1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny Yd-HIN

NATIG,

o
R HE

s sy,
D

10

NS

NIH Public Access

Author Manuscript

Published in final edited form as:
Psychosom Med. 2015 ; 77(2): 114-125. doi:10.1097/PSY.0000000000000148.

Zen and the Art of Multiple Comparisons

Martin A. Lindquist” and Amanda Mejia
Department of Biostatistics, Johns Hopkins University

Abstract

The need for appropriate multiple comparisons correction when performing statistical inference is
not a new problem. However, it has come to the forefront in many new modern data-intensive
disciplines. For example, researchers in areas such as imaging and genetics are routinely required
to simultaneously perform thousands of statistical tests. Ignoring this multiplicity can cause severe
problems with false positives, thereby introducing non-reproducible results into the literature. This
article serves as an introduction to hypothesis testing and multiple comparisons for practical
research applications, with a particular focus on its use in the analysis of functional magnetic
resonance imagining (FMRI) data. We will discuss hypothesis testing and a variety of principled
techniques for correcting for multiple tests. We also illustrate potential pitfalls and problems that
can occur if the multiple comparisons issue is not dealt with properly. We conclude by discussing
effect size estimation, an issue often linked with the multiple comparisons problem.
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1. Introduction

In a number of modern scientific research disciplines the analysis of large data sets has
become increasingly common, leading to an explosion in the amount of available data. This
increase has profoundly changed the manner in which many aspects of statistical analysis
are performed. One such example is how statistical tests are conducted, especially with
regards to correcting for multiple comparisons. While the idea of correcting for multiple
comparisons in not new per se, the need to correct for tens of thousands of tests is a very
recent problem. For example, one may be interested in testing tens of thousands of features
in a genome-wide study against some null hypothesis, or in attempting to detect brain
activation across a hundred thousand brain regions. Not appropriately correcting for multiple
comparisons can cause severe problems with regards to false positives. This in turn, can lead
to spurious findings being introduced into the literature, which according to several recent
high-profile studies is reaching epidemic levels (1,2).

This article serves as an introduction to the fundamental ideas behind hypothesis testing and
the principled control for multiple comparisons. We will discuss a variety of techniques for
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correcting for multiple tests that are commonly used in modern applications, such as
economics, genetics and imaging. We will seek to contrast the various methods and
highlight potential consequences of not dealing with the problem appropriately. In
particular, we will attempt to illustrate the problem by focusing on the analysis of functional
magnetic resonance imaging (fMRI) data as a motivating example. Finally, we will discuss
the issue in relation to the study of individual differences and effect size reporting in
neuroimaging studies. However, we begin by formulating the problem.

Hypothesis Testing

Hypothesis tests are perhaps the most commonly used statistical inference technique. They
are used to assess evidence provided by the data in favor of some claim about the
population. For example, they have found wide usage in determining whether a certain drug
works better than a placebo, to detect genes that show differential expression across two or
more biological conditions, or to determine whether a particular brain region shows
significant activation (3,4,5).

The goal of a hypothesis test is to determine whether there is sufficient evidence to reject the
null hypothesis Hg about a population parameter (often a statement of no effect), in favor of
an alternative hypothesis H,. After stating the null and alternative hypothesis, the second
step is to calculate a test statistic, which measures the compatibility of the data and the null
hypothesis. Typically test statistics are designed so that small values indicate consistency
with Hy and large values inconsistency. The latter implies either that the null hypothesis is
true and we have simply observed an unusual set of data, or that the null hypothesis is false
and should be rejected. Making this determination is critical towards addressing the problem
at hand.

In order to determine what constitutes an unusually large test statistic, the third step is to
calculate the p-value, which represents the probability that the statistic would take a value as
or more extreme than that actually observed under the assumption that the null hypothesis is
true. A small p-value indicates that we have observed an unusual observation under Hg, and
calls the null hypothesis into doubt.

The fourth, and final, step is to assess statistical significance. That is, to determine whether
or not to reject Hy. In order to make this determination, we sometimes compare the p-value
with some fixed value a that we regard as decisive. For example, choosing a=0.05 implies
that we would reject Hg if we observed a test statistic so extreme that it would occur less
than once out of every 20 times this particular test were performed if the null hypothesis
were true.

As an alternative one can instead assess whether or not the observed test statistic is greater

than a fixed threshold u,, where u,, represents the value the test statistic would take if its p-
value were exactly equal to a. Mathematically, we write that threshold u,, controls the false
positive rate at level a = P(T > u,|Hg), where T is the test statistic.

To set the stage for the remaining text on multiple testing, we briefly review here that the
two types of error in statistical significance testing are referred to as Type | and Type 1l
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errors. The former occurs when Hy is true, but we mistakenly reject it. This is also referred
to as a false positive, and its probability is controlled by the significance level a. The latter
occurs when Hy is false, but we fail to reject it. This is also referred to as a false negative.
The probability of a true negative is the power of the test.

In general, it is desirable to choose a threshold that makes the likelihood of observing a Type
I error as small as possible. However, this has a detrimental effect on power. In the most
extreme case we may chose to never reject Hp, which would lead to a zero Type | error rate
but have the opposite effect on the Type Il error rate. Hence, the choice of an appropriate
threshold is a delicate balance between sensitivity (true positive rate) and specificity (true
negative rate). In practice, researchers typically choose a threshold that controls the Type I
error and thereafter seek alternative ways to control the Type Il error. For example, by
taking a larger sample size one can decrease the uncertainty related to the parameter
estimate and thereby reduce the likelihood of making a Type Il error.

