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Abstract 
We describe a novel hybrid method to threshold FMRI group statistical maps derived from 
voxelwise second-level statistical analyses. The proposed Equitable Thresholding and 
Clustering (ETAC) approach is grounded in two ideas: (i) reducing the dependence of 
clustering results on arbitrary parameter values by using multiple sub-tests—each 
equivalent to a “standard” FMRI clustering analysis—to make decisions about which groups 
of voxels are potentially “significant”, then combining the results of each sub-test to decide 
which voxels are "accepted" ; and (ii) adjusting the cluster-thresholding parameters of each 
sub-test from (i) in an equitable way—so that the individual false positive rates (FPRs) are 
balanced across sub-tests and voxels—to achieve a desired global FPR (e.g., 5%). ETAC 
is independent of parametric assumptions about the spatial correlation of FMRI noise, 
because resampling methods are used to simulate the null (noise-only) distribution required 
to compute the FPR evaluations required in (ii). Resting FMRI datasets, analyzed with 
pseudo-task timings to provide a null model, were used to show the accuracy of the ETAC 
FPR control. A task FMRI data collection was used to compare ETAC’s true positive 
detection power vs. a standard cluster detection method, with ETAC providing equivalent or 
favorable results. Additionally, an important general note on the use of one-sample t-tests 
in neuroimaging is also made, based on an examination of the variability of cluster results. 
 
Introduction 
One of the most common (if not ​the ​ most common) methods used for group level FMRI 
statistical map decision making is ​dual thresholding​ of statistical parametric maps.  In most 
software, this is (schematically) performed in two successive steps: 

A. At each voxel, reject any voxel whose test statistic likelihood (​p ​-value) is larger than 
some user-selected ​p ​-threshold (1- or 2-sided tests can be used; 1-sided are more 
common in FMRI practice); 

B. Among the surviving voxels, accept only those that form neighborhoods with other 
surviving voxels in a cluster of some threshold size or larger. 

The per-voxel statistic thresholding (step A) is easy to apply, since the voxelwise ​t​-statistic 
with known degrees of freedom (for example) can be directly converted to a ​p ​-value. For 
the cluster thresholding (step B), determining a cluster-size threshold that results in a 
desired global false positive rate (FPR) for a given voxelwise ​p ​-threshold is nontrivial and 
does not have an exact closed-form solution.  There are two main categories of standard 
approaches to this latter problem. The method used in SPM (Worsley & Friston, 1994; 
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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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And then in 2016, this paper came out…



Which had the following statement in the Highlights section of the paper …

“These results question the validity of some 40,000 fMRI studies 
and may have a large impact on the interpretation of 
neuroimaging results”

40,000



Which generated …



And in the Scientific community...



Later the Highlights where changed…

From:

“These results question the 
validity of some 40,000 fMRI 
studies and may have a large 
impact on the interpretation 
of neuroimaging results”

To:
“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.”





Eklund is still at it…



How do you solve the Multiple Comparison 
problem? 

Family-wise error rate (FWER):defined as the probability of obtaining at least one false 
positive in a family of tests

False discovery rate (FDR): defined as the proportion of false positives among all rejected 
tests.

Bonferroni    
Random Field Theory



Random Field Theory (RFT)

• Random field theory provides a 
method to determine statistical 
threshold while controlling FWE rate

• t-maps (or Z, F and C2) modeled as 
realizations of a random process

• Takes into account smoothness AND 
number of activated voxels



How to measure smoothness

• AFNI – 3dFWHMx



Source: Cox et al. FMRI Clustering in AFNI: False-Positive Rates Redux, Brian Connectivity (2017) 
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Figure 3. An example comparison of the original Gaussian fit (green) and the globally estimated 

empirical ACF values (black) from a single subject, which have large differences (importantly, in the 

tail drop-off above r ~ 8 mm).  The proposed mixed model (red) after fitting parameters as described in 

Eq. (3) provides a much better fit of the data in this case (and in all cases in the datasets used herein).  

