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OBJECTIVES
It is difficult to determine the sample size required to obtain a specific statistical 

power in brain imaging studies due to the massive multiple comparisons. Instead of try-
ing to compute the power analytically using non-central random fields [1], which is not 
publicly available yet, we computed the power numerically  using permutations. The 
power analysis was then used in demonstrating a new sparse data representation [2] 
may require substantially smaller sample size in achieving the same power compared to 
the traditional least squares estimation (LSE) techniques. The proposed sparse repre-
sentation and power computation were applied to amygdala and hippocampus shapes.

METHODS
We have T1-weighted MRI of 52 normal adults (age range 37-74; 16 men and 36 

women). Amygdalae and hippocampi were manually segmented. We extracted brain 
volume using BET/FSL [3], and performed a nonlinear registration using ANTS [4]. We 
used the length of displacement of warping an individual structure to a template as a 
main anatomical feature of interest. The processing steps are illustrated in Figure 1.

The Laplace-Beltrami (LB) eigenfunctions is then used to parametrically represent 
the length as a series expansion. In almost all previous studies, LSE was used in esti-
mating the coefficients of the expansion, while high frequency terms were truncated to 
reduce noise. However, some lower frequency terms may not necessarily  contribute 
significantly in the reconstruction. So we performed the l1-norm minimization to sparsely 
filter out insignificant terms [2]. Figure 2 shows the first few LB-eigenfunctions and LSE 
and l1-minimization results. 

We tested the gender effect in the general linear model (GLM) at each point x:

Length(x) = a(x)+ b(x)*Brain + c(x)*Age + d(x)*Gender + noise(x),
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where Brain is the total brain volume.  As an illustration, we will only consider one sided 
test here. The null hypothesis H0 for the multiple comparison is that d(x) = 0 for every 
point x, while the alternative hypothesis H1 is d(x) = const. > 0 for any point x. Let M be 
the region where H1 is true. As a test statistic, we use a t-random field T(x). Thus the 
thresholding h for significance 0.05 is given by the probability

Pr( max T(x) > h ) = 0.05,

where the maximum is taken over the whole region using random filed theory [1]. For 
this given threshold h, we can compute the power as the probability 

Pr( max T(x) > h ),

where the maximum is restricted to the region M. To estimate power, we opted for nu-
merical simulation with 2000 permutations. 

RESULTS
We performed the power computation in three ways. 

(1) Simulation. We generated 50 Gaussian random fields with zero mean and unit 
variance on the left hippocampus surface. The effect size and signal region were es-
timated from [2]. A synthetic signal with the effect size of 0.86 standard deviation 
over a 5-ring neighbor patch was added for 25 cases. l1-minimization shows higher 
power than LSE (max 47% more), illustrating the advantage of sparse regression 
over LSE (Figure 3a).

(2) Real dataset. We used the 52 samples from [2]. We assumed the region of the 
significant gender difference observed in [2] to be the true signal region M. l1-
minimization shows higher power than LSE (max 13% more for the right amygdala 
and max 8% more for the left hippocampus; Figure 3b).

(3) Local power map. For the real data, we also computed local power maps were 
estimated following the framework [1]. As seen in the overall power curves, l1-
minimization gives higher power with a larger extent for a given sample size and it 
needs smaller sample size to achieve a given power level than LSE, again demon-
strating the advantage of the proposed method (Figure 4).

CONCLUSIONS
We showed the proposed sparse representation method shows higher overall statis-

tical power for a given sample size than LSE. Additionally, the power maps and sample 
size maps demonstrated that the sparse representation has advantage not only in the 
overall power, but also in the discoverable extent of signals.
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