The Multiple Comparisons Problem

As mentioned above, in modern applications we often need to perform multiple hypothesis
tests at the same time, including in imaging when we perform hypothesis tests
simultaneously over many areas of the brain in order to determine which are significant, or
in genetics when we seek to test thousands of features in a genome-wide study against some
null hypothesis. In these situations choosing an appropriate hypothesis testing threshold is
complicated by the fact that we are dealing with a family of tests.

If more than one a-level hypothesis test is performed, the risk of making at least one Type |
error will exceed a. For example, if two independent tests are performed, each at a-level
equal to 0.05, then the probability that neither test gives rise to a Type | error is equal to
(1-0.05)2 = 0.9025. Hence, the probability of at least one Type I error will be greater than
0.05.

As the number of tests increases, so does the likelihood of getting at least one false positive.
In the case when we are performing m independent tests at a=0.05, the likelihood of
observing at least one false positive is 1-(0.95)™, which very quickly approaches 1 as m
becomes large, nearly guaranteeing that, without correction, at least one false positive will
occur. In fact, at a-level equal to 0.05, we would expect to observe 5 false positives for
every 100 tests performed.

This example illustrates that methods used to threshold a test statistic in a single test are
woefully inadequate for dealing with families consisting of many tests. The question then
becomes how to choose an appropriate threshold that provides adequate control over the
number of false positives. If the chosen threshold is too conservative, we risk losing the
power to detect meaningful results. If instead the threshold is too liberal, this will result in
an excessive number of false positives. This paper discusses a variety of methods designed
to control the number of false positives while avoiding excessive loss of power. But before
we start, we will illustrate the problem in the context of fMRI data.
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2. Multiple Comparisons in Neuroimaging

Functional magnetic resonance imaging (fMRI) is a non-invasive technique for studying
brain activity. For a detailed description of this technique see Wager et al. (6) or Lindquist
(7). During the course of an fMRI experiment, a series of three-dimensional brain volumes
are acquired while the subject performs a set of tasks. Each volume consists of roughly
100,000 uniformly spaced volume elements (voxels) that partition the brain into equally
sized boxes. Each voxel corresponds to a spatial location and has a number associated with
it that represents its intensity, which is related to the spatial distribution of the nuclear spin
density in that location. During the course of an fMRI experiment, several hundred volumes
of this type are acquired. Intensity values from each individual voxel can be extracted to
create a time series whose length corresponds to the number of acquired images.

The most common use of fMRI data is to detect areas of the brain that activate in response
to a specific task. Typically, data analysis is performed using the so-called “massive
univariate approach”, where a separate model is constructed and fit to data from each voxel.
Hence, a separate hypothesis test is performed at every voxel of the brain in order to
determine whether activation in that voxel is significantly different from zero. The results of
these tests are summarized in a statistical image, such as the one shown in Fig. 1. These
maps illustrate the test statistic value (e.g. t-statistic) at every voxel of the brain. This
particular example corresponds to a two-dimensional image with dimensions 79x95 (i.e.,
consisting of 7,505 voxels), with one test performed at each voxel.

The final results of fMRI studies are often summarized as a set of ‘activated regions’
superimposed on an anatomical brain image, such as those shown in Fig. 2. These types of
summaries describe brain activation by color-coding voxels whose test statistic exceeds a
certain statistical threshold for significance. The implication is that these voxels were
activated by the experimental task. In many fields, test statistics whose p-values are below
0.05 are considered sufficient evidence to reject the null hypothesis. In brain imaging,
however, on the order of 100,000 hypothesis tests are typically performed at a single time.
Hence, using a voxel-wise a of 0.05 means that roughly 5% of the voxels will show false
positive results. This implies that we would actually expect on the order of 5,000 false
positive results! Thus, even if a certain experimental task does not produce a true activation,
there is still a good chance that without an appropriate correction for multiple comparisons,
the resulting activation map will show a number of activated regions, which would lead to
erroneous conclusions and the potential for false positives to be introduced into the
literature.

A critical decision is therefore the choice of an appropriate threshold to use in deciding
whether voxels are “active.” Fig. 2 shows how changing the threshold provides substantially
different conclusions about which regions are active in the brain. Using a more lenient
threshold provides results similar to the ones seen on the left-hand side of Fig. 2. Here we
expect to detect all the truly active voxels, but would have strong concerns that a large
portion of the voxels deemed active were in fact false positives. In contrast, using a more
stringent threshold we would obtain results similar to the ones seen on the right-hand side of
Fig. 2. Here we are fairly certain that the voxels deemed active are true positives. However,
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it appears likely that we may have a large number of voxels that are false negatives, i.e.
should have been rejected but weren't. Clearly some intermediate threshold between these
two extremes should be chosen, but the exact value is not immediately evident. A principled
approach towards correcting for multiple comparisons is clearly needed.

3. Controlling for Multiple Comparisons

3.1 FWER

The first step in controlling for multiple comparisons is to quantify the likelihood of
obtaining false positives. We focus on two such metrics, namely the family-wise error rate
(FWER), defined as the probability of obtaining at least one false positive in a family of
tests, and the false discovery rate (FDR), defined as the proportion of false positives among
all rejected tests. In the following sections we will explore a number of approaches that
control each of these rates and will attempt to describe fundamental differences between the
FWER and FDR. In particular, we will illustrate their use in the context of the analysis of
fMRI data described in the previous section, and we will use the language of this field to
describe the methods.