This plot is automatically generated in program 3dFWHMx. 
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Usage: 3dFWHMx [options] dataset

**** NOTICE ****
You should use the '-acf' option (which is what afni_proc.py uses now).
The 'Classic' method giving just a Gaussian FWHM can no longer be
considered reliable for FMRI statistical analyses!
****************

>>>>> 20 July 2017: Results from the 'Classic' method are no longer output!
>>>>> If you want to see these values, you must give the
>>>>> command line option '-ShowMeClassicFWHM'.
>>>>> You no longer need to give the '-acf' option, as it
>>>>> is now the default method of calculation (and
>>>>> cannot be turned off). Note that if you need the
>>>>> FWHM estimate, the '-acf' method gives a value
>>>>> for that as its fourth output.
>>>>> Options and comments that only apply to the 'Classic' FWHM estimation
>>>>> method are now marked below with this '>>>>>' marker, to indicate that
>>>>> they are obsolete, archaic, and endangered (as well as fattening).

>>>>> Unlike the older 3dFWHM, this program computes FWHMs for all sub-bricks
>>>>> in the input dataset, each one separately. The output for each one is
>>>>> written to the file specified by '-out'. The mean (arithmetic or geometric)
>>>>> of all the FWHMs along each axis is written to stdout. (A non-positive
>>>>> output value indicates something bad happened; e.g., FWHM in z is meaningless
>>>>> for a 2D dataset; the estimation method computed incoherent intermediate results.)

(Classic) METHOD: <<<<< NO LONGER OUTPUT -- SEE ABOVE >>>>>
- Calculate ratio of variance of first differences to data variance.
- Should be the same as 3dFWHM for a 1-brick dataset.
(But the output format is simpler to use in a script.

https://afni.nimh.nih.gov/pub/dist/doc/program_help/afni_proc.py.html
https://afni.nimh.nih.gov/pub/dist/doc/program_help/3dFWHM.html


**----------------------------------------------------------------------------**
************* IMPORTANT NOTE [Dec 2015] ****************************************
**----------------------------------------------------------------------------**
A completely new method for estimating and using noise smoothness values is
now available in 3dFWHMx and 3dClustSim. This method is implemented in the
'-acf' options to both programs. 'ACF' stands for (spatial) AutoCorrelation
Function, and it is estimated by calculating moments of differences out to
a larger radius than before.

Notably, real FMRI data does not actually have a Gaussian-shaped ACF, so the
estimated ACF is then fit (in 3dFWHMx) to a mixed model (Gaussian plus
mono-exponential) of the form

ACF(r) = a * exp(-r*r/(2*b*b)) + (1-a)*exp(-r/c)
where 'r' is the radius, and 'a', 'b', 'c' are the fitted parameters.
The apparent FWHM from this model is usually somewhat larger in real data
than the FWHM estimated from just the nearest-neighbor differences used
in the 'classic' analysis.

The longer tails provided by the mono-exponential are also significant.
3dClustSim has also been modified to use the ACF model given above to generate
noise random fields.

**----------------------------------------------------------------------------**
** The take-away (TL;DR or summary) message is that the 'classic' 3dFWHMx and **
** 3dClustSim analysis, using a pure Gaussian ACF, is not very correct for **
** FMRI data -- I cannot speak for PET or MEG data. **
**----------------------------------------------------------------------------**



Output:

Code:



Topology of Random Fields

• Euler Characteristic (EC) is 
a measure of the 
‘roughness’ of a random 
field
• In neuroimaging number of 

blobs (aka clusters) that 
remain after thresholding 
at a particular p-value 
defines EC (minus 
holes/hollows)



3dClustSim
Usage: 3dClustSim [options]

Program to estimate the probability of false positive (noise-only) clusters.
An adaptation of Doug Ward's AlphaSim, streamlined for various purposes.

-----------------------------------------------------------------------------
This program has several different modes of operation, each one involving
simulating noise-only random volumes, thresholding and clustering them,
and counting statistics of how often data 'survives' these processes at
various threshold combinations (per-voxel and cluster-size).

