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ABSTRACT

Numerous approaches have been used to denoise spinal cord functional magnetic resonance imaging (fMRI)
data. Principal component analysis (PCA)-based techniques, which derive regressors from a noise region of
interest (ROI), have been used in both brain (e.g., CompCor) and spinal cord fMRI. However, spinal cord fMRI
denoising methods have yet to be systematically evaluated. Here, we formalize and evaluate a PCA-based
technique for deriving nuisance regressors for spinal cord fMRI analysis (SpinalCompCor). In this method,
regressors are derived with PCA from a noise ROI, an area defined outside of the spinal cord and cerebrospinal
fluid. A parallel analysis is used to systematically determine how many components to retain as regressors for
modeling; this designated a median of 11 regressors across three fMRI datasets: motor task (n=26), breathing
task (n=27), and resting state (n=10). First-level fMRI modeling demonstrated that principal component
regressors did fit noise (e.g., physiological noise from blood vessels), particularly in the resting state fMRI dataset.
However, group-level motor task activation maps themselves did not show a clear benefit from including
SpinalCompCor regressors over our original denoising model. The potential for collinearity of principal
component regressors with the task may be a concern, and this should be considered in future implementations
for which task-correlated noise is anticipated.

Keywords: spinal cord, functional MRI, denoising, principal component analysis, nuisance regression,
physiological noise

1 INTRODUCTION

Spinal cord functional magnetic resonance imaging (fMRI) can provide valuable insight into neural processes
of the human spinal cord; however, well-known challenges include the influence of physiological noise and
motion. Spinal cord voxels are highly susceptible to artifacts from cardiac and respiratory sources (Eippert et al.,
2017). The nearby dilation of arteries after systole as well as the cardiac-linked pulsatile flow of cerebrospinal
fluid (CSF) surrounding the cord confound the fMRI signal timeseries (Piché et al., 2009). Additionally, nearby
inflation of the lungs and movement of the chest cavity during ventilation greatly impacts the homogeneity of the
Bo magnetic field and, thus, fMRI signals within the spinal cord itself (Raj et al., 2001).

Robust approaches to denoising are of utmost importance for spinal cord fMRI. One common technique for
combatting physiological noise confounds is RETROICOR, a model-based physiological denoising technique
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developed for brain fMRI (Glover et al., 2000), with adaptations to the spinal cord (Brooks et al., 2008; Kong et al.,
2012). Fourier-based RETROICOR regressors are modeled from cardiac and respiratory signals externally
recorded during scanning and then regressed out of the fMRI data. Data-driven nuisance regressors can also be
generated in specific regions of interest (ROls) (e.g., CSF (Brooks et al., 2008; Kong et al., 2012)) or via
independent component analysis methods (Hu et al., 2018; Xie et al., 2012). Motion correction and the
subsequent use of motion regressors in fMRI models are commonplace (see Eippert et al. 2017 for a detailed
review of approaches to denoising in spinal cord fMRI (Eippert et al., 2017)).

Another approach is to use principal component analysis (PCA) within a subset of imaging voxels to derive
multiple nuisance regressors for fMRI denoising. CompCor, a PCA-based denoising technique for brain fMRI,
defines a noise ROl in which PCA is applied to obtain nuisance regressors (Behzadi et al., 2007). This noise ROl is
defined either anatomically (i.e., in white matter and CSF) or based on voxel timeseries with the highest temporal
standard deviation. Another method uses PCA in brain edge voxels to define regressors and improve removal of
motion confounds in resting state brain fMRI data (Patriat et al., 2015).

CompCor methods for brain fMRI data have inspired related methods for spinal cord fMRI analysis. For
example, in an implementation of PCA-based denoising for 7 T resting state spinal cord fMRI, a noise ROl was
defined as anywhere external to the cord and its adjacent CSF; then, PCA of voxel timeseries within this noise ROI
was used to produce nuisance regressors (Barry et al., 2014, 2016). In this technique, components were selected
based on the percent of signal variance explained and were then regressed out from the data prior to motion
correction to improve its efficacy. Although this method has been previously applied, it has yet to be rigorously
evaluated for spinal cord fMRI more generally.

In this work, we extend on the method initially proposed for 7 T resting state spinal cord fMRI (Barry et al.,
2014, 2016), and we will henceforth refer to PCA-based denoising for spinal cord fMRI as “SpinalCompCor”. For
SpinalCompCor denoising, we assume that signal outside of the cord is non-neural and that this noise similarly
affects the fMRI timeseries both within the spinal cord and in surrounding tissues. Under this assumption,
principal components can be derived from the timeseries in these typically unused voxels and harnessed as a
tool for denoising of spinal cord fMRI data.

We first define our method to calculate the principal components from a noise ROl in spinal cord fMRI data. It
is important to identify meaningful principal components to include as regressors in the fMRI noise model. Thus,
we employ a parallel analysis to determine, in a given dataset, how many components should be retained as
nuisance regressors. This parallel analysis systematically determines how many components to retain by
comparing principal component eigenvalues from real data to those from surrogate data, essentially identifying
the number of components that explain greater variance than the surrogate components do by chance. The
parallel analysis is evaluated in two 3 T task fMRI datasets and one 3 T resting state fMRI dataset. Subject-level
fMRI analysis is subsequently performed in these three datasets to assess the benefit of including the selected
SpinalCompCor regressors in fMRI modeling. Finally, we evaluate the effect of including data-driven
SpinalCompCor regressors for group-level motor activation mapping in a hand-grasping task fMRI dataset, for
which there is an anatomically defined a priori hypothesis of activation locale.
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2 METHODS

Three previously collected spinal cord fMRI datasets were used in this study, including a hand-grasping task,
a breath-holding task, and a resting state acquisition. The isometric unilateral hand-grasping task was expected
to evoke motor activation localized to the ventral horns of the C7-C8 spinal cord segments within the field of view
(Hemmerling et al., 2023a; Vanderah & Gould, 2016). The breath-holding task was designed to induce
hypercapnia and evoke systemic vasodilation, from which spinal cord vascular reactivity could be estimated
(Hemmerling et al., 2024a). The resting state acquisition was expected to be sensitive to intrinsic signal
fluctuations and functional networks in the spinal cord (Barry et al., 2018). In all three datasets, we expect
SpinalCompCor regressors to capture noise associated with physiology, non-physiological motion, and other
artifacts. The hand-grasping and breath-holding tasks may additionally exhibit task-correlated motion as well as
physiological changes (e.g., heart rate, chest position) related to the task, while the resting state may be expected
to have more subtle motion and physiological fluctuations. Thus, we aim to explore any differences in the
selection of principal component regressors and subject-level model performance with the new regressors
across a few fMRI acquisitions.