The FWER is defined as the probability of making one or more Type | errors in a family of
tests, under the null hypothesis. This implies that in a family of mtests we want to limit the
probability that any of them results in a false positive. Hence, FWER controlling procedures
provide very stringent control over false positives, with thresholds closer to those seen in the
right-hand side of Fig. 2. However, as we will see using such a stringent threshold has its
cost with respect to power and the ability to detect true effects.

There exist a number of popular FWER controlling methods, including Bonferroni
correction, random field theory, and permutation tests. We briefly discuss each of these
methods below, as they are the most commonly used ones in the neuroimaging context, but
we begin by first defining some notation and providing two ways of expressing the FWER.

Let Hp;j be the hypothesis that there is no activation in voxel i, where i = 1,...,m. Here m
represents the total number of voxels. Let T; be the value of the test statistic at voxel i. The
family-wise null hypothesis, Hy, states that there is no activation in any of the mvoxels.

Mathematically, this can be expressed as Fo= Q Hoi, In words, for Hg to be true, all of the
individual Hgj must be true. Hence, if we were to reject a single null hypothesis, Hg;, we
would also reject the family-wise null hypothesis. For these reasons, a false positive at any
voxel would give rise to a family-wise error (FWE).

Assuming Hy is true, we want the probability of falsely rejecting Hg, or falsely rejecting any
of the mtests, to be controlled by some fixed value a. This is represented by the following
mathematical expression:

FWER=P (U{Ti > ua}|H0> <a. [
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In words, the FWER represents the probability under the null hypothesis that any of the m
test statistics T; take values above a given threshold, and thus give rise to a false positive.
Our goal is to determine a threshold u,, such that the inequality above holds.

As an alternative, we can express the FWER in terms of the maximum test statistic. Note
that the probability that any test statistic exceeds u,, under the null hypothesis is equivalent
to the probability that the maximum test statistic exceeds u,, under the null. Hence, an
alternative approach to controlling the FWER is to choose the threshold u,, such that the
maximum statistic only exceeds it with probability o under the null hypothesis. However,
this necessitates knowing the distribution of the maximum statistic under the null. This is not
always self-evident, and several of the methods discussed below attempt to approximate this
distribution.

Bonferroni Correction—The most common approach towards dealing with multiple
comparisons is Bonferroni correction. Here the value of a that is used to determine the
threshold u,, for each individual test is divided by m, the total number of statistical tests
performed. Hence, for a given value of a and mwe choose u,, so that:

P(T; > ug|Hy) < =
i Z Uq O_m- [2]

This provides an extremely stringent threshold for each individual test. For example, if we
want to control the FWER at a=0.05 and are performing 1,000 tests, than we would choose
a threshold corresponding to an a-level of 0.00005 for each individual test. For a two-sided
Z-test this corresponds to raising the threshold u,, from 1.96 to 4.06, which substantially
increases the amount of evidence required to reject a null hypothesis.

To see how this choice controls the FWER we make use of Boole's inequality, which states

that

P(Ui {T; > u} [Ho) < Y P(T; > u|Hy). [3]

In words, this inequality states that the probability of at least one test being significant under
the null hypothesis is no larger than the sum of the probabilities of all of the tests being
significant. Using this result it follows that

FWER <Y~ P(T; > u| Hy) < Zi%:a. [4]

Thus, using Bonferroni correction we are guaranteed to control the FWER at level a.

The Bonferroni correction, though intuitive and simple to use, tends to be very conservative,
i.e. results in very strict significance levels. Therefore, it ultimately decreases the power of
the test and greatly increases the chance of obtaining false negatives. These problems are
particularly evident for correlated data, such as fMRI data, which has significant spatial
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correlation since neighboring voxels exhibit similar behavior. Hence, it is generally not
considered optimal for use with fMRI data.

Random Field Theory—In the fMRI community, random field theory (RFT) (8) is the
most popular approach for controlling the FWER. Theoretically, it is considerably more
complicated than the Bonferroni Correction and full understanding of the approach is
beyond the scope of this paper.

In short, the image of voxel-wise test statistic values are assumed to be a discrete sampling
of a continuous smooth random field. The RFT approach uses information about the
smoothness of the image and a property called the Euler characteristic to determine the
appropriate threshold. The smoothness of the image is expressed in terms of resolution
elements, or resels, which is roughly equivalent to the number of independent comparisons.
For a two-dimensional image the number of resels can be computed as

Vv
R= s [8]
FWHMIFWHMy

where V represents the volume of the search region (i.e., the number of voxels) and the full
width at half maximum (FWHM) values represent the estimated smoothness in each
direction of the image. As the smoothness of the image increase, so do the FWHM values,
and the resel count decreases.

The Euler characteristic is a property of an image after it has been thresholded. In our
context, it is useful to think of it as representing the number of clusters of adjacent voxels
that lie above the chosen threshold. As this threshold increases, the number of clusters above
it decreases. If the threshold is high enough, the Euler characteristic will take values of
either one or zero (i.e., there is either a cluster of adjacent voxels lying above the threshold
or not). Therefore, the expected value of the Euler characteristic corresponds to the
probability that at least one cluster lies above the threshold in our statistic image. This is
equivalent to the probability that at least one voxel lies above the threshold which is the
FWER. This relationship between the Euler characteristic and the FWER provides an
alternative way of quantifying and controlling the FWER.

