain analysis. The reason for these
increased signal magnitudes is unclear—it could reflect
an interaction between MB and ME modifications, but
tests of this interaction did not reach significance.

Another known issue with increasingly high multi-band
acceleration is slice leakage (Todd et al., 2016). However,
we found no evidence of signal deviations (for both uni-
variate or multivariate analyses) in areas expected to
exhibit leakage for either single- or multi-echo protocols.
This could be due to the fact that an acceleration factor
of 2 was used in this study, where Todd and colleagues
reported significant leakage with acceleration factors
greater than 4.
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Finally, it is interesting that we found no significant
interactions between ME and MB modifications, in either
the ROI or whole-brain analyses. In other words, there
was no evidence that ME and MB are synergistic; their
effects appear to be additive.

4.3. Limitations

As with many typical studies, the sample size is relatively
small (especially as we had to discard participants due to
poor behavioural performance) and the run length is
shorter than most neuroscientific studies might imple-
ment. However, increasing the statistical power in this
way is difficult if the goal is to compare multiple protocols
as the full experiment needs to be repeated several times.
Relatedly, this is the reason that our study design was not
optimal for cross-validated multivariate analysis (in hav-
ing multiple independent runs).

We showed that even modest changes to a standard
protocol can lead to improvements (three echoes and MB
factor of 2). We selected three echoes for the ME
sequence, which is the minimum required to estimate lin-
earity to separate signal from noise components using
tedana. In theory, having a greater number of echoes
would allow for better T2* estimation and allow for more
accurate estimates of BOLD and non-BOLD signals (esti-
mated using tedana); however, it would come with some
trade-offs. For example, increasing in-plane acceleration
(with corresponding SNR penalty), longer TR (reducing
statistical power), or reduced spatial coverage. In con-
junction, similar issues are likely to be experienced with
very high MB accelerations, where either increases are
redundant or detrimental (e.g., Wall, 2023). In principle,
one can utilise more echoes to span a greater range of
T2* and/or increase the MB factor to increase sampling
rate (or resolution). However, to our knowledge, we are
not aware of a study that empirically compares the effect
of increasing echoes in task fMRI and the interaction with
MB across such a large range of factors. Future work
might be interested in developing an “optimal” recipe
although it is likely to depend on the brain regions of
interest.

Here we used a GRAPPA in-plane acceleration of 3. A
lower acceleration factor of 2 might have reduced the
g-factor (noise amplification associated with each voxel
during acceleration), but pilot work showed that the
shortest TE we could achieve with GRAPPA = 2 on our
scanner was 15 ms. We wanted to achieve a TE closer to
the 9-12 ms used in previous studies (Halai et al., 2014;
Poser et al., 2006), so increased to GRAPPA = 3 to
achieve a shortest TE of 13 ms. Nonetheless, future
research could focus on optimising the trade-off between
achieving a short first echo and increasing the g-factor.
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Indeed, future studies could explore a greater range of
parameters, such as the number of TEs and their spacing
in multi-echo fMRI.

A strength of the current study was to investigate both
univariate and multivariate analyses in the semantic par-
adigm. Due to the number of protocols we compared, we
did not have time to acquire multiple runs on each proto-
col, which would enable cross-validation of decoding for
example. Nor did we explore more sophisticated decod-
ers (such as Support Vector Machines), since our aim
was not to maximise decoding performance, but simply
to compare across MR sequences, though future studies
could use more sophisticated, cross-validated decoding
to determine whether the results generalise.

A final limitation is that our EPI volumes were tilted
approximately 30° up from the AC-PC line to avoid
Nyquist ghosting artefacts in the temporal lobes. Given
the other parameters that we selected, in terms of number
of slices and thickness, this meant that the superior pari-
etal lobe was missing in some participants. This region is
not expected to be activated in this specific task (c.f.,
Lambon Ralph et al., 2017, detailing the semantic net-
work) and we have no reason to believe the protocols
would behave any differently for these regions; however,
future studies may want to expand the FOV for whole-
brain coverage.

5. CONCLUSIONS

We showed that modifications to a typical fMRI protocol
can lead to benefits in activation magnitude, precision,
and decoding through multi-echo and/or multi-band
methods. In general, we found that multi-band proved to
be beneficial for activation precision (T-statistics) and
multivoxel decoding across many ROls, whereas the
multi-echo was mainly beneficial in areas affected by
susceptibility, and improved activation magnitude. We
observed some loss in quality for multi-echo methods in
more central parts of the brain, most likely owing to the
in-plane acceleration (GRAPPA) required to acquire mul-
tiple echoes. Nonetheless, the MEMB protocol used here
is a promising default option for fMRI on most brain
regions, particularly those that suffer from susceptibility
artefacts, as well as offering the potential to apply
advanced post-processing methods to take advantage
of the increased temporal (or spatial) resolution of MB
protocols and more principled ICA-denoising based on
TE dependence of BOLD signals.

DATA AND CODE AVAILABILITY

Data and code have been made publicly available at
https://github.com/AjayHalai/Sensitivity_of MEMB.

14

AUTHOR CONTRIBUTIONS

A.D.H., R.N.H., M.M.C. designed and conceptualised the
study. A.D.H., PF. collected and curated the data; A.D.H.,
R.N.H., M.M.C. conducted the analysis; A.D.H., M.M.C.
prepared figures/tables; A.D.H. wrote the manuscript
draft; A.D.H., PF, R.N.H., M.M.C. reviewed and edited
the final manuscript.

DECLARATION OF COMPETING INTEREST

None declared.

