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Abstract: The reproducibility of activation patterns in the whole brain obtained by functional magnetic
resonance imaging (fMRI) experiments at 4 Tesla was studied with a simple finger-opposition task. Six
subjects performed three runs in one session, and each run was analyzed separately with the t-test as a
univariate method and Fisher’s linear discriminant analysis as a multivariate method. Detrending with a
first- and third-order polynomial as well as logarithmic transformation as preprocessing steps for the t-test
were tested for their impact on reproducibility. Reproducibility across the whole brain was studied by
using scatter plots of statistical values and calculating the correlation coefficient between pairs of activation
maps. In order to compare reproducibility of ‘‘activated’’ voxels across runs, subjects and models, 2% of all
voxels in the brain with the highest statistical values were classified as activated. The analysis of
reproducible activated voxels was performed for the whole brain and within regions of interest. We found
considerable variability in reproducibility across subjects, regions of interest, and analysis methods. The
t-test on the linear detrended data yielded better reproducibility than Fisher’s linear discriminant analysis,
and therefore seems to be a robust although conservative method. Preliminary data indicate that these
modeling results may be reversed by preprocessing to reduce respiratory and cardiac physiological noise
effects. The reproducibility of both the position and number of activated voxels in the sensorimotor cortex
was highest, while that of the supplementary motor area was much lower, with reproducibility of the
cerebellum falling in between the other two areas. Hum. Brain Mapping 7:267–283, 1999. r 1999 Wiley-Liss, Inc.
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INTRODUCTION
Functional imaging techniques are routinely used to
locate activation sites related to mental tasks in hu-
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mans. Recently developed functional magnetic resonance imaging (fMRI) techniques provide good spatial
resolution and are completely noninvasive procedures. Thus, fMRI has extended the utility for cognitive neurosciences. It is well-accepted that higher fields
(e.g., 4.0 Tesla) provide higher signal-to-noise and
contrast-to-noise ratios in fMRI [Bandettini and Wong,
1995; Ogawa et al., 1993; Turner et al., 1993; Weiskoff et
al., 1994]. Moreover, functional maps obtained at high
fields contain fewer relative contributions from large
venous vessels than those from low field systems [Gati
et al., 1997; Ogawa et al., 1993; Weiskoff et al., 1994].
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Thus, many institutes have set up high field laboratories with field strengths greater than or equal to 3 T.
Currently more than 20 systems with 3 T or 4 T
magnets exist worldwide. While several laboratories
have investigated the reproducibility of functional
imaging with low field systems (1.5 T) [Mattay et al.,
1996; Moser et al., 1996; Noll et al., 1997; Wexler et al.,
1997; Yetkin et al., 1996], to our knowledge, reproducibility studies have not been performed at high fields.
In this study, we used a 4 T system to examine
reproducibility in the whole brain during a simple
finger-opposition task, which was used previously to
study reproducibility at 1.5 T [Mattay et al., 1996].
Reproducibility of statistical values, activation volume, and foci location has been investigated in the
primary sensorimotor areas as well as associative
motor areas including the supplementary motor area
and the cerebellum.
Activation maps from functional imaging studies
are very sensitive to the thresholds used to classify
voxels as active or inactive. Various attempts have
been made to determine ‘‘optimal’’ thresholds [Arndt
et al., 1997; Forman et al., 1995; Genovese et al., 1997;
Kleinschmidt et al., 1995], but no single data analysis
model or thresholding procedure has become established as a gold-standard processing method in fMRI
studies. The same holds for the preprocessing of data
prior to statistical tests. While some laboratories detrend their data by subtracting individual slopes from
the time courses of each voxel [Mattay et al., 1996;
Bandettini et al., 1993], others do not. In previous
reproducibility studies, model-driven [Le et al., 1997;
Mattay et al., 1996; Moser et al., 1996; Yetkin et al.,
1996] and data-adaptive [Moser et al., 1996; Noll et al.,
1997; Wexler et al., 1997] thresholds have been used
with the t-test [Le and Hu, 1997; Mattay et al., 1996;
Wexler et al., 1997] and cross-correlation [Noll et al.,
1997; Moser et al., 1996; Yetkin et al., 1996] analysis
methods. In this study we investigated the effect of
different data analysis models on intra- and intersubject reproducibility. Two statistical approaches were
taken: one was a standard univariate t-test with different preprocessing steps; the other was a multivariate
Fisher’s linear discriminate analysis (FLDA) applied to
the principal components resulting from data preprocessing according to the scaled subprofile model (SSM)
[Moeller and Strother, 1991]. To compare both models,
a fixed percentage of all brain voxels with the highest
statistical values was classified as active. We found that
reproducibility is dependent on both the model and
the brain region being investigated.
䉬

MATERIALS AND METHODS
Subjects
Six healthy subjects (3 male and 3 female) were
studied according to the guidelines approved by the
institutional review board of the University of Minnesota; informed consent was obtained from all subjects.
Average age was 36 ⫾ 6 years. All subjects were
right-handed according to the Edinburgh Inventory
[Oldfield, 1971]. They were recruited from the academic environment of the University of Minnesota
Medical School.
MRI
Functional MRI was studied on a 4 T whole-body
imaging system with a 1.25-m-diameter horizontal
bore (SISCo., Palo Alto, CA/Siemens, Erlangen, Germany) and a head gradient insert operating at a
gradient strength of 30 mT/m and a slew rate of 150
T/m/sec in all three axes. For radio frequency transmission and detection, a homogeneous quadrature birdcage coil was used. To reduce head motion, foam
padding was used. Manual shimming was performed
to improve homogeneity before the image data collection.
In all imaging studies, conventional T1-weighted
anatomic images of the whole brain were collected
using the turbo fast low angle shot (FLASH; inversion
time TI ⫽ 1.2 sec) technique with in-plane resolution of
1.875 ⫻ 1.875 mm2, a field of view of 24 ⫻ 24 cm2, and
32–35 slices with a thickness of 5 mm. The blood
oxygenation level dependent (BOLD) functional images of the whole brain were acquired with the
single-shot echo planar imaging (EPI) technique with a
repetition time (TR) of 5 sec, an echo-time (TE) of 30
msec, in-plane resolution of 3.75 ⫻ 3.75 mm2, and slice
thickness of 5 mm. The slices were selected coronally
because the gradient noise is less in this direction in
our system. To reduce EPI artifacts, we used the image
reference method [Le and Hu, 1997].
To investigate within-session reproducibility of functional images, each subject repeated the fMRI study
(referred to as a ‘‘run’’) three times in one session; i.e.,
Run1, Run2, and Run3. During each run, T2*-weighted
EPI images were collected continuously during four
‘‘nonstimulated’’ resting, or control, and three stimulated task periods. Typically, 12 images were acquired
during each 60-sec period except during the first
control period, which had 15 images. The first three
images acquired during the first control period served
as a reference to correct phase differences between odd
and even echoes [Hu and Le, 1996] and were discarded
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before further data analysis. The waiting time between
runs was between 3–10 min. The task was left-handed
finger opposition between the thumb and the remaining four digits (digit order: 2, 3, 4, 5, 4, 3, 2, and so on);
an auditory cue paced the finger opposition at 1 Hz.
For 2 subjects, fMRI was accompanied by simultaneous recording of the respiration and cardiac signal
for retrospective reduction of physiological noise. The
respiratory signal was monitored with a flexible pressure belt placed around the abdomen of the subject.
The cardiac signal was monitored with a pulse oximeter placed on the finger of the subject.