More specifically, if we know the number of resels in the image, it is possible to compute
the expected Euler characteristic at a given threshold for a number of different types of
statistical images (e.g., Gaussian, t, or F images). For example, assuming we have an image
that can be considered a two-dimensional Gaussian random field, then the expected EC at a
threshold u is given by

E(x.)=R - (4log2) - (271')_2/3 e W2 (6]
See Worsley et al. (8) (2004) for more detail on the derivation of this result. Equating Eq. 6

with the FWER and keeping Eq. 5 in mind, we see a number of interesting properties. First,
as the threshold u increases, the FWER decreases. Second as the number of voxels V
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increases, so does the number of resels R, and the FWER increases. Third, as the smoothness
increases, the number of resels R decreases, and the FWER decreases.

In practice, the application of RFT proceeds in two stages. First, one estimates the
smoothness of the statistical map in terms of resels. Next, the resel counts are used to
compute the expected Euler characteristic at different thresholds u. This allows us to
determine the threshold at which we would expect only a x 100% of equivalent statistical
maps arising under the null hypothesis to contain at least one cluster above the given
threshold.

While RFT is a mathematically elegant approach toward correcting for multiple
comparisons, like other methods that control the FWER, it tends to give overly conservative
results (4) (Nichols et al., 2003). If the image is smooth and the number of subjects is
relatively high (around 20 or more), RFT tends to be less conservative and provides control
closer to the true false positive rate than the Bonferroni method. However, with fewer
subjects, RFT is often more conservative than the Bonferroni method. In the neuroimaging
field, it is generally considered acceptable to use the more lenient of the two, as they both
control the FWER. In addition, it is possible to use RFT to control the probability that a
single cluster of k contiguous voxels exceeds the threshold under the null hypothesis,
leading to a “cluster-level” correction (see Section 3.4). Nichols and Hayasaka (4) provide
an excellent review of FWER correction methods, and they find that while RFT is overly
conservative at the voxel level, it is somewhat liberal at the cluster level with small sample
sizes.

Permutation methods—If one is unwilling to make assumptions about the distribution of
the data, nonparametric methods can be used as an alternative approach for controlling the
FWER. It has been shown that such methods provide substantial improvements in power
and validity, particularly with small sample sizes. However, they also tend to be more
computationally expensive than the other methods described in this section and have
therefore not found as wide usage in practice.

Permutation tests can be used to approximate the distribution of the maximum statistic. Here
one repeatedly resamples the data under the null hypothesis. In order to preserve the spatial
structure of the data, entire images are resampled as an entity. As an example, consider that
we are interested in comparing brain activation between two groups of subjects: cases and
controls. Assume the null hypothesis states that there is no difference between the two
groups. This hypothesis implies that it doesn't matter which subjects are considered cases
and which are considered controls. Hence, under the null hypothesis we can randomly re-
label subjects as cases and controls and study the quantity of interest under random
relabeling. For example, for each resampled data set, the statistic image can be computed,
and the maximum statistic across all voxels can be recorded. By repeating this process many
times an empirical null distribution for the maximum statistic can be constructed and the
100(1-a) percentile used to provide an FWE-controlling threshold.

The only assumption required for performing permutation tests is exchangeability, i.e. that
the distribution of the statistic under the null hypothesis is the same regardless of the
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relabeling. In practice, subjects tend to be exchangeable and permutation tests are extremely
useful for group-level analysis. However, individual fMRI scans are not exchangeable under
Hp, since they exhibit temporal autocorrelation, which would be affected if individual scans
were shuffled, thereby changing the underlying distribution of the data. For these reasons
special care needs to be taken if permutation tests are to be performed on subject-level data.

While the FWER has a long storied history, the false discovery rate (FDR) is a relatively
new approach towards controlling for false positives (9). Instead of controlling the
probability of obtaining any false positives, the FDR instead controls the proportion of false
positives among all rejected tests, i.e. among significant results.

To illustrate, suppose there are a total of R tests that were declared significant. Further
suppose that Sof these tests are truly significant, while the remaining V are in fact non-
significant (Note: R= S+ V). Here both Sand V are both considered unobservable random
variables, as we never know the exact number of false and true positives in practice. Using
this notation we can write FWER = P(V = 1). In contrast, the false discovery rate is defined
as

Vv
DR=E | — |,
FDR (R> [71

which represents the expected value of the proportion of false positives among those tests
for which the null hypothesis is rejected. If R= 0 the FDR is defined to be equal to 0.

Even though we can never know the exact value that the ratio V/R actually takes, we can still
construct statistical procedures that control the average value it will take in repeated
replications of the experiment. A procedure controlling the FDR ensures that on average the
FDR is no bigger than a pre-specified rate g, which is set to lie between 0 and 1. In other
words, it provides control of the FDR in the sense that FDR < g. However, for any given
data set the FDR need not be below the bound.

Although there exist a number of FDR controlling procedures, the one that is most
commonly used in fMRI data analysis is the so-called Benjamini—-Hochberg procedure (5,
10). When performing this procedure we begin by selecting the desired FDR limit g. For
example, choosing g = 0.05 means that we are willing to accept that on average 5% of the
significant results we find will be false positives. Next, we rank the computed p-values in
order from smallest to largest, p1) < p(2) < - < p(m), where pj) represents the it smallest p-

value. Once this is done we find r, which is the largest value i such that pg;y < %q, and
reject all hypotheses corresponding to pyy)...p). It can be shown (10) that this procedure
provides appropriate control of the FDR.

