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Abstract: We discuss the assessment of signal change in single magnetic resonance images (MRI) based
on quantifying significant departure from a reference distribution estimated from a large sample of nor-
mal subjects. The parametric approach is to build a test based on the expected distribution of extrema in
random fields. However, in conditions where the variance is not uniform across the volume and the
smoothness of the images is moderate to low, this test may be rather conservative. Furthermore, para-
metric tests are limited to datasets for which distributional assumptions hold. This paper investigates
resampling methods that improve statistical tests for signal changes in single images in such adverse
conditions, and that can be used for the assessment of images taken for clinical purposes. Two methods,
the bootstrap and cross-validation, are compared. It is shown that the bootstrap may fail to provide a
good estimate of the distribution of extrema of parametric maps. In contrast, calibration of the signifi-
cance threshold by means of cross-validation (or related sampling without replacement techniques)
address three issues at once: improved power, better voxel-by-voxel estimate of variance by local pool-
ing, and adaptation to departures from ideal distributional assumptions on the signal. We apply the
cross-validated tests to apparent diffusion coefficient maps, a type of MRI capable of detecting changes
in the microstructural organization of brain parenchyma. We show that deviations from parametric
assumptions are strong enough to cast doubt on the correctness of parametric tests for these images. As
case studies, we present parametric maps of lesions in patients suffering from stroke and glioblastoma at
different stages of evolution. Hum Brain Mapp 28:1075-1088, 2007.  ©2007 Wiley-Liss, Inc.
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There is a parallel evolution of MRI scanning techniques
and computer-aided diagnostic approaches. Emerging MR
techniques like diffusion-weighted imaging are widely used
in the setting of acute stroke, but it is increasingly recognized
that they may be of value for the diagnosis of other cerebral
diseases [Moritani et al., 2005]. However, computed images
from modern MR sequences like apparent diffusion coeffi-
cient (ADC) maps provide more information than the eye
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can easily catch. This, and their quantitative nature, makes
them particularly indicated for computer-aided diagnostic
approaches.

In the field of cognitive neurosciences, the statistical para-
metric mapping (SPM) approach has been widely used with
success for the detection of small significant changes in the
signal obtained with positron emission tomography and
functional magnetic resonance imaging techniques [Friston,
1996; Worsley et al., 2002]. The application of this statistical
approach in the clinic, however, has been limited. Among the
few existing examples are voxel-based studies to detect focal
cortical dysplasia in patients with seizure disorders [Colliot
et al., 2006; Kassubek et al., 2002; Woermann et al., 1999a, b].
For these statistical approaches to become more widely avail-
able in clinical practice they need be validated and extended
to address the specific needs of clinical applications.

This paper is specifically concerned with the implementa-
tion of single volume tests for the study of images obtained
for clinical purposes. There are several differences from the
usual SPM [Friston et al., 1991; Worsley et al., 1992, 1996] or
nonparametric mapping applications [SnPM: Holmes et al.,
1996, Nichols and Holmes, 2001; for a comprehensive
review, see Lange, 1999]. In the functional imaging setting
in which parametric or nonparametric approaches were
developed, the test statistic derives from a statistical model
of the effects of the experimental conditions. By contrast, in
the present setting the signal is not determined by the
manipulations of an experimental paradigm. Rather, one
posits that the signal detects tissue abnormalities by identi-
fying signal deviating from a reference interval that is
observed in the healthy brain. Furthermore, to be applicable
in clinical investigations, the statistical inference must
deliver usable results even if only one image from an indi-
vidual patient is analyzed. These differences may be sum-
marized by noting that in single volume tests the general
linear model is replaced by the simpler model of a reference
distribution.

In our study we will focus on resampling techniques,
which will be used to estimate the empirical distribution of
the extrema of random fields, and hence of the reference
interval against which abnormal signal is identified. There
are two reasons for this choice. First, the signal in structural
images may not satisfy the distributional assumptions of a
parametric test. This is especially a concern if a single image
is tested, as in this case data are not made more normal by
averaging. Second, resampling procedures are usually more
efficient than parametric procedures based on random field
theory such as SPM. In particular, if it cannot be assumed
that the variance is uniform across the image (as is almost
invariably the case in MRI), and the extent of the spatial
correlation (or smoothness) of the signal is not high, ran-
dom field theory tends to deliver too conservative tests
[Nichols and Hayasaka, 2003; Worsley, 2005]. For this rea-
son, increase of the degrees of freedom of the variance esti-
mate by local pooling [Worsley et al., 2002] or the adoption
of nonparametric tests based on permutation techniques
such as SnPM [Holmes et al., 1996; Nichols and Holmes,

2001] have been advocated when voxel-level control of
error rates is required in the linear model. Permutation,
however, is not applicable in the single-image testing situa-
tion considered here. Hence, two alternative resampling
approaches are explored here: the bootstrap [Efron and Tib-
shirani, 1993] and cross-validation [Stone, 1974].

The comparison of cross-validation and the bootstrap
constitutes the methodological motivation of this study. In
the words of Casella and Berger [2002], the bootstrap “is
perhaps the single most important development in statisti-
cal methodology in recent times” (p. 517). Its application to
neuroimaging, however, has not yet been investigated.
Even if the utility of the bootstrap has been proven in a va-
riety of situations, its applicability to specific problems can-
not be taken for granted. The performance of the bootstrap
as an estimator outside a number of well-known situations
must be investigated in each case, since very often specific
techniques must be employed to harness its power [Casella
and Berger, 2002]. In some cases, the bootstrap is known to
perform poorly [Bickel and Freedman, 1981]. In fact, it will
be shown here that two bootstrap resampling schemes fail
to provide satisfactory estimates of the empirical distribu-
tion of the extrema of random fields. In contrast, we will
show that cross-validation provides a better approximation
of the empirical distribution. In the discussion, these find-
ings will be explained in the light of the relevant theoretical
results in the field of nonparametric resampling methods
[Politis et al., 1999], demonstrating that the type of resam-
pling carried out by cross-validation succeeds when the
bootstrap fails. To make use of the cross-validation esti-
mate, we will adopt a semiparametric approach in which a
random field model of the data is complemented with
cross-validation to calibrate the error rate of the significance
test [Loh, 1987]. This is motivated by the relative small size
of the cross-validated sample.