ACKNOWLEDGEMENTS

We would like to thank the participants and MRC Cogni-
tion and Brain Sciences Unit radiographers. A.D.H. was
supported by a Career Development Award from the MRC
(MR/V031481/1). R.N.H. was supported by MRC pro-
gramme grant SUAG/086 G116768. M.M.C. was sup-
ported by MRC Unit grant SUAG/019 G116768. For the
purpose of open access, the author has applied a Creative
Commons Attribution (CC BY) licence to any Author
Accepted Manuscript version arising from this submission.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available with
the online version here: https://doi.org/10.1162/IMAG.a
.1043.

REFERENCES

Amemiya, S., Yamashita, H., Takao, H., & Abe, O. (2019).
Integrated multi-echo denoising strategy improves
identification of inherent language laterality. Magnetic
Resonance in Medicine, 81(5), 3262-3271. https://doi.org
/10.1002/mrm.27620

Avants, B. B., Epstein, C. L., Grossman, M., & Gee, J. C.
(2008). Symmetric diffeomorphic image registration
with cross-correlation: Evaluating automated labeling
of elderly and neurodegenerative brain. Medical Image
Analysis, 12(1), 26-41. https://doi.org/10.1016/j.media
.2007.06.004

Bhavsar, S., Zvyagintsev, M., & Mathiak, K. (2014).

BOLD sensitivity and SNR characteristics of parallel
imaging-accelerated single-shot multi-echo EPI for
fMRI. Neurolmage, 84, 65-75. https://doi.org/10.1016/j
.neuroimage.2013.08.007

Binney, R. J., Embleton, K.V, Jefferies, E., Parker,

G. J. M., & Lambon Ralph, M. A. (2010). The ventral and
inferolateral aspects of the anterior temporal lobe are
crucial in semantic memory: Evidence from a novel direct
comparison of distortion-corrected fMRI, rTMS, and
semantic dementia. Cerebral Cortex, 20(11), 2728-2738.
https://doi.org/10.1093/cercor/bhq019

Bozeat, S., Lambon Ralph, M. A,, Patterson, K., Garrard, P,,
& Hodges, J. R. (2000). Non-verbal semantic impairment
in semantic dementia. Neuropsychologia, 38(9), 1207-
1215. https://doi.org/10.1016/S0028-3932(00)00034-8


https://github.com/AjayHalai/Sensitivity_of_MEMB
https://doi.org/10.1162/IMAG.a.1043
https://doi.org/10.1162/IMAG.a.1043
https://doi.org/10.1002/mrm.27620
https://doi.org/10.1002/mrm.27620
https://doi.org/10.1016/j.media.2007.06.004
https://doi.org/10.1016/j.media.2007.06.004
https://doi.org/10.1016/j.neuroimage.2013.08.007
https://doi.org/10.1016/j.neuroimage.2013.08.007
https://doi.org/10.1093/cercor/bhq019
https://doi.org/10.1016/S0028-3932(00)00034-8

A.D. Halai, R.N. Henson, P. Finoia et al.

Imaging Neuroscience, Volume 3, 2025

Brett, M., Markiewicz, C. J., Hanke, M., Coté, M.-A.,
Cipollini, B., McCarthy, P, Jarecka, D., Cheng, C. P,
Halchenko, Y. O., Cottaar, M., Larson, E., Ghosh, S.,
Wassermann, D., Gerhard, S., Lee, G. R., Wang, H.-T,,
Kastman, E., Kaczmarzyk, J., Guidotti, R., ... Reddam,
V. R. (2019). https://zenodo.org/records/4295521

Caballero-Gaudes, C., Moia, S., Panwar, P., Bandettini,

P. A., & Gonzalez-Castillo, J. (2019). A deconvolution
algorithm for multi-echo functional MRI: Multi-

echo sparse paradigm free mapping. Neurolmage,
202(February), 1-15. https://doi.org/10.1016/
.neuroimage.2019.116081

Chen, L., Vu, A. T., Xu, J., Moeller, S., Ugurbil, K., Yacoub,
E., & Feinberg, D. A. (2015). Evaluation of highly
accelerated simultaneous multi-slice EPI for fMRI.
Neurolmage, 104, 452-459. https://doi.org/10.1016/j
.neuroimage.2014.10.027

Cohen, A. D., Chang, C., & Wang, Y. (2021). Using
multiband multi-echo imaging to improve the robustness
and repeatability of co-activation pattern analysis
for dynamic functional connectivity. Neurolmage,
243(August), 118555. https://doi.org/10.1016/j
.neuroimage.2021.118555

Cohen, A. D., Jagra, A. S, Visser, N. J., Yang, B., Fernandez,
B., Banerjee, S., & Wang, Y. (2021). Improving the breath-
holding CVR measurement using the multiband multi-
echo EPI sequence. Frontiers in Physiology, 12(February),
1-14. https://doi.org/10.3389/fphys.2021.619714

Cohen, A. D., Jagra, A. S., Yang, B., Fernandez, B.,
Banerjee, S., & Wang, Y. (2021). Detecting task functional
MRI activation using the multiband multiecho (MBME)
echo-planar imaging (EPI) sequence. Journal of Magnetic
Resonance Imaging, 53(5), 1366—1374. https://doi.org/10
.1002/jmri.27448

Cohen, A. D., Nencka, A. S., Marc Lebel, R., & Wang, Y.
(2017). Multiband multi-echo imaging of simultaneous
oxygenation and flow timeseries for resting state
connectivity. PLoS One, 12(3), 1-23. https://doi.org/10
.1371/journal.pone.0169253

Cohen, A. D., Nencka, A. S., & Wang, Y. (2018). Multiband
multi-echo simultaneous ASL/BOLD for task-induced
functional MRI. PLoS One, 13(2), 1-21. https://doi.org/10
.1371/journal.pone.0190427