The FDR controlling procedure is adaptive in the sense that the larger the signal, the lower
the threshold and more liberal the test. In contrast, if all of the null hypotheses are true and
there is no real activation, the FDR will be equivalent to the FWER. Furthermore, any
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procedure that controls the FWER will also control the FDR. For these reasons, any
procedure that controls the FDR can only be less stringent and lead to increased power
compared with FWER methods. A major advantage is that since FDR controlling procedures
work only on the p-values and not on the actual test statistics, it can be applied to any valid
statistical test. In contrast, for the RFT approach the test statistics need to follow a known
distribution.

3.3. Comparing FWER and FDR Correction

To illustrate the difference between FWER and FDR, consider a hypothetical fMRI study of
100,000 brain voxels that was thresholded using @ = 0.001 uncorrected, and suppose we find
300 ‘significant’ voxels. According to the chosen a-level we would expect 100 (or 33%) of
the significant voxels to be false positives, but of course we have no way of knowing which
ones. Because such a large proportion of our significant results are probably false, we will
generally have a low degree of confidence that the activated regions are true results.

To circumvent this we may decide to set a threshold that limits the expected number of false
positives to 5%. We can do this by performing FDR control at the g = 0.05 level. In this
case, we can argue that 95% of the results that remain active are likely to be true activations,
compared with 67% pre-correction. However, we will still not be able to tell which voxels
are truly activated and which are false positives.

If we instead decide to control the FWER at 5%, this implies that if we were to repeat the
above-mentioned experiment 100 times, only 5 out of the 100 experiments would result in
any false positive voxels. Therefore when controlling the FWER at 5% we can be fairly
certain that all voxels that are deemed active are truly active. However, the thresholds
required will typically be quite high, leading to problems with false negatives, or truly active
voxels that are now deemed inactive. For example, in our hypothetical example perhaps only
50 out of the 200 truly active voxels will now give significant results. While we can be fairly
confident that all 50 are true activations, we have still lost the ability to detect 150 active
voxels, or 75% of those truly active, which may distort our resulting inferences and diminish
the usefulness of the experiment.

These concepts are illustrated in a series of simulation studies that all follow the same
general set-up. In each we simulate a number of statistical maps following a t-distribution (t-
maps) with dimensions 50x50. Within each t-map there is a square pattern of true activation
with dimensions 20x20 placed in the center of the map; see Fig. 3. Once the t-maps were
generated, they were thresholded using a variety of techniques and compared.

In Fig. 4 we show examples of the effects of various approaches towards dealing with
multiple comparisons. In the top row we show ten simulated t-maps. In the next row, we
show the results analyzing these maps using an uncorrected threshold corresponding to
=0.10. The signal image of Fig. 3 is overlaid with white for voxels that exceed the
threshold and are deemed active. Active voxels that fall inside of the red square are
considered true positives, while those that fall outside the square are considered false
positives. The false positive rate, false discovery rate, and power are listed under each
image. As expected the false positive rate averages 10%. The third row shows the same
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images with the threshold designed to control the FWER at 0.10 using Bonferroni
correction. Underneath each image, the number of false positives and reported power are
listed. There is one false positive voxel in three of the 10 images (the third, sixth and eighth
ones), at the cost of a significant increase in the number of false negatives. Finally, the
bottom row shows similar results obtained using an FDR controlling procedure with g =
0.10, with false positive rate, false discovery rate, and power reported listed. The proportion
of active voxels that are false positives is listed under each image, and as expected they
average 0.10.

Fig. 5 illustrates the importance of signal-to-noise ratio (SNR) in the testing procedure. In
the top row we show ten simulated t-maps that were simulated with constant signal, but at
10 different noise levels corresponding to SNR values ranging from 1 to 10. In this
simulation, the true activation is again that depicted in Fig. 3. In the second, third and forth
rows of Fig. 5 this signal image is overlaid with white where activation is detected. In the
second row, we show the results of analyzing these maps using an uncorrected threshold
corresponding to a=0.05. The third row shows the same images with the threshold designed
to control the FWER at 0.05 using Bonferroni correction. Interestingly, for high SNR (right-
hand side) the thresholded images are almost perfect, with all true activations detected and
no false positives. The results are drastically worse for lower SNR (left-hand side) with an
increasing number of false negatives. As these SNRs are more indicative of the levels seen
in fMRI, this indicates potential problems with using this approach in the fMRI setting.
Finally, the bottom row shows similar results obtained using an FDR controlling procedure
with g=0.05. As the expected proportion of active voxels that are false positives is fixed in
each image, both the number false positives and false negatives increase as the SNR
increases.

3.4. Cluster-extent Based Thresholding

In recent years perhaps the most common approach towards controlling for multiple
comparisons in the neuroimaging community has been to use so-called cluster-extent based
thresholding (10). Here statistically significant clusters are determined based on the number
of contiguous voxels whose test statistic exceeds some pre-determined threshold. This is
typically performed using a two-step procedure. First, a primary threshold, chosen in an ad
hoc manner by the researcher, is used to threshold voxels according to their amplitude and
determines clusters of supra-thresholded voxels. Second, a cluster-level extent threshold,
expressed in terms of the number of contiguous voxels, is determined based on the
distribution of cluster sizes under the null hypothesis of no activation in any of the voxels
within the cluster.