Statistical analysis
To generate activation maps for each run, two
statistical methods were used: a standard univariate
unpaired t-test and a multivariate Fisher’s linear discriminate analysis (FLDA) applied to the principal
components from scaled subprofile model (SSM) preprocessing.
Univariate analysis: t-test. The t-test was performed
between control and task periods on a voxel-by-voxel
basis with a variance pooled across rest and activation
periods. The pooled variance 2 is

Data processing
 ⫽
2

Data preparation
All data sets were visually inspected for head movements by using a CINE movie of the functional images.
The multislice two-dimensional images were converted to a three-dimensional (3D) image with an
isotropic voxel size of (3.75 mm)3 and a field of view of
(24 cm)3. The resulting 3D-images were resliced axially
for better identification of motor cortical areas. To
minimize head motion artifacts, each 3D-image was
realigned to the first image of the first run (i.e., the
fourth image acquired) using the automated image
registration (AIR) program [Woods et al., 1998]. The
maximal mean movement between and within runs of
all voxels of all subjects was less than 2.5 mm (i..e., less
than one voxel). Finally the images were smoothed by
averaging a voxel with its adjacent voxels using a 3D
3 ⫻ 3 ⫻ 3 boxcar function. To generate a mask for
voxels within the brain, a semiautomated algorithm
was used: the mean volume of all aligned functional
volumes from each subject was thresholded at 15% of
the maximum value in each slice, and the resulting
mask was visually inspected and manually improved
if necessary.
Plots of the standard deviation vs. the means of each
volume for all runs were generated to examine the
interdependency of both parameters and to assess the
suitability of a multiplicative global effects model such
as the scaled subprofile model (SSM) [Moeller and
Strother, 1991]. Furthermore, the reproducibility of the
control periods, or baselines, was investigated for each
run with an ANOVA: the means of each volume were
examined with the four baselines as the treatment and
the 12 data points for each baseline as repeated
measures. If a significant difference between baseline
periods was observed, the maximal percentage difference was calculated.
䉬

2
2
(Nact ⫺ 1)act
⫹ (Nrest ⫺ 1)rest

Nact ⫹ Nrest ⫺ 1

(1)

2
2
where act
and rest
are variances during activation and
resting periods and Nact and Nrest the number of
volumes during the activation and resting periods.
Two different thresholds were used: one was a fixed
t-value for all runs, and the other was determined by a
fixed number of voxels with the highest statistical
values. All voxels with values higher than the threshold were regarded as nominally ‘‘activated,’’ with this
designation to be tested using reproducibility across
independent runs to provide additional control for
false-positive activations where needed (see Appendix). As a fixed threshold we chose t ⫽ 5 and compared
this with a fixed number of activated voxels, i.e., the
top 2% of all voxel t-values inside the brain.
To determine the effect of different preprocessing
techniques on reproducibility, data were analyzed by
the t-test 1) with and without detrending and 2) with
and without logarithmic transformation. For the trend
correction, first- and third-order polynomial functions
were fitted to the time course of each voxel, and the
time-dependent component was subtracted.
In another preprocessing step, the data sets of 2
subjects were corrected for 1) respiratory and 2) respiratory and cardiac fluctuations according to a retrospective technique [Hu et al., 1995]. The corrected data sets
were then analyzed with both models, the t-test and
SSM/FLDA.

Multivariate analysis: SSM/FLDA. For the SSM/
FLDA, the data were preprocessed according to the
SSM framework [Moeller and Strother, 1991; Strother
et al., 1995a,b], which after a logarithmic transformation removes a spatially independent global scaling
factor and a temporally independent spatial pattern,
followed by a principal component analysis (PCA) of
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the remaining space-time (voxel-time) interaction term
plus noise. The signal of voxel j in scan q (1 to Q), vjq, is
described by
vjq ⫽ gq(rj ⫹ ijq)

(2)

where gq is a global scaling factor for scan q, rj the
group mean pattern for voxel j, and ijq the voxel-time
interaction term with error. The interaction term is
described by
Q

ijq ⫽

兺 h ssf
jk

kq

(3)

k⫽1

where hjk is the value of the kth orthonormal eigenimage for voxel j and ssfkq is the qth scan scaling factor for
the kth eigenvector. Note that this type of model
involving a variance decomposition of an interaction
term is appropriate when dealing with signals in
which there is a high degree of unknown nonstationary structure, as occurs in fMRI time series.
In order to exclude some ‘‘noise’’ from the FLDA,
only the first 30 eigenvectors from the SSM preprocessing of each run were analyzed (Q ⫽ 30). The FLDA was
applied to these eigenvectors from each run to find the
linear combination of eigenvectors that defined the
direction in the 30 dimensional subspace that separated baseline and activation scans best; this ‘‘discriminant eigenvector’’ contains a time series of 84 weights,
one for each scan in the run. There is an equivalent
linear combination of eigenimages to the eigenvectors,
which defines the ‘‘discriminant eigenimage’’ for that
run [Ardekani et al., 1998; Rottenberg et al., 1996]. Note
that the FLDA of the SSM eigenvectors represents the
simplest two-group example of the more general
multigroup analysis of eigenvectors using canonical
variates analysis [Friston et al., 1995; Strother et al.,
1996].
The PCA in the SSM preprocessing orders the
resulting eigenvectors according to the total variance
they contribute to the voxel-time interaction term (ijq).
This order may have little to do with the order of
importance of the first 30 eigenvectors in forming the
discriminant between baseline and activation scans
[Flury, 1995; Rottenberg et al., 1996]. To obtain this
‘‘FLDA ordering’’ we calculated the variance (R2)
contributed by each of the 30 eigenvectors to the
discriminant eigenvector and reordered the eigenvectors according to the largest to smallest R2 values. To
further eliminate eigenvectors that contain more noise
than predictable baseline-activation signal (i.e., that do
not enhance prediction across repeated runs), for each
䉬