Cohen, A. D., & Wang, Y. (2019). Improving the assessment
of breath-holding induced cerebral vascular reactivity
using a multiband multi-echo ASL/BOLD sequence.
Scientific Reports, 9(1), 1-12. https://doi.org/10.1038
/541598-019-41199-w

Cohen, A. D., Yang, B., Fernandez, B., Banerjee, S., &
Wang, Y. (2021). Improved resting state functional
connectivity sensitivity and reproducibility using a
multiband multi-echo acquisition. Neurolmage, 225(April
2020), 117461. https://doi.org/10.1016/j.neuroimage
.2020.117461

Constable, R. T., & Spencer, D. D. (2001). Repetition time
in echo planar functional MRI. Magnetic Resonance in
Medicine, 46(4), 748-755. https://doi.org/10.1002/mrm
.1253

Coutanche, M. N. (2013). Distinguishing multi-voxel
patterns and mean activation: Why, how, and what
does it tell us? Cognitive, Affective, & Behavioral
Neuroscience, 13(3), 667-673. https://doi.org/10.3758
/s13415-013-0186-2

Cox, R. W., & Hyde, J. S. (1997). Software tools for analysis
and visualization of fMRI data. NMR in Biomedicine,
10(4-5), 171-178. https://doi.org/10.1002/(SICI)1099
-1492(199706/08)10:4/5<171::AID-NBM453>3.0.CO;2-L

15

Davis, T., LaRocque, K. F., Mumford, J. A., Norman,
K. A., Wagner, A. D., & Poldrack, R. A. (2014). What do
differences between multi-voxel and univariate analysis
mean? How subject-, voxel-, and trial-level variance
impact fMRI analysis. Neurolmage, 97, 271-283. https://
doi.org/10.1016/j.neuroimage.2014.04.037

Davis, T., & Poldrack, R. A. (2013). Measuring neural
representations with fMRI: Practices and pitfalls. Annals
of the New York Academy of Sciences, 1296(1), 108-134.
https://doi.org/10.1111/nyas.12156

Demetriou, L., Kowalczyk, O. S., Tyson, G., Bello, T.,
Newbould, R. D., & Wall, M. B. (2018). A comprehensive
evaluation of increasing temporal resolution with
multiband-accelerated protocols and effects on
statistical outcome measures in fMRI. Neurolmage, 176,
404-416. https://doi.org/10.1016/j.neuroimage.2018.05
.011

Deshmane, A., Gulani, V., Griswold, M. A., & Seiberlich,
N. (2012). Parallel MR imaging. Journal of Magnetic
Resonance Imaging, 36(1), 55-72. https://doi.org/10
.1002/jmri.23639

Devlin, J. T., Russell, R. P,, Davis, M. H., Price, C. J.,
Wilson, J., Moss, H. E., Matthews, P. M., & Tyler, L. K.
(2000). Susceptibility-induced loss of signal: Comparing
pet and fMRI on a semantic task. Neurolmage, 11(6),
589-600. https://doi.org/10.1006/nimg.2000.0595

Dice, L. R. (1945). Measures of the amount of ecologic
association between species. Ecology, 26(3), 297-302.
https://doi.org/10.2307/1932409

Dipasquale, O., Sethi, A., Lagan, M. M., Baglio, F., Baselli,
G., Kundu, P, Harrison, N. A., Cercignani, M. (2017).
Comparing resting state fMRI de-noising approaches
using multi-and single-echo acquisitions. PLoS One,
12(3), 1-25. https://doi.org/10.1371/journal.pone
.0173289

DuPre, E., Salo, T., Ahmed, Z., Bandettini, P., Bottenhorn,
K., Caballero-Gaudes, C., Dowdle, L. T., Gonzalez-
Castillo, J., Heunis, S., Kundu, P, Laird, A. R., Markello,
R., Markiewicz, C. J., Moia, S., Staden, |., Teves,
J. B., Uruiuela, E., Vaziri-Pashkam, M., Whitaker, K.,
& Handwerker, D. (2021). TE-dependent analysis of
multi-echo fMRI with tedana. Journal of Open Source
Software, 6(66), 3669. https://doi.org/10.21105/joss
.03669

Esteban, O., Markiewicz, C. J., Blair, R. W., Moodie, C. A.,
Isik, A. I., Erramuzpe, A., Kent, J. D., Goncalves, M.,
DuPre, E., Snyder, M., Oya, H., Ghosh, S. S., Wright, J.,
Durnez, J., Poldrack, R. A., & Gorgolewski, K. J. (2019).
fMRIPrep: A robust preprocessing pipeline for functional
MRI. Nature Methods, 16(1), 111-116. https://doi.org/10
.1038/s41592-018-0235-4

Evans, J. W., Kundu, P, Horovitz, S. G., & Bandettini, P. A.
(2015). Separating slow BOLD from non-BOLD baseline
drifts using multi-echo fMRI. Neurolmage, 105, 189-197.
https://doi.org/10.1016/j.neuroimage.2014.10.051

Fazal, Z., Gomez, D. E. P, Llera, A., Marques, J. P. R. F,
Beck, T., Poser, B. A., & Norris, D. G. (2023). A
comparison of multiband and multiband multiecho
gradient-echo EPI for task fMRI at 3 T. Human Brain
Mapping, 44(1), 82-93. https://doi.org/10.1002/hbm
.26081

