ADbstract

Group modeling of fMRI data i1s done according to one of
two broad approaches: Ordinary Least Squares (OLS) analy-
sis of contrast images [1], or a mixed models (MM) approach
[2,3], where optimal weighting is found based on between- and
within-subject variance estimates. OLS users favor OLS’s com-
putational simplicity, which consists of 1- or 2- sample t-tests
on contrast data, while MM users cite its ideally optimal sensi-
tivity. While literature has focused on sensitivity, little discus-
sion has been made of specificity, or false positive rates, of the
methods. In this work we focus on specificity of the commonly
used OLS method, the 1-sample t-test on contrast images. Us-
Ing a real dataset with heterogeneous variance across subjects,
we compared the specificity of 3 methods: a t-test using n — 1
degrees of freedom (DF), a t-test using Satterthwaite effective
degrees of freedom (eDF), and a permutation test. The Sat-
terthwaite eDF were found to vary widely when variances were
heterogeneous, but the Satterthwaite Chi-square approximation
was quite poor. The test with n — 1 degrees of freedom were
found to be slightly conservative in our dataset. The permuta-
tion test was valid and the p-values were found to be similar to
truth and slightly smaller than p-values computed with n — 1
DF.

| ntroduction

When given a set of first-level contrasts for a voxel across n
subjects, (x1,...,x,), the most common group model in func-
tional neuroimaging iIs a one-sample t-test given by

T'=2z/(v5%/n),

where z = > "  x;/n and

=N (z:—z)*/(n—1).
1=1

Inference is carried out by comparing 7' to a ¢-distribution with
n — 1 degrees of freedom (¢,,—;). This procedure assumes con-
trast images have homogeneous variance over subjects, when
In reality contrast variance can vary between subjects; most
severely when the number of fMRI sessions differs between
subjects. Although the sample variance, S?, is an unbiased es-
timate for the average of the variances, the one-sample t-test
with n — 1 degrees of freedom (DF) is only valid and optimally
sensitive when the variances are homogeneous across subjects.
To iImprove power, some authors estimate between and within
subject variances in order to optimally weight different subjects
[2,3,9].

An issue often over-looked is the validity or specificity of the
one-sample t-test when the variance Is heterogeneous over sub-
jects. If the variability of the variances across subjects is large,
the effective degrees of freedom (eDF) could be far less than
the usual degrees of freedom (DF = n — 1).

Our study focuses on the false positive control on a one-sample
t when the variance is heterogeneous over subjects. Three meth-
ods of calculating p-values were studied:

P,_1 one-sample t-test with n — 1 DF

Peor  the one-sample t-test using eDF calculated with the
Satterthwaite approximation [8] and

Poaem @ permutation test.

Heterogeneous variance causes eDF to decrease, which causes
heavier tails and making large statistic value more common un-
der the null. So we hypothesized that when variances are het-
erogeneous, the P,_; would be artificially small. Since a one-
sample nonparameteric permutation test [5,6 random ze In
/] makes no assumption of homogeneous variances, we carried
out a nonparameteric test to see If any bias in p-values could
be corrected. A Monte-Carlo (MC) simulation was used to cal-
culate correct p-values (Pyc) to compare to the p-values across
the different inference methods.
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Data

e Finger tapping experiment of the right hand [4]

—12 normal control subjects
— Block design
—Rest plus 3 tasks:
pseudorandomly cued to tapping of the index finger, se-
quentially tap the fingers, or randomly tap the fingers
e Modeling

—fMRIB software library (FSL) [7]
— Two-level “FLAME” modeling

“COPE” - 12 contrasts, comparing sequential finger tapping
to random finger tapping

Subject-specific mixed-effects variance estimates of con-
trasts (o7 ..., o%,) for each of 226,000 voxels

P-value Computation

e P11 Compare T to t-distribution with n — 1 = 11 DF

o I'.or. Compare T to t-distribution with Satterthwaite ap-
proximation to eDF

eDF = 2E*(S?%)/Var(S?)

= Z 03/[2 ol +(n—1)7> olo]]

7]

o Ppermi Compare T' to empirical t-distribution based on per-
mutations

— Create all possible permutations created by changing the
signs of the contrasts (2'2 = 4096) and compute a test statis-
tic for each permutation

— Poerm = % of 4096 permuted test statistics as or larger than
T

Simulation Details

e For each realization, generate 10,000 sets of N(0,o?) data
for each of the 12 subjects and use to calculate 10,000 test
statistics

e Pyc = % of 10,000 test statistics as or larger than 1T’

eDF under Variance Heterogeneity

Satterthwaite eDF were found to be far from 11. Figure 1
shows that P;; were too small when compared t0 Pepp. If Pepr
were exact, this would indicate considerable anticonservative-
ness (invalidity) of OLS P-values ().
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Figure 1: Median biasin Py, compared to Papg by eDF, for P;; < 0.05. As expected,
bias becomes more negative for lower eDF.

When Pope were compared to Pyc, however, we found that
Peor Was very conservative (Puc < Fepr) and the P;; values
were only slightly conservative (Figure 2). Therefore, the test
with 11 DF is performing better than with eDF.
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Figu re 2. Boxpl otsMCof theratio of Py to Pi; and Pep illustrati ng;cthat Py isactualy
sightly conservative (left) and PepE Is extremely conservative (right)

eDF P-value Bias

In order to understand the poor performance of Pepr, We ex-
amined the implied distribution of S? and T for each method.
While the first two moments of the distribution of S? based on
eDF and the MC distribution match, the tails of the T distribu-
tion based on eDF are too wide.

Distribution of 5?2 Distribution of T

the eDF and MC simulated distributions match, but the tails do not match.
The T distributions (right) show that the eDF distributions has much larger
tails than that of the MC simulation or DF=11, which explains the conser-
vative p-values found using eDF

Per mutation P-values

While nonparametric inferences are known to be exact, we con-
firmed this by comparing Poam t0 Puc. In Figure 4 left, the
ratio Puc/ Poerm has mean of 1 (median less than one due to
skew). To gauge advantage of using a permutation test over
OLS, we also compared Fpem to F11. In Figure 4 right, the ratio
Puc/ Poerm has mean slightly greater than 1 (though a median

of about 1 than one due to skew).
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Figure 4: Permutation test applied to the real data, produgés p-values that
are very close to Py c (left), as predicted by its exactness. There there is
considerable variability, the right fi gure shows that the mean permutation
P-value is smaller than P;;.

Conclusions

While methods have been proposed to account for heteroge-
neous variance over subjects, the one-sample t-test is still the
most common group analysis tool. While the Satterthwalite eDF
were found to vary widely depending on the degree of hetero-
geneous variance, we found the eDF chi-square approximation
to be quite poor iIn this setting. Surprisingly, p-values com-
puted with n — 1 DF were not too biased, but were slightly
conservative. Since the permutation test makes no assumption
about heterogeneous variances, it performed quite well and on
average the permutation p-values were a close match to the MC
p-values.

The eDF gave results that were very conservative. This Is due
to the eDF being based on moment-matching, and not neces-
sarily matching the tails of the null distributions.

In summary, iIf a Mixed Models approach iIs not taken, the OLS
P-values are valid though slightly conservative. A slight im-
provement in power may be obtained with a nonparametric per-
mutation test.
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