2.1 Data collection

Data were collected in studies approved by either the Northwestern University Institutional Review Board
(hand-grasping and breath-holding task datasets) or the Vanderbilt University Institutional Review Board (resting
state data). Informed consent was obtained from all participants for being included in the studies.

2.1.1 Hand-grasping task fMRI

The hand-grasping task dataset was collected at the Northwestern University Center for Translational Imaging
on a 3T Siemens Prisma MRI system (Siemens Healthcare, Erlangen, Germany) with a 64-channel head/neck coil
and SatPad™ cervical collar from 30 healthy participants (25.9 + 4.5 years, 19 F) (Hemmerling et al., 2023b,
2023a). Four subjects were excluded because of excessive image artifacts, an incidental finding, and technical
issues (included sample: n=26, 25.8 + 4.5 years, 17 F).

A high-resolution T2-weighted sagittal anatomical MRl was acquired (repetition time (TR)/echo time
(TE) = 1500/135 ms, sagittal slice thickness = 0.8 mm, in-plane resolution 0.39 mm?, 64 slices, flip-angle
(FA) = 140°, field-of-view (FOV) = 640 mm?). The functional sequence was a gradient-echo echo-planar imaging
(EPI) sequence with ZOOMit selective excitation (TR/TE = 2000/30 ms, 1 x 1 x 3 mm?, 25 slices, FA = 90°,
FOV = 128 x 44 mm?). Cervical cord coverage was approximately the C4-C7 vertebral levels.

The 10-minute (300 volume) hand-grasping task run consisted of 24 trials of 15-second pseudo-randomized
left and right grasps. Participants viewed real-time force feedback while squeezing custom MRI-safe handgrips,
targeting 25% maximume-voluntary contraction (MVC). Physiological data (respiration, pulse, and exhaled CO,)
were collected during the session. The first of the two fMRI runs acquired in the original study was used in the
parallel analysis and subject-level modeling; both runs were used for group-level activation mapping. Respiration
belt data could not be collected for one subject.

2.1.2 Breath-holding task fMRI
The breath-holding task dataset was collected from the same participants during the same sessions as the

hand-grasping task (Hemmerling et al., 2024b, 2024a). Three subjects were excluded because of excessive image
artifacts and an incidental finding (included sample: n=27, 26 = 5 years, 18 F).

The 6.8-minute (205 volume) breath-holding task scan was acquired with the same parameters as the hand-
grasping scan except for the number of volumes. The task run began with a 20-second rest, followed by 7 breath-
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holding cycles, and ended with a 30-second rest. Each cycle had 24 seconds of paced breathing, an 18-second
end-expiration breath-hold, a 2-second exhalation, and a 6-second recovery period. Physiological data
(respiration, pulse, and exhaled CO,) were collected during the session. The first of the two fMRI runs acquired in
the original study was used here. Respiration belt data could not be collected for one subject.

2.1.3 Resting state fMRI

The resting state dataset was collected at the Vanderbilt University Institute of Imaging Science on a Philips
Achieva 3 T scanner (Best, The Netherlands) from 10 healthy participants (27+4.9, 5 F) (Barry et al., 2018).

A sagittal anatomical localizer scan was acquired. The functional sequence was a 3D gradient-echo multi-
shot sequence (TR = 34 ms, TE = 8 ms, acquired voxel size =1 x 1 x 5 mm?3, interpolated voxel size 0.59 x 0.59 x 5
mm?3, 12 slices, FA =90°, FOV = 150 mm?, echo train length=7, SENSE = 2.0 (left-right), volume acquisition time
(VAT) =2.76 s). The cervical cord coverage was from approximately the C2-C5 vertebral level.

A 20-minute (434 volume) resting state run was acquired. In the original work, these data were referred to as
the “full-k” data in the “scan length” study (Barry et al., 2018). The other functional data also collected in that
study were not used here. Physiological data (respiration, pulse) were collected during the session. Pulse data
were not used for one subject due to poor quality; both respiration and pulse data were not available for one other
subject.

2.2 Data analysis

The FMRIB Software Library (FSL; version 6.0.3), Spinal Cord Toolbox (SCT; version 6.1), Neptune Toolbox
(version 1.211227) (Deshpande & Barry, 2022), AFNI (version 22.0.05), MATLAB (MathWorks, Natick, MA, R2019b),
and R (version 4.3.1) were used to perform data analyses (unless otherwise noted).

2.2.1 Motion correction

A mask was manually drawn around the spinal cord and CSF region, which is used to compute a Gaussian
weighting mask for motion correction. Note, when using the term “CSF” throughout this paper, this refers to the
CSF in the spinal subarachnoid space, unless otherwise stated. Slice-wise motion correction was performed with
the Neptune Toolbox and AFNI as previously described (Hemmerling et al., 2023a). Note, one difference is that
temporal median filtering was de-selected for the task datasets but retained for the resting state dataset because
larger movements may be sporadic during rest (Barry et al., 2016).

2.2.2 Noise ROl definition and SpinalCompCor regressor generation

Regressors were derived from noise ROl voxels external to the spinal cord and CSF region. These voxels are
expected to contain signal fluctuations from noise sources that similarly affect the timeseries within the cord.
Note that noise associated with CSF signal fluctuations was addressed by generating a separate, CSF-specific
regressor (see section 2.2.4), as this is a common practice in the literature (Table S1). To create the noise ROI,
the mask drawn for motion correction around the spinal cord and CSF was dilated by 18 mm, rounded to the
nearest whole voxel (sct_maths). The spinal cord/CSF mask was subtracted from the dilated region, and any
voxels at the edge of the slice field-of-view (up to 3 voxels) were removed from the final noise ROl mask
(fslmaths). Examples of this noise ROl are shown in Fig. S1. All voxel timeseries from within the noise ROl were
output (fslmeants) and arranged in a matrix (rows: time points, columns: voxels). Slice-wise PCA by singular value
decomposition was performed on this matrix with MATLAB (pca). These steps are depicted schematically (Fig.
1A-C). Components were then selected from the ordered principal components to be SpinalCompCor
regressors.
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Fig 1. Schematic overview of (left) principal component analysis and (right) parallel analysis methods for
each slice. (A) The manually drawn spinal cord/CSF contour. (B) The noise ROI. (C) Slice-wise principal
component analysis is performed in the noise ROI, generating N components (N=# Timepoints-1) per imaging
slice. (D) Surrogate timeseries (50 per voxel) generated from the real voxel timeseries. (E) Surrogate slice noise
ROl timeseries matrices (500) generated by randomly sampling the surrogate voxel timeseries. (F) Principal
component analysis is performed in the surrogate slice noise ROI, generating N components. This is repeated for
each of the 500 surrogate noise ROIs. (G) Scree plot with mean surrogate and template curves; the indicated
cutoffis at the intersection of these two curves. Note, the timeseries shown in panels C, D, and F are for
illustrative purposes and are not actual timeseries used in this work.