As a case study, we will consider the application of quan-
titative brain mapping to ADC maps. Diffusion-weighted
imaging is an emerging MRI technique to detect changes in
the microstructure of brain tissue by measuring the distance
traveled by diffusing water molecules. Destruction of tissue
or accumulation of water in the intercellular space (edema)
increase water diffusion. Shift of water into the intracellular
compartment prior to cellular death, by contrast, decreases
it. The signal becomes sensitive to diffusion when two addi-
tional linear gradients are added to the sequence between
the excitation pulse and acquisition [Stejskal and Tanner,
1965]. The gradients have opposite effects, so that they
cancel each other if the spinning hydrogen atoms remain
in the same place. Because the phase offset induced by the
gradients is location-dependent, the second gradient will
not undo the effect of the first gradient completely if the
hydrogen atom has moved. This results in a loss of signal
due to dephasing. By repeating the measurement with gra-
dients of different intensity and in different directions, the
ADC of water can be calculated on the basis of the physi-
cal laws regulating the diffusion process and their effect
on relaxation [Le Bihan, 1991]. In providing data on water
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diffusion, ADC maps provide information on the micro-
structural integrity of brain tissues. ADC signal increases
are most marked when the interstitial water content
increases, since water molecules can then move more
freely. Typical conditions giving rise to ADC increased
signal are edema (as in inflammatory conditions or sur-
rounding neoplastic lesions) or destruction of tissue (as in
advanced cicatritial processes). The most common cause of
ADC reduced signal is fresh cerebral infarction, when
water molecules migrate into metabolically damaged cells.
Reduced ADC can also be seen in the early stages of cere-
bral hemorrhage and following axonal damage [for a com-
prehensive treatment, see Moritani et al.,, 2005]. We will
provide case studies of both increased and decreased sig-
nal changes.

The paper is organized as follows. In the method section
we will first briefly formulate the statistical testing frame-
work for the detection of abnormal signals based on the
departure from a reference interval, and describe the
resampling schemes investigated in the study. The meth-
ods section will also contain details on the simulations, the
software used, and the collection of MR data. The results
section is divided into two main parts. In the first part we
will examine the performance of the resampling techni-
ques with artificial data. In this part we demonstrate the
problems incurred by the bootstrap, the efficacy of cross-
validated calibration, and its superiority to parametric
techniques based on random fields theory. In the second
part of the results section we will present the results of
applying random field testing to ADC maps of subjects
affected by stroke and brain tumor. The main findings are
summarized in the discussion section.

MATERIALS AND METHODS
Specification of the Model

After preprocessing, the voxel-by-voxel signal y deriving
from normal tissue is modeled by

Yy = u + os (1)

where p and o are the voxel-by-voxel signal mean and
standard deviation, and ¢ is a zero-mean, unit variance
error term (to simplify notation, we will omit the index
referring to the voxel). The null hypothesis, therefore, is
that y = p. For parametric inference, ¢ is further
assumed to be distributed as a stationary Gaussian ran-
dom field across the volume. In this case, we may write

y ~N(p, o). (2)

By contrast, the alternative hypothesis is that signal
deriving from abnormal tissue may take values that
are very different from the mean signal p. The statistic
giving the departure of the observed value y from the

reference distribution is

f— Y- r (3)
/(N + 1)/N

where the voxel-by-voxel signal mean 4 and standard
deviation & are estimated from a reference sample of N
individuals that is representative of the population of in-
terest. Across the whole volume, the voxel-by-voxel ¢
values form the parametric map {t} which, under the
null hypothesis and the distributional assumptions on
the error term, is a lattice approximation of a ¢ random
field with N — 1 degrees of freedom, approximating the
Gaussian random lattice as N — 0.

To implement a test, we need to compute a threshold
¥a) to identify outlying values of ¢ with significance level
a, corrected for the multiple tests over the volume. In para-
metric random field theory tests, ¥(a) is given by the
expected Euler characteristic of the t random field (Worsley
et al., 1992, 1996). In the resampling approach adopted here,
Y(«v) is estimated from the empirical distribution of max({t})
(the largest value of the parametric map {t}) in the reference
sample.

Bootstrap Resampling Schemes

At a given threshold ¥, the achieved significance level
aps(Y) of a test on a random field is given by

aasL(¥) = Probg,{max({t}) > ¥}, (4)

where {t} is the random field variable distributed ac-
cording to the null hypothesis H,. The bootstrap will be
used to generate an empirical distribution of max({t})
by resampling this statistic from a dataset for which the
null hypothesis H, holds. The bootstrap estimate of
aasL(?) is then the proportion of random fields in the
resampled empirical distribution where max({t}) > ¥.
The purpose of this estimate is to later set the threshold
¥ so that the estimated achieved significance level is
equal to the nominal size of the test.

In this study two bootstrap resampling schemes for the
estimate of the distribution of max({t}) will be considered.
The first scheme, simple bootstrap, is a generic bootstrap
scheme which has also been proposed to select an estimator
indexed by a parameter. In this context, it is also known as
bootstrap adaptation. In this method, the estimate of the
achieved significance level is calculated on the bootstrap
sample. The second scheme, which we will call for con-
venience leave-out bootstrap, is similar to cross-validation
in its main application to prediction problems. In the
leave-out bootstrap, the estimate of the achieved signifi-
cance level is calculated on the volumes that were not used
to form the bootstrap sample. These schemes are discussed
in the context of calibration of significance tests in Efron
and Tibshirani [1993].
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In the simple bootstrap N volumes at a time are sampled,
with replacement, from the original sample, also of size N.
Therefore, this bootstrap sample will differ from the origi-
nal sample in that some volumes will not be contained in it,
and other volumes will have been selected more than once.
Let i**, 6** be the mean and standard deviation esti-
mated voxel-by-voxel from the b bootstrap sample,' b =
1,2,...B (where B is the number of bootstrap samples).
Let x; be the signal after the preprocessing steps; the
bootstrap standardized score z;? for each volume i of the
original reference sample is given by
«b Xi — ﬂ*b

zV = —

; b =1,2,...B,
/(N + 1)/N

and the proportion of the volumes with score over the
threshold by

apoor(®) = N7V Kmax({z"}) > 9}, (6)

i=1

where [ is the index function, I(e) = 1 if the expression €
is true, I(e) = 0 otherwise. The proportions from the
bootstrap samples are averaged to give the bootstrap
estimate of the achieved significance level:

B
da-poor(¥) = B ail goor(9). (7)
h=1

In the leave-out bootstrap one samples again, with re-
placement, N volumes from the original sample, also of
size N. As before, this bootstrap sample will differ from
the original sample in that some volumes will not be con-
tained in it, and other volumes will be represented more
than once. Here, however, only the volumes not included
in the bootstrap sample will be used to compute the pro-
portion of volumes with overthreshold scores. One will
have, at each bootstrap sample b, Q, volumes in the sam-
ple and R, volumes out of it, Q, + R, = N. Let ﬂ*b, & be
the mean and standard deviation estimated from the
volumes in the bootstrap sample b. The leave-out boot-
strap standardized score for each volume not included
in the bootstrap sample r is given by

!The bootstrap standard deviation estimate 6*! is estimated from
the bootstrap sample wusing the functional estimator

6 = /N1 ZIN (x; — )%, instead of the unbiased estimator

6 = \/(N - 1) ZZN (xi — fi)* used elsewhere in this paper
[Efron and Tibshirani, 1993, p. 298]. The use of the functional es-
timator is justified by the presence of duplicate observations in
the bootstrap sample.

