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Abstract: A significant challenge for fMRI research is statistically controlling for false positives
without omitting true effects. Although a number of traditional methods for multiple comparison
correction exist, several alternative tools have been developed that do not rely on strict parametric
assumptions, but instead implement alternative methods to correct for multiple comparisons. In this
study, we evaluated three of these methods, Statistical non-Parametric Mapping (SnPM), 3DClustSim,
and Threshold Free Cluster Enhancement (TFCE), by examining which method produced the
most consistent outcomes even when spatially-autocorrelated noise was added to the original
images. We assessed the false alarm rate and hit rate of each method after noise was applied
to the original images.
Keywords: fMRI; multiple comparison correction; statistical non-parametric mapping; 3DClustSim;
threshold-free cluster enhancement

1. Introduction
Correcting for multiple comparisons to avoid false positives in fMRI studies has been a significant
issue in the field of neuroscience. Because the analysis of fMRI data involves comparisons between
more than a hundred thousand brain voxels, failing to control the false positive rate could result in
misleading findings [1]. For example, let us assume that we intend to conduct a t-test on fMRI
images that consist of 91 × 109 × 91 (standard MNI template) = 902,629 voxels in each image.
If we do 902,629 tests on the same image and employ the default p-value threshold, p < 0.05,
without correction, the likelihood to encounter Type I error at least once during statistical analysis
becomes 1 − (1 − 0.05)902,629 ≈ 1, which is way greater than the initially-intended p-value, 0.05. In this
situation, if we naively apply the default threshold without any correction, then we are likely to
encounter nearly 902,629 × 0.05 ≈ 45,413 errors [2]. To address this issue, analysis tools widely used by
researchers (e.g., Statistical Parametric Mapping (SPM), the FMRIBSoftware Library (FSL), Analysis of
Functional NeuroImages (AFNI)), employ various statistical methods. For example, the Family-Wise
Error (FWE) correction based on Random Field Theory (RFT) or Bonferroni’s method, which controls
the likelihood of false positives in analysis, have been implemented in analysis software [2]. The False
Discovery Rate (FDR) correction method [3] has also been used as a measure that controls for false
positives and is more sensitive and less likely to produce Type II error. These correction methods are
implemented in the tools as a part of default analysis procedures. The tools automatically calculate
the corrected threshold based on the number of tested voxels and that of voxels reporting significant
activity before correction while analyzing fMRI image files.
Although the aforementioned correction methods have attempted to address the issue of inflated
false positives in fMRI research and have been widely used in the field, there are debates regarding
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the performance of these tools [4–6]. Some argue that these tools might also inflate false positives [7].
For instance, although users expect that tools correct the actual p-value to 0.05, so that the value becomes
identical to the intended nominal p-value, 0.05, the tools are likely to produce an actual p-value > 0.05,
which is erroneous and may lead to incorrect analysis results. Eklund et al. [7] argued that such an
issue can occur while analyzing fMRI images with ordinary correction methods because the methods
seem to rely on problematic statistical assumptions related to the noise and spatial smoothness.
Inflated false positives is a particularly challenging issue in the field of cognitive neuroscience,
particularly that which deals with higher order cognition, such as social cognition [8]. Scholars in
the field often examine the neural correlates of psychological processes that are not well defined and
may be less easily observable than, for example, sensory-motor processes in which there is often less
variability between trials and between subjects [9]. Furthermore, the measurement of small effect sizes
and experiments that often have low statistical power are major issues in the fields [10]. Particularly
for cognitive neuroscience that addresses higher order cognition, finding a balance between Type I
and Type II error has been a challenge. Establishing a correction method for multiple comparisons
that is more likely to achieve this balance may help to improve our confidence in the results of
individual studies.
In this situation, we may consider alternative thresholding methods as potential solutions.
Researchers have developed tools implementing correction methods that are not based on
parametric statistics (e.g., Statistical NonParametric Mapping (SnPM) [11], Threshold Free Cluster
Enhancement (TFCE) [12], 3DClustSim [13,14]). Compared with the traditional correction methods,
the aforementioned tools tend to rely on fewer assumptions related to the empirical null hypothesis [15],
so they are less likely to cause statistical issues that are associated with parametric assumptions that
constitute the basis of classical analysis methods. These new thresholding methods are adopted in the
widely-used analysis tools as a function (TFCE in FSL and 3DClustSim in AFNI) or toolbox (SnPM
in SPM).
First, SnPM is implemented as a toolbox for SPM using MATLAB. SnPM utilizes permutations
that correct for multiple comparisons with fewer parametric assumptions pertaining to the empirical
null hypothesis compared to parametric-based methods [15]. SnPM utilizes the general linear model
method to create images containing pseudo t-scores; the created images are tested for significance
using the non-parametric multiple comparison method with permutations [16]. This tool supports
both cluster-wise and voxel-wise inference based on FWE, as well as FDR [16].
Second, 3DClustSim is implemented in AFNI. 3DClustSim employs Monte Carlo simulation
of Gaussian noise to estimate the probability of false positive clusters [13]. 3DClustSim determines