Often the extent threshold is chosen in an arbitrary manner in the neuroimaging literature.
This does not necessarily correct the problem of false positives, because imaging data are
spatially smooth. Fig. 6 shows an example of an activation map with spatially correlated
noise at three different smoothness levels. The top row shows the simulated t-statistic maps
for each smoothness level, and the bottom row shows the result of analyzing these maps by
thresholding at @ = 0.1. Again, the signal map depicted in Fig. 3 is superimposed by white
for voxels that exceed the threshold. Due to the inherent smoothness of the image, the false-
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positive activation regions (outside of the red square of true activation) tend to be
contiguous regions consisting of multiple voxels, and would therefore in many situations
survive cluster extent thresholds. Therefore, FWE- or FDR-corrected thresholds should be
used whenever possible. Cluster-level extent thresholds that control the FWER can be
determined by computing the sampling distribution of the size of the largest cluster of supra-
thresholded voxels under the null hypothesis. This can be computed under the global null
hypotheses of no signal using theoretical methods (e.g., Random Field Theory), Monte
Carlo simulation, or nonparametric methods.

Cluster-extent based thresholding procedures take into consideration the possible
dependencies between adjacent voxels. In addition, they tend to be more sensitive (i.e. have
higher power) than other procedures that control the FWER. However, in contrast they also
tend to have lower spatial specificity, particularly when clusters are large. The reason is that
these procedures are not designed to determine the statistical significance of a specific voxel
within the cluster, but instead describe the probability of obtaining a cluster of a given size
or greater under the null hypothesis. Therefore they do not control the estimated false
positive probability of each voxel in the region, but instead that of the region as a whole.
This can be particularly problematic if a liberal primary threshold (e.g., p < 0.01) is used, as
this will give rise to larger clusters and decrease the spatial specificity of any conclusions
that can be made regarding the activations.

It has been argued (11) that the excessive use of liberal primary thresholds in the
neuroimaging literature is problematic. They are most often used in underpowered studies,
as they tend to give rise to significant clusters that are larger and appear more robust than
can be obtained otherwise. However, large significant clusters tend to yield very little useful
scientific information, particularly if they cross multiple anatomical boundaries. In addition,
maps indicating regions that survive cluster extent thresholding are often erroneously
interpreted as implying that all voxels and regions depicted are significant. However, in fact,
if a single cluster covers two regions, it is unclear how the findings can be discussed in
relation to either anatomical region in isolation.

4. Uncorrected Thresholds

Unfortunately, many published PET and fMRI studies do not actually make use of any
multiple comparisons procedures. Instead they use arbitrary uncorrected thresholds with a
‘stringent’ threshold (e.g., p <.001). A likely reason is that with available sample sizes,
corrected thresholds are so high that power to detect activations is extremely low. In fact, a
published summary (4) of 11 whole-brain statistical maps showed that the average required
p-value for whole-brain correction at p < 0.05 was p < 0.000072. This is substantially lower
than the thresholds normally applied in the literature. This is extremely problematic when
interpreting conclusions from individual studies, as many of the activated regions may
simply be false positives. Hence, using stringent significance levels only goes so far in
addressing the problem and ultimately makes subsequent replication studies substantially
more important.
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Because achieving sufficient power is often not possible in most neuroimaging studies, it
does sometimes make sense to report results at an uncorrected threshold and use meta-
analysis or a comparable replication strategy to identify consistent results across studies
(12), with the caveat that uncorrected results from individual studies cannot be strongly
interpreted by themselves. Ideally, a study would report both corrected results and results at
a reasonable uncorrected threshold (e.g., p <.001 and 10 contiguous voxels) for archival
purposes.

5. Alternative Approaches

Rather than performing hundreds of thousands of tests and correcting for multiple
comparisons, many researchers are looking for alternatives. For example, instead of
modeling and testing each parameter separately, it may ultimately be more appropriate to
represent all the parameters of interest in a single model. In the imaging setting, one could
imagine using a multi-level approach with voxels grouped within regions of interest. If
properly constructed, this type of model could circumvent many of the issues discussed in
this paper, at the cost of increased computational demands. For interested readers, the
potential benefits of this type of approach are discussed in more detail in Lindquist and
Gelman (13).

It is often argued that performing analysis in the Bayesian framework allows one to
circumvent the multiple comparisons problem. While a Bayesian model that models all the
parameters of interest simultaneously (as described above) would be a step in the right
direction, simply fitting a voxel-wise multiple regression in a Bayesian framework does not
necessary alleviate these concerns. Ultimately, the amount of protection provided by
Bayesian methods depend strongly on the choice of prior distribution, and exactly
quantifying the chance of obtaining false positives can be difficult in practice.

Instead of using more complicated models, another alternative is to use a more targeted
approach towards testing. Many times the scientific question of interest dictates that a
certain subset of the tests performed are of particular importance. For example, in the
imaging setting we are often interested in focusing our analysis to certain pre-specified
regions of interest. In this case one can focus entirely on voxels that lie within these regions.
This can substantially reduce the burden of multiple comparison correction by limiting the
number of voxels of interest. However, it is critical that the voxels to be tested be specified
before actually viewing the data. Otherwise one risks ‘data dredging’ and uncovering biased
results that will not be reproducible.