2.2.3 Surrogate data generation and parallel analysis

To systematically determine how many principal components may be reasonable to retain, a parallel analysis
was performed comparing real principal component eigenvalues to those generated from simulated data. An
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Iterative Amplitude Adjusted Fourier Transform (IAAFT) method was used to generate surrogate timeseries data’.
Surrogate timeseries share some statistical properties with the original timeseries; in this case, the IAAFT
algorithm preserves amplitude and power spectrum traits of the original, but with random phases (Venema et al.,
2006). Since the phases are randomly shifted, these surrogate timeseries are, on average, uncorrelated with the
original timeseries on which they are based. As such, surrogate timeseries can be used to generate “null”
principal components that properly account for temporal dynamics.

For a given template (real) voxel timeseries, an initial surrogate timeseries was first created by shuffling
datapoints in the template voxel timeseries. The IAAFT algorithm then iteratively performs spectral adjustment
and amplitude adjustment until convergence, or the maximum number of iterations (500) was reached (Venema
et al., 2006). This was repeated for each template voxel timeseries in each slice of the noise ROl such that 50
surrogate timeseries were generated from each template (i.e., real) timeseries.

500 surrogate noise ROl timeseries matrices were generated by randomly sampling from the 50 surrogate
timeseries for each voxel. Slice-wise PCA was run on the template and each of the 500 surrogate noise ROls. A
scree plot was generated as follows: (1) the template Eigenvalues and mean surrogate Eigenvalues were plotted
against the component number; (2) the component number at which these curves intersected was selected as
the cutoff number of principal components for that slice. This cutoff represents the last template component that
explains greater variance than the surrogate components do by chance. These steps are depicted schematically
(Fig. 1D-G). (Note, MATLAB version r2022b was used for the parallel analysis because of software availability on
the high-performance computing cluster.)

The parallel analysis could be applied to any given dataset to determine a cutoff number of components. The
code necessary to generate SpinalCompCor regressors and perform the parallel analysis with IAAFT is provided
alongside this publication. Alternatively, the Neptune toolbox for spinal cord fMRI could also be used to perform
PCA-based denoising (Deshpande & Barry, 2022).

We implemented the parallel analysis in task and rest fMRI datasets to evaluate whether a different number
of components would be designated to retain as SpinalCompCor regressors across these different fMRI
acquisitions. Timeseries were first truncated to 205 timepoints to match the breath-holding task data (the dataset
with the fewest timepoints) so that the number of timepoints would not influence the number of principal
components in the following parallel analysis. The parallel analysis was then implemented as described above.
For each fMRI run, the median cutoff number of components across slices was selected.

2.2.4 Subject-level models with SpinalCompCor regressors

The downstream effect of using SpinalCompCor regressors in subject-level fMRI modeling was tested in the
breath-holding task, hand-grasping task, and resting state dataset. The following additional preprocessing was
performed (these steps are more thoroughly described in previous work from our lab (Hemmerling et al., 2023a)).
First, additional nuisance regressors were generated. Physiological data were preprocessed via a bespoke
MATLAB script to detect peaks in the respiratory belt, pulse, and CO2 traces. An end-tidal CO2 (PerCO2) regressor
(if applicable) and slice-wise RETROICOR (Brooks et al., 2008; Glover et al., 2000) regressors (8 respiratory and 8
cardiac) were generated from the preprocessed physiological data. A slice-wise CSF regressor was generated
from CSF voxels with the top 20% temporal variance (Brooks et al., 2008; Kong et al., 2012). Left and right
“%MVC” hand-grasp task regressors were also generated by normalizing the force trace to the participant’s MVC

"The IAAFT algorithm described here was based on a webpage that is no longer accessible. The cited work is from the
same author; the IAAFT description can be found in Venema et al. 2006 (section 2).
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(if applicable). Then, a manual spinal cord mask was drawn on the motion-corrected mean functional image. The
high-resolution anatomical image was segmented and registered to the PAM50 template (De Leener et al., 2018;
Gros et al., 2019). Then the functional data were also registered with the PAM50 template using the spinal cord
mask and initial warp from the anatomical registration.

The subject-level analysis was performed with FSL’s FILM general linear model using the FEAT tool (Jenkinson
etal., 2012) (FILM prewhitening; high-pass filter cutoff = 100 s). The hand-grasp task models included 2 task
regressors (L, R) and 20+ nuisance regressors (X and Y motion (MOCOQO), CSF, PerCO2, 8 cardiac and 8 respiratory
RETROICOR (RETRO)). A Right Grasp > 0 and Left Grasp > 0 contrast were defined. Two hand-grasp task models
were computed:

(1) “Base” model with no SpinalCompCor components (20 nuisance regressors)

Ypase~ Xr + X1 + Xmoco + Xcsr + Xpercoz + Xrerro

(2) “SpinalCompCor” model with additional PCA-derived regressors (>20 nuisance regressors)

Yspinaicompcor™~ Xr + X1 + Xmoco + Xcsr + Xperco2 + Xrerro + Xpca

The breath-hold model was computed similarly, but with PerCO2 as the task regressor and without hand-grasp
regressors; a PerCO2 > 0 contrast was defined. The resting state model did not include hand-grasp or PerCO2
regressors.

The median number of principal components chosen by the parallel analysis across slices was selected for
each dataset to avoid creating models with different numbers of regressors in each slice. Subject-level models
were computed on the full timeseries, so the parallel analysis was first also run on the full timeseries before
selecting the number of component regressors for modeling. Models were only computed for voxels within a
spinal cord mask to minimize computational intensity. For a few fMRI runs, the GLM was rerun without a mask
(i.e., inthe entire field of view) so that spatial information about the principal component regressors could be
examined outside of the cord.