Feinberg, D. A., Moeller, S., Smith, S. M., Auerbach, E.,
Ramanna, S., Gunther, M., Glasser, M. F., Miller, K. L.,
Ugurbil, K., & Yacoub, E. (2010). Multiplexed echo
planar imaging for sub-second whole brain fmri and fast
diffusion imaging. PLoS One, 5(12), e15710. https://doi
.org/10.1371/journal.pone.0015710


https://zenodo.org/records/4295521
https://doi.org/10.1016/j.neuroimage.2019.116081
https://doi.org/10.1016/j.neuroimage.2019.116081
https://doi.org/10.1016/j.neuroimage.2014.10.027
https://doi.org/10.1016/j.neuroimage.2014.10.027
https://doi.org/10.1016/j.neuroimage.2021.118555
https://doi.org/10.1016/j.neuroimage.2021.118555
https://doi.org/10.3389/fphys.2021.619714
https://doi.org/10.1002/jmri.27448
https://doi.org/10.1002/jmri.27448
https://doi.org/10.1371/journal.pone.0169253
https://doi.org/10.1371/journal.pone.0169253
https://doi.org/10.1371/journal.pone.0190427
https://doi.org/10.1371/journal.pone.0190427
https://doi.org/10.1038/s41598-019-41199-w
https://doi.org/10.1038/s41598-019-41199-w
https://doi.org/10.1016/j.neuroimage.2020.117461
https://doi.org/10.1016/j.neuroimage.2020.117461
https://doi.org/10.1002/mrm.1253
https://doi.org/10.1002/mrm.1253
https://doi.org/10.3758/s13415-013-0186-2
https://doi.org/10.3758/s13415-013-0186-2
https://doi.org/10.1002/(SICI)1099-1492(199706/08)10:4/5<171::AID-NBM453>3.0.CO;2-L
https://doi.org/10.1002/(SICI)1099-1492(199706/08)10:4/5<171::AID-NBM453>3.0.CO;2-L
https://doi.org/10.1016/j.neuroimage.2014.04.037
https://doi.org/10.1016/j.neuroimage.2014.04.037
https://doi.org/10.1111/nyas.12156
https://doi.org/10.1016/j.neuroimage.2018.05.011
https://doi.org/10.1016/j.neuroimage.2018.05.011
https://doi.org/10.1002/jmri.23639
https://doi.org/10.1002/jmri.23639
https://doi.org/10.1006/nimg.2000.0595
https://doi.org/10.2307/1932409
https://doi.org/10.1371/journal.pone.0173289
https://doi.org/10.1371/journal.pone.0173289
https://doi.org/10.21105/joss.03669
https://doi.org/10.21105/joss.03669
https://doi.org/10.1038/s41592-018-0235-4
https://doi.org/10.1038/s41592-018-0235-4
https://doi.org/10.1016/j.neuroimage.2014.10.051
https://doi.org/10.1002/hbm.26081
https://doi.org/10.1002/hbm.26081
https://doi.org/10.1371/journal.pone.0015710
https://doi.org/10.1371/journal.pone.0015710

A.D. Halai, R.N. Henson, P. Finoia et al.

Imaging Neuroscience, Volume 3, 2025

Fernandez, B., Leuchs, L., Sdmann, P. G., Czisch, M.,
& Spoormaker, V. I. (2017). Multi-echo EPI of human
fear conditioning reveals improved BOLD detection in
ventromedial prefrontal cortex. Neurolmage, 156(May),
65-77. https://doi.org/10.1016/j.neuroimage.2017.05.005

Fonov, V. S., Evans, A. C., McKinstry, R. C., Almli, C. R., &
Collins, D. L. (2009). Unbiased nonlinear average age-
appropriate brain templates from birth to adulthood.
Neurolmage, 47, S102. https://doi.org/10.1016/S1053
-8119(09)70884-5

Gilmore, A. W., Agron, A. M., Gonzalez-Araya, E. |., Gotts,
S. J., & Martin, A. (2022). A comparison of single- and
multi-echo processing of functional MRI data during
overt autobiographical recall. Frontiers in Neuroscience,
16(April), 1-9. https://doi.org/10.3389/fnins.2022
.854387

Gonzalez-Castillo, J., Panwar, P., Buchanan, L. C.,
Caballero-Gaudes, C., Handwerker, D. A., Jangraw,
D. C., Zachariou, V., Inati, S., Roopchansingh, V.,
Derbyshire, J. A., & Bandettini, P. A. (2016). Evaluation of
multi-echo ICA denoising for task based fMRI studies:
Block designs, rapid event-related designs, and cardiac-
gated fMRI. Neurolmage, 141, 452-468. https://doi.org
/10.1016/j.neuroimage.2016.07.049

Gorgolewski, K., Burns, C., Madison, C., Clark, D.,
Halchenko, Y., Waskom, M., & Ghosh, S. (2011). Nipype:
A flexible, lightweight and extensible neuroimaging
data processing framework in python. Frontiers in
Neuroinformatics, 5, 13. https://www.frontiersin.org
/articles/10.3389/fninf.2011.00013

Gorgolewski, K. J., Auer, T., Calhoun, V. D., Craddock,
R. C., Das, S., Duff, E. P, Flandin, G., Ghosh, S. S,,
Glatard, T., Halchenko, Y. O., Handwerker, D. A., Hanke,
M., Keator, D., Li, X., Michael, Z., Maumet, C., Nichols,
B. N., Nichols, T. E., Pellman, J., ... Poldrack, R. A.
(2016). The brain imaging data structure, a format for
organizing and describing outputs of neuroimaging
experiments. Scientific Data, 3(1), 160044. https://doi.org
/10.1038/sdata.2016.44

Greve, D. N., & Fischl, B. (2009). Accurate and robust brain
image alignment using boundary-based registration.
Neurolmage, 48(1), 63-72. https://doi.org/10.1016/j
.neuroimage.2009.06.060