“a cluster-size threshold for a given voxel-wise p-value threshold, such that the probability of anything
surviving the dual thresholds is at some given level [17].” The original version of 3DClustSim assumed
a Gaussian-shaped autocorrelation function, but recent studies have shown that this assumption might
inflate false positives [4,7,13]. Thus, the recently-updated version fixed this issue and provided a new
option to use the independently-calculated spherical autocorrelation function parameters [4,13].
Third, TFCE is currently implemented in the randomize function in FSL [18]. TFCE re-weights the
resultant t or F statistics of every voxel based on the statistics of adjacent voxels; the raw statistics at each
point are re-weighted and replaced with the weighted average of the integral (or sum) of the statistics
of voxels below that point [12,19]. As a result, in TFCE “the voxel-wise values represent the amount of
cluster-like local spatial support” (Smith and Nichols, 2009, p. 83) without requesting users to set a
specific cluster-wise threshold. Recently, equitable thresholding and clustering, which implements
similar functionality, has been developed for use in AFNI [20].
Although three aforementioned methods can be considered as alternative thresholding methods,
there have not been many previous studies that examined whether the methods perform properly as
intended in realistic situations. Thus, it is necessary to evaluate these tools to figure out which may
be most appropriate for reducing false positives. In the present study, we intended to approach the
issue from the end users’ perspective. We focused on concrete datasets that were collected from a
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limited number of participants, which have been widely recruited in cognitive neuroscience studies,
with default setting values provided by the analysis tools, which are usually employed by ordinary
end users.
One of the issues that arises when attempting to evaluate methods for multiple comparison is that
it is not possible to determine what the “true” pattern of activity should be, nor is there a gold standard
for evaluation. The majority of previous studies evaluating methods for multiple corrections utilized
data collected from basic perception and clinical and behavioral experiments or used simulation data
as the basis for evaluation [2,7,11]. However, the resultant effect size for these findings was large
compared to the effect sizes typically observed in studies of higher order cognition. Furthermore,
the “correct” neural activity was more easily predicted than in studies of higher order cognition.
Hence, in order to enable the evaluation of these tools for multiple comparison correction within the
context of cognitive neuroscience with real datasets, we evaluated false alarm and hit rates when noise
was added to the original images. For instance, a previous study conducted by Han and Glenn [8]
evaluated thresholding methods implemented in SPM 12 by comparing thresholded outcomes with
results from meta-analysis [21].
Because we used real experimental fMRI data, we decided to examine whether each thresholding
method could produce consistent outcomes even after noise was added to the original images as a
way to evaluate whether each method avoided false positives while maintaining sensitivity. We used
a false positive rate and hit rate as our two indicators in order to evaluate the propensity to inflate
false positives and sensitivity of each method, respectively. This evaluation method was used in
a previous study evaluating classical and Bayesian inference methods that were implemented in
SPM12 [22]. We aim to employ the indicators used in this previous study to evaluate the performances
of alternative thresholding methods, SnPM, 3DClustSim, and TFCE, in the present study. Assessing
the aforementioned consistency would be a possible and practical way to evaluate the performance of
the methods without relying on the “true” pattern as a gold standard. Since there have not been any
prior studies that compared the alternative thresholding methods with real image datasets, our study
is exploratory and does not intend to confirm any a priori hypotheses.
The Present Study
In the present study, we aimed to evaluate SnPM, 3DClustSim, and TFCE, which are implemented
in the three most frequently-used analysis tools, by examining whether they were able to produce
consistent results when spatially-autocorrelated noise was added to the images. The comparisons
between the results from the analyses of the images with and without noise were performed to examine
whether the tested correction methods were able to produce consistent results even in the presence
of noise and thus be considered reliable. The aforementioned methods based on permutations were
evaluated in the context of cognitive neuroscience experiments.
To perform the evaluation, we reanalyzed two sets of fMRI statistical image files that were
available via the internet. First, we reanalyzed statistical contrast images from a moral psychology
experiment (the moral psychology fMRI dataset) in which participants read and responded to the
moral dilemmas developed by Greene et al. [23] and utilized by Han et al. [24]. Second, we reanalyzed
a different dataset of statistical contrast images, the working memory dataset. This dataset was created
from a cognitive neuroimaging study that examined the neural correlates of three-back working
memory processing [25]. We used a part of this dataset that contained images collected from fifteen
participants and reanalyzed them to examine the generalizable neural representation of high-order
cognitive control [26]. The acquired functional brain images were reanalyzed and thresholded with
the three different permutation-based tools. Then, we added spatially-autocorrelated noise to the
original images and performed the thresholding processes with the tools again. We decided to do
this because prior research paid attention to the spatially-correlated noises, such as physiological and
hardware-related noises, as major concerns in data processing (e.g., [27]). Finally, we compared the