= —_— b =1,2,...B,
ab\/(N + 1)/N

Ry, (8)

and the proportion of volumes with score over the
threshold by

R
afo-poor(¥) = Ry Y Hmax({z"}) =9}, (9)
r=1

which are averaged to give the bootstrap estimate of the
achieved significance level:

B
dro-soor(?) = B~ ajpoor(?)-
h=1

(10)

Cross-Validation

Cross-validation [Stone, 1974] is a resampling scheme
whose fundamental difference from the bootstrap is that
sampling is carried out without replacement. In addition,
cross-validation schemes typically include prescriptions for
the formation of the samples, instead of leaving it to ran-
dom selection. The common application of cross-validation
is the estimate of the risk incurred by a nonparametric fit
on the basis of which the extent of smoothness of the fit is
chosen [Green and Silverman, 1994; Wahba, 1990].

In simple cross-validation, one observation at a time is
left out of the sample used in the estimate. Hence, if there
are N volumes in the original reference sample, there are as
many distinct cross-validation samples: B = N. Let (), ()
be the mean and standard deviation estimated from the
reference sample after excluding the volume i from it.
For each volume, the leave-one-out standardized score
z% is given by

(i) xi — v

= — 1,2
60 /NJ(N — 1)

) 1= Pt A

N, (11)

The cross-validation estimate of the achieved signifi-
cance level Gcv(?), analogous to the bootstrap estimate,
is the proportion of volumes containing at least one
leave-one-out score over the cut-off threshold ¥

dev(9) = N’lzN:I(max({z@}) > 9).

i=1

(12)

Note that here the size of the cross-validation sample is
N — 1, so that acy(¥) is biased since it refers to referen-
ces sample of this size. If N is large, cross-validation
may be carried out by leaving out an entire block of
observations at a time instead of just one (-fold cross-vali-
dation). The set of the original reference sample is divided
into a number of blocks. Each block of observations in turn
is left out to calculate the cross-validation estimates of the
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voxel-by-voxel mean and variance. The estimate of the
achieved significance level Gcy (7)) is calculated as earlier.
This makes the cross-validation estimate of the achieved
significance level even more biased, since after leaving
out the block, the estimate is now based on a reference
sample of size Q, Q < N. However, in the field of non-
parametric function estimation the estimate is known for
carrying less variance. In the results section, simulations
will be presented showing that this bias-variance trade-
off also holds for the calibration of random fields.

To isolate the property of cross-validation and bootstrap
resampling schemes that is responsible for their different
success in resampling extrema, we will need to carry out
simulations with a version of cross-validation that resem-
bles the bootstrap, and that is obtained by considering all
possible blocks of size Q, giving each combination of obser-
vations equal chances to be selected to form a block (this
scheme differs from the bootstrap in that sampling within
the block is done without replacement). There are then (g)
possible ways to form a block, and if this number is too
large, one may sample from the possible combinations
at random (resampled cross-validation).

It is important to note that unless the size of the original
sample N is very large, Eq. (12) can deliver only imprecise
estimates of acy(}) in simple or n-fold cross-validation,
since the number of the resampled thresholds is equal or
smaller than N. Resampled cross-validation could provide a
large cross-validation sample if Q < N, but this makes the
resulting estimate very biased (resampled cross-validation
is introduced here only for the purpose of comparing it
with the bootstrap). For this reason, cross-validation is here
complemented with a calibration procedure [Loh, 1987].

In what follows, we investigate the calibration of ¢ ran-
dom fields by adjusting their degrees of freedom. Typically,
calibration is carried out on the nominal alpha level of the
test [as in Loh, 1987]; here we chose to adjust the degrees of
freedom. Once the degrees of freedom of a random field are
calibrated, all significance levels within the range of the cal-
ibration become available. The calibration of the f field also
improves the power of the test when the variance is esti-
mated by local pooling, which exploits the fact that the var-
iance in adjacent voxels may be similar, even if not uniform
across the whole volume. Local pooling of the variance esti-
mate becomes automatically available to the testing proce-
dure, since resampling methods take care of the resulting
reduced standard error of the voxel-by-voxel variance esti-
mate [Nichols and Holmes, 2001]. When adjustment of the
degrees of freedom of the field does not suffice to move the
cut-off thresholds to the desired levels, it may be combined
with calibration of the nominal alpha levels.

Let Ugpr () be the threshold from the expected Euler
characteristic of a t random field with degrees of freedom A
giving a test with theoretical significance level «. Using cross-
validation, empirical estimates of the achieved significance
level dcv(Yrrra(e)) are computed from the reference
sample. Let a be a vector of nominal alpha levels in the
neighborhood of the target significance level, and acv

the corresponding empirical cross-validation estimates
of the achieved significance levels of the random fields
theory thresholds for degrees of freedom /4. A simple
way to obtain the cross-validation estimate of the re-
quired calibration is by choosing the value of / that min-
imizes the square distance between the two vectors:

XCV carg Il’l/\il’lHéCV?A — aHz. (13)

This minimization problem is approached by calculating
acy, for a grid of 4 values and then choosing the 1 value
for which [|acy, — aH2 is smallest. This procedure is
iterated a few times with smaller and smaller grids cen-
tered on the chosen /. The threshold gy 5 (@) for a cali-
brated test with size « is given by the expected Euler
characteristic of a t random field with XCV instead of
N — 1 degrees of freedom. An identical procedure is ap-
plicable to bootstrap estimates of achieved significance
values.