Griffanti, L., Salimi-Khorshidi, G., Beckmann, C. F.,
Auerbach, E. J., Douaud, G., Sexton, C. E., Zsoldos, E.,
Ebmeier, K. P, Filippini, N., Mackay, C. E., Moeller, S.,
Xu, J., Yacoub, E., Baselli, G., Ugurbil, K., Miller, K. L.,
& Smith, S. M. (2014). ICA-based artefact removal and
accelerated fMRI acquisition for improved resting state
network imaging. Neurolmage, 95, 232-247. https://doi
.org/10.1016/j.neuroimage.2014.03.034

Hagberg, G. E., Indovina, |., Sanes, J. N., & Posse, S.
(2002). Real-time quantification of T changes using
multiecho planar imaging and numerical methods.
Magnetic Resonance in Medicine, 48(5), 877-882.
https://doi.org/10.1002/mrm.10283

Halai, A. D., Parkes, L. M., & Welbourne, S. R. (2015). Dual-
echo fMRI can detect activations in inferior temporal lobe
during intelligible speech comprehension. Neurolmage,
122, 214-221. https://doi.org/10.1016/j.neuroimage.2015
.05.067

Halai, A. D., Welbourne, S. R., Embleton, K., & Parkes,
L. M. (2014). A comparison of dual gradient-echo and
spin-echo fMRI of the inferior temporal lobe. Human
Brain Mapping, 35(8), 4118-4128. https://doi.org/10
.1002/hbm.22463

Halchenko, Y., Goncalves, M., Castello, M. V. di O., Ghosh,
S., Salo, T., Hanke, M., Dae, Velasco, P, Kent, J., Brett,
M., Amlien, I., Gorgolewski, C., Lukas, D. C., Markiewicz,

C., Tilley, S., Kaczmarzyk, J., Stadler, J., Kim, S., Kahn,
A., ... Szczepanik, M. (2020). nipy/heudiconv. Retrieved
from Zenodo website: https://doi.org/10.5281/zenodo
4390433

Heunis, S., Breeuwer, M., Caballero-Gaudes, C., Hellrung,
L., Huijbers, W., Jansen, J. F., Lamerichs, R., Zinger, S., &
Aldenkamp, A. P. (2021). The effects of multi-echo fMRI
combination and rapid T2*-mapping on offline and real-
time BOLD sensitivity. Neurolmage, 238(June), 118244.
https://doi.org/10.1016/j.neuroimage.2021.118244

Howard, D., & Patterson, K. (1992). Pyramids and palm
trees: A test of semantic access from pictures and
words. Thames Valley Test Company. https://www
.pearsonclinical.co.uk/en-gb/Store/Professional
-Assessments/Cognition-%26-Neuro/Pyramids-and
-Palm-Trees-Test/p/P100009257 ?srsltid=AfmBOooppCG
ChDVTOIsDf_K_K-773RJbKz--1BYyhmjXsOuTIVwSuS6Q

Humphreys, G. F.,, Hoffman, P., Visser, M., Binney, R. J.,
& Lambon Ralph, M. A. (2015). Establishing task- and
modality-dependent dissociations between the semantic
and default mode networks. Proceedings of the National
Academy of Sciences of the United States of America,
112(25), 7857-7862. https://doi.org/10.1073/pnas
1422760112

Jenkinson, M., Bannister, P.,, Brady, M., & Smith, S. (2002).
Improved optimization for the robust and accurate linear
registration and motion correction of brain images.
Neurolmage, 17(2), 825-841. https://doi.org/10.1016
/S1053-8119(02)91132-8

Jenkinson, M., & Smith, S. (2001). A global optimisation
method for robust affine registration of brain images.
Medical Image Analysis, 5(2), 143-156. https://doi.org/10
.1016/S1361-8415(01)00036-6

Jones, E., Oliphant, T., & Peterson, P. (2001). SciPy: Open
Source Scientific Tools for Python. Retrieved from http://
WWW.SCipy.org

Jung, J. Y., Williams, S. R., Sanaei Nezhad, F., & Lambon
Ralph, M. A. (2017). GABA concentrations in the anterior
temporal lobe predict human semantic processing.
Scientific Reports, 7(1), 1-9. https://doi.org/10.1038
/s41598-017-15981-7

Kirilina, E., Lutti, A., Poser, B. A., Blankenburg, F., &
Weiskopf, N. (2016). The quest for the best: The impact
of different EPI sequences on the sensitivity of random
effect fMRI group analyses. Neurolmage, 126, 49-59.
https://doi.org/10.1016/j.neuroimage.2015.10.071

Kovarova, A., Gajdos, M., Rektor, I., & Mikl, M. (2022).
Contribution of the multi-echo approach in accelerated
functional magnetic resonance imaging multiband
acquisition. Human Brain Mapping, 43(3), 955-973.
https://doi.org/10.1002/hbm.25698

Kundu, P, Brenowitz, N. D., Voon, V., Worbe, Y., Vértes,
P. E., Inati, S. J., Saad, Z. S., Bandettini, P. A., &
Bullmore, E. T. (2013). Integrated strategy for improving
functional connectivity mapping using multiecho fMRI.
Proceedings of the National Academy of Sciences of the
United States of America, 110(40), 16187-16192. https://
doi.org/10.1073/pnas.1301725110

Kundu, P, Inati, S. J., Evans, J. W., Luh, W. M., &
Bandettini, P. A. (2012). Differentiating BOLD and non-
BOLD signals in fMRI time series using multi-echo EPI.
Neurolmage, 60(3), 1759-1770. https://doi.org/10.1016/j
.neuroimage.2011.12.028