Brain Sci. 2019, 9, 198

4 of 12

results from the analyses of the original images and noise-added images to test whether thresholding
methods can produce consistent outcomes even in the presence of noise.
2. Materials and Methods
2.1. Subjects and Materials
The datasets used in this study was comprised of two fMRI datasets available online,
which provided access to statistical images from first-level analyses for: (1) sixteen participants
who completed a moral dilemma task and (2) fifteen participants who completed a working memory
task. For the present study, we first reanalyzed previously-collected social cognition fMRI data [24]
that were acquired while subjects were solving moral dilemmas developed by Greene et al. [23] and
Greene et al. [28]. The dilemma set consisted of a total of 60 dilemmas including 22 moral-personal,
18 moral-impersonal, and 20 non-moral dilemmas. A total of sixteen participants were involved in
the experiment. The original fMRI images that were acquired during the experimental sessions were
preprocessed with SPM 8. Han et al. [24] used the RETROICORand RVHRCORmethods to remove
physiological artifacts that originated from respiratory and cardiac activities [29,30]. After removing the
artifacts, slice time correction, scan drift correction, motion correction, co-registration normalization
(into SPM 8’s standard MNI space (79 × 95 × 68 voxels, 2 × 2 × 2 mm3 per voxel)), and spatial
smoothing (with Gaussian FWHM = 8 mm) were performed. In the present study, we used
contrast images that were created from first-level analysis that compared activity between moral
(moral-personal + moral-impersonal) versus non-moral conditions. The moral psychology fMRI
dataset is available via NeuroVault (https://neurovault.org/collections/3035/) [31].
Second, we reanalyzed the working memory task dataset with the same thresholding methods.
This dataset was initially collected to examine the association between the neural correlates of working
memory processing and personality traits [25]. For the present study, we used a reprocessed dataset
that was created from the original dataset by a group of neuroimaging researchers who intended
to illuminate the generalizability of the neural circuitry underlying higher order cognition [26].
This modified dataset contained contrast images from fifteen participants. DeYoung et al. [25] used
SPM 2 for preprocessing and analysis. The collected images were realigned using INRIAlignto correct
for movement, normalized to the MNIspace, resampled into 3-mm isotropic voxels, and smoothed
with an 8-mm FWHM Gaussian kernel. The contrast used for the reanalysis was “3-back working
memory versus baseline.” The dataset is available to the public and was downloaded from a lab
repository (https://canlabweb.colorado.edu/files/MFC_Generalizability.tar.gz) [32].
2.2. Procedures
2.2.1. fMRI Data Reanalysis
First, we reanalyzed the moral psychology fMRI dataset by conducting second-level analysis of
the shared contrast images, which were created from first-level analysis, with SPM 12. According to
the description of the moral psychology fMRI study, the original functional images were smoothed
using an 8-mm full-width at half-maximum Gaussian kernel [24]. We composed a custom MATLAB
code in order to add spatially-autocorrelated noise to each original contrast image for our evaluation.
We performed the addition of the noise on a research computing cluster, the UAHPC, to facilitate the
required large matrix-related operations. Second, in addition to the aforementioned moral psychology
fMRI data, we also analyzed one additional higher order cognition fMRI dataset available in a public
lab repository. Because the shared files were contrast image files that were created from first-level
analyses, we conducted second-level analysis of the image files for our evaluation. Similar to the
moral psychology fMRI dataset, the functional images in this dataset were also smoothed using an
8-mm full-width at half-maximum Gaussian kernel. We also performed the same procedures to add
spatially-autocorrelated noise to the original contrast images.
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We employed the three tools (i.e., SnPM, 3DClustSim, and TFCE) for multiple comparison
correction during the second-level analysis. When employing the correction methods, we attempted to
follow the guidelines (e.g., threshold setting) presented in official manuals or tutorials because they
reflect the settings usually employed by users [33], and we intended to evaluate the performance of
each tool from the perspective of users. As a result, we used p < 0.001 for the cluster-forming threshold
and p < 0.05 (FWE for SPM and SnPM, and 3DClustSim) for the cluster-wise threshold. In the case
of TFCE, which did not require any cluster-wise threshold setting, we used p < 0.05 for thresholding.
For all permutation-based methods, we performed permutations 5000 times.
To begin with, we first ran SnPM 13 implemented in SPM’s toolbox [11]. In addition, we applied
AFNI’s 3DClustSim to calculate the cluster size threshold. 3DClustSim was performed with two
different options. To test 3DClustSim, we first ran 3DClustSim with the mask image created from
SPM without activating the autocorrelation function (acf) option implemented in the updated AFNI,
which allows the estimation of non-Gaussian acf to improve the reduction of the false positive discovery
rate [13]. Second, we estimated parameters for the acf option by running the 3dFWHMxfunction
with the residual image created by SPM and performed 3DClustSim with the acf option. Finally,
we performed TFCE implemented in FSL [18]. For all second-level analyses using the aforementioned
correction methods, we used the contrast image created from the first-level analysis.
2.2.2. Noise-Added Image Creation for Evaluation
We evaluated the consistency of each method based on results from thresholding procedures
explained in the previous section. We investigated which voxels survived each thresholding method
by analyzing the original contrast images. Binary images containing surviving voxels were created
after performing each thresholding method. Then, we added spatially-autocorrelated noise to the
original contrast images. We utilized the spatially-autocorrelated noise since the noise in fMRI images,
such as the physiological noise, is likely to be spatially correlated according to previous research [7,34].
Because the original fMRI images were smoothed before statistical analysis and the noise in a specific
voxel is likely to be correlated with the noise in proximal voxels due to the presence of the global signal
and its segregation based on the type of a specific tissue (e.g., gray matter, white matter, ventricle),
the noise in fMRI images is likely to be spatially autocorrelated [35,36]. The spatially-correlated noise
would be a significant confounding factor in second-level analysis, so it would be a major issue that
should be addressed within the context of second-level analysis [37]. Hence, we intended to use the
spatially-autocorrelated noise, which has been regarded as a major confounding factor, in our analysis.
First, we created the spatial autocorrelation matrix with the residual time series image file (ResMS)
that was created from the analysis of the original images. The spatial autocorrelation between two
voxels can be calculated as follows:
ρ = a × exp(−