6. Effect Size Estimation

The study of individual differences and the estimation of brain-behavior correlations has
become increasingly popular, as they are often taken as stronger evidence than activation
alone that brain activity is related to some psychological processes of interest. However,
these measures are susceptible to a number of issues, and this has led to substantial criticism
of the manner in which they are often computed (14,15,16). One of the main problems is
related to the difficulty of obtaining unbiased effect size estimates of the brain-behavior
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correlations in active regions of the brain. This is ultimately an issue intrinsically related to
the multiple comparisons problem.

In neuroimaging research, the goal is often to first identify voxels that contain a particular
effect and thereafter to estimate the size of the effect. The process of identifying voxels
typically requires performing hypothesis tests at every voxel of the brain in order to detect
the effect of interest, which presents a multiple testing problem that needs to be addressed.
This problem has been the primary focus of the paper. However, as we will see below, the
manner in which this is performed will also have a profound effect on the latter estimate of
the effect size.

To illustrate, consider a hypothetical experiment consisting of 20 subjects. Suppose we
perform an analysis that seeks to test whether there is significant correlation across subjects
between a behavioral score and brain activity in every voxel of the brain. After computing
the relevant test statistic in each voxel, we threshold the resulting statistical map and identify
key regions of the brain related to the particular behavioral measure. Next we want to
summarize the findings in a secondary analysis by computing summary statistics (e.g., the
average correlation) for each active region.

If multiple comparisons correction is properly used, as discussed in the previous sections,
identification of active voxels is not a problem. However, it is important to note that any
effect-size estimates related to the manner in which voxels were chosen may be affected by
selection bias. This is illustrated in Fig. 7, which shows the hypothetical distribution of the
correlations across all voxels in the brain. This can reasonably be assumed to consist of a
mixture of two distributions: one for non-active voxels whose correlations follow a normal
distribution with mean 0, and another for active voxels whose correlations follow a Normal
distribution with non-zero mean (0.6 in our example). Suppose that when testing for non-
zero correlation, we deem any voxel whose correlation exceeds 0.7 as being significant. In
our search for significant voxels, we have now conditioned them on having a large observed
effect size. After all, voxels that survive the threshold must have a correlation of at least 0.7,
and thus the average correlation for all active voxels in a given region will be well above
that value and will be biased above the true mean correlation of 0.6.

For these reasons, correlations reported in many fMRI studies are overstated because
researchers tend to report only the highest correlations, or only those that exceed some
threshold. This may lead to overestimation of the strength of the relationship between
certain behavioral measures and specific brain patterns. Therefore, the practice of simply
reporting the magnitude of the reported correlations is somewhat suspect. The fact that many
imaging studies are underpowered adds an additional wrinkle, as estimates with relatively
large standard errors are more likely to produce effect estimates that are larger in magnitude
than estimates with relatively smaller standard errors, regardless of the true effect size.

To avoid bias it is critical that the statistic used to estimate the effect-size be independent of
the criterion for selecting the voxels over which it is computed. Independence can be
ensured by using independent data for selection (e.g. using part of the data to select voxels,
and the other part to estimate the effect) or by using independent functional or anatomically
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defined ROIs. Alternatively, one can choose voxels based on whether their statistics show
significant individual differences in the population (17), as this is a necessary condition for
the underlying measure to be correlated with a behavioral measure. After all, if a given
voxel shows the same value for all subjects it cannot be correlated with a behavioral
measure that shows significant inter-subject variation. For this reason, one can pre-screen
voxels to only focus on those that show a significant inter-subject variation. Hence, tests of
inter-individual variance can be used to determine appropriate regions of interest and to test
for brain-behavior correlations. This provides statistical maps of brain regions in which true
inter-individual differences are large and reliable, without biasing voxel selection towards
correlation with any particular behavioral measure, as the estimated variances are
independent of the parameters used to compute the correlations.

7. Guidelines

When performing a large number of statistical tests, researchers should always use
appropriate corrections for multiple comparisons that control either the FWER or the FDR.
Either corrected or both corrected and uncorrected results should be reported and clearly
labeled. In addition, it is important that the manner in which the correction was performed
be made explicit in the article, as this will guide readers in interpreting the results. This can
involve reporting the number of tests that were performed and, if possible, measures of the
smoothness of the data to allow readers to assess the correlation between tests. In the
neuroimaging context it should be made clear whether a voxel- or cluster-wise control was
used. When cluster-wise control is used, both the primary threshold used to create the initial
clusters and the cluster-extent threshold should be reported.

Whether to choose an FWER or FDR controlling procedure ultimately depends upon the
scientific problem of interest. In different disciplines obtaining either a false positive or a
false negative may be considered a more serious error. If the ‘cost’ of obtaining a single
false positive is high, than FWER controlling procedures provide the best protection and
should be used. If instead one were willing to accept a certain amount of false positives in
order to guard against excessive false negatives, than FDR-controlling procedures would be
more appropriate.

If there are strong a priori reasons to believe that a certain subset of tests are more likely to
be significant, than it makes sense to focus on these tests to minimize the multiple
comparisons problem. However, it is critical that these tests be determined before actually
looking at the data and not as a result of a lack of significant findings among all tests after
properly correcting for multiple comparisons. In this case one risks introducing false
positives into the literature that cannot be reproduced in future studies.

