
Inference 
how surprising is your statistic? (thresholding)

But ... can I 
trust it?



Outline

• Null-hypothesis and Null-distribution

• Multiple comparisons and Family-wise error

• Different ways of being surprised

• Voxel-wise inference (Maximum z)

• Cluster-wise inference (Maximum size)

• Parametric vs non-parametric tests

• Enhanced clusters

• FDR - False Discovery Rate



Parametric vs non-parametric
• As we described earlier, one of the 

great things about for example the 
t-test is that we know the null-
distribution  

• But most distributions are not that 
simple  
 

• And errors are not always normal-
distributed

Provided that e ~ N(0,σ2)



Example: VBM-style analysis
• Our data is segmented grey matter maps

• A voxel is either grey matter, or not.

Group #1
(Oxford students)

Group #2
(Train spotters)

Ok!

hist(e) ~ N ?
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Parametric vs non-parametric

• There are approximations to the 
Max-z and Max-size statistics 
 

• These are valid under certain sets 
of assumptions 
 

• But can be a problem when applied 
outside of that set of assumptions
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The most widely used task functional magnetic resonance imaging
(fMRI) analyses use parametric statistical methods that depend on a
variety of assumptions. In this work, we use real resting-state data
and a total of 3 million random task group analyses to compute
empirical familywise error rates for the fMRI software packages SPM,
FSL, and AFNI, as well as a nonparametric permutation method. For a
nominal familywise error rate of 5%, the parametric statistical
methods are shown to be conservative for voxelwise inference
and invalid for clusterwise inference. Our results suggest that the
principal cause of the invalid cluster inferences is spatial autocorre-
lation functions that do not follow the assumed Gaussian shape. By
comparison, the nonparametric permutation test is found to produce
nominal results for voxelwise as well as clusterwise inference. These
findings speak to the need of validating the statistical methods being
used in the field of neuroimaging.

fMRI | statistics | false positives | cluster inference | permutation test

Since its beginning more than 20 years ago, functional magnetic
resonance imaging (fMRI) (1, 2) has become a popular tool

for understanding the human brain, with some 40,000 published
papers according to PubMed. Despite the popularity of fMRI as a
tool for studying brain function, the statistical methods used have
rarely been validated using real data. Validations have instead
mainly been performed using simulated data (3), but it is obviously
very hard to simulate the complex spatiotemporal noise that arises
from a living human subject in an MR scanner.
Through the introduction of international data-sharing initia-

tives in the neuroimaging field (4–10), it has become possible to
evaluate the statistical methods using real data. Scarpazza et al.
(11), for example, used freely available anatomical images from
396 healthy controls (4) to investigate the validity of parametric
statistical methods for voxel-based morphometry (VBM) (12).
Silver et al. (13) instead used image and genotype data from 181
subjects in the Alzheimer’s Disease Neuroimaging Initiative
(8, 9), to evaluate statistical methods common in imaging ge-
netics. Another example of the use of open data is our previous
work (14), where a total of 1,484 resting-state fMRI datasets from
the 1,000 Functional Connectomes Project (4) were used as null
data for task-based, single-subject fMRI analyses with the SPM
software. That work found a high degree of false positives, up to
70% compared with the expected 5%, likely due to a simplistic
temporal autocorrelation model in SPM. It was, however, not
clear whether these problems would propagate to group studies.
Another unanswered question was the statistical validity of other
fMRI software packages. We address these limitations in the
current work with an evaluation of group inference with the three
most common fMRI software packages [SPM (15, 16), FSL (17),
and AFNI (18)]. Specifically, we evaluate the packages in their
entirety, submitting the null data to the recommended suite of
preprocessing steps integrated into each package.
The main idea of this study is the same as in our previous one

(14). We analyze resting-state fMRI data with a putative task
design, generating results that should control the familywise error