In the construction of the vector a one is tempted to use
the small nominal « levels that will be used in practice.
However, if only few observations are available, it will be
difficult to evaluate the empirical error rate at such small
levels. In a sample of 15, for example, the smallest positive
error rate above zero is 1/15 ~ 0.0667. This problem is com-
pounded by the square error metric. Since there can be no
negative error rates, the fit will be lenient with any under-
estimation of the effective rate at small nominal « levels,
while overestimation will move the cross-validation estimate
downwards. It is therefore important to use an effective
range of values in the composition of the vector a. In simula-
tions with artificial data distributed according to the null we
found that the cross-validation estimate improves when
including « levels as high as 0.9. Unfortunately, the improve-
ment obtained by using high « levels might not carry over to
the real data if the distributional assumptions are violated,
since the departure from the theoretical o levels will not be
uniform across a wide « levels range. Thus, if many volumes
are available, more accurate results may be obtained with nar-
row ranges. However, if few volumes are available, one is
forced to use a relatively wide range for the vector a, compen-
sating the scarcity of data with more extensive use of the para-
metric assumptions. In this study, the range of the values of
the vector a was restricted to the interval [0.01-0.2] in the cali-
bration of the ADC maps, and the relatively narrow interval
[0.01-0.5] was used in the simulations in order not to depart
excessively from real-life conditions.

Simulations: Estimation of Achieved
Significance Levels

All simulations are based on the generation of artificial
volumes of size 32 x 32 x 32 voxels obtained by convolving
a Gaussian kernel (full width-half maximum, FWHM 4 vox-
els) with a standard normal variate. To avoid edge effects,
images were padded at the sides with zero values for 3
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times the FWHM size of the kernel. To make the results
comparable to those of the existing studies in the literature,
we will make use of volumes of size typical of EPI acquisi-
tions [Nichols and Hayasaka, 2003].

In each trial, artificial volumes distributed as f random fields
were generated using Eq. (3) for a reference sample size of N =
15 and a smoothing kernel of FWHM = 4 voxels (these values
were chosen to keep computations feasible and remain within
the parameter range explored by Nichols and Hayasaka
[2003]). The parametric thresholds according to random field
theory rpr were calculated for a range of nominal « levels
between 0.5 and 0.01. In each trial, the achieved « levels were
estimated by creating 600 new artificial images and computing
the proportion of these having a maximum above the theoreti-
cal threshold Ygpr. Furthermore, in each trial the bootstrap
methods presented in the previous sections [Egs. (7) and (10),
B = 600] and simple cross-validation [Eq. (12)] were used to
estimate the achieved significance levels &a-poor(Urrr),
Gro-soot (Vrrr), and écy (Yrer) of the parametric random
field theory thresholds from the 15 volumes of the re-
ference sample of the trial. Trials were repeated 60 times to
create the box plots and histograms of the figures.

Simulations: Calibration of Artificial Random
Fields Using Cross-Validation

As in the previous simulations, artificial volumes distrib-
uted as t random fields using a reference sample of size N =
15 were generated in each of 60 trials. Again, parametric
thresholds were calculated for a range of nominal « levels
between 0.5 and 0.01. This time, also the cross-validated cali-
brated thresholds @RFT_’ iy (@) [Eq. (13) and explanation
thereby] were estimated in each trial, and the achieved «
levels were computed from 600 new artificial images for
both parametric and calibrated thresholds. The process
was repeated for smoothing kernels of different size.

Software

All code implementing the algorithms and the simulations
presented here was developed on MATLAB 6.1 R12 (The
Mathworks, Natick, MA) installed on a Pentium PC running
Windows 2000 (Microsoft, Redmond, WA). Our implemen-
tation is written as an SPM toolbox (SPM99/SPM2, Well-
come Department of Cognitive Neurology, London; online
at http://www fil.ion.ucl.ac.uk, Frackowiak et al., 1997). We
made use of the software in that package in original or
adapted form for realignment, stereotactic normalization,
segmentation, smoothing, and estimation of random field
theory thresholds.

Image Acquisition

All MRI data were obtained with a 1.5-Tesla Magnetom
Symphony (Siemens, Erlangen, Germany) whole-body MRI
system equipped with a head volume coil. All subjects were
scanned at the Department of Radiology of the University of
Ulm as part of the clinical routine or an elective examination,

and were patients under the care of one or more of the
authors at the Department of Psychiatry III of the same uni-
versity. No data were acquired specifically for the purpose
of this study, and the data acquisition protocol was that of
clinical routine. Image size was 256 x 256 x 19 voxels, voxel
size 0.9 x 0.9 x 6.5 mm (slice thickness, 6 mm). The images
were acquired with TR 3,300 ms, TE 96 ms, a flip angle of
90°, a bandwidth of 1,220 Hz/pixel, and a field of view of
240 x 240. Diffusion at three b-factors was measured: 0, 200,
and 1,000. For the computation of ADC maps we used the
software provided by Siemens. The ADC signal is given by
the formula ADC = —log(yx/yo)/k, where k is the value of
the b-factor, and vy, 1o are the signal values taken with the b-
factor and without additional gradient (Moritani et al., 2005).
Rearranging, one obtains log(yo/yx) = k x ADC, which
shows the transformed signal on the left to be a linear func-
tion of the b-factor through the ADC signal. Hence, the ADC
signal is recovered by regressing the transformed signal on
the b-factors. The ADC may be computed in each voxel
according to the formula ADC = (b’b) 'b't, where b is the
column vector of the b-factors (200, 1000)’, and t the vector
of the natural logarithm of the ratio of the signal without
additional gradient and the signal at the b-factors.

The reference sample was formed by selecting 40 consecu-
tive patients admitted to the psychiatric wards of the Univer-
sity Clinic and who presented no demonstrable organic or
severe psychiatric illness (a diagnosis of schizophrenia, bipo-
lar illness, drug abuse, severe depression, obsessive-compul-
sive disorder as well as psychotic conditions of any kind
were exclusion criteria). Internistic or neurological conditions
also led to the exclusion from the reference sample. Patients
had to be between the age of 18 and 40 (T2-weighted images
often present age-related hyperintensities in the white matter
that we did not want to be present in the reference sample).
The clinical scanning routine included images in other modal-
ities which were used to exclude subjects presenting anoma-
lies. This reference sample was designed to represent a popu-
lation of inpatients without abnormal brain tissue. The sample
was composed of 9 males, 31 females. Average age was 35.2
(standard deviation 10.8). The primary diagnosis of 23 pa-
tients was mild to moderate depression, 11 patients were
diagnosed as suffering from an anxiety disorder, 5 from a per-
sonality disorder, and 1 had no psychiatric illness.