Kundu, P., Voon, V., Balchandani, P., Lombardo, M. V.,
Poser, B. A., & Bandettini, P. A. (2017). Multi-echo
fMRI: A review of applications in fMRI denoising and
analysis of BOLD signals. Neurolmage, 154(March),
59-80. https://doi.org/10.1016/j.neuroimage.2017.03
.033


https://doi.org/10.1016/j.neuroimage.2017.05.005
https://doi.org/10.1016/S1053-8119(09)70884-5
https://doi.org/10.1016/S1053-8119(09)70884-5
https://doi.org/10.3389/fnins.2022.854387
https://doi.org/10.3389/fnins.2022.854387
https://doi.org/10.1016/j.neuroimage.2016.07.049
https://doi.org/10.1016/j.neuroimage.2016.07.049
https://www.frontiersin.org/articles/10.3389/fninf.2011.00013
https://www.frontiersin.org/articles/10.3389/fninf.2011.00013
https://doi.org/10.1038/sdata.2016.44
https://doi.org/10.1038/sdata.2016.44
https://doi.org/10.1016/j.neuroimage.2009.06.060
https://doi.org/10.1016/j.neuroimage.2009.06.060
https://doi.org/10.1016/j.neuroimage.2014.03.034
https://doi.org/10.1016/j.neuroimage.2014.03.034
https://doi.org/10.1002/mrm.10283
https://doi.org/10.1016/j.neuroimage.2015.05.067
https://doi.org/10.1016/j.neuroimage.2015.05.067
https://doi.org/10.1002/hbm.22463
https://doi.org/10.1002/hbm.22463
https://doi.org/10.5281/zenodo.4390433
https://doi.org/10.5281/zenodo.4390433
https://doi.org/10.1016/j.neuroimage.2021.118244
https://www.pearsonclinical.co.uk/en-gb/Store/Professional-Assessments/Cognition-%26-Neuro/Pyramids-and-Palm-Trees-Test/p/P100009257?srsltid=AfmBOooppCGChDVT0IsDf_K_K-773RJbKz--1BYyhmjXs0uTIVwSuS6Q
https://www.pearsonclinical.co.uk/en-gb/Store/Professional-Assessments/Cognition-%26-Neuro/Pyramids-and-Palm-Trees-Test/p/P100009257?srsltid=AfmBOooppCGChDVT0IsDf_K_K-773RJbKz--1BYyhmjXs0uTIVwSuS6Q
https://www.pearsonclinical.co.uk/en-gb/Store/Professional-Assessments/Cognition-%26-Neuro/Pyramids-and-Palm-Trees-Test/p/P100009257?srsltid=AfmBOooppCGChDVT0IsDf_K_K-773RJbKz--1BYyhmjXs0uTIVwSuS6Q
https://www.pearsonclinical.co.uk/en-gb/Store/Professional-Assessments/Cognition-%26-Neuro/Pyramids-and-Palm-Trees-Test/p/P100009257?srsltid=AfmBOooppCGChDVT0IsDf_K_K-773RJbKz--1BYyhmjXs0uTIVwSuS6Q
https://www.pearsonclinical.co.uk/en-gb/Store/Professional-Assessments/Cognition-%26-Neuro/Pyramids-and-Palm-Trees-Test/p/P100009257?srsltid=AfmBOooppCGChDVT0IsDf_K_K-773RJbKz--1BYyhmjXs0uTIVwSuS6Q
https://doi.org/10.1073/pnas.1422760112
https://doi.org/10.1073/pnas.1422760112
https://doi.org/10.1016/S1053-8119(02)91132-8
https://doi.org/10.1016/S1053-8119(02)91132-8
https://doi.org/10.1016/S1361-8415(01)00036-6
https://doi.org/10.1016/S1361-8415(01)00036-6
http://www.scipy.org
http://www.scipy.org
https://doi.org/10.1038/s41598-017-15981-7
https://doi.org/10.1038/s41598-017-15981-7
https://doi.org/10.1016/j.neuroimage.2015.10.071
https://doi.org/10.1002/hbm.25698
https://doi.org/10.1073/pnas.1301725110
https://doi.org/10.1073/pnas.1301725110
https://doi.org/10.1016/j.neuroimage.2011.12.028
https://doi.org/10.1016/j.neuroimage.2011.12.028
https://doi.org/10.1016/j.neuroimage.2017.03.033
https://doi.org/10.1016/j.neuroimage.2017.03.033

A.D. Halai, R.N. Henson, P. Finoia et al.

Imaging Neuroscience, Volume 3, 2025

Lambon Ralph, M. A., Jefferies, E., Patterson, K., & Rogers,
T. T. (2017). The neural and computational bases of
semantic cognition. Nature Reviews Neuroscience, 18(1),
42-55. https://doi.org/10.1038/nrn.2016.150

Lanczos, C. (1964). Evaluation of noisy data. Journal of the
Society for Industrial and Applied Mathematics Series B
Numerical Analysis, 1(1), 76-85. https://doi.org/10.1137
/0701007

Li, Y.-O., Adali, T., & Calhoun, V. D. (2007). Estimating the
number of independent components for functional
magnetic resonance imaging data. Human Brain
Mapping, 28(11), 1251-1266. https://doi.org/10.1002/hbm
.20359

Lombardo, M. V., Auyeung, B., Holt, R. J., Waldman, J.,
Ruigrok, A. N. V., Mooney, N., Bullmore, E. T., Baron-
Cohen, S., & Kundu, P. (2016). Improving effect size
estimation and statistical power with multi-echo fMRI
and its impact on understanding the neural systems
supporting mentalizing. Neurolmage, 142, 55-66. https://
doi.org/10.1016/j.neuroimage.2016.07.022

Lynch, C. J., Power, J. D., Scult, M. A., Dubin, M., Gunning,
F. M., & Liston, C. (2020). Rapid precision functional
mapping of individuals using multi-echo fMRI. Cell
Reports, 33(12), 108540. https://doi.org/10.1016/j.celrep
.2020.108540