(FWE), the chance of one or more false positives, and empirically
measure the FWE as the proportion of analyses that give rise to
any significant results. Here, we consider both two-sample and
one-sample designs. Because two groups of subjects are randomly
drawn from a large group of healthy controls, the null hypothesis
of no group difference in brain activation should be true. More-
over, because the resting-state fMRI data should contain no
consistent shifts in blood oxygen level-dependent (BOLD) activity,
for a single group of subjects the null hypothesis of mean zero
activation should also be true. We evaluate FWE control for both
voxelwise inference, where significance is individually assessed at
each voxel, and clusterwise inference (19–21), where significance
is assessed on clusters formed with an arbitrary threshold.
In brief, we find that all three packages have conservative

voxelwise inference and invalid clusterwise inference, for both
one- and two-sample t tests. Alarmingly, the parametric methods
can give a very high degree of false positives (up to 70%, com-
pared with the nominal 5%) for clusterwise inference. By com-
parison, the nonparametric permutation test (22–25) is found to
produce nominal results for both voxelwise and clusterwise in-
ference for two-sample t tests, and nearly nominal results for one-
sample t tests. We explore why the methods fail to appropriately
control the false-positive risk.

Results
A total of 2,880,000 random group analyses were performed to
compute the empirical false-positive rates of SPM, FSL, and
AFNI; these comprise 1,000 one-sided random analyses repeated
for 192 parameter combinations, three thresholding approaches,

Significance

Functional MRI (fMRI) is 25 years old, yet surprisingly its most
common statistical methods have not been validated using real
data. Here, we used resting-state fMRI data from 499 healthy
controls to conduct 3 million task group analyses. Using this null
data with different experimental designs, we estimate the in-
cidence of significant results. In theory, we should find 5% false
positives (for a significance threshold of 5%), but insteadwe found
that the most common software packages for fMRI analysis (SPM,
FSL, AFNI) can result in false-positive rates of up to 70%. These
results question the validity of a number of fMRI studies and may
have a large impact on the interpretation of weakly significant
neuroimaging results.
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Parametric vs non-parametric

• Those approximations were based 
on Gaussian Random Field Theory, 
and was an impressive body of work 
 

• They served us fantastically well at a 
time when we had little choice  
 

• But the future is non-parametric



Parametric vs non-parametric



• We can permute the data itself to create a distribution 
that we can use to test our statistic.

+ Makes very few assumptions about the data

+ Works for any test statistic

A simple permutation test

We have performed an 
experiment

And calculated a statistic, 
e.g. a t-value 

t = 2.27
If the null-hypothesis is true, there is no 

difference between the groups. That 
means we should be able to “re-label” 
the individual points without changing 

anything.



One re-labelling t-value after re-labelling 

t = 0.67

Let’s start collecting them

Original 
labelling

A simple permutation test
• We can permute the data itself to create a distribution 

that we can use to test our statistic.

+ Makes very few assumptions about the data

+ Works for any test statistic



Second re-labelling t-value after re-labelling 

t = 1.97
Original 
labelling

And another one

A simple permutation test
• We can permute the data itself to create a distribution 

that we can use to test our statistic.

+ Makes very few assumptions about the data

+ Works for any test statistic



Of the 5000 re-labellings, only 90 had a t-
value > 2.27 (the original labelling).

I.e. there is only a ~1.8% (90/5000) chance 
of obtaining a value > 2.27 if there is no 

difference between the groups

C.f. p(x   2.27) = 1.79% for t18
5000 re-labellings. Phew!

�

Original 
labelling

A simple permutation test
• We can permute the data itself to create a distribution 

that we can use to test our statistic.

+ Makes very few assumptions about the data

+ Works for any test statistic



And we can use this for any statistic

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

But, can we trust it?



Group 1

Group 2

2nd level
 model

Our group 
difference map

max(t)=4.65

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

And we can use this for any statistic

But, can we trust it?



Permuted
 model

Permuted group 
difference map

max(t)=8.23

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

Group 1

Group 2

And we can use this for any statistic

But, can we trust it?