subject we assessed the reproducibility across repeated
runs as a function of the number of reordered eigenvectors, accounting for a cumulative R2 of 80%, 90%, 99%,
and 100% of the discriminant eigenvector variance.
The cumulative R2 percentage that on average maximized activated voxel reproducibility was found, and
these SSM/FLDA results were analyzed further. Only
the top-2% threshold was applied to the discriminant
eigenimages of the SSM/FLDA, because there is no
standard means of converting eigenimages to statistical parametric maps based on parametric distributions
such as t-tests.
To investigate if any SSM eigenvectors, particularly
those retained for calculation of SSM/FLDA results,
represented residual movement effects, each of the first
30 eigenvectors was correlated with the time course of
maximal voxel displacement derived from the movement correction.
Reproducibility across the whole brain
To determine the reproducibility of activation patterns across all voxels in the whole brain for repeated
runs, correlation coefficients were calculated for each
pair of t-value maps and discriminant eigenimages:
Run1 vs. Run2, Run2 vs. Run3, and Run1 vs. Run3.
Scatter plots for each pair were generated to visualize
pattern similarities [Strother et al., 1997].
Reproducibility of active voxels
Reproducibility of active voxels between three runs
was examined in the whole brain and within regions of
interest (ROI). Three reproducibility categories were
used: 1) no reproducibility: the voxel was activated
only in a single run; 2) medium reproducibility: the
voxel was active in two runs; and 3) high reproducibility: the voxel was active in all three runs. Note that
nonreproducibly activated voxels based on 2% thresholds should be interpreted in light of the Type I error
caveats discussed in the Appendix.
The ROIs were 1) the right (contralateral) motor area
including the primary motor cortex, sensory motor
cortex, and lateral premotor areas, and parts of the
parietal areas along the postcentral sulcus (SM); 2) the
left (ipsilateral) cerebellum (CER); 3) the bilateral
medial motor area including the supplementary motor
area (SMA); 4) the area around the sylvian fissure in
the region of the planum temporale (SF); and 5) the
right thalamus (Th). A sixth ROI (X) demonstrating
some moderate and high reproducibility was individually chosen for every subject. All remaining activated
voxels formed the miscellaneous group.
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The extent of each ROI was determined by the
cluster of contiguous active voxels that were classified
as active in at least one run. In 2 subjects the clusters
for SM and SMA were separated based on brain
anatomy. Except for the thalamus, the minimum number of voxels for one cluster was five.
For the three largest ROIs (SM, CER, and SMA) in
each subject, the centroid and volume of connected
active voxels in each run were determined. The range
of volumes was divided by the mean volume across
runs, and a two-factor ANOVA performed to investigate if the means of these ratios (volume range/
volume mean) for each subject varied between ROIs.
Similarly, a two-factor ANOVA of the mean centroid
distances for each subject was performed.
RESULTS
Analysis of the baseline
In all except one of the 18 runs, the slopes of the
standard deviation vs. the means of each volume were
significantly different from zero (P ⬍ 0.05) and ranged
from 0.07–0.42. This indicates that the standard deviation has some linear dependency on the mean.
In 11 of the 18 runs, at least two baseline periods
differed significantly in their means (P ⬍ 0.01, ANOVA);
the maximal mean difference ranged from 0.4–2%.
In 13 of the 18 runs, one SSM eigenvector from the
movement-corrected data was highly correlated with
the time course of the maximal voxel displacement of
the movement correction (r ⬎ 0.7); in 10 runs this was
the first eigenvector, which accounts for 24.9–72.7% of
the voxel-time-interaction term variance. In five runs
(2 subjects), the SSM eigenvector that accounted for the
most variance in the discriminant eigenvector of the
FLDA correlated with the movement time course (r ⬎
0.6); the eigenvectors accounted for 6.6–15.3% of the
interaction-term variance.
Scatter plots
Figure 1 shows representative scatter plots of (a)
t-values and (b) discriminant eigenimage values in two
repeated runs for subject D. Linear detrended data
were used for the t-test. Each dot represents one voxel
in a whole-brain image. If all voxels were completely
reproducible during repeated runs, all points would lie
along the diagonal line. Dispersion indicates variations
of t-values or discriminant eigenimage values between
runs.
From the scatter plots, several observations can be
made. 1) The clouds are elongated along the diagonal
䉬

Figure 1.
Scatter plots for pairs of (a) t-value maps of t-tests and (b)
discriminate eigenimages of SSM/FLDA. Each dot represents a
voxel, and all brain voxels are plotted. Axes are statistical values of
Run1 and Run3. Solid lines represent the thresholds for 2% of all
voxels, with the highest statistical values for each run.

to the upper right, indicating that voxels with higher
statistical values in one run also tend to have higher
values in the other run. There is less elongation
towards the lower left corner, which means that only a
few voxels show potentially significant decreases. 2)
Three groups of voxels can be differentiated: voxels
that lie above a chosen threshold for Run1 and above
the corresponding threshold for Run3 are activated in
both runs, while voxels with values higher than the
particular threshold only for Run1 or Run3 are only
found active in one run. As expected, most voxels
belong to the third group and are activated in neither
of the two runs. 3) The modes of the whole-brain
t-value distributions for each of the 18 runs lie between
1.2–4.2. Because the diagonal extent of the clouds does
not vary as much as their modes, these mode shifts
result in a high variability of the number of activated
voxels with a fixed threshold such as t ⫽ 5. If the mode
is shifted to low values, the fixed threshold classifies
fewer voxels active than when the mode is shifted to
higher values. Therefore, we chose a data adaptive
top-2% threshold to derive activation images when
comparing the reproducibility between different preprocessing steps and between both models.
Effects of different preprocessing steps
Figures 2 and 3 show the average of the mean
percentages of highly reproducible, moderately reproducible, and nonreproducible voxels for different preprocessing methods. Detrending with a first-order
polynomial shows a slight increase in highly reproducible and a slight decrease in nonreproducible voxels
(Fig. 2). A logarithmic transformation did not improve
the t-test reproducibility compared to no preprocess-
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Figure 2.
Averages of the mean percentage of non-, moderately, and highly
reproducible voxels (see text) for the t-test without any preprocessing, and detrending with a first- and third-order polynomial.
Error bars indicate the standard errors for the averages across 6
subjects. Between the columns marked by an asterisk, a paired
t-test indicated a slightly significant difference in the means (P ⫽
0.047).