To obtain the analyses in the case studies, all ADC maps
were resampled to obtain voxels of size 2.25 x 2.25 x 6.5 mm,
and registered to a T2 template through a 12-parameter affine
normalization, followed by 16 iterations of a nonlinear normal-
ization using 1 x 2 x 1 basis functions [Ashburner and Fris-
ton, 1999]. After segmentation, the selection of the segment of
interest was obtained by setting the threshold for white and
gray matter to 0.2 and excluding voxels classified with 0.15 or
larger to CSF. A mask was formed by selecting all voxels for
which at least 30 observations were available. This number
was chosen so that the mask included most cerebral matter
(see Fig. 1). The remaining observations were considered as
missing and imputed by generating them from a normal dis-
tribution with parameters estimated from the existing observa-
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tions [stochastic imputation, Little and Rubin, 2002, pp. 64-66].
Males contributed 112,615 voxels on average in way of obser-
vations (std. dev. 1,894), females 113,878 (std. dev. 2,513, not
significant). The volumes were subsequently smoothed using
an isotropic Gaussian kernel of FWHM = 8 mm and centered.
The voxel-by-voxel mean and variance were estimated as
described in the previous section. The variance reference
image was subsequently smoothed with a Gaussian kernel of
FWHM =45 x 4.5 x 13 mm (2 x 2 x 2 voxels). Random field
theory parameters were estimated using SPM software and
the mask generated by the segmentation process. Smoothness
was estimated from data. Thereafter, the appropriate degrees
of freedom were estimated separately for tests for maxima
and minima using simple cross-validation, giving values of 35
and 219, respectively.

The scans of patients suffering from neurological disease
were taken for diagnostic purposes in the Department of Ra-
diology of the University of Ulm. ADC maps and T2-
weighted images were acquired as part of the clinical rou-
tine; the patient suffering from neoplastic disease was also
examined with a contrast-enhanced T1-weighted scan sensi-
tive to disruptions of the blood-brain barrier, as it is good
clinical practice in such cases. These patients too were under
the care of one or more of the authors, but were not inpa-
tients of the psychiatric clinicc. The ADC maps of these
patients were processed as the scans of the reference sample.
In particular, the same normalization procedure was used;
to minimize the impact of circumscribed lesions, a smaller
set of basis functions than the SPM default was used, but
more nonlinear iterations were carried out. Registration was
carried out with respect of the mean of the preregistered ref-
erence sample scans. Images were tested using the degrees
of freedom previously established by cross-validation.

Case Studies

We present data on three patients suffering from cerebral
infarction at different stages of evolution and glioblastoma,
tested on the reference sample of N = 40. The data were
provided without a consistent set of high-definition images
that would have enabled the optimal normalization and
segmentation procedures of the experimental setting. How-
ever, they are fairly typical of the conditions of the clinical
setting and are analyzed here for illustrative purposes.

RESULTS

To substantiate the claims made in this study, we will
adopt the following strategy. First, we will estimate the
achieved « levels of random field theory thresholds for t ran-
dom fields with the help of Monte Carlo simulations. As in
previous studies [Nichols and Hayasaka, 2003], these thresh-
olds will be shown to deliver conservative tests for low
smoothness and degrees of freedom. We will then show that
cross-validation (used as a subsampling strategy), but not
the bootstrap, delivers correct estimates of these achieved «a
levels. Hence, we will show that calibration of ¢ random field

test through cross-validation delivers tests that are more
powerful than the parametric counterparts in the situations
where these latter are conservative. We will also show that
cross-validation can improve test power when the estimate
of the variance across the image is pooled across neighboring
voxels. Finally, we will explore the reasons for the failure of
the bootstrap, showing that sampling without replacement is
the key for the success of cross-validation.

Estimation of Achieved Significance Levels

Here we show that simple cross-validation is an effective
method for estimating the empirical distribution of maxima
of t random fields and of the achieved significance levels
for given thresholds. In contrast, the bootstrap fails in this
task. For this reason, the bootstrap can neither be used to
provide rejection regions computed from the empirical dis-
tribution nor to calibrate a t random field.

The box plot in the top left corner of Figure 2 shows the
achieved « levels from the parametric thresholds. Note that
the achieved « levels are lower than the nominal thresholds
(shown as black dots for reference) since the random field
theory thresholds refer to continuous random fields and not
to lattice approximations as in digital images [Nichols and
Hayasaka, 2003; Worsley, 2005]. Below it a histogram of the
maxima of the t parametric maps observed in the new ran-
dom fields generated to calculate the achieved significance
levels. Because of the large number of samples, this histo-
gram is a very good approximation to the real distribution of
the maxima of random fields with these characteristics. Note
that the whole first column on the left of Figure 2 refers to
the distribution of maxima of the fields and the achieved «
levels of the parametric threshold Yrpr, while the remaining
columns refer to estimates of these quantities. To emphasize
this fact, the background of the first column is shaded.

The task of the resampling methods is that of estimating
these achieved significance levels (the data summarized by
the boxes) from the reference sample alone. One can see
that both bootstrap methods (central columns) provided
poor estimates of the real achieved significance levels. In
the case of the simple bootstrap (centre left), the estimates
tend to be above the real achieved significance levels. The
leave-out bootstrap (centre right), which is more similar to
cross-validation in the way it calculates the significance lev-
els from data that were not used to standardize the fields,
gives too high estimates of the achieved significance levels.

A clue as to why this happened is given by the histo-
grams of the maxima of the fields max({z”}) generated by
the bootstrap resampling scheme as in Eq. (5), shown just
below the box plot of the estimates of the a levels. One can
see that these distributions are very different from the real
distribution of the maxima as displayed in the bottom left.
The shape of the histogram of the simple bootstrap is
strongly bimodal; the mode of the histogram of the leave-
out bootstrap has a mode at around 10, instead of 6. By con-
trast, simple cross-validation (right column) does a fine job
of estimating the achieved « levels. The histogram of the
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vations as in the bootstrap. This suggests the use of
resampled cross-validation. On the bootstrap side, one needs
to set the size of the samples to the same as in resampled
cross-validation. To accomplish this, artificial samples of
N =40 fields were created, but the task was set to estimating
the achieved significance levels of reference samples of Q =
15 (this situation would not arise in practice, but is investi-
gated here for theoretical purposes). The bootstrap Q = 15 of
the left column of Figure 3 is a leave-out bootstrap in which
bootstrap samples of 15 fields are chosen with replacement
from a pool of 40. The resampled cross-validation in the
right column of Figure 3 has same resample sizes of 15, but
in the formation of the cross-validation blocks, resampling
takes place without replacement. The task is again that of
estimating the distribution of maxima and achieved « levels
of the parametric thresholds shown in the left column of Fig-
ure 2. One can see that the bootstrap Q = 15 suffers from the
same problem as ordinary leave-out bootstrap, while re-
sampled cross-validation does a fine job of estimating the
achieved significance levels and produces a maximum value
scores histogram that is very similar to the correct one.