2nd 
Permutation

2nd permuted 
map

max(t)=5.43

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

Group 1

Group 2

And we can use this for any statistic

But, can we trust it?



3rd 
Permutation

3rd permuted 
map

max(t)=5.84

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

Group 1

Group 2

And we can use this for any statistic

But, can we trust it?



5000 permutations

3925 permutations 
yielded higher 

max(t)-value than 
original labelling.
We cannot reject 

the null-hypothesis.

Original 
labelling

We compared activation 
by painful stimuli in two 
groups of 5 subjects 
each.

This is what we got
Very intriguing 
activation. t8 = 4.65

Group 1

Group 2

And we can use this for any statistic

But, can we trust it?



But beware the “exchangeability”

• When we swap the labels of two data-points we need to 
make sure that they are “exchangeable”

• I will start to explain “exchangeability” through a case 
that is not

• But first we need to learn about covariance matrices

Height and weight 
of a random 

sample of Swedish 
men



• When we swap the labels of two data-points we need to 
make sure that they are “exchangeable”

• I will start to explain “exchangeability” through a case 
that is not

• But first we need to learn about covariance matrices

Covariance matrices

Mean height ≈181 cm

Mean weight ≈79.4 kg
Characterised 
by two means



• When we swap the labels of two data-points we need to 
make sure that they are “exchangeable”

• I will start to explain “exchangeability” through a case 
that is not

• But first we need to learn about covariance matrices

And a 
covariance -

matrix
⌃ =


130 52
52 165

�
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Covariance matrices



• When we swap the labels of two data-points we need to 
make sure that they are “exchangeable”

• I will start to explain “exchangeability” through a case 
that is not

• But first we need to learn about covariance matrices

⌃ =

2

4
130 52 4.8
52 165 69
4.8 69 156

3

5
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Covariance matrices



• When we swap the labels of two data-points we need to 
make sure that they are “exchangeable”

• I will start to explain “exchangeability” through a case 
that is not

• But first we need to learn about covariance matrices

⌃ =
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Covariance matrices



• You may, or may not, have seen this slide in the 1st level 
GLM talk.

1st level fMRI data is not exchangeable

= X �

�
�1

�2

�

+
Gaussian noise 

(temporal autocorrelation)Design MatrixData from  
a voxel

Regressor, 
Explanatory Variable (EV)

Regression parameters, 
Effect sizes

y

=

e

+

x1 x2
This time we will 
look more closely 

at this part

e ⇠ N(0,⌃)
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Our old friend “the 
covariance matrix”



• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable



• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

…

…

If we sample this every 20 seconds it no longer looks “smooth”



• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

Variance 
at point 1

Variance 
at point 2

Covariance 
between points 

1 and 2

e ⇠ N(0,�2I)
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• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

…

But that is not a realistic TR. What about every 3 seconds?



• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

Variance 
at point 1

Variance 
at point 2

Covariance 
between points 

1 and 2



• Let us now return to our model again

1st level fMRI data is not exchangeable

= X �

�
�1

�2

�

+
Gaussian noise 

(temporal autocorrelation)Design Matrix
Data from  

a voxel

Regressor, 
Explanatory Variable (EV)

Regression parameters, 
Effect sizes

y

=

e

+

x1 x2

• The model consists 
of our regressors X 
and the noise model  

• All permutations 
must result in 
“equivalent models”

• Let us now see what 
happens if we swap 
two data-points 
(points 5 and 10)

e ⇠ N(0,⌃)
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• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

“Point” 10 now 
covaries with 
points 4 and 6

“Point 5” now 
covaries with 

points 9 and 11

And the models 
are no longer 

equivalent



• One important component of noise in fMRI consists of 
physiological/neuronal events convolved by the HRF

1st level fMRI data is not exchangeable

And the models 
are no longer 

equivalent

And for a random 
permutation …



• Data-points are not “exchangeable” if swapping them 
means that the noise covariance-matrix ends up looking 
different.