r2
r
) + (1 − a) × exp(− )
2
c
2×b

where r is the distance between those two voxels. The parameters, a, b, and c were calculated
with AFNI’s 3dFWHMx and the created ResMS image file [38,39]. Once the ResMS image file was
entered into the 3dFWHMx tool, it automatically calculated three parameters presented in the prior
equation, a, b, and c. Second, we calculated autocorrelation coefficients within cubes with a size of
30 × 30 × 30 voxels; this cube size was determined in the consideration of the available memory size
at the UAHPC research computing system. Third, we calculated spatially-autocorrelated white noise
with a customized MATLAB script titled correlatedGaussianNoise that is available via MathWorks File
Exchange [40] (further details regarding the noise addition algorithm is explained in and MATLAB
codes are shared via https://osf.io/jucgx/ [41]). The MATLAB script requires the aforementioned
three parameters, a, b, and c, as inputs to generate the noise. Those three parameter values can be
altered according to the result of 3dFWHMx by modifying lines in the MATLAB script that declare the
parameter values. Fourth, the magnitude of spatially-autocorrelated noise in each voxel was adjusted
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to 100% of the mean contrast strength of each contrast image. Once we created the noise-added images,
we performed the thresholding processes with the noise-added contrast images, examined surviving
voxels, and created binary images once again. The binary images created with the original and
noise-added contrast images were used for consistency evaluation. In the case of the analysis of images
with random noise, the evaluation processes were performed ten times per dataset.
2.2.3. Statistical Assessment of Consistency
We used two consistency indicators to evaluate whether each thresholding method can produce
a consistent outcome even after adding the spatially-autocorrelated noise to the images. The two
consistency indicators, false alarm, and hit rates were calculated for each dataset after adding noise to
the original image files in order to assess each method’s consistency. A false alarm rate is defined as
“the ratio of voxels marked as active from the analysis of noise-added images but as inactive from the
analysis of original images to voxels marked as active from the analysis of noise-added images” [22].
The hit rate is defined as “the ratio of voxels marked as active from both analyses to voxels marked
as active from the analysis of the original images” [22]. Although we did not use simulated images
containing true positives, the false alarm rate and hit rate can be similarly understood as an FDR and
sensitivity, respectively [2,22,33]. As mentioned in the Introduction, we were mainly interested in
whether the tested correction methods could produce consistent results even when images contained
noise. We used indicators for consistency to also indicate the performance of each correction method.
Hence, we decided to employ the aforementioned two indicators for our evaluation. We used a
lower false alarm rate and higher hit rate as indicators of better consistency. These two consistency
indicators were calculated by comparing the binary images created with the original and noise-added
contrast images.
We compared the consistencies between three thresholding methods. Because there were two
available options for SnPM (cluster-wise and voxel-wise inference) and 3DClustSim (with and without
acf option), a total of five conditions (SnPM cluster-wise, SnPM voxel-wise, 3DClustSim with acf,
3DClustSim without acf, and TFCE) were compared. We conducted an ANOVA by setting the false
alarm or hit rate as the dependent variable and the thresholding method as the independent variable.
These comparisons were performed for each dataset. In addition to the conventional examination of
p-values, we examined Bayes Factors (BF) to compare models and test each effect. According to the
suggested statistical guidelines, we considered 2 log BF < 2 as evidence “not worth more than a bare
mention,” 2 ≤ 2 log BF < 6 as “positive” evidence, 6 ≤ 2 log BF < 10 as “strong” evidence, and 2 log BF
> 10 as “very strong” evidence supporting our hypothesis [42,43]. Bayesian inference was utilized to
examine directly the strength of evidence supporting our hypothesis instead of using p-values and to
find the best model predicting outcomes among all possible candidate models. In fact, recent debates
about statistical testing have warned about using p-values and recommend the utilization of additional
testing methods [43–46]. After conducting the ANOVAs, we conducted classical and Bayesian post-hoc
tests to examine inter-condition differences. For the classical post-hoc test, we used Scheffe’s method
for correction.
3. Results
3.1. Thresholding Results with Different Methods
Table 1 demonstrates how many voxels survived after running the different correction tools.
The results are depicted in Figures S1–S6.
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Table 1. Surviving voxel number for each correction method.
Correction Method
Moral psychology fMRI data
SnPM voxel-wise p < 0.05 (FWE)
SnPM cluster-wise p < 0.05 (FWE)
3DClustSim cluster-wise p < 0.05
3DClustSim (acf) cluster-wise p < 0.05
TFCE
Working memory fMRI data
SnPM voxel-wise p < 0.05 (FWE)
SnPM cluster-wise p < 0.05 (FWE)
3DClustSim cluster-wise p < 0.05
3DClustSim (acf) cluster-wise p < 0.05
TFCE

Number of Surviving Voxels

cluster-forming p < 0.001
cluster-forming p < 0.001
cluster-forming p < 0.001
corrected p < 0.05

860
14,945
15,659
15,273
32,272

cluster-forming p < 0.001
cluster-forming p < 0.001
cluster-forming p < 0.001
corrected p < 0.05

820
15,291
15,426
15,291
20,403

3.2. Comparing Consistency Outcomes between SnPM, 3DClustSim, and TFCE
We compared consistency outcomes between SnPM, 3DClustSim, and TFCE with two datasets.
A series of Bayesian ANOVA and classical regression analyses was performed to examine which type
of applied thresholding method was significantly associated with differences in false alarm and hit
rates. False alarm and hit rates are presented in Figure 1.