Since the bootstrap has a proven track record as a var-
iance estimator, one may wonder why it fails in the present
situation. Here, it is important to estimate the extreme tails
of the empirical distribution accurately, a task in which the
bootstrap is known to perform poorly [Efron and Tibshir-
ani, 1993]. Intuitively, the reason for the success of sampling
without replacement is that the estimation of the empirical
distribution of the maxima depends on sampling the single
maximum value, and the probability of doing so in each
sample is higher if sampling occurs without replacement.
One may expect the problem to be more acute if the original

dataset is small. This intuition will be made more precise in
the final discussion.

Calibration of Artificial Random Fields Using
Cross-Validation

The purpose of the next simulations is to demonstrate the
effectiveness of random field threshold calibration using
cross-validation.

In the top row of Figure 4, one can see that the parametric
thresholds display different degrees of conservativeness:
the smaller the smoothing kernel, the more conservative the
test, since the achieved « levels are further below their
nominal values, displayed as black dots for reference. In the
middle row of Figure 4, one can see that calibrated « levels
are much closer to the nominal levels, delivering more
powerful tests. Even if now the error rates are closer to the
correct levels, they are slightly lower than the correct ones
since they refer to a reference sample of N — 1 instead of N.
However, since the degrees of freedom are now random,
there is more variance in the achieved error rates than in
the parametric case, so that in some trials the achieved error
rates are too high. In the bottom row of Figure 4 one can
see the gains of using cross-validated calibration in terms of
lower thresholds (the parametric thresholds of random field
theory are shown as pink dots for reference).

The major advantage of adopting calibrated thresholds
results from exploiting spatially pooled variance estimates
(see Fig. 5). The left column shows the effect of smoothing
the variance estimate with an isotropic Gaussian kernel of
FWHM = 2 voxels. One can see that the achieved error rates
are substantially unaltered, but the thresholds reduction is

Figure 1.

The background brain image in grey is the average of the 40 nor-
malized ADC maps of the reference sample. The contour plots in
color show the extent of the brain classified as grey or white mat-
ter in a number of ADC maps. At one extreme, the dark red line
delimits the voxels which were classified in all ADC maps

(number of observations = 40). At the other extreme, the dark
blue line delimits the voxels classified in at least 5 observations
only. Lines in graded colors show intermediate numbers of obser-
vations. In the study, the number of observations was set to 30,
corresponding to the orange contour line.

Figure 2.

Top row: box plots of achieved significance levels at thresholds
specified by random fields theory (left), and their estimates
obtained with the simple (centre-left), the leave-out bootstrap
(centre-right), and cross-validation (right). The nominal levels of
the random field theory tests are shown in the first column as
black dots for reference. The boxes are drawn at the lower and
upper quartile values, with a line at the median value. The

whiskers extend from each end of the box covering the extent of
the rest of the data, with the exception of outliers marked as “x”.
Bottom row: histograms of maxima in standardized volumes. In
the left column, the boxes drawn from the artificial data repre-
sent the target distribution of the maxima of the random fields
that the bootstrap methods and cross-validation attempt to esti-

mate.

Figure 3.
Top row: box plots of estimated achieved significance levels. Bottom row: histograms of maxima in
standardized volumes. Left and central columns shows results from the “bootstrap Q = 15” and

resampled cross-validation. Right column shows results from simple cross-validation. The results
in the right column look different as they are calculated from a smaller data set, but otherwise
agree closely with the population data of the left column of Figure 2.
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much more substantial than without variance smoothing
(bottom row). For tests at the 0.05 level, the reduction
amounts to almost 3 points, compared with less than 1 point
without smoothing.

The right column Figure 5 shows how the use of 5-fold
cross-validation trades off some bias in the estimation of
the error rates for a reduction in the variance, especially at
nominal significance levels equal or less than 0.1. As a
result, only in outlier trials are the achieved error rates
higher than the bound specified by the nominal significance
levels. The calibrated thresholds, although not as low as in
simple cross-validation, are substantially lower than those
that would be used without variance estimate pooling; they
also show less variance across trials.

These simulations show that cross-validation is an effec-
tive means to calibrate random field testing. The improve-
ments of cross-validation are most marked when it is used
in combination with locally pooled variance estimates. As
in nonparametric fits, n-fold cross-validation exhibits a
bias-variance tradeoff that can be used to improve the confi-
dence that the bounds specified by the nominal « level on
Type I error rates are respected.

Calibration of ADC Maps

In this section we shall apply cross-validation to real
ADC maps, with the purpose of showing that calibrated
rejection regions are more accurate than those computed
with the parametric random field theory test. ADC maps
from N = 40 individuals satisfying the criteria for the refer-
ence sample were collected (see “Material and methods”).
Figure 6, left, displays the superimposed histograms of the
standardized reference sample. The histograms are some-
what more variable than what one might expect from nor-
mal data; notably, some of the right tails of the histograms
appear to be slightly thicker and longer that the left tails. A
permutation test of the maxima of the voxel-by-voxel skew-
ness obtained by multiplying a random subset of the stand-
ardized volumes by —1 at each of 12,000 steps demonstrates
only a trend towards positive skewness (P = 0.098). How-
ever, the visual impression of longer right tails is confirmed
by a permutation test of the symmetry of the maxima and
minima. Figure 6, right, shows the permutation distribution
of the ¢ statistic on the absolute extrema of the standardized
volumes, after multiplication of a random subset of the vol-
umes by —1. If the extrema were distributed symmetrically
around the zero mean, this statistic would be close to zero.
The value of the statistic of the observed volumes (indicated
by a red mark on the abscissa), however, is located well to
the right of the bulk of the permutation distribution, indi-
cating that maxima are further away from the zero mean
than the minima (P < 0.0001).

Even if the moderate skewness would normally raise no
concern in a univariate context, its marked effect on the aver-
age difference between the extrema may be relevant here,
since parametric random field tests are based on the distri-
bution of extrema [Salmond et al., 2002]. While a comprehen-
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Figure 4.