ing (Fig. 3). Therefore, further reproducibility analyses
were performed on linear detrended data sets for
t-tests.
For the SSM we found that across the 18 runs, the
first 30 eigenvectors accounted for 89–99% of the total
variance of the voxel-time-interaction term, ijq, of Eq. 2.
The number of SSM eigenvectors needed to account
for 80%, 90%, and 99% of the discriminant eigenvector

Figure 3.
Averages of the mean percentage of non-, moderately, and highly
reproducible voxels (see text) for the t-test without any preprocessing, and logarithmic transformation as preprocessing. Error
bars indicate the standard errors for the averages across 6
subjects.

䉬

Figure 4.
Averages of the mean percentage of non-, moderately, and highly
reproducible voxels (see text) for FLDA with different numbers of
SSM eigenvectors accounting for 80%, 90%, 99%, and 100% of the
discriminant eigenvector variance. Error bars indicate the standard
errors for the averages across 6 subjects. Between the columns
marked by an asterisk, a paired t-test indicated a significant
difference in the means (P ⫽ 0.011).

built from 30 components is (3–10), (7–14), and (19–25),
respectively. The reproducibility of the four FLDAs
(80%, 90%, 99%, and 100% included variance) is shown
in Figure 4. Clearly the maximum of high reproducibility and the minimum of nonreproducibility lies at 90%
included variance, and therefore this SSM/FLDA was
used for further analysis.
Figure 5 allows a comparison of the reproducibility
of the fMRI data with and without retrospective
correction for physiological noise for both statistical
methods. Each bar represents the average for the 2
subjects, and range bars demonstrate the spread of the
exact values for both subjects. The reproducibility for
the t-test remains almost the same, while the effect of
physiological correction on the SSM/FLDA is much
stronger. Respiratory correction increases the fraction
of highly reproducible voxels for SSM/FLDA by approximately 50% while decreasing the fraction of
nonreproducible voxels. Further correction for cardiac
fluctuations improves the reproducibility only slightly.
Because only two data sets were corrected for physiological noise, these data were not further used.
Reproducibility across the whole brain
The average correlation coefficient of all voxels
between runs is 0.56 ⫾ 0.14 (range, 0.31–0.76) for the
t-tests and 0.38 ⫾ 0.09 (range, 0.20–0.52) for the
SSM/FLDA. The correlation values are significantly
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TABLE I. Number of voxels per run classified as active by
t-test with a fixed threshold of t ⴝ 5

Figure 5.
Averages of the mean percentage of non-, moderately, and highly
reproducible voxels (see text) for (a) the t-test and (b) SSM/FLDA
for raw data and data corrected for respiratory noise and
respiratory and cardiac noise. Dotted bars indicate range for the 2
subjects.

higher for the t-test than for the SSM/FLDA (P ⬍ 0.005,
Wilcoxon matched-pairs signed-rank test), as illustrated in Figure 1.
However, for the 2 subjects after physiological correction, the correlation coefficients for SSM/FLDA exceed
those for the t-test (SSM/FLDA, 0.70 ⫾ 0.10; t-test,
0.66 ⫾ 0.11 for respiratory and cardiac correction).

Subject

Run1

Run2

Run3

A
B
C
D
E
F

5,317
1,154
2,071
3,895
3,243
6,828

3,910
499
241
2,132
379
12,816

6,543
958
145
2,185
710
4,858

0.16 for the t-test of linear detrended data (see Fig. 2)
and 0.32 ⫾ 0.09 for the SSM/FLDA (see Fig. 4). No
significant differences were found (P ⬎ 0.05, paired
t-test) in the fraction of highly reproducible voxels
between the t-test and SSM/FLDA.
Figures 6 and 7 show representative reproducibility
maps of subject D calculated by the t-test and the
SSM/FLDA using the top-2% threshold. Voxels activated in all three runs (highly reproducible) are colored in yellow, voxels activated in two runs (moderately reproducible) are red, and voxels activated only
in one run (nonreproducible) are blue. The general
activation pattern of the motor circuit is similar for
both maps, but they differ substantially in their details.
All subjects showed highly reproducible activation in
the contralateral SM and bilateral SMA areas, and 5
subjects had highly reproducible activation in the
ipsilateral cerebellum. Moderately reproducible activated voxels were found mainly on the border of the
activation foci. The map generated by the t-test reveals
activation in at least one run in the basal ganglia (A34)
and parts of the ipsilateral premotor cortex (A48–A50),
and highly reproducible activation in the thalamus
(A34). In contrast to the t-test, the SSM/FLDA shows
highly reproducible activation in the region of the right
occipital gyrus (A28), moderately reproducible activaTABLE II. t- and P-values of three runs and 6 subjects for
the thresholds classifying 2% of all voxels as active

Reproducibility of active voxels
The number of active voxels for the t-test with a
fixed threshold of t ⫽ 5 is listed in Table I. The t-values
for the top-2% thresholds and the corresponding P
values are tabulated in Table II. Clearly, large variations in the number of active voxels and P and t-values
are seen even in repeated runs of one subject, suggesting difficulties for inter- and intrasubject comparisons
with a fixed threshold.
When the top-2% threshold was applied, the average fraction of highly reproducible voxels was 0.41 ⫾
䉬

Run1

Run2

Run3

tP-value
tP-value
tP-value
Subject value (⫻10⫺7 ) value (⫻10⫺7 ) value (⫻10⫺7 )
A
B
C
D
E
F
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7.44
5.79
6.35
7.97
6.60
8.59