2.2.5. Evaluation of nested models

Next, we addressed whether adding principal component noise regressors derived from outside the spinal
cord successfully explained variance inside the spinal cord. A voxel-wise F-test was performed between the full
(SpinalCompCor) and reduced (Base) models. PAM50 template gray matter and white matter masks were warped
to the native space for each run, thresholded (at 0.5), and binarized to provide subject-specific tissue masks.
Median F-statistics and the proportion of statistically significant voxels, as determined by the F-test (p<0.05, not
corrected for multiple comparisons), were computed in these masks.

Considering the potential spinal cord segment-dependent effect observed in the F-test results, we wanted to
evaluate whether there was in fact a segment-dependent benefit to using the SpinalCompCor model compared
to the Base model. We used a mixed effects generalized additive model with a quasibinomial family and logit link
function, which was fit using restricted maximum likelihood (REML). The dependent variable, proportion of
significant voxels, was regressed on spinal cord level, task, and tissue type as fixed effects, and subject was
included as a random effect, saving the parameter estimate associated with spinal cord level as the test statistic.
Spinal cord level was coded as -1, 0, and +1 for C6, C7, and C8, respectively, for hand-grasp and breath-hold
datasets, oras -1, 0, and +1 for C4, C5, and C6, respectively, for the resting state dataset. To build a null
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distribution, we relied on permutation testing (5000 permutations). Within each permutation, each subject’s
spinal cord levels were randomly “flipped” (rostrocaudal vs. caudorostral) via sign flipping (e.g., -1, 0, and +1 or

+1, 0, and -1 for C6, C7, and C8, respectively), which would preserve within-participant autocorrelation across

adjacent levels. The spinal cord level parameter estimate (test statistic) from each permutation was saved, and
the observed test statistic was compared to this null distribution to calculate a P-value.

2.2.6. Group modeling and comparisons

Only the hand-grasp task dataset was carried through to the group-level analysis because it had the simplest
a priori hypothesis for localization of hand-grasping activation. For this analysis, each participant’s second fMRI
run was also considered (i.e., the parallel analysis and subject-level modeling described above were also
performed on these runs). Parameter estimate maps associated with the hand-grasping task for each run were
averaged for each subject and then concatenated across subjects. For group-level analysis, a non-parametric
one-sample t-test with threshold-free cluster enhancement was performed with 5000 permutations (randomise)
(Nichols & Holmes, 2002; Smith & Nichols, 2009; Winkler et al., 2014). This was performed for each model (Base,
SpinalCompCor) and contrast (Right Grasp > 0, Left Grasp > 0). The proportion of voxels that were “Now active”
and “No longer active” with the SpinalCompCor model compared to the Base model in ROl masks were
extracted.

3 RESULTS

3.1 Parallel analysis

A parallel analysis was run to determine the number of principal components that should be considered as
regressors for fMRI modeling. This analysis generated a scree plot for each slice of every fMRI run, from which the
cutoff number of principal components was recorded (see Fig. 1G as an example). The median cutoff number of
principal components across slices is shown in Fig. 2A for all three datasets. The distribution across slices shows
that the cutoff number of components is relatively consistent across most subject/slices (Fig. 2B). However,
there are areas of higher variability, e.g., in the inferior-most slices for the hand-grasp task dataset. It is pertinent
to note that the task fMRI data (breath-hold, hand-grasp) were acquired on a Siemens scanner using a sequence
with selective excitation in an inner FOV with a TR of 2s. Selective excitation should lessen susceptibility artifacts
in areas near air cavities (Rieseberg et al., 2002), such as the spinal cord. The resting state fMRI data were
acquired on a Philips scanner, did not use a sequence with selective excitation, and had a VAT of 2.76s. While all
data were acquired in the cervical cord, the resting state imaging volume was also centered more rostrally
(approximately vertebral levels C2-C5) than the other acquisitions (approximately vertebral levels C4-C7), which
may impact the specific noise characteristics captured by PCA.
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Fig. 2. Parallel analysis summary across datasets. (A) Median cutoff number of principal components for each
fMRI run (each datapoint represents the parallel analysis result across slices for one subject’s fMRI run). (B) The
cutoff number of principal components in each subject and slice. Note, the parallel analysis was performed on
data restricted to the same number of timepoints (i.e., fMRI data that were originally longer than 205 timepoints
were truncated).

Longer fMRI runs were truncated to 205 timepoints for this parallel analysis, so the PCA performed here was
not biased by the scan length. Having more timepoints does, however, influence the cutoff number of principal
components selected in the parallel analysis. For example, the hand-grasp task dataset’s original length is 300
timepoints, and truncating the dataset to 205 timepoints decreases the median number of cutoff components for
most subjects’ scans (Fig. S$2).

There are also two notable outliers in the median cutoff number of principal components for the resting state
dataset. To explore this, the median number of principal components was also compared to the in-plane
framewise displacement (Fig. S3A). We see a significant negative trend between number of components and
overall motion across all datasets (r=-0.76, p=0.01) and observe that the two outlier scans with the highest
median number of principal components also had some of the lowest overall motion. Motion may also be related
to the magnitude of the eigenvalue associated with the first principal component. Fig. S3B shows that these
outliers have the lowest first eigenvalue, however the positive correlation between these elements is non-
significant (r=0.32, p=0.37).

3.2 Spatial information from component regressors

Maps of the fitted parameter estimates show how variance associated with each SpinalCompCor regressor
was fit across the entire cord and neck region. For the datasets in which the subject-level model was rerun on the
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entire field of view, stronger parameter estimates were observed in a few common areas: neck muscle, blood
vessels, and CSF. Examples from hand-grasp scans are shown in Fig. 3 (A: blood vessel/CSF; B: blood
vessel/CSF; C: no predominant area; D: neck muscle) and Fig. S4, from a breath-hold scan in Fig. S5, and from a
resting state scan in Fig. S6.