Top row: box plots of achieved significance levels of random field
tests compared with the nominal levels (black dots). The tests
were carried out on reference samples of size N = |5 with
increasing volume smoothness (from left to right).

sive analysis of the specific distributional characteristics of
ADC maps and their effects on parametric random field tests
are outside the scope of this paper, we will note that the cali-
brated random field model is sensitive to the asymmetry of
the extrema, while the symmetric rejection regions of the
parametric test cannot be correct. When applied to the whole
reference sample of N = 40 (using a vector of seven alpha
levels between 0.2 and 0.01), simple cross-validation esti-
mated the calibrated degrees of freedom to a value of 35 for
maxima, 219 for minima, against the theoretical value of 39.
The corresponding parametric thresholds for tests at the
nominal level P = 0.05 are =5.43, and those calibrated by
cross validation 5.53 and —4.70. These data suggest that at
even moderate degrees of skewness the symmetric rejections
regions of parametric test may lead to inaccurate results.

Case Studies
Case study I: Old cerebral infarction

The signal changes caused by infarction evolve with the
progression of the lesion. In the initial stages, water diffu-
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Figure 5.
Calibration of achieved significance levels. In the top row, box plots
of the achieved significance levels. Bottom row shows box plots of
the thresholds obtained by calibration. The thresholds obtained by
parametric random field tests without calibration are shown as
pink spots. On the abscissa, nominal significance levels are given.

sion decreases, presumably due to the reduced diffusion of
the larger proportion of water molecules in the intracellular
compartment prior to cellular death. At later stages, cicatri-
tial tissue and the removal of necrotic parts increase the dif-

Distribution of standardized ADC maps
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Figure 6.

In the first diagram on the left, histograms of the standardized signal
of the 40 ADC maps used in this study are shown. The histograms
are drawn as lines to allow superimposing them in a single diagram.
On the right, permutation distribution of the average difference
between the extrema of standardized volumes (see text for details)
is shown. Yellow marks on the abscissa indicate the 5th and 95th
percentiles of the permutation distribution of the extrema, and the
red mark indicate the value of the observed sample.

fusion coefficients [Atlas, 2002]. Figure 7 displays transver-
sal slices of T2-weighted structural images, normalized
ADC maps, and the statistical maps thresholded at a signifi-
cance level of 0.05 (two-tailed) obtained by testing the nor-
malized ADC maps with the reference sample of N = 40
with the random field model calibrated by cross-validation.

This patient, a woman of 43, suffered from an extensive
right-hemisphere infarction after aneurysm clipping several
years previously. Over the years, the damaged tissue under-
went extensive reorganization, resulting in the formation of
scar tissue, contraction of the brain parenchyma and com-
pensatory enlargement of the ventricle on the same side (T2-
weighted image on the left and normalized ADC maps in
the centre). Enlargement of the ventricle is detected by the
segmentation process, which classified as belonging to the
CSF compartment large portions of tissue that are usually
classified as white or gray matter. This additional CSF-classi-
fied voxels are displayed in gray in the parametric maps on
the right, superimposed on an averaged T1-weighted tem-
plate. The statistical analysis displays the enhanced diffusion
of water in the cicatricial tissue in red and yellow.

Case study 2: Fresh cerebral infarction

The second case study consists of images of a fresh stroke.
Here we expect areas with reduced diffusion coefficient. The
statistical maps were thresholded at an alpha level of 0.05
(one-tailed).

Figure 7.

Extensive right-hemisphere infarction in T2-weighted images (left
column) and ADC maps (centre column). Right column, paramet-
ric maps of the lesion as overlay on the normal MNI T| template.
The transversal slices show voxel-by-voxel t scores thresholded
at corrected significance level of P < 0.05, two-tailed. In yellow
and red, voxels over threshold for maxima are shown; in blue,
voxels under threshold for minima are given. In grey, voxels that
were classified by the segmentation process as CSF in this ADC
map and that were part of the reference images. All images are
shown in the neurological convention with the patient’s right to
the right side.
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Figure 8.
Occipital-calcarine fresh stroke in T2-weighted images (left col-
umn) and ADC maps (centre column). Right column shows para-
metric maps of the lesion. The transversal slices show voxel-by-
voxel t scores thresholded at corrected significance level of P <
0.05, one-tailed.

These images were taken from an 81-years-old male pa-
tient suffering from acute hemianopsia in the left hemifield.
In the T2-weighted images on the left, taken 24 h after onset
of symptoms, a fresh infarct is barely detectable as an area of
hyperintense signal with ill-defined contours in the occipi-
tal-calcarine cortex (Fig. 8). The normalized ADC maps in
the central column show reduced diffusion in the same zone.
The reduction of the signal is visible in the statistical maps
on the right.

Case study 3: Glioblastoma

The third case study consists of images obtained of a glio-
blastoma, a highly malignant and invasive tumor of the nerv-
ous tissue, where we will look for enhancements of the diffu-
sion coefficients due to the neoplastic tissue and the sur-
rounding edema. The figures were built as in Case study 1,
with the exception that the T2-weighted structural images
were replaced by T1-weighted images with contrast medium
to better highlight the neoplastic lesions following any break-
down of the blood-brain barrier. The statistical maps were
thresholded at an alpha level of 0.05 (one-tailed) (Fig. 9).

This patient (a male of 63 years of age) suffered from a
glioblastoma (histologically confirmed). The primary lesion
is located in the right-medial temporal lobe. The tumor
compresses the right ventricle, leading to disturbances of
CSF flow and dilatation of the temporal horn, as apparent
in the T1l-weighted images on the left. Even if located in
areas usually occupied by white or gray matter, these vox-
els were correctly classified by the segmentation algorithm
as CSF (in gray in the parametric maps on the right, which
were superimposed on a normal average T1 template). The
upper row shows images before radiotherapy. At this stage,
the tumor did not show the contrast enhancement usually

seen with this type of lesion, and the ADC values were iso-
intense to the surrounding tissue. The statistical map, how-
ever, pinpoints a second lesion in the left temporal lobe,
which is barely visible in the T1-weighted images. The bot-
tom row shows a follow-up study 4 months after comple-
tion of radiotherapy. The tumor tissue now shows extensive
contrast enhancement, possibly associated with radiation
necrosis or ongoing tumor growth (left). The lesion is
enlarged with further compression of the right lateral ven-
tricle and dilation of the temporal horn. The statistical map
on the right depicts the tumor as well as the surrounding
edema in yellow and red.