Figure 1. Violin plots of calculated false alarm and hit rates in five different conditions. (Top-left)
Moral psychology fMRI false alarm rate. (Top-right) Moral psychology fMRI hit rate. (Bottom-left)
Working memory fMRI false alarm rate. (Bottom-right) Working memory fMRI hit rate. Conditions
that did not produce a significantly different false alarm or hit rate compared with each other are
represented with the same letter. The p-value threshold, p < 0.05, and Bayes factor threshold, 2 log
BF = 2, were applied.

The results of classical and Bayesian inference revealed whether the thresholding method type
was significantly associated with the false alarm or hit rate. When we examined the moral psychology
fMRI data, we found a significant main effect of the thresholding method type on both false alarm, F
(4, 45) = 69.92, p < 0.001, 2 log BF = 76.92, and hit rate, F (4, 45) = 28.09, p < 0.001, 2 log BF = 53.53. Results
of classical and Bayesian post-hoc tests demonstrated differences between thresholding methods. In the
case of the false alarm rate, TFCE showed a significantly lower false alarm rate, and SnPM voxel-wise
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inference showed a significantly higher false alarm rate compared with other methods. All these
inter-condition differences were significant at p < 0.05 (with Scheffe’s method) and 2 log BF > 6. In the
case of the hit rate, SnPM voxel-wise inference showed a significantly lower hit rate compared with
other methods. The same patterns were found from the working memory fMRI data. The main effect of
the thresholding type was significant for both false alarm, F (4, 45) = 99.21, p < 0.001, 2 log BF = 120.86,
and hit rates, F (4,45) = 9.80, p < 0.001, 2 log bf = 40.88. The results of post-hoc tests with this dataset
were identical to those with the moral psychology fMRI dataset.
4. Discussion
We evaluated tools implementing correction for multiple comparisons (i.e., SnPM, TFCE,
3DClustSim), which utilize permutations rather than relying on parametric assumptions, within
the context of social and cognitive neuroscience research. We used data from a moral psychology
fMRI experiment and a working memory fMRI experiment for our evaluation. In order to determine
which method showed the best consistency, we compared outcomes for contrast images that did
and did not contain spatially-autocorrelated noise. To quantify the consistency of each correction
method, we calculated the false alarm and hit rates. In general, TFCE produced the best false alarm
rate, while the hit rate was not significantly different across the methods except SnPM voxel-wise
inference, which showed a significantly worse hit rate.
Results from thresholding processes in terms of the number of surviving voxels provided
information regarding the conservativeness (or selectivity) and leniency (or sensitivity) of each
thresholding method (see Table 1 for further details). First, in general, the voxel-wise inference method,
SnPM voxel-wise inference in particular, produced the least number of surviving voxels compared
with other methods. This result is in line with the conservative nature of SnPM voxel-wise inference
that has been reported in previous research (for a review, see [15]). On the other hand, TFCE showed
the highest sensitivity given that it produced the greatest number of surviving voxels in our analyses.
This result is consistent with the prior research that compared TFCE and other methods and reported
its greater sensitivity compared with voxel-based and cluster-based thresholding methods [12]. Hence,
in terms of the selectivity and sensitivity of different thresholding methods, our study was able to
reproduce similar trends that have been found in previous studies.
In general, TFCE produced a significantly lower false alarm rate compared with the other methods.
Given this finding, TFCE is likely to show greater selectivity, even with noise, compared with other
thresholding methods [12,33]. This result is in line with the finding from a previous study that tested the
validity of TFCE [47]. This prior study showed that TFCE and cluster mass-based thresholding methods
better controlled the FWE rate compared with cluster extent and cluster height-based thresholding
methods. In addition, TFCE was less influenced by the signal-to-noise ratio, which is closely associated
with the presence and strength of noise, compared with other methods. Thus, it would be plausible
that TFCE would show a better false alarm rate, which is perhaps associated with a tendency to
indicate false positives, even with the presence of noise compared with other thresholding methods
in our study. Our study could provide additional evidence that may support the validity of TFCE in
terms of controlling the FWE rate with the analyses of real datasets.
Compared with the other methods, SnPM voxel-wise inference produced a relatively higher false
alarm rate and a lower hit rate. First, the resulting higher false alarm rate of SnPM voxel-wise inference
can be attributed to its conservativeness. As mentioned earlier, SnPM voxel-wise thresholding is more
conservative and likely to produce less surviving voxels compared with other methods in ordinary
cases [15]. In the calculation of the false alarm rate in our study, as introduced in the Methods Section,
the number of surviving voxels was used as a denominator. Because SnPM voxel-wise inference
initially produced fewer surviving voxels, the aforementioned denominator became smaller compared
with the cases of other thresholding methods, and the resulting false alarm might have become
significantly greater even with small changes in the surviving voxels after the addition of noise. Hence,
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it might be possible to conclude that SnPM voxel-wise inference is more susceptible to noise given its
higher false alarm rate.
Second, the method of thresholding for SnPM voxel-wise inference might contribute to its lower
hit rate compared with other methods. Unlike other methods, such as cluster-wise thresholding
methods that employ the cluster extent threshold and TFCE that examines the strengths of neighbor
voxels, SnPM voxel-wise inference does thresholding only based on each individual voxel’s contrast