OLDEST method = simulate noise volume assuming the spatial auto-correlation
function (ACF) is given by a Gaussian-shaped function, where
this shape is specified using the FWHM parameter. The FWHM
parameter can be estimated by program 3dFWHMx.

** THIS METHOD IS NO LONGER RECOMMENDED **

NEWER method = simulate noise volume assuming the ACF is given by a mixed-model
of the form a*exp(-r*r/(2*b*b))+(1-a)*exp(-r/c), where a,b,c
are 3 parameters giving the shape, and can also be estimated
by program 3dFWHMx.

** THIS METHOD IS ACCEPTABLE **

NEWEST method = program 3dttest++ simulates the noise volumes by randomizing
and permuting input datasets, and sending those volumes into
3dClustSim directly. There is no built-in math model for the
spatial ACF.

** THIS METHOD IS MOST ACCURATE AT CONTROLLING FALSE POSITIVE RATE **
** You invoke this method with the '-Clustsim' option in 3dttest++ **

https://afni.nimh.nih.gov/pub/dist/doc/program_help/3dFWHMx.html
https://afni.nimh.nih.gov/pub/dist/doc/program_help/3dttest.html


-16-

ClustSim:	Table	of	Sizes	Found
size count
1  1830
2 2106
3 1572
4 1204
5 792
6 595
7 405
8 302
9 177

10 127

11 82
12 45
13 44
14 32
15 12
16 13
17 11
18 9
19 6
20 5

21 2
22 3
23 0
24 3
25 0
26 1
27 0
28 0
29 1

Out of 10000 simulations

Smallest cluster size with < 500 false positives (5% FPR) above

Add up 
until total 
just less 
than 500

Figure stolen from Bob Cox’s ETAC slides



Output from 
ClustSim





3dttest++
* The new-ish options '-Clustsim' and '-ETAC' will use randomization and
permutation simulation to produce cluster-level threshold values that
can be used to control the false positive rate (FPR) globally. These
options are slow, since they will run 1000s of simulated 3D t-tests in
order to get cluster-level statistics about the 1 actual test.

-Clustsim = With this option, after the commanded t-tests are done, then:
(a) the residuals from '-resid' are used with '-randomsign' to
simulate about 10000 null 3D results, and then

(b) 3dClustSim is run with those to generate cluster-threshold
tables, and then

(c) 3drefit is used to pack those tables into the main output
dataset, and then

(d) the temporary files created in this process are deleted.

-resid q = Output the residuals into a dataset with prefix 'q'.
++ The residuals are the difference between the data values

and their prediction from the set mean (and set covariates).

https://afni.nimh.nih.gov/pub/dist/doc/program_help/3drefit.html


Equitable Thresholding and Clustering - ETAC

ETAC approach is grounded in two ideas: 
(i) reducing the dependence of clustering results on arbitrary parameter values by using multiple sub-tests—

each equivalent to a “standard” FMRI clustering analysis—to make decisions about which groups of voxels are 
potentially “significant”, then combining the results of each sub-test to decide which voxels are "accepted" ; 

(ii) adjusting the cluster-thresholding parameters of each sub-test from (i) in an equitable way—so that the 
individual false positive rates (FPRs) are balanced across sub-tests and voxels—to achieve a desired global 
FPR (e.g., 5%). 
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Equitable Generalizations of Dual Thresholding 
Figure 1 shows a schema for judging all possible clusters in a brain mask (i.e., globally).  A 
point (​S​,​C ​) in this configuration space represents a cluster of ​C ​neighboring voxels, each of 
which is individually “more significant” than ​S ​(representing ​t​,​ z ​, -log( ​p​), or other similar 
statistic).  The dual thresholding approach for finding significant clusters is also shown: 
first, a voxel threshold is chosen (a value along the abscissa, e.g., ​S* ​), which delimits part 
of the configuration space;  one then determines a cluster-size ​C* ​which further delimits the 
configuration space to the dark shaded region, for a desired global (i.e., within brain mask) 
FPR 𝜛 (cursive Greek “pi”). Thus, ​C* ​depends on both ​S​ and 𝜛; in general, for a given 
FPR, the cluster-size threshold ​C*=C ​(​S* ​,𝜛) is a decreasing function of per-voxel threshold 
significance ​S* ​, as shown (the solid black curve).  There is a tradeoff implicit in the dual 
thresholding approach: a more stringent per-voxel threshold (moving the shaded region 
rightwards) allows for detection of smaller clusters (the shaded region extends further 
downwards). The function ​C ​(​S​,𝜛) is determined by simulation in AFNI and by an 
approximate asymptotic formula in SPM. 
  