Parameter
Estimate

Component 6, Slice 1 Component 3, Slice 7

F

Parameter
Estimate

Component 12, Slice 8 Component 1, Slice 12

Example Subject 1

Fig. 3. Parameter estimate fits for SpinalCompCor regressors in an example subject from the hand-grasp
task dataset. The motion corrected mean image and corresponding principal component parameter estimate
maps are shown for each example component/slice. Arrows point out stronger parameter estimates in areas with
neck muscle, blood vessels, and CSF. There are 25 slices in this acquisition, numbered 0-24. (PE=parameter
estimate, a.u.=arbitrary units)

3.3 Evaluation of nested models

Two models were calculated for each breath-hold, hand-grasp, and resting state fMRI run to explore the
effect of adding SpinalCompCor regressors. Differences between nested Base and SpinalCompCor models (i.e.,
the reduced and full models, respectively) were evaluated with a voxel-wise F-test. Summary metrics were
extracted from gray matter and white matter ROls in spinal cord segments in the native subject space (within
tissue masks warped from the PAM50 template). Specifically, the median F-statistic and the proportion of
statistically significant voxels (F-test) were calculated in ROls for each fMRI run (Fig. 4).
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Fig. 4. Summary of F-test comparing the nested Base and SpinalCompCor models. Summary statistics are
shown in ROIs of gray matter and white matter across spinal cord segments C6-C8 or C4-C6. (A) Median F-
statistic in each of the spinal cord ROlIs. (B) The proportion of voxels in the ROl for which the SpinalCompCor
model significantly fit additional variance compared to the Base model (p<0.05, not corrected for multiple
comparisons). Each datapoint represents one fMRI run. Resting state median F-statistic axis is colored red to
draw attention to the scaling.

For both the breath-hold and hand-grasp task datasets, the median F-statistic appears to decrease slightly
from superior to inferior (C6 to C8) in both gray and white matter. The proportion of statistically significant voxels
in the F-test similarly appears to decrease from superior to inferior in both gray and white matter. In the resting
state dataset, the percent of significant voxels (F-test) clusters near 100% and may also differ across levels.
Assessing this using a mixed effects model and flipping the spinal cord segments, we can reject the null that all
spinal cord segments benefit similarly (p < 0.0002).
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3.4 Group analysis

A group analysis was performed on the hand-grasp task data to test the effect of SpinalCompCor regressors
on group-level motor activation, comparing results from the Base and SpinalCompCor models. Example axial
slices of the hand-grasp activation map are shown for the Left>0 and Right>0 contrasts for both models (Fig.
5A,B). To directly compare the spatial distribution of the difference in activation between the two models, the
voxels that changed between conditions were mapped and summarized across the level and tissue ROls (Fig.
5C,D). These panels show voxels that were not active for the Base model but are now active for the
SpinalCompCor model (blue), voxels which were active for the Base model but are no longer active for the
SpinalCompCor model (red), and voxels that were active for both (gray). A higher proportion of voxels in the dorsal
gray matter are now active with the SpinalCompCor model, while the opposite is seen for the ventral gray matter.
Often, the voxels that change between conditions are at the edge of a cluster of active voxels.

A B

Base (reduced) Model SpinalCompCor (full) Model Activation Change

Base to SpinalCompCor Model
Left>0 Right>0 Right>0 Left>0 Right>0

SO

C
C

0 I 5 No longer active
T Now active
M Still active
Left>0 Right>0
Co- W o go
<
C7 4 I— I =3
2o
Cs 4 I L o}
= [0}
S C6- Il . 3 <
< @
£ c71 mmm - =2
(0] 29
» cs- m [ 3
-e T T T T T T T T T T =
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Fig. 5. Comparison of Base vs. SpinalCompCor model group analysis for hand-grasping task. Example
activation map axial slices are shown for Left>0 and Right>0, for the (A) Base model and (B) SpinalCompCor
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model. Significant t-statistics are shown (p<0.05, Family-wise error rate corrected). (C) Example axial slices of the
activation change for the Base vs. SpinalCompCor models. Axial slices are shown in radiological view/orientation

and have an outline of the PAM50 gray matter mask overlaid. The same three slices are shown for panels A, B, and
C. (D) Voxel-wise activation change for the Base vs. SpinalCompCor models in ROls. The proportion of voxels with
the SpinalCompCor model that are now active (blue), are no longer active (red), or are still active (gray) are shown.
(V=ventral, D=dorsal, R=right, L=left).

4 DISCUSSION

4.1 Data-driven denoising in spinal cord fMRI

In this study, we formalize a framework for performing PCA of noise ROl timeseries in spinal cord fMRI data to
derive nuisance regressors, using a parallel analysis to automatically determine the appropriate number of
component-based nuisance regressors to avoid overfitting. Our work builds on prior research methods developed
to denoise both brain and spinal cord fMRI timeseries. In these prior studies, PCA-based nuisance regression in
spinal cord fMRI has been implemented but not specifically evaluated, and we lack a standard approach for
defining the number of nuisance regressors to be incorporated into the timeseries model. Thus, the current work
specifically assesses PCA-based denoising in the spinal cord (i.e., SpinalCompCor), providing a standard,
automated approach for deciding the number of PCA-based nuisance regressors to include, and considers the
impact of such denoising on the mapping of task activation.

To begin, there are key methodological similarities and differences between the implementation of PCA-
based denoising of spinal cord fMRI data in past literature and the SpinalCompCor implementation in the present
work that should be discussed. First, Barry et al. (2014) and Barry et al. (2016) define a noise ROI by logically
inverting a mask drawn around the entire spinal cord and CSF region. Based on these studies, the Neptune
toolbox for spinal cord fMRI analysis contains methods for ‘non-cord’ PCA-based noise regression (Deshpande &
Barry, 2022). Similarly, another study derives regressors with PCA from CSF and ‘not-spine’ ROls and then
regresses them from the resting state fMRI timeseries along with other noise regressors (RETROICOR and motion
parameters) (Combes et al., 2023). One other resting state fMRI study also includes PCA-derived CSF regressors
in their noise model (Landelle et al., 2023). Here, we opt to limit PCA to a noise ROl that does not include the
spinal canal CSF, instead addressing pulsatile CSF artifacts with a dedicated regressor, acknowledging that
whether to include spinal canal CSF in the noise ROl is a nuanced choice that could be addressed in future work.

Furthermore, in the Barry et al. 2016 method, components were selected for each slice based on their
associated variance. Specifically, the components retained represented up to 80% of the cumulative variance, or
where the difference in variance explained between successive components was less than 5% (Barry et al.,
2016), resulting in a different number of components for each slice. In the current work, principal components
are retained based on a parallel analysis, which compares template (real data) eigenvalues to surrogate
(simulated data) eigenvalues to determine a cutoff number of components for each slice, typically around 11
components in the data considered here (see next section for further details) (Fig. 2). Different thresholds may be
needed for different fMRI datasets, and the parallel analysis automatically accounts for this variability by finding
the number of components that explain greater variance than the surrogates do by chance. The median across
slices is then selected as the number of components to retain as SpinalCompCor regressors. This final step
avoids a difference across slices in the number of regressors and model degrees of freedom, simplifying the
analysis but potentially over or underestimating the number of regressors that “should” be used for each slice.