DISCUSSION

There were both practical and methodological motiva-
tions behind the study, and we discuss them in turn

Application to Single-lmage Tests

In this study a reference distribution model that makes
contact with well-established medical practices in establish-
ing departures from normal reference values was intro-
duced, and applied to the assessment of images taken for
clinical purposes. Cross-validated calibration was shown to
increase the power of random field models testing when
the variance cannot be estimated globally, extending the
scope of resampling methods to applications where permu-
tation cannot be applied. In simulations with artificial ¢ ran-
dom fields, random fields calibrated with cross-validation
were shown to deliver more powerful tests than parametric
methods when the smoothness of the image is low (see Fig.
4). Calibration of random field models also adapts the test
to departures from ideal distributional assumptions on the
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Figure 9.
Glioblastoma in Tl-weighted images with contrast medium (left
column) and ADC maps (centre column). Right column shows
parametric maps of the lesion. The transversal slices show voxel-
by-voxel t scores thresholded at corrected significance level of P <
0.05, one-tailed.
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signal (at least as long as the real distribution is the same in
all examined voxels), delivering guarantees on its validity
that are otherwise not available in parametric tests. Evi-
dence was presented that ADC maps in this study are char-
acterized by an asymmetric distribution of extrema. This is
an important practical aspect when testing the signal of sin-
gle images, since here the effect of departures from normal-
ity assumptions are most marked.

An important advantage of the semiparametric approach
presented here is the possibility of combining calibration
with local pooling of the voxel-by-voxel variance estimates
in t field models. The voxel-by-voxel mean and variance
estimators may well be optimal in the univariate setting,
but in this context the object of the estimate is the random
field as a whole. Indeed, if the variance is spatially corre-
lated, pooling its variance must reduce the risk of the esti-
mate. The situation is somewhat analogous to variance
function estimation in generalized regression, where var-
iance function models or kernel methods have been shown
to be superior to estimating the variance by using the repli-
cations at each observed point [Carroll and Ruppert, 1988;
Davidian and Giltinan, 1995]. In the present context, we
showed that in artificial volumes the cut-off thresholds can
be lowered by about a third while maintaining the same
achieved significance levels (see Fig. 5).

Finally, the application of cross-validated calibration was
illustrated by successfully detecting the pathological signal in
ADC maps of patients affected by stroke and glioblastoma.

Methodology: Superiority of Cross-Validation
Relative to the Bootstrap

It was shown here that the bootstrap, unlike cross-valida-
tion, cannot be applied to the estimation of the distribution of
extrema of random fields (see Fig. 2). Simulations were made
that indicate that the type of resampling (with replacement
vs. without replacement) is responsible for the success of
cross-validation procedures (see Fig. 3). We discuss here why
cross-validation succeeds where the bootstrap fails.

Bickel and Freedman [1981] drew attention on the failure
of the bootstrap to provide consistent estimates of statistics
of extrema in a univariate setting. More generally, the
resampled statistic must satisfy mild smoothness conditions
to be successfully estimated by the bootstrap [see Beran and
Ducharme, 1991 for a useful discussion].

Cross-validation is a specific instance of a more general
class of resampling schemes, characterized by resampling
without replacement. Politis et al. [1999] summarize a num-
ber of results demonstrating that resampling without
replacement is a more robust estimation technique than the
bootstrap; in particular, sampling without replacement pro-
vides consistent estimators under the conditions where the
bootstrap was showed to fail. n-Fold cross-validation, for
subsamples increasingly close to N, illustrates the sequen-
tial principle on which the asymptotic efficacy of sampling
without replacement is based: each of the B subsamples, of
size Q, are indeed subsamples of size Q from the true

model for samples of size N. Thus, under very mild condi-
tions, the sampling distribution of the chosen statistic gets
closer to the true distribution of samples of size N as Q gets
close to N [Politis et al., 1999, p. 40]. The bootstrap, on the
other hand, attempts to approximate the model directly
with resamples of size N drawn i.i.d. from the empirical
sample (that is, without replacement), and this attempt suc-
ceeds under conditions that are more restrictive than in
sampling without replacement.

Note, however, that the smaller the ratio Q/N, the closer
the bootstrap-Q gets to sampling Q observations without
replacement, since the probability that an observation is
sampled twice becomes increasingly smaller. Thus, asymp-
totically when Q/N — 0 as N — oo, the differences between
the bootstrap-Q and resampled cross-validation vanish.
More generally, it is known that the bootstrap becomes con-
sistent when resampling proceeds on subsets rather than on
the original dataset, since it is asymptotically equivalent to
sampling without replacement. The rate at which this as-
ymptotic result is reached, however, varies depending on
the statistic under consideration, so that general results are
not available [Politis et al., 1999, p. 51]. This means that
while two methods compared in Figure 3, bootstrap-Q and
resampled cross-validation, are asymptotically equivalent,
the simulations demonstrate that the rate of convergence to
the limiting distribution of extrema of random fields is
slower for the bootstrap than for cross-validation. Because
of asymptotic equivalence, at some point with increasing N
the bootstrap technique too will deliver good results. The
rationale for using cross-validation or related sampling
without replacement techniques is then that they are safe
techniques, which in the present context succeed even if
bootstrap techniques fail.

As is usually the case with the bootstrap, results do not
easily generalize. While our target here was single image
tests, our results invite to caution when estimating the em-
pirical distribution of extrema of random fields, especially
if the dataset is small. However, since not all conceivable
bootstrap schemes were analyzed here, further research
should address the effectiveness of alternative algorithms.
In other situations, a larger set of alternative resampling
schemes may be available, such as resampling from chunks
of adjacent residuals [Efron and Tibshirani, 1993]. Even if
successful, however, alternative resampling schemes may
be complex and therefore impractical, especially if com-
pared with permutation tests.

The semiparametric approach presented here is justified
by the small size of the reference sample, but can reason-
ably be expected to be more efficient if the reference sample
is close to the distributional assumptions of the random
field, i.e., if the random field model is approximately valid.
In this case, estimation of the empirical null by resampling
leads to gains in power, especially if the estimate of the var-
iance is pooled across neighbouring voxels. Of course, if the
reference sample is far from being normally distributed and
is large, then one may and should abandon the random
field model and resort to the appropriate quantiles of the
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empirical distribution of the extrema obtained by sampling
without replacement, or to a nonparametric estimate of ¥(«)
viewed as a function of « in a reasonable domain interval.
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