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Introduction

Method

Traditional voxel- or cluster-wise inferences indicate where the null, an
effect size of 0, can be rejected, but do not provide confidence statements on non-null effects. Confidence intervals for univariate estimates
are well established but do not easily generalise to the spatial domain.
In this work we apply recent results [Sommerfeld et al, 2015] for creating
Confidence Sets (CSs) of effects in images.
The CSs operate on either raw units (e.g. % BOLD change) or standardised effect sizes (ratio of % BOLD change to population standard
deviation, aka Cohen’s d). For a cluster constructed with cluster-forming
threshold c, and a predetermined confidence level (1 − α), the CSs comprise of two sets of voxels:

Although this CS method can be applied to a general linear model, here we only consider a one-sample model.
For subject i the BOLD response at voxel s is modelled

• The upper CS interpretation:
Level (1 − α)% confidence that all voxels within this set have an effect
size truly greater than the threshold c.
• The lower CS interpretation:
Level (1 − α)% confidence that all voxels outside this set have an
effect size truly less than the threshold c.
The upper CS is smaller and nested inside the lower CS, and the confidence statement holds simultaneously for both regions. Here we present
the method and apply it to a dataset from the Human Connectome Project
(HCP).

Yi(s) = µ(s) + εi(s)
where µ(s) is the unknown true mean BOLD activation, and εi(s) is the random error that has zero mean and
variance σ 2(s). For the raw BOLD units version, the (ideal, noise-free) cluster Ac is found by thresholding µ(s)
at some arbitrary level c,
Ac := {s : µ(s) > c}
where, for example, c = 1% BOLD change. We seek a lower set (Ac−) and upper set (Ac+) that surround Ac with
a confidence level 1 − α, nested in the sense that Ac+ ⊂ Ac ⊂ Ac+. These take the form
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where x(s) is the sample mean, σ̂ (s) is the estimated standard deviation, and a is a critical value. The critical
value a is estimated as the (1 − α)%ile of the maximum distribution of the absolute error process |εi(s)| over
the boundary {s : X̄ (s) = c}, calculated with a bootstrap resampling scheme. Use of the maximum ensures that
the confidence statement is simultaneous over the whole brain. The CSs for effect sizes are constructed in a
similar manner, except data Yi(s) is replaced by Yi(s)/ σ̂ (s). Threshold c then has interpretation of unitless effect
sizes (like Cohen’s d); e.g. c = 0.5. We applied the method to N unrelated subjects from the HCP Emotion task,
exploring the impacts for different values of N and c.

Results
Faces
ES = 1.0 ± 0.455

Faces − Shapes
ES = 1.0 ± 0.430

Figure 1
Confidence sets for the HCP80 Emotion data, comparing
standardized effects using contrasts “Faces” (left) and
“Faces−Shapes” (right) with an effect size (ES) threshold
c = 1.0. There are three nested sets shown: The yellow
region (overlapped by red) is the “point estimate” or best
guess where the effect size is larger than c = 1.0; the 95%
confident sets are shown in blue and red, with the red
being the upper confidence set and the blue region
(overlapped by yellow and red) is the lower confidence
set. We have 95% confidence – simultaneously over the
whole brain – that the effect size is larger than c = 1.0 for
all voxels in the red, and smaller than c = 1.0 for all voxels
outside the blue (i.e. grey, background voxels). The title
shows the thresholds on the ES image used to generate
upper and lower sets.

Figure 3
Confidence sets for the “Faces-Shapes” contrast, but now
for (unstandardized) % BOLD units effects, % BOLD
threshold c = 0.2 (left) and % BOLD threshold c = 0.5
(right). Note the set of gray voxels (outside of the lower
confidence set), where we are 95% confident true %
BOLD < c. With % BOLD threshold c = 0.2 (left) the
expansive lower confidence set (blue) reflects how it is
more challenging to localize a smaller effect size. With %
BOLD c = 0.5, the tighter lower confidence set lets us
infer that most of the brain has % BOLD < 0.5.

Faces − Shapes
%BOLD = 0.2 ± 0.467σ

Faces − Shapes
%BOLD = 0.5 ± 0.441σ

Faces − Shapes N=20
ES = 1.0 ± 0.388

Faces − Shapes N=80
ES = 1.0 ± 0.430

The title shows the thresholds on the % BOLD image
used to generate upper and lower sets; note that, in
contrast to (standardized) effect size, the % BOLD
confidence sets depend on the standard deviation
image σ.

Note the precise localization of amygdala on the basis of
an effect size of 1.0 threshold in the Faces-Shapes but not
Faces contrast.

Faces
ES ≈ 1.0 ± 0.455

Faces − Shapes
ES ≈ 1.0 ± 0.430

Figure 2
The set difference of the lower and upper confidence sets
shown in Fig. 1. This serves itself as a confidence region;
with 95% confidence we can assert the boundary of the
“point estimate” set of ES > 1.0 (yellow set in Fig. 1) is
completely contained within this set.
The title shows the thresholds on the ES image used to
generate upper and lower sets.

Figure 4
Confidence sets for ‘Faces−Shapes’ contrast, effect size
(ES) threshold c = 1.0, comparing N=20 (left) and N=80
(right, same as Fig 1. right). Note how the “point estimate”
sets of where ES > 1.0, yellow regions (overlapped by
red), are roughly similar even though the left has 1/4 the
sample size of the right. This indicates that the point
estimate is fairly robust, but with N=20 we are much less
certain where the set of true ES > 1.0 is located. A
reduction in sample size, like a reduction in target effect
magnitude (see Fig 3.), grows the lower confidence set.
This demonstrates how confidence sets offer a
quantification of the spatial precision of an inference.
The title shows the thresholds on the ES image used to
generate upper and lower sets. The ES thresholds are
similar between N=20 and 80, but the greater sampling
variability in the N=20 case produces the much more
irregular confidence sets.
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