Finally, the Barry et al. method regresses the PCA-derived nuisance regressors from the fMRI timeseries prior
to motion correction to improve the efficacy of volume registration. In the current work, however, we incorporated
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the SpinalCompCor regressors into the subject-level GLM, opting instead to minimize the number of regression
steps in the analysis pipeline. Although this eliminates the potential benefits to motion correction described in
the Barry et al. method, this choice should simplify preprocessing and avoids the possible reintroduction of
artifacts back into the data that can occur with sequential regression steps (Lindquist et al., 2019).

4.2 Selecting principal components as nuisance regressors

A parallel analysis with surrogate timeseries data was used to systematically determine how many principal
components to retain, to minimize overfitting BOLD signal variance. This analysis outputs a cutoff number of
principal components for each slice of each run, from which the median across slices was chosen. The median
number of principal components ranged from 6-17 across each of the three datasets evaluated here, save for a
couple of large outliers in the resting state dataset (Fig. 2A). When the slice-wise parallel analysis output was
considered, particularly in the hand-grasp task data, higher variability across subjects was observed in the
inferior slices, which may be associated with lower signal quality in these regions (Hemmerling et al., 2023a), or
different noise characteristics for this task. This variability is averaged out when selecting the median number of
principal components across slices for each fMRI dataset.

The parallel analysis is computationally intensive, taking us well over an hour just to define the number of
regressors to include. (Note, this analysis was done on a high-performance computing cluster and may not
reflect timing for all computer systems/datasets.) However, the consistency of the cutoff number of principal
components across the three datasets also implies that an appropriate number of components for a study could
be reasonably extrapolated from a parallel analysis performed on a randomly selected subset of subjects, rather
than on every run in the dataset, thus reducing the overall computational burden. Additionally, there is variability
in the cutoff number of principal components across individual datasets, with low repeatability between Scan 1
and Scan 2 for the hand-grasping task dataset (intraclass correlation (ICC)=0.316) (Fig. S7). However, the median
across subjects is constant, so performing the parallel analysis on a randomly selected subset of subjects may
still be a reasonable option to reduce computational intensity. It is worth pointing out here that the number of
components indicated by the parallel analysis appears to be affected by the number of timepoints (see Fig. S2)
and may relate to the overall motion present in the data (see Fig. S3), so the results presented in Fig. 2 should not
be extrapolated for other datasets.

The two resting state scans that had a large cutoff number of principal components also had some of the
lowest motion in the resting state dataset. This may initially raise concerns, as we are suggesting that
SpinalCompCor should include the greatest number of nuisance regressors when there is the smallest amount of
anticipated motion in the data. However, in this case the noise may be arising from more diverse sources with
more spatially varying temporal signatures, spreading it across a greater number of components. If a subject has
a large movement artifact (i.e., bulk motion affecting the entire slice or volume), it can supersede these more
subtle and local physiological fluctuations across the entire field of view. Indeed, the positive relationship
between the first eigenvalue and motion supports this explanation, whereby data with larger motion-related
artifacts have more variance explained by the first component.

4.3 Modeling with PCA-derived SpinalCompCor regressors

In this work, we made the intentional choice to add the SpinalCompCor noise regressors to our existing
denoising model that already contains motion and physiological noise regressors, rather than directly comparing
the two as separate models. This allows us to investigate if adding these extra data-driven regressors is useful
beyond the denoising we are already doing as is standard in the field (Table S1; (BraaB et al., 2023; Dabbagh et
al., 2024; Kinany et al., 2023; Kowalczyk et al., 2024; Landelle et al., 2023; Seifert et al., 2024)). These models
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typically include RETROICOR, motion, and CSF regressors, albeit with variation in the number and the specific
methodology to calculate the regressors. Future work evaluating a wider variety of models may reduce the overall
number of nuisance regressors, thus maximizing the degrees of freedom in the GLM. However, typical spinal cord
fMRI datasets are long, with several hundred timepoints, suggesting that the addition of 6-17 SpinalCompCor
regressors may not be overly problematic.

4.3.1 Spatial variation of SpinalCompCor regressor parameter estimates

Before evaluating model performance, we probed what the origin of the SpinalCompCor regressors might be.
The SpinalCompCor method relies on the assumption that structured noise sources outside the spinal cord
impart or concur with time-varying noise within spinal cord tissue, such that this variance within the cord can be
explained by regressors derived from the noise ROl outside the cord. The anatomical structures around the
cervical spinal cord are primarily CSF in the subarachnoid space, blood vessels, the trachea, vertebrae, and neck
muscles (Brooks et al., 2008). Noise would primarily be expected to be imparted from cardiac (e.g., CSF, vessels)
and respiratory (e.g., trachea) sources (Eippert et al., 2017), with quasi-periodic time-varying cycles, or from
motion.

The parameter estimate maps associated with the SpinalCompCor regressors tell us where these regressors
are fitting noise outside of the spinal cord region, alluding to what noise sources the components might be
representing. Parameter estimate maps from fMRI runs for which the GLM was rerun for the entire field of view,
show interesting spatial information about the principal components. (As there are many principal component
parameter estimate maps, we selected illustrative examples of the anatomical structure in the maps but also
acknowledge that these examples are not fully representative.)

Greater parameter estimates are frequently observed in CSF and blood vessels — structures affected by the
cardiac cycle (e.g., Fig. 3A,B). As noted previously, there is already a separate slice-wise CSF regressor in the
model, which is the average timeseries of the CSF voxels with the top 20% variance (Brooks et al., 2008; Kong et
al., 2012). This established approach for extracting a nuisance regressor from CSF voxels may mask pulsatile
effects that vary (i.e., “travel”) along the length of the cord (Hemmerling et al., 2022), which SpinalCompCor
regressors can potentially address. Another area showing greater parameter estimates is in the neck muscles
(e.g., Fig. 3D). This may be related to respiration, as Brooks et al. (2008) observed respiratory effects in these
tissues, but may also reflect any number of other physiological fluctuations occurring during scanning, such as
swallowing, which we are unable to specifically observe in these data. Elevated parameter estimates at the edges
of structures across the field of view may represent cases for which the SpinalCompCor regressor is explaining
bulk motion (e.g., Fig. S4D). Most maps appear to have some structure; however, a more unstructured example
is seenin Fig. 3C.

