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Figure 11.12: Cluster-size histogram of the group-level analysis of the 3T tapping synchronization
experiment for the nonparametric analysis using searchlight decoding and a voxel-wise
threshold of p

vox

= 0.001. The red line marks the p
cl

= 0.05 percentile (uncorrected)
of the cluster size distribution (cluster-size =7 voxels).

In terms of positive weights, both the T-based and nonparametric method appear comparable.
For the negative weights, however, the T-based method labels areas within white matter as
significant (see Figure 11.13B, slice number 4), indicating false-positivity. The nonparametric
method, on the other hand, identifies a early-visual region (Figure 11.13C, first slice) that is
not found significant with the T-based method. The inhomogeneity of the empirical null distri-
bution for positive and negative weights are displayed in Figure 11.13D and E respectively.

In total, 5063 voxels are labeled as significant using the T-based method. The non-
parametric method yields 3803 significant voxels. 2872 voxels were determined as significant
by both methods, leaving 2191 voxels identified when using solely the T-test framework and
931 voxels by only the proposed nonparametric method .

The two empirical cluster-size histograms are displayed in Figure 11.14. The minimum
(uncorrected) cluster size was 4 voxels for both positive and negative weights in this data set
for the given voxel-wise threshold of p

vox

= 0.05 and a cluster p-value of p
cl

= 0.05.

The voxel-wise test for normality of the weights (Shapiro-Wilk test, see Section 5.2.4)
found that 8587 voxels did not follow a normal distribution (on a significance level ↵ = 0.05).
Therefore, the weights of at least 14% of all locations are not distributed normally (the total
number of voxels was 59329).

11.3.3 Comparison of SLD vs FWM

The results of the fMRI experiment for the searchlight decoding method (SLD) and the feature
weight mapping (FWM) approach are displayed for a direct comparison in Figure 11.15. Both
methods were corrected for multiple comparisons using the proposed nonparametric statistics
each using two different voxel-wise thresholds of p1 = 0.05 and p2 = 0.001.

Similar as in the group simulations before (see Section 11.1.2 on page 107), the SLD
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Figure 11.14: Cluster-size histogram of the 3T tapping synchronization experiment for nonparametric
analysis based on feature weight mapping and a voxel-wise threshold of p

vox

= 0.05. The
red line marks the p

cl

= 0.05 percentile (uncorrected) of the cluster-size distributions.
(A) Cluster-size histogram for clusters with positive weight (minimum cluster size =
4 voxels for the p

cl

= 0.05 percentile). (B) Cluster-size histogram for clusters with
negative weight (minimum cluster size = 4 voxels for the p

cl

= 0.05 percentile).

method labels a considerably higher volume as significant (given a fixed voxel-wise threshold
p
vox

) while the results of the FWM method, are more fine-grained. However, both the visual
areas and other cortical (motor cortex) and subcortical structures (such as the lateral geniculate
bodies in 11.15 at slice 5) are much more clearly delineated using the FWM method and appear
inflated for the SLD method.

In contrast to the SLD method, the FWM method is able to discriminate the sign of
the classification decision in the visual cortex (see Figure 11.15, first slice): While the FWM
method finds regions of the primary visual cortex (Brodmann area 17) with positive weights,
other regions in visual association areas (Brodmann are 18) are labeled with negative weights.
It is noteworthy, that the SLD method finds the highest decoding accuracies in the border
region in between.
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Figure 10.14: Cluster histograms for the SLD method, which was applied to the 7T finger tapping and
imagination data set on a single-subject level. The red line in the histograms denotes
the cluster size corresponding to the uncorrected cluster p-value of p

cl

= 0.05. (A)
Cluster-size histogram using a voxel-wise threshold of p

vox

= 0.01. Clusters with a size
larger than 22 voxels obtain a p-value p

cl

< 0.05 (B) Cluster-size histogram using a
voxel-wise threshold of p

vox

= 0.001. The minimum cluster size corresponding to the
cluster p-value p

cl

= 0.05 was 14 voxels.

weights. In the case of the higher voxel-wise threshold p
vox

= 0.001, the minimum cluster size
corresponding to a cluster p-value of smaller than 0.05 was 3 voxels both for the positive as
well as negative weights.
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Figure 10.15: Cluster histograms for the FWM method applied to the 7T finger tapping and imag-
ination data set. The red line in the histogram marks the cluster size corresponding
to a cluster p-value of p

cl

= 0.05. (A) Cluster histogram for positive weights using
a voxel-wise threshold of p = 0.025. The minimum cluster size for a cluster p-value
of p

cl

< 0.05 was 8 voxels. (B) Cluster histogram using the same voxel-wise thresh-
old as in A (p = 0.025), the minimum cluster size for p

cl

< 0.05 was also 8 voxels
here. (C) Cluster histogram for positive weights and the higher voxel-wise threshold
p
vox

= 0.0005. The minimum cluster size for p
cl

< 0.05 was 3 voxels. (D) Cluster his-
togram for negative weights and p

vox

= 0.0005. The minimum cluster size for p
cl

< 0.05
was also 3 voxels here.
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Figure 10.8: Threshold maps for the 3T tapping synchronization experiment on the single-subject level
for both the SLD and FWM method. (A) SLD threshold map, depicting the accuracy
level equivalent to p

vox

= 0.001 (B) FWM threshold map for the positive weights and
a voxel-wise threshold of p

vox

= 0.025 (C) FWM threshold map depicting the negative
weight level equivalent to p

vox

= 0.025
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Figure 11.4: Influence of searchlight diameter in SLD maps from the group simulation 5cubes. The
number of voxels within and outside the informative regions for five different searchlight
diameters was computed. (A) Number of voxels inside the informative cubes declared
significant. (B) Number of voxels outside the informative cubes declared significant (C)
Precision, i.e. ratio of voxels labeled significant within the informative region and the
total volume labeled significant
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