Evaluating and Optimizing fMRI Single-Subject
Processing Pipelineswith NPAIRS
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I ntroduction:

This study investigated the relative importance of preprocessing and data analysis strategies,
and their different software implementations, for producing consistent, single-subject statistical
parametric images (SPIs). We used the objective performance metrics, prediction and
reproducibility, to optimise individual-subject preprocessing pipelines with a canonical variates
anadysis in the NPAIRS software package (NPAIRS-CVA) [1,2]. Both optimised and
nonoptimised pipeline scans were aso analysed with the NPAIRS-GLM, and the resulting
SPIs compared with GLM analyses within FSL (FSL(3.2).FEAT) and SPM2.

Methods and Results:

Data A cquisition: Sixteen right-handed volunteers performed two runs each of ablock-
design, parametric static force task [3] alternating six rest and five force epochs/run (44 &
epoch; 200-1000 g randomized forces between thumb and forefinger). Data collection used a
Siemens 1.5T clinical scanner (fMRI:EPI BOLD, TR/TE=3986/60 msec, FOV=22x22x15 cm,
dlices=30, voxel=3.44x3.44x5 mm; MRI: T1-weighted 3D FLASH).

Testing Preprocessing Options with NPAIRS-CV A': The preprocessing options
listed in Table 1 were tested within the NPAIRS-CV A framework. For each preprocessing
pipeline tested, NPAIRS prediction and reproducibility metrics were optimised for a 2-group
CVA calculated using 2, 5, 10 and 25 principa components (PCs) per run. Each run provided
one split-half sample per subject for NPAIRS calculations [3]. Optimisation was determined by
the #PCs that minimised the average distance of the calculated prediction, reproducibility (p, r)
values from perfect performance with (p,r) = (1,1), across all 16 subjects[2,3]. Table 1
sumarises improved performance, based on the largest decreases in the mean distance from
(1,1) (  Mean Distance) as aresult of testing many possible pipelines with and without the
listed preprocessing step. A Wilcoxin matched-pair, rank-sum test was performed across the 16
subjects’ distance changes. Subject-optimised results involved choosing potentially different
optimal pipelines for each subject compared with asingle optimal pipeline for all 16 subjects.
All but the Mean Distance changes for slice timing and volume intensity normalisation
are significant (p < 0.03, uncorrected)—all the bolded changes are significant with p < 0.005,
uncorrected. Amongst the significant results spatial smoothing and subject-optimised temporal
filtering are seen to have the largest, consistent effects, i.e, largest coefficient of variation.

With & Without Mean Std. Dev.
. . . Coeff. Var.
Preprocessing Steps Distance | (16 subjects)
Slice Timing Correction 0.07 0.197 0.355
Motion Correction 0.08 0.094 0.851
Spatial Smoothing 0.10 0.058 1.724
High-Pass Filtering (HPF) 0.10 0.124 0.806
Subject-Optimised HPF 0.20 0.119 1.681
Temporal Detrending (TD) 0.17 0.190 0.895
Subject-Optimised TD 0.22 0.210 1.048
Low-Pass Filtering (LPF) 0.10 0.090 1.111
Subject-Optimised LPF 0.18 0.139 1.295
Volume Intensity Normalisation 0.04 0.100 0.400

Table 1. Summary of average performance improvement across 16 subjects( Mean
Distance) for pipelines with and without the listed preprocessing steps. Performance
was measured using the distance of NPAIRS-CV A prediction and reproducibility
metrics from perfect performance, i.e., (1,1).

Comparing SPIs from Different Preprocessing and Data-Analysis Pipelines:
Nine processing pipelines (T able 2) were applied to anayse each of the 32 runs from 16
subjects, resulting in 288 (9x32) SPIs. Each pipeline included the following identical
preprocessing parameters: masks (FSL.BET); rigid body motion correction parameters were
estimated (AIR 5.03); in-plane Gaussian spatial smoothing (FWHM = 2 pixel§/6.9 mm); scans
were aligned and resampled to each subjects structural MRI space (AIR 5.03). Transition scans
(2-3) at the beginning of rest and force blocks were dropped to remove hemodynamic response
(HRF) effects [3] for pipelines 1-7 using NPAIRS. A 2-cosine detrending step implies remov-
ing 0.5, 1.0, 1.5 and 2.0 cosine task cycles (88"/cycle) as unwanted effects within aGLM.