⬍1
⬍1
⬍1
⬍1
⬍1
⬍1

7.08
4.25
3.47
6.76
4.25
8.87

⬍1
274
4,083
⬍1
303
⬍1

7.15
5.45
3.08
6.48
4.79
8.36

⬍1
2
13,930
⬍1
40
⬍1
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Figure 6.
Activation map for subject D generated with t-tests using the top-2% threshold for each individual
run. Yellow voxels are highly reproducible, red voxels moderately reproducible, and blue voxels
nonreproducible. At the bottom of each image the slice number is given. Slices are 2 ⫻ 3.75 mm
apart. (Image left ⫽ subject left)

tion in the area around the sylvian fissure (SF), the
SMA, the region of the planum temporale, and the
parietal area (A42–A48), and no activation in the
ipsilateral premotor cortex. Also, the highly reproducible activated area of the contralateral SM extends

䉬

more anteriorly in the t-test map than in the SSM/
FLDA map. Furthermore, the SSM/FLDA map has
many more nonreproducible activation sites scattered
over the entire brain, including the thalamus (A32–
A36) and parietal areas (A44).
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Figure 7.
Activation map for subject D generated with SSM/FLDA, using the top-2% threshold for each
individual run. Yellow voxels are highly reproducible, red voxels moderately reproducible, and blue
voxels nonreproducible. At the bottom of each image the slice number is given. Slices are 2 ⫻ 3.75
mm apart. (Image left ⫽ subject left)

Figure 8 displays the reproducibility of activated
voxels within ROIs. Each bar represents the number of
active voxels in the ROI as a fraction of the total
number of active voxels within the whole brain; the
sum of the fractions in all ROIs for one subject is 1.0.

䉬

For each bar three categories exist: one is activation in
all three runs (white), the second is activation in two
runs (gray), and the third is activation only in one run
(black). Because the thalamus was classified as no
more than nonreproducibly activated in only four
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Figure 8.
Reproducibility within ROIs. One bar is drawn for each subject, ipsilateral cerebellum; SMA, supplementary motor area; SF, area
ROI, and model. The heights of each bar represent the mean around the sylvian fissure in the region of the planum temporale;
proportion of active voxels in the specific ROI relative to all active Th, contralateral thalamus; X, left precentral gyrus (subject A),
voxels in the whole brain. The black, gray, and white parts of each right cerebellum (subject C), right occipital gyrus (subject D),
column symbolize the proportion of non-, moderately, or highly ipsilateral SM (subject E), and right temporal pole (subject F); misc,
reproducible voxels, respectively. SM, sensorimotor cortex; CER, miscellaneous.

discriminant eigenimages of the SSM/FLDA, this was
excluded from Figure 8.
The ROI denoted by ‘‘X’’ is different for every
subject: with the t-test, subject A revealed moderately
reproducible activation in the left precentral gyrus,
subject C in the right cerebellum, and subject E in the
ipsilateral SM. SSM/FLDA showed highly reproducible activation in the left precentral gyrus for subject A,
in the right occipital gyrus for subject D, and in the
right temporal pole for subject F.
The location of the highly reproducible voxels (white
part of the bars) lay mainly in the motor cortical areas
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(SM and SMA) and cerebellum. Their sum ranges from
50–87% for the t-test and from 33–68% for SSM/FLDA.
Only subject A shows no reproducible activation in the
left cerebellum, in agreement with both methods.
The individual foci of activation (X) were reproducible in most instances only for the particular subject
and method. The most striking of these is subject D’s
highly reproducible activation in the right occipital
gyrus, found only with SSM/FLDA (see A28 in Fig. 7).
In contrast, subject A reveals moderately to highly
reproducible activation in the left precentral gyrus
with both analysis methods.
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Figure 9.
Distances between centroids for clusters in SM, CER, and SMA of each subject for t-test (dark gray)
and FLDA (light gray). Each bar represents the distance between one pair of runs, i.e., Run1-Run2,
Run2-Run3, and Run1-Run3.