value [15]. When noise is added to the original images, it is likely to increase the standard error value
in each voxel during the t-test [48], so the increased standard error value decreases the possibility of
surviving thresholding, particularly among voxels with pseudo-t values that are close to the initial
pseudo-t thresholding value calculated before the noise addition. Hence, the aforementioned impact
of the added noise on the increased standard error in voxels might more strongly influence the
hit rate when SnPM voxel-wise inference, which does the thresholding at each individual voxel, is
performed. This resulted in a significantly lower hit rate of SnPM voxel-wise inference compared with
other methods.
Given the above, TFCE seemed to show relatively better consistency compared with other
methods, and users may consider employing this method as their primary choice. However, in
the present study, since we were only interested in evaluating the consistency of the methods that can
be regarded as an indicator of reliability, the results from the present study do not necessarily imply
that TFCE is the best thresholding method in general. Statistically, a good method should possess both
good reliability and validity [49]. Reliability is associated with whether the method can produce a
certain outcome consistently across situations, which was examined in the present study. Validity is
about whether the method can appropriately produce the intended outcome. We did not examine the
validity of the thresholding methods, so users should be aware that the results from our study do not
necessarily imply that TFCE possesses better validity compared with other methods, although TFCE
possesses better consistency (or reliability).
Limitations
There are several limitations in our study that may warrant further studies. First, although we
evaluated the performance of three thresholding methods by comparing outcomes with original
and noise-added contrast images, we did not evaluate such performance while assuming true
positives, as done in previous simulation-based studies (e.g., Eklund et al. [7]). Because we intended
to assess consistency with real datasets while applying thresholding methods and options that
were recommended to end users by guidelines, it was necessary to utilize the noise-applied
evaluative process instead of the simulation-applied evaluative process based on true positives. Hence,
future studies should address the aforementioned issue by employing diverse analysis methods,
including simulation-based evaluation and analyzing additional datasets.
Second, although we estimated spatially-autocorrelated noise using ResMS images, our approach
is not an ideal method for reproducing realistic noise. This is because the ResMS images were created
from first-level and second-level analyses and do not contain any further details regarding time-related
information, such as BOLDsignals in fMRI time series that can be used to estimate possible temporal
autocorrelation of noise. Because we aimed to focus on thresholding methods used for second-level
analysis, we employed statistical images created from first-level analysis that did not possess any
temporal information regarding BOLD signals. Thus, to address this issue, future studies may need to
reanalyze raw image files, instead of statistical images that were used in our study.
Third, we could only take into account random noise since only the statistical images that
contained results from first-level analysis were available for the public. We could not take into account
diverse types of noise, such as non-random systematic noise that can be produced by head and body
movement or respiratory and cardiac activities [50]. Future studies should address this limitation
by generating the non-random systematic noise with additional information, such as information
regarding movement and physiological activities, if available.
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Fourth, although it would be ideal to calculate the spatially-autocorrelated noise in the whole
brain to generate the realistic noise, due to the computational complexity and resource availability
on the UAHPC, we could only calculate the noise within 30 × 30 × 30 voxels. Because the cube
size can influence the nature of the generated spatially-autocorrelated noise, the limited cube size
that was employed in the present study could be a limitation. In the current setting, our MATLAB
script required nearly 40 GB of memory. To calculate the noise in the whole brain, approximately 1
TB (= 1024 GB) of memory is required according to our estimation. It would be necessary to do the
whole-brain noise calculation to simulate the more realistic noise once we have sufficient computational
power and resources.
Fifth, because we were mainly interested in finding a way to evaluate different alternative
thresholding methods, we only analyzed two datasets. Future studies should conduct evaluations of
additional datasets for better generalization.
5. Conclusions
We evaluated different tools implementing permutation-based methods for correcting multiple
comparisons, SnPM, 3DClustSim, and TFCE, within the contexts of cognitive neuroscience fMRI
research. The false alarm and hit rates were assessed by comparing outcomes from the original
images and images with spatially-autocorrelated noise based on the residual mean squared images.
The evaluation processes were performed with two different datasets, moral psychology fMRI and
working memory fMRI, that have different types of clusters of surviving voxels. Our study showed
that the performance in terms of consistency was significantly different across multiple thresholding
methods. Particularly, TFCE showed a relatively better false alarm rate compared with other methods,
while the hit rate was not significantly different across the methods except SnPM voxel-wise inference.
Supplementary Materials: The following are available online at http://www.mdpi.com/2076-3425/9/8/198/s1,
Figures S1–S6: Voxels survived each thresholding method.
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A.L.G., and K.J.D.; visualization, H.H.
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SPM
FSL
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FDR
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ResMS