Processing Pipelines Differencesin Preprocessing Options
1| NPAIRS.CVAL1 | 2-cosinedetrending (DT) with 5 PCs passed to CVA
2 | NPAIRS.CVA2 | #PCschosen to optimise reproducibility
CVA 3 | NPAIRS.CVA3 | #-cosine DT and #PCs chosen to optimise reproducibility
4| NPAIRS CVA | O o RS practon o reprocutiy
5| NPAIRS.GLM1 | 2-cosine DT, no HRF
6 | NPAIRS.GLM2 | optimal #-cosine DT as chosen for NPAIRS.CVA3, no HRF
GLM| 7 | NPAIRS.GLM3 ?(?:i,[‘nglAs;;;a;?:l\ﬁz?:gngg\ZIVHM , #-cosine DT as chosen
8 | FSL(3.2).FEAT | 176" HPF cutoff, prewhitening, default HRF
9 SPM2.GLM 176" HPF cutoff, prewhitening, default HRF

Table 2. Processing pipelines used to generate 9 statistical parametric images
(SPls)/run to produce SPI comparison resultsin Figure 2.
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Methods and Results (cont.):

The 18 SPIs (9/run) from each of the 16 subjects were aigned to a common space using 7t-
order polynomial warp parameters (AIR 5.03), caculated to align each subject’s structura
MRI to a reference MRI. We then performed an exploratory spatial-pattern analysis using
NPAIRS/CVA on the 288 SPIs to see if the major pattern differences were due to run-to-run,
preprocessing or CVA versus GLM differences, or some combination of the three. The CVA
group structure used is illustrated in Figure 1 and effectively removes random subject effects
as the pooled, within-group covariance. The results of the NPAIRSCVA of 288 SPIs are
illustrated in Figure 2.
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Figure 1. Group assignments for NPAIRS/CV A analysis of 18 SPIs/subject to identify
major run-to-run, preprocessing and CVA versus GLM activation pattern differences
after removing random subject effects. There are 16 between-subject SPIs per group.

A Figure 2. The canonical variables (CVs) for the
1%t and 2™ dimensions of the NPAIRS/CVA are
shown in A and B, with one plotted value
(circle) for each subject and each SPI; the 9
pipelines/run are listed in Table 2 with
matching color coding.

(A) 80% of the variance due to activation
pattern differencesis caused by the choice of
CVA versus GLM, independent of the details of
the GLM model (e.g., HRF or no HRF), and
software implementation, i.e., NPAIRS-GLM
(black & green), FSL-FEAT (red), SPM2-GLM
(blue). There are much smaller variations across
the black lines joining the 16-subject means.
These are due to preprocessing pipeline

B differences within a given model class and run.
The run-to-run effects are even smaller and
occur mainly in the individual subject distribu-
tions about the similar means/pipeline (black
line segments) across runs.

(B) 14% of the variance isdriven by
differencesin spatial smoothing across subjects
for the subject-optimised pipelines—Gaussian
FWHM range from 0-6 pixels (green). All other
pipelines have FWHM=2 pixels.

(C) Canonical eigenimages (CE) for
dimensions 1 and 2. For CEL1 red-yellow
regions are significantly larger in CVA SPIs,
and blue-green are significantly larger in GLM
SPIs.

Conclusions:
In the block-design, parametric-static-force task tested we found:

Spatial filtering and subject-optimised, high-pass temporal filtering are
the most important preprocessing stages for consistently improving:
subjects’ SPIs.

Choosing multivariate CVA versus univariate GLM as the data analysis
approach had a significantly larger effect on subject spatial activation:
patterns than (i) preprocessing differences, including subject-optimisation,
and (ii) different GLM design matrices (e.g., HRF mdoeling), and software
implementations, i.e.,, NPAIRS-GLM, FSL-FEAT and SPM2.
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