McKinney, W. (2010). Data structures for statistical
computing in Python. In Proceedings of the 9th Python
in Science Conference, Austin, 28 June-3 July 2010,
56-61. https://doi.org/10.25080/Majora-92bf1922-00a

McNabb, C. B., Lindner, M., Shen, S., Burgess, L. G.,
Murayama, K., & Johnstone, T. (2020). Inter-slice leakage
and intra-slice aliasing in simultaneous multi-slice
echo-planar images. Brain Structure and Function,
225(3), 1153-1158. https://doi.org/10.1007/s00429-020
-02053-2

Miller, K. ., Bartsch, A. J., & Smith, S. M. (2015).
Simultaneous multi-slice imaging for resting-state fMRI.
Magnetom Flash, 63, 70-77. https://doi.org/10.1016/j
.biopsych.2019.03.475

Moeller, S., Yacoub, E., Olman, C. A., Auerbach, E., Strupp,
J., Harel, N., & Ugurbil, K. (2010). Multiband multislice GE-
EPI at 7 tesla, with 16-fold acceleration using partial parallel
imaging with application to high spatial and temporal
whole-brain FMRI. Magnetic Resonance in Medicine, 63(5),
1144-1153. https://doi.org/10.1002/mrm.22361

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V.,
Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P,,
Weiss, R., Dubourg, V., Vanderplas, J., Passos, A.,
Cournapeau, D., Brucher, M., Perrot, M., & Duchesnay,
E. (2011). Scikit-Learn: Machine learning in python. J.
Mach. Learn. Res., 12(85), 2825-2830. https://jmir.org
/papers/vi12/pedregosalia.html

Poser, B. A., Versluis, M. J., Hoogduin, J. M., & Norris,

D. G. (2006). BOLD contrast sensitivity enhancement and
artifact reduction with multiecho EPI: Parallel-acquired
inhomogeneity-desensitized fMRI. Magnetic Resonance
in Medicine, 55(6), 1227-1235. https://doi.org/10.1002
/mrm.20900

Posse, S. (2012). Multi-echo acquisition. Neurolmage,
62(2), 665-671. https://doi.org/10.1016/j.neuroimage
.2011.10.057

Posse, S., Wiese, S., Gembris, D., Mathiak, K., Kessler,

C., Grosse-Ruyken, M.-L., Elghahwagi, B., Richards,

T., Dager, S. R., & Kiseley, V. G. (1999). Enhancement

of BOLD-contrast sensitivity by single-shot multi-echo
functional MR imaging. Magnetic Resonance in Medicine,
42(1), 87-97. https://doi.org/10.1002/(SICI)1522
-2594(199907)42:1<87::AID-MRM13>3.0.CO;2-O

17

Ramot, M., Walsh, C., Reimann, G. E., & Martin, A. (2020).
Distinct neural mechanisms of social orienting and
mentalizing revealed by independent measures of
neural and eye movement typicality. Communications
Biology, 3(1), 48. https://doi.org/10.1038/s42003-020
-0771-1

Risk, B. B., Murden, R. J., Wu, J., Nebel, M. B.,
Venkataraman, A., Zhang, Z., & Qiu, D. (2021). Which
multiband factor should you choose for your resting-
state fMRI study? Neurolmage, 234, 117965. https://doi
.org/10.1016/j.neuroimage.2021.117965

Setsompop, K., Gagoski, B. A., Polimeni, J. R., Witzel, T.,
Wedeen, V. J., & Wald, L. L. (2012). Blipped-controlled
aliasing in parallel imaging for simultaneous multislice
echo planar imaging with reduced g-factor penalty.
Magnetic Resonance in Medicine, 67(5), 1210-1224.
https://doi.org/10.1002/mrm.23097

Smith, S. M., Beckmann, C. F., Andersson, J., Auerbach,
E. J., Bijsterbosch, J., Douaud, G., Duff, E., Feinberg,
D. A., Griffanti, L., Harms, M. P, Kelly, M., Laumann, T,,
Miller, K. L., Moeller, S., Petersen, S., Power, J., Salimi-
Khorshidi, G., Snyder, A. Z., Vu, A. T., ... Glasser, M. F.
(2013). Resting-state fMRI in the Human Connectome
Project. Neurolmage, 80, 144-168. https://doi.org/10
.1016/j.neuroimage.2013.05.039

Serensen, T. J. (1948). A method of establishing groups of
equal amplitude in plant sociology based on similarity
of species content and its application to analyses of
the vegetation on Danish commons. Kongelige Danske
Videnskabernes Selskab, 5, 1-34. https://doi.org/10.7146
/hjlcb.v11i21.25484

Todd, N., Josephs, O., Zeidman, P., Flandin, G., Moeller,
S., & Weiskopf, N. (2017). Functional sensitivity of 2D
simultaneous multi-slice echo-planar imaging: Effects
of acceleration on g-factor and physiological noise
. Frontiers in Neuroscience, 11, 158. https://www
.frontiersin.org/articles/10.3389/fnins.2017.00158

Todd, N., Moeller, S., Auerbach, E. J., Yacoub, E., Flandin,
G., & Weiskopf, N. (2016). Evaluation of 2D multiband
EPI imaging for high-resolution, whole-brain, task-based
fMRI studies at 3T: Sensitivity and slice leakage artifacts.
Neurolmage, 124, 32-42. https://doi.org/10.1016/j
.neuroimage.2015.08.056