All other areas were predominantly active in only
one run, although some are highly reproducible. The
locations of these activations were scattered over the
entire brain and not further examined. The total area of
this miscellaneous group was smaller for the t-test
than for the SSM/FLDA.
For the ROIs of SM, CER, and SMA, the size of the
clusters of activated voxels in each run was determined. For each subject the maximum minus minimum volume across runs for each ROI was divided by
the volume mean. In the CER, data for subject A were
excluded. The volume range/volume mean ratio is
significantly different across different ROIs for the
t-test (P ⬍ 0.005, two-factor ANOVA), but not for
SSM/FLDA (P ⬎ 0.3, two-factor ANOVA). The mean
values and their standard deviation for the t-test are:
SM, 0.3 ⫾ 0.3; CER, 0.51 ⫾ 0.13; and SMA, 1.4 ⫾ 0.4;
and for SSM/FLDA: SM, 0.40 ⫾ 0.16; CER, 0.8 ⫾ 0.2;
and SMA, 0.7 ⫾ 0.7.
The centroids of the activated cluster within the
ROIs were calculated. Distances of centroids for all
three pairs of runs (Run1-Run2, Run2-Run3, and Run1Run3) within one subject in units of voxels are shown
in Figure 9. Black columns result from t-tests and light
gray columns from SSM/FLDA. The reproducibility of
the centroids is generally higher for the SM than for the
SMA. The reproducibility of the centroids for CER is
similar to that of the SM except for subjects D and F for
SSM/FLDA. The two-factor ANOVA revealed significant differences between the ROIs for the t-test (P ⬍
0.05) but not for SSM/FLDA (P ⬎ 0.2). The average
distances between centroids in units of a voxel were
for the t-test: SM, 1.0 ⫾ 0.2; CER, 0.75 ⫾ 0.15; and SMA,
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1.6 ⫾ 0.7; and for SSM/FLDA: SM, 0.7 ⫾ 0.2; CER,
1.3 ⫾ 0.9; and SMA, 1.3 ⫾ 0.6.
DISCUSSION
Thresholds
The scatter plots can help to define appropriate
thresholds for individual runs. For both t-test and
SSM/FLDA, the scatter plots consist of an elongated
cloud of voxels with a higher density of voxels in the
middle than at the border and the tails. Reasonable
thresholds should be chosen in such a way that voxels
near the center of the cloud lie below the threshold,
while voxels in the tail of the cloud pass the threshold
(see Fig. 1). If this criterion is fulfilled with a certain
threshold for one run, the same threshold might not be
the best one for another run, because the modes of the
scatter plots are nonzero and variable across runs. An
individual threshold for each run, such as the top-2%
of voxels, takes care of first-order shifts in the t-value
distributions of the maps and the coalescing of highly
activated areas into single clusters is reduced. In
addition, the combination of setting a percent threshold and requiring reproducibility across two or more
independent runs provides protection against falsepositive activation (i.e., sets Type I error P values), as
discussed in the Appendix. Thresholding with t ⫽ 5 is
close to the threshold yielded by the Bonferoni correction for a Type I error of 5% with t ⫽ 5.2, when 40,000
independent voxels (total number of voxels inside the
brain) were compared. Voxels in the gray matter area
are about 60% of all voxels. Furthermore, voxels were
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averaged with their adjacent voxels, reducing the
number of independent voxels. Therefore, the threshold of t ⫽ 5 results in P ⬍ 0.05 with the Bonferroni
correction and is a conservative way of declaring
voxels active. The t-values for the top-2% threshold all
lie clearly above t ⫽ 1.99, the cutoff value for a
significance of P ⫽ 0.05 without any correction for
multiple comparisons. For 13 runs the t-value for the
top-2% cutoff lay above t ⫽ 5, and the thresholding
was therefore even more conservative than with t ⫽ 5.
Effects of preprocessing on reproducibility
We examined the impact of voxel-based polynomial
detrending and log transformation on reproducibility.
Besides their routine use by some fMRI groups, our
testing of voxel-based preprocessing was also motivated by the possibility that the combined effect of all
individual voxel transformations could compensate
for the significant global effects we observed. The
baselines of each run do not always stay constant, and
their changes can be as high as the changes between
rest and activation for activated voxels. The two runs
with the highest baseline shifts showed a sudden
global signal increase during the run, which could not
be explained by head-movement effects or scanner
problems. The cause of these global signal changes
needs further investigation. However, the reproducibility increased only slightly with first-order polynomial
detrending, and even with detrending, modes of the
t-value distributions of the maps were shifted from
zero, causing large variations in the number of activated voxels with fixed thresholds. In addition, although a significant linear relationship between scan
means and standard deviations suggests the usefulness of a global logarithmic transformation as used in
the SSM model, a voxel-based logarithmic transformation did not improve reproducibility. This indicates
that there are sources of relatively large global signal
and/or noise variations that are not adequately understood or dealt with, using simple voxel-based detrending and the stationary assumption implicit in t-tests.
This observation also applies to the widely used
cross-correlation analysis technique, as this is equivalent to t-test analysis for simple two-state experiments
[Lange, 1996]. For a recent examination of the issue of
intrasubject noise variation and estimation, see Purdon
et al. [1998a]. These results provided one of our
motivations for examining the more globally dependent processing provided by SSM/FLDA.
Retrospective correction for physiological noise
greatly increased the reproducibility of the SSM/
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FLDA result; the relative number of highly reproducible voxels after physiological correction increased,
and the relative number of nonreproducible voxels
decreased. For the t-test, little impact of physiological
noise correction on reproducibility was found. The
effect on SSM/FLDA is strong because it is based on an
exploratory variance partition of the voxel-timeinteraction term into multiple sources of signal and
noise, i.e., the eigenvectors. This process does not
cleanly separate physiological and other noise sources
from activation signal variation, and as a result the
final discriminant eigenvector is contaminated by eigenvectors that partially reflect physiological noise
sources. In contrast, the t-test is more conservative
because it simply discards any voxel with a large
variation over time that is not very strongly coupled to
the two states being tested, and there is no attempt to
model and/or partition and understand the variation
as different sources of potential signal and noise. When
images are acquired with shorter TRs, multivariate
procedures are capable of providing partitions which
allow some physiological variations to be removed
[e.g., Mitra et al., 1997].
Model comparison
Activation maps obtained with the t-test and SSM/
FLDA show striking differences: some areas might be
classified as reproducibly active only for one method
but not for the other, and the size of activated areas can
vary considerably across methods. For example, the
area around the sylvian fissure is more strongly emphasized by the SSM/FLDA model than by the t-test. (see
Fig. 8). This general observation also applies to results
from the physiological noise corrected data in the two
subjects. In Figures 6 and 7 the focus in the right
occipital gyrus is reproducibly detected only by SSM/
FLDA, and the one in the ipsilateral premotor cortex
only by the t-test. Figure 10 shows time courses of
single voxels from these two areas. The amplitude of
time course A in Figure 10a is clearly much larger than
time course B in Figure 10b. In the subspace spanned
by the 30 SSM eigenvectors, the direction of the vector
representing time course A is almost orthogonal to the
direction of the discriminant eigenvector calculated by
the SSM/FLDA (Fig. 10c). (The correlation between
time course A and the discriminant eigenvector is 0.4,
and between time course B and the discriminant
eigenvector 0.7.) However, because the amplitude of
the vector representing time course A is relatively
large, the projection onto the discriminant eigenvector
yields an appreciable signal. In contrast, the amplitude
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Figure 10.
Time courses from single voxels with highly reproducible signals
for (a) SSM/FLDA in right occipital gyrus and (b) t-test in left
premotor area from subject D’s first run. c: Discriminant eigenvector for the same run. The mean of all time points was subtracted
from each time course. The dotted boxcar function symbolizes the
on-off-scheme of the paradigm.

of the vector representing time course B is relatively
small and the projection onto the discriminant eigenvector gives only a small signal, although the direction
of vector B is much closer to the discriminant eigenvector than vector A. Therefore, the values for the particular voxels in the discriminant eigenimage are higher
for voxel A than for voxel B (1.2 vs. 0.2). Clearly, time
course A exhibits some similarities with the on-off-