Finally, as described in Section 6, the standard approach of estimating effect sizes for voxels
that survive a multiple comparisons threshold tends to overestimate the true effect size. In
certain situations (e.g., when the effect size is large and/or the variance is small), this bias
may be small and the estimate can still provide useful information. However, this is often
not the case, and readers may inflate the importance or meaning of the reported estimates
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without understanding the selection issue. Therefore it is critical that when reporting an
effect size that appropriate guidelines for interpreting the value are provided.

8. Conclusions

The multiple comparisons problem arises when a family of statistical tests is simultaneously
performed. In many modern high-dimensional scientific endeavors, such as genomics and
imaging, the multiple comparisons problem is more prevalent and consequential than ever.
Failure to properly account for multiple comparisons will ultimately lead to heightened risks
for false positives and erroneous conclusions.

Although we have focused our attention on neuroimaging in this paper, the problem is
certainly not unique to this field. Any time that multiple tests are performed without proper
correction, there is the potential to seriously impact the resulting conclusions. The good
news is that there exist a number of established techniques that can be used to correct for
multiple comparisons. When properly applied, these methods provide adequate control over
false positives.

Most of these methods are concerned with either controlling the family-wise error rate or the
false discovery rate, and in this paper we have discussed a variety of methods for controlling
both. Each of these methods provides a principled guide for choosing a higher significance
threshold compared to what is used for individual tests, as a means of compensating for the
large number of tests being performed. If the chosen threshold is too conservative, we risk
losing the power to detect meaningful results. If instead the threshold is too liberal, this will
result in an excessive number of false positives. ldeally, we want a threshold that maximizes
the number of true positives while minimizing the risk of false positives. The methods
discussed in this paper are all concerned with choosing this threshold in a principled manner.

Whether one chooses to control the FWER or the FDR ultimately depends on the situation
or simply personal preference. What is crucial is that some sort of principled correction for
multiple comparisons be made and discussed in detail in the methods sections of papers,
which will allow readers to properly evaluate subsequent results and claims in an
appropriate manner.
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Figure 1.
An example of a statistical image. Separate hypotheses tests are performed at each voxel of

the brain to determine whether activation in that voxel is significantly different from zero.
The results of these tests are summarized in a statistical image showing the value of the test
statistic at each voxel.
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t>1 t>2 t>3 t>4 t>5

Figure 2.
An example of a series of thresholded statistical images. The statistical image shown in Fig.

1 was thresholded using five different values, and voxels deemed significant are color-coded
and superimposed onto an anatomical image. Clearly the choice of threshold will have a
large impact on which voxels are deemed active.
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True Activation
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Figure 3.
An overview of the underlying true signal found in the statistical maps used in the

simulations. Each has dimensions 50x50. In the center of each map there is a square pattern
of true activation with dimensions 20x20, shown in red.
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Figure4.
An overview of the effects of various approaches towards dealing with multiple

comparisons. (Row 1) Ten t-maps were simulated. (Row 2) These maps were analyzed using
an uncorrected threshold a=0.10. VVoxels that exceed the threshold and are considered
active are indicated in white. Active voxels that fall inside of the red square shown in Fig. 3
are considered true positives, while those that fall outside the square are considered false
positives. The false positive rate, false discovery rate, and power reported are listed under
each image. The false positive rate averages 10% as expected. (Row 3) The same images
with the threshold designed to control the FWER at 0.10 using Bonferroni correction. There
is only one false positive in the 10 images, at the cost of a significant increase in the number
of false negatives. The number of false positives and power reported is listed under each
image (Row 4) Similar results obtained using an FDR controlling procedure using g=0.10.
The false positive rate, false discovery rate, and power reported are listed under each image.
The false discovery rate averages 10% as expected.
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Figureb5.
An overview of the effects of various approaches towards dealing with multiple

comparisons at different signal-to-noise levels. (Row 1) Ten t-maps were simulated. (Row
2) These maps were analyzed using an uncorrected threshold corresponding a.=0.05. Voxels
that exceed the threshold and are considered active are indicated in white. Active voxels that
fall inside of the red square shown in Fig. 3 are considered true positives, while those that
fall outside the square are considered false positives. (Row 3) The same images with the
threshold designed to control the FWER at 0.05 using Bonferroni correction. (Row 4)
Similar results obtained using an FDR controlling procedure with g=0.05.
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Figure®6.
Imposing an arbitrary ‘extent threshold’ based on the number of contiguous activated voxels

does not necessarily solve the problem of false positives. (Top) Using the same activation
map as in the previous simulations, spatially correlated noise at three different levels of
smoothness was added, and the corresponding t-maps were generated. (Bottom) These maps
were thresholded at a=0.10. Due to the inherent smoothness of the image, the false-positives
(outside of the squares) tend to be contiguous regions of multiple voxels that can easily be
misinterpreted as regions of activity.

Psychosom Med. Author manuscript; available in PMC 2016 February 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Lindquist and Mejia

Page 24

Threshold

Activation

— alternative

— null

T
-0 -08 -06 -04 -02 0.0 0.2 0.4 0.6

True
effect

Figure7.

Estimated
effect

The hypothetical distribution of the correlation for all voxels in the brain is assumed to be a
mixture of two distributions: one for non-active voxels whose correlations follow a Normal
distribution with mean 0, and another for active voxels who follow a Normal distribution
with mean 0.6. Suppose correlations exceeding 0.7 are deemed significant. Due to the

manner in which voxels were selected, the average correl
substantially higher than the population average 0.6.

ation for all active voxels will be
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