Statistical non-Parametric Mapping
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Analysis of Functional NeuroImages
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False Discovery Rate
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Residual Mean Squares

References
1.

2.

Bennett, C.M.; Miller, M.B.; Wolford, G.L. Neural correlates of interspecies perspective taking in the
post-mortem Atlantic Salmon: An argument for multiple comparisons correction. NeuroImage 2009, 47, S125.
[CrossRef]
Nichols, T.; Hayasaka, S. Controlling the family-wise error rate in functional neuroimaging: A comparative
review. Stat. Methods Med. Res. 2003, 12, 419–446. [CrossRef] [PubMed]

Brain Sci. 2019, 9, 198

3.
4.
5.

6.
7.
8.

9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

26.

27.

11 of 12

Genovese, C.R.; Lazar, N.A.; Nichols, T. Thresholding of statistical maps in functional neuroimaging using
the false discovery rate. NeuroImage 2002, 15, 870–878. [CrossRef] [PubMed]
Cox, R.W.; Chen, G.; Glen, D.R.; Reynolds, R.C.; Taylor, P.A. fMRI clustering and false-positive rates.
Proc. Natl. Acad. Sci. USA 2017, 114, E3370–E3371. [CrossRef] [PubMed]
Slotnick, S.D. Resting-state fMRI data reflects default network activity rather than null data: A defense
of commonly employed methods to correct for multiple comparisons. Cogn. Neurosci. 2017, 8, 141–143.
[CrossRef] [PubMed]
Nichols, T.E.; Eklund, A.; Knutsson, H. A defense of using resting-state fMRI as null data for estimating
false positive rates. Cogn. Neurosci. 2017, 8, 144–149. [CrossRef] [PubMed]
Eklund, A.; Nichols, T.E.; Knutsson, H. Cluster failure: Why fMRI inferences for spatial extent have inflated
false-positive rates. Proc. Natl. Acad. Sci. USA 2016, 113, 7900–7905. [CrossRef] [PubMed]
Han, H.; Glenn, A.L. Evaluating methods of correcting for multiple comparisons implemented in SPM12
in social neuroscience fMRI studies: an example from moral psychology. Soc. Neurosci. 2018, 13, 257–267.
[CrossRef] [PubMed]
Poldrack, R.A. Inferring mental states from neuroimaging data: From reverse inference to large-scale
decoding. Neuron 2011, 72, 692–697. [CrossRef]
Lieberman, M.D.; Cunningham, W.A. Type I and Type II error concerns in fMRI research: Re-balancing the
scale. Soc. Cogn. Affect. Neurosci. 2009, 4, 423–428. [CrossRef]
Nichols, T.; Holmes, A.P. Nonparametric permutation tests for functional neuroimaging: A primer with
examples. Hum. Brain Mapp. 2002, 15, 1–25. [CrossRef] [PubMed]
Smith, S.M.; Nichols, T.E. Threshold-free cluster enhancement: Addressing problems of smoothing, threshold
dependence and localisation in cluster inference. NeuroImage 2009, 44, 83–98. [CrossRef] [PubMed]
Cox, R.W.; Chen, G.; Glen, D.R.; Reynolds, R.C.; Taylor, P.A. FMRI Clustering in AFNI: False-Positive Rates
Redux. Brain Connect. 2017, 7, 152–171. [CrossRef] [PubMed]
Cox, R.W. AFNI: Software for Analysis and Visualization of Functional Magnetic Resonance Neuroimages.
Comput. Biomed. Res. 1996, 29, 162–173. [CrossRef] [PubMed]
Nichols, T. Multiple testing corrections, nonparametric methods, and random field theory. NeuroImage 2012,
62, 811–815. [CrossRef] [PubMed]
Nichols, T.E. Statistical nonParametric Mapping—Manual; University of Warwick: Coventry, England,
UK, 2014.
National Institute of Mental Health. AFNI Program: 3dClustSim; National Institute of Mental Health: Bethesda,
MD, USA, 2017.
Winkler, A.M.; Ridgway, G.R.; Webster, M.A.; Smith, S.M.; Nichols, T.E. Permutation inference for the
general linear model. NeuroImage 2014, 92, 381–397. [CrossRef] [PubMed]
Thornton, M.A. MatlabTFCE. 2016. Available online: http://markallenthornton.com/blog/matlab-tfce/
(accessed on 11 August 2019).
Cox, R.W. Equitable Thresholding and Clustering. Brain Connect. 2019. [CrossRef]
Han, H. Neural correlates of moral sensitivity and moral judgment associated with brain circuitries of
selfhood: a meta-analysis. J. Moral. Educ. 2017, 46, 97–113. [CrossRef]
Han, H.; Park, J. Using SPM 12’s Second-level Bayesian Inference Procedure for fMRI Analysis: Practical
Guidelines for End Users. Front. Neuroinform. 2018, 12, 1. [CrossRef]
Greene, J.D.; Sommerville, R.B.; Nystrom, L.E.; Darley, J.M.; Cohen, J.D. An fMRI investigation of emotional
engagement in moral judgment. Science 2001, 293, 2105–2108. [CrossRef]
Han, H.; Chen, J.; Jeong, C.; Glover, G.H. Influence of the cortical midline structures on moral emotion and
motivation in moral decision-making. Behav. Brain Res. 2016, 302, 237–251. [CrossRef] [PubMed]
DeYoung, C.G.; Shamosh, N.A.; Green, A.E.; Braver, T.S.; Gray, J.R. Intellect as distinct from openness:
Differences revealed by fMRI of working memory. J. Pers. Soc. Psychol. 2009, 97, 883–892. [CrossRef]
[PubMed]
Kragel, P.A.; Kano, M.; Van Oudenhove, L.; Ly, H.G.; Dupont, P.; Rubio, A.; Delon-Martin, C.; Bonaz, B.L.;
Manuck, S.B.; Gianaros, P.J.; et al. Generalizable representations of pain, cognitive control, and negative
emotion in medial frontal cortex. Nat. Neurosci. 2018, 21, 283–289. [CrossRef] [PubMed]
Jo, H.J.; Saad, Z.S.; Simmons, W.K.; Milbury, L.A.; Cox, R.W. Mapping sources of correlation in resting state
FMRI, with artifact detection and removal. Neuroimage 2010, 52, 571–582. [CrossRef] [PubMed]

Brain Sci. 2019, 9, 198

28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.