Figure 1. Graphical view of the dual thresholding tradeoff.  All voxels that meet a voxelwise threshold 
and a cluster-size (contiguity) threshold are kept—the gray region indicates the combinations that 
pass a particular instance of this procedure: each voxel’s statistic must pass a first significance 
threshold ​S*​, and the number of contiguous voxels (in a single cluster) must be above a second 
threshold ​C*​. The thick black curve ​C ​(​S​,𝜛) indicates the cluster-size threshold that gives a fixed 
global FPR 𝜛 (e.g., 5%) as a function of the per-voxel threshold ​S​; 𝜛 is the probability that a 
noise-only cluster falls into the gray region. See the main text for discussion of named clusters J-M. 
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important to note that we cannot use the original ​C ​(​S​,𝜛) tradeoff curve (from the mono- ​S 
case) to calculate the cluster threshold for each sub-test; this would lead to a final FPR that 
is larger than the desired 𝜛, since more potential voxel configurations are allowed with the 
use of multiple ​S​-thresholds than with a single ​S​-threshold. It is thus necessary to find an 
𝜛​✭​

 ​< 𝜛​G​ (subscript “G” for “goal”) such that using the ​C​(​S​,𝜛​✭​) for the individual sub-tests 
will achieve the desired 𝜛​G​ in the final combined simulations. That 𝜛​✭​ value then defines 
the multi- ​p​-threshold clustering algorithm when applied to the original voxelwise statistical 
tests. We do not make the Bonferroni correction 𝜛​✭​=𝜛​G​/4 among these four tests. This 
correction would be very conservative, as indicated by the strong overlap among the 
individual mono-​p ​-threshold regions in Fig. 2. We describe in detail how 𝜛​✭​ is adjusted (via 
simulation) to make the final FPR equal to 𝜛​G​ in the Appendix. 
 

Figure 2. Thresholding as in Fig. 1, but using four different per-voxel ​p​-thresholds at once (vertical 
dotted lines), each using its own cluster-size threshold (horizontal dotted lines).  The FPR for the gray 
region (the union of four mono- ​p​-threshold rectangles), if constructed above the solid black curve 
C ​(​S,​𝜛), would be larger than the desired 𝜛 (FPR for the gray rectangle shown in Fig. 1), since this 
union region would include more possible voxel configurations. To compensate for that and maintain 
a nominal (5%) FPR, the cluster-size threshold curve from Fig. 1 (solid curve) must be raised to a 
higher level by picking a curve ​C​(​S​,𝜛​✭ ​) with an 𝜛​✭​ ​<​ ​5% (dashed).  Which 𝜛​✭​ should be chosen is 
determined by simulating this multi- ​p-​thresholding process—just as the curve ​C​(​S​,𝜛) for the original 
dual threshold method is determined (in AFNI) by simulating the mono- ​p​-threshold procedure. 
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And then in 2016, this paper came out…
Simulation

Paired t-test 

Go x NoGo

N = 36 

Average ate =  12

ADHD



Script for simulations 

Generated 8.1 GB of data in the process
Took 2 hours to process on this laptop: 2.3GHz i5, 8GB ram



3dClustSim – output





ClustSim from 3dttest++



ETAC Output
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