• Formally we say that “The joint distribution of the data 
must be unchanged by the permutations under the null-
hypothesis”.

• If the noise covariance-matrix has non-zero off-diagonal 
elements (covariances) you need to beware.

• You typically never estimate or see the covariance-
matrix. You need to “imagine it” and determine from that 
if there is a problem.

Back to exchangeability



Examples of exchangeability: 
Two groups unpaired

This is the “exchangeability 
group”. Here all scans are 
in the same group, which 
means any scan can be 

exchanged for any other.

N.B. The “group” labelling 
is used for completely 

different purposes when 
using FLAME/GRFT



The implicit assumption 
here is that data from all 
subjects have the same 
uncertainty and are all 

independent 

Assumed covariance matrix

Examples of exchangeability: 
Two groups unpaired



1
2
3
4
5
6
7
8
9

10

Original

6
3
7
8
5
1
2
4
9
10

Perm 1

6
1
7
4
9
5
8
3
10
2

Perm 2 …

Examples of exchangeability: 
Two groups unpaired



1
2
3
4
5
6
7
8
9

10

Original

6
3
7
8
5
1
2
4
9
10

Perm 1

6
1
7
4
9
5
8
3
10
2

Perm 2

1
7
6
9
4
2
8
5
3
10

Perm 3

N.B. Equivalent
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Examples of exchangeability: 
Two groups unpaired



Examples of exchangeability:
Single group average

Here we model a single 
mean and want to know if 
that is different from zero

But there isn’t really 
anything to permute, or 

is there?



Examples of exchangeability:
Single group average

+
+
+
+
+
+
+
+
+
+

Original

t = �0.17
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Examples of exchangeability:
Single group average

+
-
+
-
-
+
+
-
+
+

First flip

t = �0.09
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t = 1.54
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Etc …

…



Examples of exchangeability:
Single group average

• Symmetric errors

• Errors independent

• Subjects drawn from a single population

And the assumptions are:



Examples of exchangeability:
Two groups paired

Here we can only 
exchange scans within 

each subject. I.e. Input 1 
for Input 2, Input 3 for 

Input 4 etc



Assumed covariance matrix

The implicit assumption here 
is that data from all subjects 
have the same uncertainty 

and that there is no 
dependence between subjects 

Allowed swap

Examples of exchangeability:
Two groups paired



Assumed covariance matrix

The implicit assumption here 
is that data from all subjects 
have the same uncertainty 

and that there is no 
dependence between subjects 

Disallowed swap

Examples of exchangeability:
Two groups paired
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Perm 2 …

Examples of exchangeability:
Two groups paired



Examples of exchangeability:
blocked ANOVA

Same as previous: We can 
only swap labels within 

each subject



Assumed covariance matrix

Assumptions: All subjects 
from the same “population”, 

no dependence between 
subjects and “compound 

symmetry” within subjects

Allowed swap

Examples of exchangeability:
blocked ANOVA
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blocked ANOVA



Assumed covariance matrix

Assumptions: All subjects 
from the same “population”, 

no dependence between 
subjects and “compound 

symmetry” within subjects

No longer  
allowed swap

Examples of exchangeability:
blocked ANOVA



My advice: Keep it simple!
Each subject 

scanned like this

Taking 4 contrasts 
to 2nd level

We want to find areas that 
respond “linearly” to pain.



My advice: Keep it simple!

Each subject 
scanned like this

Taking 4 contrasts 
to 2nd level

Repeating this for four subjects 



My advice: Keep it simple!

You have to assume 
this covariance matrix

And figure out this 
contrast
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Why put yourself 
through all that pain?



My advice: Keep it simple!

Much nicer, no?
When you can take a 
single contrast from 

the first level

And get this at the 
second level

Assuming only 
symmetric errors



Warning pertaining to FSL 6.0.1

Do not use the Model setup 
wizard together with 

Randomise in FSL 6.0.1