䉬

scheme of the paradigm, but the noise is so large, that
the t-value for it is much lower than that for time
course B (3.5 vs. 6.7). These results indicate a need to
examine different variance weighting schemes in such
multivariate analyses (e.g., PCA of correlations vs.
covariance matrices; see Nielsen et al. [1998]), in
addition to measuring and applying physiological
noise corrections.
The correlation of the eigenvectors of the SSM with
the time course of maximal voxel displacement from
scan to scan reveals that in many runs, residual
movement effects that remain after rigid body movement correction are picked up by at least one component. The SSM preprocessing helps to remove variance
due to residual movement effects when the FLDA step
eliminates the corresponding eigenvector. However, if
these components are important in building the discriminant eigenvector, then the movement is related to
the on-off-scheme of the paradigm and these runs
should be examined with care. Although this is true for
five runs in 2 subjects, neither the visual screening nor
the analytic estimates of the movement identified these
data as outliers, and the reproducibility measures were
not different from those of the other subjects. The role
of SSM preprocessing and other PCA-based techniques as a means of screening for, and possibly
removing, residual movement effects before multivariate and/or univariate tests needs to be studied further.
Generally, we found that the t-test analysis yielded
better reproducibility than SSM/FLDA for the correlation coefficient between t-value and between discriminant eigenimage statistical maps across runs, and the
relative number of active voxels inside the SM, CER,
and SMA ROIs. The t-test seems to be a robust,
although conservative [e.g., Keenan et al., 1998], analysis model for fMRI data. In addition, the t-test demonstrated significant ROI-specific differences in the variation of the ROI’s centroids and volumes, which were
not seen in the SSM/FLDA results.
The considerable differences we found across models emphasizes the importance of multiple model
comparisons in fMRI studies. Each model explicitly or
implicitly incorporates a set of signal and noise assumptions that may respond quite differently to the highly
nonstationary nature of fMRI time series. We do not
claim that either of the models we used are optimal for
fMRI data analysis, and we are well aware that there
are a wide range of other approaches, particularly
those with more sophisticated parametric descriptions
for voxel-based signal and noise structure. [e.g., Lange
et al., 1998, 1999; Purdon et al., 1998b]. However, the
two rather different models we have compared clearly
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indicate the importance of multiple model comparisons for future fMRI studies.
Comparison with previous 1.5 T results
Various test-retest studies have been reported with
different approaches for quantifying the extent of
reproducibility. All except one [Le and Hu, 1997] were
done with 1.5 T magnetic fields [Mattay et al., 1996;
Moser et al., 1996; Noll et al., 1997; Wexler et al., 1997;
Yetkin et al., 1996]. Most groups used a simple motor
task [Mattay et al., 1996; Noll et al., 1997; Wexler et al.,
1997; Yetkin et al., 1996]. A few laboratories used visual
stimulation [Le and Hu ,1997; Moser et al., 1996],
sensory stimulation [Yetkin et al., 1996], and a higher
cognitive working memory task [Noll et al., 1997]. A
cross-correlation method [Moser et al., 1996; Noll et al.,
1997; Yetkin et al., 1996] or a t-test [Le and Hu, 1997;
Mattay et al., 1996; Wexler et al., 1997] was commonly
used to analyze the data; only the working memory
study was examined using an ANOVA. None of these
studies compared reproducibility across different models. All studies using a model-driven threshold found a
high variability of active voxels within subjects and
across runs, and various attempts have been made to
determine adaptive thresholds [Arndt et al., 1997;
Forman et al., 1995; Genovese et al., 1997]. For example, one study used empirical thresholds [Wexler et
al., 1997], and another thresholds based on the percentile of the noise integral of nonactivated pixels assuming a symmetrical Gaussian frequency distribution
[Kleinschmidt et al., 1995; Moser et al., 1996].
The most relevant motor study for comparison with
our work is from Mattay et al. [1996], who studied
reproducibility within the whole brain with an EPI
sequence at 1.5 T and an isotropic resolution of 3.75
mm. Eight subjects performed the finger-opposition
task in three imaging sessions, which were separated
by several weeks. Each session/run was analyzed
independently by first correcting for movement and
removing any low-frequency time trends from each
voxel by fitting a third order polynomial. Afterwards, a
t-test analysis was performed and the maps thresholded by a fixed t-value for each subject, classifying
about 1% of all voxels within the brain as active.
ROIs based on anatomical landmarks were drawn
where reproducible activated voxels were expected:
the primary sensor motor cortex (PSM), lateral premotor region (PM), parietal region (PAR), SMA, and CER.
Although our ROIs were driven by the areas of
contiguous activated voxels, they are comparable: our
SM ROI is analogous to the combination of PSM, PAR,
䉬

and PM in Mattay et al. [1996], except that we did not
find activation posterior to the posterior sulcus.
In all three runs of both studies, all subjects activated
SM and PSM and one subject did not show activation
in the CER. In the 1.5 T study, the CER of the particular
subject was not covered by the field of view in one run,
but in our study no obvious reason could be found for
the missing activation in CER. For activation in the
SMA, the studies disagree: at 1.5 T all subjects showed
activation in all three runs, while at 4 T one subject did
not reveal activation in one run. Mattay et al. [1996]
found that the relative number of active voxels did not
vary significantly across runs (one-way ANOVA). This
test demonstrates that there is no specific temporal
ordering for variation in sizes, and with the same test
we got the same result. However, using the ratio range
of sizes/mean size as a measure for reproducibility, we
found considerable variations in the sizes which were
significantly different across ROIs. We found similar
distances between centroids of activation clusters as
did Mattay et al. [1996], although we used unweighted
centroids and they used weighted centroids. At 1.5 T,
despite comparing runs across three sessions separated by several weeks, 75–78% of all activated voxels
were found in the five ROIs. In contrast, our study at 4
T revealed a much larger range of this percentage, even
though all three runs were performed within one
session: from 50–87% of all active voxels in one run
were found in SM, SMA, and CER. We found reproducible activation in the thalamus for 3 subjects in contrast
to Mattay et al. [1996], which is probably the result of
the higher field strength providing a better contrast-tonoise ratio, but may also relate to our use of the top-2%
threshold, while they classified only about 1% of all
voxels inside the brain as active.
Generally, comparison of our t-test results with the
1.5 T data shows that although the higher field strength
of 4 T does provide a better contrast-to-noise ratio,
reproducibility is not obviously increased and is highly
dependent on the ROI and the subject.
Alternative reproducibility measures
One reason to study the reproducibility of activation
sites is to determine ‘‘truly’’ activated voxels by separating signal from noise. In this study this was done
using an analog of the split t-test [Shaywitz et al.,
1995], which classifies voxels as reproducibly active
when they pass the individual threshold for all runs, as
shown in Figure 1.
Another approach (which includes the technique
used in this study as a special case; see Appendix)
would be to use a spatially distributed, multivariate

280

䉬

䉬

Reproducibility of fMRI at 4 T 䉬

Figure 11.
a: Scatter plot for t-value maps of two runs of subject D. Dashed
lines, top-2% threshold for both runs; longer solid line, first PC of
the two-dimensional cloud; shorter solid line, threshold perpendicular to the first PC. b: Distributions along the first and second PC
from a (solid lines) and standard normal curve (dotted line). c:
Projection of the 3D scatter cloud of the t-test from three runs
onto the second and third PC. d: Distributions along the second
and third PC from c (solid lines) and standard normal curve (dotted
line).