A wider FOV in the resting state data commonly shows higher parameter estimates in voxels that might be
influenced by swallowing or contain air-filled respiratory structures (Fig. $6). While the noise ROl does not
actually cover this more ventral part of the image, the parameter estimate maps suggest that signal fluctuation in
this region may be influential enough to affect voxels in the nearby noise ROI. This highlights the utility of
acquisitions that limit the impact of noise confounds from outside of the imaged region, such as a reduced FOV
acquisition with outer volume suppression (OVS) or inner FOV imaging with selective excitation (Kinany et al.,
2022). The latter of these was used for the breath-hold and hand-grasp task datasets in this study (specifically,
ZOOMit from Siemens). Kinany et al. (2022) specifically compares OVS and ZOOMit for detection of task and
resting state fMRI activity, demonstrating strengths and weaknesses of the approaches and their ability to image
the spinal cord.

15


https://doi.org/10.1101/2025.01.23.634596
http://creativecommons.org/licenses/by-nc-nd/4.0/

499
500

501
502
503
504
505
506
507
508
509

510
511
512
513
514
515
516
517
518
519

520
521
522
523
524

525

526
527
528
529
530
531
532
533
534

535
536
537
538
539

bioRxiv preprint doi: https://doi.org/10.1101/2025.01.23.634596; this version posted January 23, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

4.3.2 Nested model evaluation

Next, we aimed to test whether SpinalCompCor regressors, reflecting structured noise from outside of the
spinal cord, explained significant signal variance inside of the spinal cord. We performed a voxel-wise F-test to
evaluate whether the SpinalCompCor (i.e., full) model fit the hand-grasp task fMRI data significantly better than
the Base (i.e., reduced) model. All spinal cord segments do not benefit similarly, as supported by the mixed
modeling approach looking at the proportion of statistically significant voxels (F-test) across spinal cord
segments (Fig. 4). It is possible there are differences in the noise profile rostrocaudally along the cord
contributing to the differential benefit from modeling with SpinalCompCor regressors. It would be interesting to
determine whether this variability in SpinalCompCor benefit would persist for fMRI data in other regions such as
the lumbar cord.

Most breath-hold and hand-grasp fMRI runs saw SpinalCompCor explain significantly more variance in 10—
60% of voxels in both white and gray matter regions (based on the F-test). However, there is substantial variability
in this percentage, suggesting SpinalCompCor may have a variable impact on modeling across subjects and
runs. Extracting these tissue-specific metrics requires warping individual functional datasets to the PAM50
template, so these percentage metrics will inevitably capture some partial volume and misregistration effects
that may contribute to this variability. Although the masks were visually checked during preprocessing, the
imprecision in tissue type delineation at this field strength and spatial resolution is important to recognize. Still,
these results indicate that the SpinalCompCor regressors, derived from a noise ROl outside of the spinal cord, do
indeed explain significant additional variance within the spinal cord tissues, beyond variance explained by a
standard set of motion and physiological noise regressors in our fMRI data.

Notably, most resting state fMRI runs saw SpinalCompCor explain significant additional variance in 90-100%
of voxels across regions. This suggests that the SpinalCompCor method may provide an appreciably greater and
more consistent benefit to resting state fMRI data as compared to task fMRI data. Resting state spinal cord fMRl is
also primarily where methods similar to SpinalCompCor (i.e., PCA-based methods for deriving nuisance
regressors) have already been applied (Barry et al., 2014, 2016; Combes et al., 2023; Landelle et al., 2023).

4.3.3 Effect on downstream group-level activation results

We evaluated the utility of SpinalCompCor in improving sensitivity and specificity to motor neural activity
using the hand-grasping task fMRI dataset because it has the simplest a priori hypothesis of the three datasets.
Hand-grasping motor activation is primarily expected to localize (within the imaging field of view) to gray matter
voxels in the C7-C8 spinal cord segments, ipsilateral to the side of the task (Kuypers, 1982; Leinberry & Wehbé,
2004). (See Hemmerling et al. (2023a) for a more detailed discussion of expected activity localization.) The task
was modeled with hand-grasping force trace regressors. The Base model included a base set of nuisance
regressors (see section 2.2.4) and the SpinalCompCor model additionally included the number of component
regressors indicated by the parallel analysis for the full 300 timepoint run, ranging from 7-19 across the 52
datasets studied (two runs/subject).

Group-level modeling of task activation with the Base and SpinalCompCor models produced mixed results.
For our lateralized hand-grasping task, we would primarily expect ipsilateral gray matter activation associated
with motor activity (i.e., ventral horns) as well as some proprioceptive or sensory activity related to the task (i.e.,
dorsal horns). We would expect less activation in white matter voxels, given functional neurovascular anatomy
and BOLD sensitivity at 3 T. Simplistically, when comparing the Base model to the SpinalCompCor model, a
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reduction in statistically significant activation in white matter voxels might be expected, whilst we might
anticipate gray matter activation to stay the same or increase.

In white matter voxels, the proportion of active voxel changes to now active or no longer active is inconsistent
between left and right grasping, suggesting that the benefit indicated at the individual dataset level (Fig. 4) does
not translate to a consistent change in (potentially spurious) task activation in white matter regions. However, we
note that white matter activation may not be entirely spurious; there is increasing evidence of meaningful neural
BOLD signals in white matter in the brain (Gore et al., 2019), as well as in recent work in the primate spinal cord
(Sengupta et al., 2023). Therefore, we cannot discount the white matter BOLD signal as containing true activation.

For right hand-grasping, in ventral gray matter in the C8 spinal cord segment- part of the hypothesized region
in which peak motor activity would be expected (Vanderah & Gould, 2016) — the proportion of voxels that are now
active vs. no longer active with the SpinalCompCor model is larger, suggesting our method improved sensitivity to
true neural activation in the BOLD timeseries. However, in the corresponding ROI for left hand-grasping, the
proportion of voxels that are now active with the SpinalCompCor model is smaller compared to those that are no
longer active. In fact, in most ventral gray matter ROls, a higher proportion of voxels are no longer active with the
SpinalCompCor model, while the opposite is seen for most dorsal gray matter ROls. Without having data on hand
dominance or a graded force-level motor task, we can speculate that differences in hand dominance and the
absolute force being generated by each hand may lead to differences in absolute neural activity as well as
correlated noise artifacts in left versus right hand-grasping. These differences may also cause variation in the
sensory activity associated with the motor task, impacting our dorsal horn results. Regardless of the reasons, our
observations suggest that SpinalCompCor may be impacting task activation mapping in an unpredictable way.
Moreover, there may be collinearity between SpinalCompCor regressors and our task regressors that must be
addressed to ensure SpinalCompCor is appropriate in task fMRI datasets.