Tustison, N. J., Avants, B. B., Cook, P. A,, Zheng, Y.,
Egan, A., Yushkevich, P. A., & Gee, J. C. (2010). N4ITK:
Improved N3 bias correction. IEEE Transactions on
Medical Imaging, 29(6), 1310-1320. https://doi.org/10
.1109/TMI.2010.2046908

Ugurbil, K., Xu, J., Auerbach, E. J., Moeller, S., Vu, A. T.,
Duarte-Carvajalino, J. M., Lenglet, C., Wu, X., Schmitter,
S., Van de Moortele, P. F, Strupp, J., Sapiro, G., De
Martino, F., Wang, D., Harel, N., Garwood, M., Chen,

L., Feinberg, D. A., Smith, S. M., ... Yacoub, E. (2013).
Pushing spatial and temporal resolution for functional
and diffusion MRI in the Human Connectome Project.
Neurolmage, 80, 80-104. https://doi.org/10.1016/j
.neuroimage.2013.05.012

Visser, M., Embleton, K.V, Jefferies, E., Parker, G. J., &
Ralph, M. A. L. (2010). The inferior, anterior temporal
lobes and semantic memory clarified: Novel evidence
from distortion-corrected fMRI. Neuropsychologia, 48(6),
1689-1696. https://doi.org/10.1016/j.neuropsychologia
.2010.02.016

Visser, M., Jefferies, E., & Lambon Ralph, M. A. (2010).
Semantic processing in the anterior temporal lobes: A
meta-analysis of the functional neuroimaging literature.
Journal of Cognitive Neuroscience, 22(6), 1083-1094.
https://doi.org/10.1162/jocn.2009.21309


https://doi.org/10.1038/nrn.2016.150
https://doi.org/10.1137/0701007
https://doi.org/10.1137/0701007
https://doi.org/10.1002/hbm.20359
https://doi.org/10.1002/hbm.20359
https://doi.org/10.1016/j.neuroimage.2016.07.022
https://doi.org/10.1016/j.neuroimage.2016.07.022
https://doi.org/10.1016/j.celrep.2020.108540
https://doi.org/10.1016/j.celrep.2020.108540
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.1007/s00429-020-02053-2
https://doi.org/10.1007/s00429-020-02053-2
https://doi.org/10.1016/j.biopsych.2019.03.475
https://doi.org/10.1016/j.biopsych.2019.03.475
https://doi.org/10.1002/mrm.22361
https://jmlr.org/papers/v12/pedregosa11a.html
https://jmlr.org/papers/v12/pedregosa11a.html
https://doi.org/10.1002/mrm.20900
https://doi.org/10.1002/mrm.20900
https://doi.org/10.1016/j.neuroimage.2011.10.057
https://doi.org/10.1016/j.neuroimage.2011.10.057
https://doi.org/10.1002/(SICI)1522-2594(199907)42:1<87::AID-MRM13>3.0.CO;2-O
https://doi.org/10.1002/(SICI)1522-2594(199907)42:1<87::AID-MRM13>3.0.CO;2-O
https://doi.org/10.1038/s42003-020-0771-1
https://doi.org/10.1038/s42003-020-0771-1
https://doi.org/10.1016/j.neuroimage.2021.117965
https://doi.org/10.1016/j.neuroimage.2021.117965
https://doi.org/10.1002/mrm.23097
https://doi.org/10.1016/j.neuroimage.2013.05.039
https://doi.org/10.1016/j.neuroimage.2013.05.039
https://doi.org/10.7146/hjlcb.v11i21.25484
https://doi.org/10.7146/hjlcb.v11i21.25484
https://www.frontiersin.org/articles/10.3389/fnins.2017.00158
https://www.frontiersin.org/articles/10.3389/fnins.2017.00158
https://doi.org/10.1016/j.neuroimage.2015.08.056
https://doi.org/10.1016/j.neuroimage.2015.08.056
https://doi.org/10.1109/TMI.2010.2046908
https://doi.org/10.1109/TMI.2010.2046908
https://doi.org/10.1016/j.neuroimage.2013.05.012
https://doi.org/10.1016/j.neuroimage.2013.05.012
https://doi.org/10.1016/j.neuropsychologia.2010.02.016
https://doi.org/10.1016/j.neuropsychologia.2010.02.016
https://doi.org/10.1162/jocn.2009.21309

A.D. Halai, R.N. Henson, P. Finoia et al.

Imaging Neuroscience, Volume 3, 2025

Wall, M. B. (2023). Multiband acquisition sequences for
fMRI: Proceed with caution. Aperture Neuro, 3, 1-8.
https://doi.org/10.52294/001¢.91292

Walt, S. van der, Colbert, S. C., & Varoquaux, G. (2011).
The NumPy Array: A structure for efficient numerical
computation. Computing in Science & Engineering,
13(2), 22-30. https://doi.org/10.1109/MCSE.2011.37

Xu, J., Moeller, S., Auerbach, E. J., Strupp, J., Smith,

S. M., Feinberg, D. A., Yacoub, E., & Ugurbil, K. (2013).

Evaluation of slice accelerations using multiband echo
planar imaging at 3T. Neurolmage, 83, 991-1001. https://
doi.org/10.1016/j.neuroimage.2013.07.055

Zhang, Y., Brady, M., & Smith, S. (2001). Segmentation of
brain MR images through a hidden Markov random field
model and the expectation-maximization algorithm. IEEE
Transactions on Medical Imaging, 20(1), 45-57. https://
doi.org/10.1109/42.906424

18


https://doi.org/10.52294/001c.91292
https://doi.org/10.1109/MCSE.2011.37
https://doi.org/10.1016/j.neuroimage.2013.07.055
https://doi.org/10.1016/j.neuroimage.2013.07.055
https://doi.org/10.1109/42.906424
https://doi.org/10.1109/42.906424