39.
40.
41.
42.
43.
44.

45.

46.

47.

48.
49.
50.

12 of 12

Greene, J.D.; Nystrom, L.E.; Engell, A.D.; Darley, J.M.; Cohen, J.D. The neural bases of cognitive conflict and
control in moral judgment. Neuron 2004, 44, 389–400. [CrossRef] [PubMed]
Glover, G.H.; Li, T.Q.; Ress, D. Image-based method for retrospective correction of physiological motion
effects in fMRI: RETROICOR. Magn. Reson. Med. 2000, 44, 162–167. [CrossRef]
Chang, C.; Glover, G.H. Relationship between respiration, end-tidal CO2, and BOLD signals in resting-state
fMRI. NeuroImage 2009, 47, 1381–1393. [CrossRef] [PubMed]
Gorgolewski, C. NeuroVault. 2015. Available online: https://neurovault.org/ (accessed on 11 August 2019).
Cognitive and Affective Neuroscience Lab at University of Colorado Boulder. fMRI Dataset. 2019. Available
online: https://canlabweb.colorado.edu/files/MFC_Generalizability.tar.gz (accessed on 11 August 2019).
Woo, C.W.; Krishnan, A.; Wager, T.D. Cluster-extent based thresholding in fMRI analyses: Pitfalls and
recommendations. NeuroImage 2014, 91, 412–419. [CrossRef]
Triantafyllou, C.; Hoge, R.D.; Wald, L.L. Effect of spatial smoothing on physiological noise in high-resolution
fMRI. Neuroimage 2006, 32, 551–557. [CrossRef]
Friman, O.; Cedefamn, J.; Lundberg, P.; Borga, M.; Knutsson, H. Detection of neural activity in functional
MRI using canonical correlation analysis. Magn. Reson. Med. 2001, 45, 323–330. [CrossRef]
Zarahn, E.; Aguirre, G.; D’Esposito, M. Empirical Analyses of BOLD fMRI Statistics. Neuroimage 1997,
5, 179–197. [CrossRef]
Olszowy, W.; Aston, J.; Rua, C.; Williams, G.B. Accurate autocorrelation modeling substantially improves
fMRI reliability. Nat. Commun. 2019, 10, 1220. [CrossRef]
Gopinath, K.; Krishnamurthy, V.; Lacey, S.; Sathian, K. Accounting for Non-Gaussian Sources of
Spatial Correlation in Parametric Functional Magnetic Resonance Imaging Paradigms II: A Method to
Obtain First-Level Analysis Residuals with Uniform and Gaussian Spatial Autocorrelation Function and
Independent and I. Brain Connect. 2018, 8, 10–21. [CrossRef]
National Institute of Mental Health. AFNI Program: 3dFWHMx; National Institute of Mental Health:
Bethesda, MD, USA, 2019.
Brost, M. Correlated Gaussian Noise. 2008. Available online: https://www.mathworks.com/matlabcentral/
fileexchange/21156-correlated-gaussian-noise (accessed on 11 August 2019).
Han, H. Bayesian fMRI-SPM Evaluation. 2018. Available online: https://osf.io/jucgx/ (accessed on
11 August 2019).
Kass, R.E.; Raftery, A.E. Bayes Factors. J. Am. Stat. Assoc. 1995, 90, 773–795. [CrossRef]
Han, H.; Park, J.; Thoma, S.J. Why Do We Need to Employ Bayesian Statistics in Studies of Moral Education?
J. Moral Educ. 2018. [CrossRef]
Benjamin, D.J.; Berger, J.O.; Johannesson, M.; Nosek, B.A.; Wagenmakers, E.J.; Berk, R.; Bollen, K.A.;
Brembs, B.; Brown, L.; Camerer, C.; et al. Redefine statistical significance. Nat. Hum. Behav. 2018, 2, 6–10.
[CrossRef]
Wagenmakers, E.J.; Marsman, M.; Jamil, T.; Ly, A.; Verhagen, J.; Love, J.; Selker, R.; Gronau, Q.F.; Smira, M.;
Epskamp, S.; et al. Bayesian inference for psychology. Part I: Theoretical advantages and practical
ramifications. Psychon. Bull. Rev. 2017. [CrossRef]
Wagenmakers, E.J.; Love, J.; Marsman, M.; Jamil, T.; Ly, A.; Verhagen, J.; Selker, R.; Gronau, Q.F.;
Dropmann, D.; Boutin, B.; et al. Bayesian inference for psychology. Part II: Example applications with JASP.
Psychon. Bull. Rev. 2017. [CrossRef]
Pernet, C.; Latinus, M.; Nichols, T.; Rousselet, G. Cluster-based computational methods for mass univariate
analyses of event-related brain potentials/fields: A simulation study. J. Neurosci. Methods 2015, 250, 85–93.
[CrossRef]
Desmond, J.E.; Glover, G.H. Estimating sample size in functional MRI (fMRI) neuroimaging studies:
statistical power analyses. J. Neurosci. Methods 2002, 118, 115–128. [CrossRef]
Drost, E.A. Validity and Reliability in Social Science Research. Educ. Res. Perspect. 2011, 38, 105–123.
Hahn, A.D.; Rowe, D.B. Physiologic noise regression, motion regression, and TOAST dynamic field correction
in complex-valued fMRI time series. Neuroimage 2012, 59, 2231–2240. [CrossRef]
c 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

