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1. Introduction 2. Methoo

We reanalyzed three published fMRI studies whose data have been
made publicly available on the OpenNeuro repository: dsO00001,
ds000109, ds000120.

We aimed to recreate the main figure from each publication by
replicating the original analysis pipeline within each software
package. However, to maximize comparability across software we
determined a number of processing steps to be included in all of our
analyses.

A wealth of tools and techniques are now available to process and
model fMRI data. However, this 'methodological plurality' has come
with a drawback.

Application of different analysis pipelines!, alterations in software
version?, and even changes in operating system? have all been shown
to cause variation in the results of a neuroimaging study. This high
analytic flexibility has been pinpointed as a key factor that can lead to
increased false-positives?, and compounded with a lack of data
sharing, irreproducible research findings-.
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impact the analysis results?

We reproduce the results of three published neuroimaging studies
with publicly available data using AENI, FSL and SPM, for parametric
and nonparametric inference. We make a variety of comparisons to
assess the similarity of both sets of results across software packages.

To assess differences in the statistic maps obtained in each package
we applied three quantitative comparison methods:

* Dice coefficients; differences in locations of activation clusters

» FEuler characterizes; differences in topological properties of images
« Bland-Altman plots; assess differences in magnitude of stat values
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Here we present comparisons of the main contrast ‘pumps control vs pumps demean’ from the dso00001 study,
] See our bioRxiv preprint for full results! https://doi.org/10.1101/285585

3. Results

Thresholded Statistic Maps

AFNI PERMUTATION Thresholded T-statistic Mmaps for all packages
. s using parametric and non-parametric inferences,

FWE clusterwise threshold p < 0.05, with a

cluster- forming threshold p < 0.01 uncorrected.

Positive Activation Dice Coefficients Negative Activation Dice Coefficients

10 10

Overall, the locations of significant clusters are o o

broadly similar across packages and inference 08 08

methods. However, the results show discordance FSL FSL

in the magnitude of T-statistic values, as well as

differences in the sizes of corresponding clusters. 06 06
.5 The FSL parametric result is most similar to the > >

published figure (bottom), which is to be expected

since FSL was used in the original study. AFNI and AFNI perm
SPM generally find larger clusters but lack the

primary visual response. All permutation methods

use ordinary least squares (no first-level variance FSL perm
information), as does SPM parametric; this
explains the close match between the two SPM
results. The significant cingulate cluster is large
and covers multiple anatomical regions; in FSL
permutation this cluster happened to break up
and lose significance.
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Dice coefficient values for pairwise comparisons
between the positive (left) and negative (right)
thresholded T-statistic maps. Dice is the size of the
overlapping region divided by the average size the
regions. Between-software dice coefficients are
substantially smaller than 1 (perfect agreement),
suggesting high spatial variability in the location of
activations. As FSL permutation inference found no
significant positive activations, the dice values for the
corresponding row in the left triangle are all zero.
Within-software coefficients are better by comparison,
suggesting spatial coherence across the two inference
methods within each package. The percentage of
activation in one software’s thresholded map that fell

outside of the analysis mask of the other software is
AFNI - SPM Parametric FSL Para - Perm

8 N i displayed in grey. These values indicate the variability in

° | 30 the size of the analysis masks used by each package.

_Z -¢ Bland—-Altman Plots

-4 B *  Bland-Altman (BA) plots (here presented as histograms)
” ” compare the unthresholded T-statistic maps between

o - software for parametric inference (left column), and

Average of T-statistics Average of T-statistics

—uler Characteristics

The Euler Characteristic (EC) summarizes
the topology of a thresholded image. It is the
number of clusters minus the number of
‘handles’ plus the number of ‘holes’ in a
Publication thresholded image; for extreme positive or
(FSL) negative thresholds this is essentially the
number of clusters, however for moderate
thresholds it provides a signature of the
image. The EC is therefore informative over
a range of thresholds. For the cluster-
forming threshold (red line, p = 0.01, z =
2.32), the EC is larger for FSL permutation
compared to parametric. This suggests
permutation found more smaller,
fragmented clusters, consistent with above
findings.
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FSL - SPM Parametric SPM Para - Perm comparing both inference methods within software (right
0 E “  column). For between-software comparisons, we see a great

25 g spread in the vertical axis, indicating substantial

200 g 5. disagreement. In general, densities are distributed evenly

lsg 205 each side of the x-axis, suggesting that no package

0 5 ** consistently greater activation than the other two. For the

s E within-software comparisons, since SPM uses ordinary least

w | ° o squares for both methods, we see no differences in the

P MengeorTststics Average of T-statisics unthreshold T-statistic maps. AFNI and FSL both show some
disagreement, however the scale of these differences is far
less relative to the inter-software comparisons.
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5. Conclusion
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