analog of the split t-test recently introduced in the PET
literature [Strother et al., 1998]. Every voxel is regarded
as a point in a multidimensional space with coordinates given by the statistical values of the corresponding analysis method for each of the multiple runs from
each subject, one per axis. A multidimensional PCA of
this distribution yields the axis along which the maximum common variance of the data is found. Figure 11a
demonstrates the procedure for the two-dimensional
case for the t-test. While the dashed lines indicate the
top-2% threshold for the individual runs, the solid line
close to the diagonal is the first principal component
(PC) axis, which represents the direction of most
similarities. The solid line perpendicular to the first PC
indicates a threshold parallel to the second PC. In
Figure 11b, the normalized distributions along the
directions of the first and second PC scaled by the
second PC’s noise standard deviation are shown. The
distribution along the second PC is very similar to a
standard normal curve (dotted line), although it is a
little more peaked. Therefore, the distribution along
䉬

the second PC was normalized to zero mean, but not
the distribution along the first PC. This method separates a reproducible signal pattern across all voxels
from an orthogonal ‘‘noise’’ component and provides
an alternative definition of reproducible signal and
noise to that obtained using individual voxel split
t-tests. In our case, with three runs we performed a
three-dimensional PCA; Figure 11c shows the second
vs. third PC. Figure 11d again demonstrates the distributions normalized to unit standard deviation and
zero mean along the two PCs (solid lines), together
with a normal curve (dotted line). No clear elongation
in any direction can be seen in Figure 11c, and the
distributions are very similar to the normal curve,
indicating that there is a single reproducible pattern of
statistical values reflected in all three runs.
These scatter plots are a good tool to visualize the
impact of different reproducibility measures and related thresholding procedures [Rehm et al., 1998]. In
Figure 11a, the threshold perpendicular to the first PC
is chosen so that the same number of voxels are
classified as reproducibly activated as with the split
t-test. With this measure, voxels are indicated as
‘‘truly’’ active not only when their t- values are high for
all individual t-tests but also when a voxel has a very
high t-value in only one run and a medium t-value in
the other t-value maps. Another measure for reproducibility could be based on the distance of the voxels
from the first PC’s axis. Voxels that lie close to the first
PC would be regarded as highly reproducible, while
voxels that lie farther from the axis are less reproducible, whether the voxels have high values for the first
PC or not. Other measures based on fitting multidimensional probability density functions are also possible.
Which reproducibility measure is the best is the subject
of ongoing investigation.
CONCLUSIONS
The t-test is a robust but conservative analysis
method compared with SSM/FLDA. Differences in
reproducibility across models indicate the need to
consider multiple data analysis procedures in future
fMRI reproducibility studies. The increased sensitivity
of multivariate techniques, such as SSM/FLDA, to
physiological noise may be dealt with by retrospective
processing to reduce physiological noise effects. The
reproducibility measured at 4 T during simple finger
opposition is strongly dependent on particular ROIs
and subjects, and is not better than at 1.5 T. In the
motor circuit, activation of the sensory motor area is
most reproducible, the cerebellum is next, and the
medial motor area is least reproducible.
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APPENDIX: STATISTICAL SIGNIFICANCE OF
PERCENT-THRESHOLDING WITH
REPRODUCIBILITY
The usual practice in functional neuroimaging data
analysis is to make binary decisions between activated
and nonactivated voxels, using absolute thresholds
chosen to reduce Type I errors (i.e., probability of
false-positive activation) based on parametric statistical measures such as t-tests. This has been questioned
by some authors [e.g., Svarer et al., 1996; Strother et al.,
1997, 1998], who noted that the t-values themselves are
statistical estimates subject to errors, making any
absolute binary decision about activated voxels based
on a single thresholded data set an imprecise procedure; this is especially true given the additional arbitrary choice of a P value required to fix the threshold
value. This imprecision is easily demonstrated using
resampling procedures or measures of reproducibility
across independent data sets such as the scatter plots
in Figure 1a, where many voxels with t-values of 8–10
in Run1 have values ⬍ 5 in Run3.
If we abandon the apparent protection of parametric
statistical estimates such as voxel-wise t-tests—such
parametric estimates may not be readily available (e.g.,

䉬

for eigenimages)—but require reproducibility across
independent test sets, do we still have some form of
statistical protection from Type I errors?
We may calculate an analytical answer to this question under some reasonable assumptions, using the
scatter plot format of Figure 1.
Assume that we have obtained two activation images from independent-but-otherwise-identical noiseonly data sets using some modeling procedure, i.e.,
activation-image noise distributions for a particular
experiment and data analysis model. Regardless of the
true ensemble distribution of each activation-image
voxel, which could be estimated by analyzing many
such noise-only data sets, the marginal distributions of
the scatter plot along each axis will be close to
Gaussian by the central-limit theorem. Assuming that
each noise-only activation image is an independent
random sample from the noise-only data, the pair of
images form a bivariate sample from a two-dimensional Gaussian density defined by the product of the
marginal densities as
f(x, y) ⫽

1
2xy

2

2

2

2

e⫺(x⫺µx) /2xe⫺(y⫺µy) /2y

(4)

where, with x ⫽ y ⫽ 1, x and y should be expressed
as Z-values for the percent thresholds of interest, e.g.,
Z ⫽ 2.054 for a 2% threshold. The probability of a voxel
being above the 2% threshold for two independent
data sets is 0.02 ⫻ 0.02 ⫽ 0.0004, which is equal to the
volume under the two-dimensional Gaussian density
function for Zx ⬎ 2.054 and Zy ⬎ 2.054. This result
generalizes to n-dimensional Gaussians for n independent data sets (see the 3D results in Fig. 11).
Using a 2% threshold in a single noise-only run with
activation image volumes of 40k voxels, we expect 800
voxels to be classified as ‘‘active.’’ By requiring reproducibility across two and three runs, the expected
number of false-positive activations drops to 16 voxels
and ⬍1 voxel, respectively. These are actually upper
bounds on the number of false positives because the
additional requirement that only clusters of at least five
contiguous voxels are counted as active will remove some
small, isolated voxel clusters above the 2% threshold.
Therefore, the combination of thresholding with
reproducibility across independent data sets provides
Type I error protection similar to that afforded by
choosing P values and setting t-value thresholds in
individual data sets. The Type I error protection level is
set by choosing the percent threshold and the number
of independent data sets without having to assume
any underlying distribution structure.
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