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Introduction

Voxel-wise, cluster-wise and Threshold-Free Cluster Enhancement (TFCE) are 3 commonly
used inference tools in Neuroimaging data analysis. Voxel-wise inference is generally the
least powerful but is the most accurate spatially. Cluster-wise inference is more sensitive,
but depends on a cluster forming threshold, and at low thresholds has poor spatial specificity
and may lead to misinterpretation of findings (Woo 2014). TFCE was developed (Smith 2009)
to obtain the power of cluster-wise inference without the dependence on an arbitrary cluster
forming threshold. The TFCE statistic summarises the cluster-wise evidence at each voxel,
considering a fine grid of cluster-forming thresholds; it introduces two new parameters that
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e Sensitivity and spatial specificity on simulated data, smoothing FWHM 2 voxels. TFCEq and TFCE3 are
roughly as powerful, but have better specificity (smaller FIP AUC). TF CE, has very poor specificity.
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measurements that are defined in Figure 1. Our comparison metric is Area Under the Curve
(AUC), measured for Familywise Error (FWE) < 0.05 (scaled by 1/0.05, so 0 > AUC < 1).
When the y-axis has a True Positive (TP) rate, AUC reflects sensitivity, and when the y-axis
has a False Positive (FP) rate, it measures (lack of) specificity; while the latter case is
unusual, this type of AUC usefully measures (lack of) specificity when FWE is controlled at
0.05. We desire a method with a high AUC value for TP and a low AUC for FP.
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Results: Real Data Evaluation

HCP WM Task fMRI data + Synthetic Noise

HCP WM Task fMRI data
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Measuring Spatial Specificity e Evaluations using real data, TP - | i
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Sensitivity 1 - Specificity e With empirical signal and noise (Fig | ost
VP:  Voxel-wise Power VFP: Voxel-wise False Positive Rate 3a right, 3b right), TFCE1 and 3 2 | 2 -

VTD: Voxel-wise True Discovery Rate
CTD: Cluster-wise True Discovery Rate
CVTD: Cluster Voxel-wise True Discovery Rate

VED: Voxel-wise False Discovery Rate
CFD: Cluster-wise False Discovery Rate
CVED: Cluster Voxel-wise False Discovery Rate

are comparable though have sightly
worse power and specificity.
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W= Results: Real Data Application
VID = il VFD = B+ V
R+B+YV - W—(R+B+V) e One-sample t-test on HCP motor IMRI data, 5% FWE level. While TFCEq1 and TFCE3 are similar and
CTD — I CED — N—T similar to the original TFCE, TF CE; has evidence of bleeding (Fig 4).
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Figure 1

Evaluation with Simulated and Real Data

Simulations are conducted similar to (Smith2009) using a wide range of true smooth signals,
in 2D on 32x32 images and 1000 realisations: noise only realisations are used to define
FWE rates. We also use HCP working memory task tMRI data from 80 unrelated subjects
to evaluate the methods. Ground truth signal is generated from a one-sample t-test on a
random pool of 40 "held out” subjects, where the Z image is thresholded at 4 and truncated
at 10. The signal+nosie data and noise only data were simulated in two ways. In the
first approach, 1000 synthetic noise images are added to the scaled true signal to construct
signal+noise data. In the 2nd approach, from the pool of 40 "held in” subjects, a one-sample
t-test on 15 randomly chosen subjects is considered as signal + noise data; noise-only data
is obtained by random sign-flipping of subject’s data. This procedure is repeated 1000 times
to derive analogous TP and FP measures as with simulated data. Finally HCP motor task
fMRI data is used for demonstration, producing FWE inferences for each TFCE variant (3000
sign-flips).

Fig 4 Percentage of significant voxels are 27%, 24%, 31% and 24% respectively.

Conclustions

T'FCE, and T FCE3, variants that explicitly limit the spatial support of the TFCE statistic,
were found to perform about as well as the original, suggesting they can be used when
'spatial bleeding’ is a concern without sacrifice of power.
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