4.3.4 Collinearity

The inconsistent task activation mapping results led us to consider whether there could be any issues with
regressor collinearity interfering with our statistical inference (e.g., cross-talk between the SpinalCompCor
nuisance regressors and our task regressors of interest). In particular, when including additional regressors, it
would be cause for concern if there is a strong correlation between one of these and the task regressor(s). A
correlation matrix of model regressors for an example hand-grasp task model (Subject 13, Scan 1, Slice 12)
shows the collinearity of each regressor with the others (Fig. 6A,B). In this example, high correlations are
observed between nuisance regressors with other nuisance regressors, which indicates some redundancy within
our model. In fact, this provides additional insight into what motion or physiological confounds SpinalCompCor is
capturing. For example, PC1 and PC2 correlate strongly with CSF and cardiac RETROICOR regressors,
respectively. Thus, in the absence of external physiological recordings, using data-driven PCA regressors like
these may be particularly beneficial.

Interestingly, there are some non-zero correlations indicated between principal component regressors when
they should be orthogonal to each other (lower right quadrant of Fig. 6B). This is due to FSL’s modeling (e.g., FEAT
was set up to apply a high-pass filter, which is applied to both the fMRI timeseries and the regressors). In other
words, the principal components initially had zero correlation, but the regressors that were actually used in the
model, and evaluated here, regained some small degree of correlation following temporal filtering.

Because our chief interest is whether the principal component regressors would share variance with the task
regressors, and thus negatively impact the parameter estimates/inferences for task activation, linear models of
the task vs. principal component regressors (Task~PC1 + PC2 +... + PCn) were computed and the associated
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adjusted R2 was plotted for every slice of each fMRI run (Fig. 6C). Most adjusted R? values are low, so we are not
particularly concerned with introducing model collinearity when adding principal component regressors.
However, there some outliers with higher correlations which could contribute to the ambiguous group-level
activation results.
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Fig. 6. Collinearity of fMRI models for an example run and across all hand-grasp data. (A) Select regressors
for example model (Subject 13, Scan 1, Slice 12). (B) Example correlation matrix for the same model. (C) Adjusted
R? for the model of Task~ PC1 + PC2 + ... + PCn across all slices, subjects, and scans.

4.4 Limitations and future directions

Spinal cord fMRI data analysis is actively being improved upon by researchers in the community. As such,
there were some small changes to data processing and analysis that we have made since the original work using
the hand-grasp task dataset (Hemmerling et al., 2023a). While the original work did not observe many significant
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voxels at the C8 spinal cord segment, we have slightly improved the co-registration and are using the updated
Spinal Cord Toolbox version (6.1.0) of the spinal cord segment template. Thus, increased activation in the C8
segment is observed here.

A main limitation of this work is that we selected and tested a specific analysis pipeline and specific
collection of nuisance regressors in our Base model. While the basic fMRI processing steps used are standard,
they may be implemented differently by different research groups, depending both on software choice and
individuals’ use of the tools. The selection of regressors to include in the GLM for the Base model is based on
published literature (Table S$1), the availability of physiological data recordings, and what has been successful in
our own past work. For example, a PerCO; regressor is included in the GLM Base model. Recordings of expired
gases (i.e., CO2 and O2) are typical for our lab to collect during fMRI experiments because we are particularly
interested in studying vascular physiology, but these recordings are not standard for all groups.

This work incorporated three 3 T fMRI task/resting state datasets collected on two scanners from different
vendors. This variation should increase the applicability of the results of this work. However, the full gamut of
possible vendors, scan parameters, tasks, et cetera, cannot be represented by these datasets alone. There is a
growing initiative for sharing spinal cord fMRI data across the international research community (Banerjee et al.,
2025) and such resources will be invaluable for further standardizing methods in the spinal cord fMRI field, just as
big data initiatives in brain fMRI like the Human Connectome Project have done in the last two decades (Elam et
al., 2021).

Each of these choices affects the results and interpretation of the efficacy of using PCA-derived
SpinalCompCor regressors in spinal cord fMRI modeling. Ultimately, we observe that SpinalCompCor can be
applied in a systematic, principled manner, and explains significant variance within the spinal cord parenchyma
in a variety of datasets. However, the impact of such denoising on task activation was ambiguous and potentially
related to task correlated variance in the SpinalCompCor regressors. The nuisance regression aims to remove
motion and physiological effects, however, regressors exhibiting task-correlated fluctuations could
unintentionally reduce the share of variance that task regressors receive, hindering the detection of activation.
Further development of this method could take inspiration from literature in the following ways. In the CompCor
method, Behzadi et al. (2007) described a technique to remove stimulus-related components: voxels are
excluded from the noise ROl that are too correlated with the stimulus-related reference function. A similar
technique could be tested for spinal cord noise ROls. Alternatively, PCA-derived SpinalCompCor regressors
could be orthogonalized with respect to other regressors in the model. However, this should be implemented
with caution, and it is advisable to fully understand warnings related to orthogonalization in fMRI modeling (see
Mumford et al. (2015)).

A different technique that might help to address task-correlated noise is the use of multi-echo independent
component analysis (Kundu et al., 2012). Previous work has shown this method to be beneficial in the presence
of high task-correlated head motion at the subject-level (Reddy et al., 2024). However, group-level results were
similar across levels of head motion (Reddy et al., 2024), indicating that group-level activation mapping may
already be fairly robust to variation in noise across subjects. This is similar to what was observed here in the
hand-grasp task fMRI data — the SpinalCompCor model explained noise at the subject-level, but a corresponding
change in the direction of hypothesized motor activation for group-level maps was not seen. Therefore, advanced
denoising methods like SpinalCompCor may be particularly beneficial for precision mapping of the individual
spinal cord.
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5 CONCLUSIONS

In this work, we presented a method to derive PCA-based nuisance regressors from a noise ROI for spinal
cord fMRI modeling. Components were designated as regressors for denoising using a parallel analysis
comparing real and simulated noise ROl timeseries. This automated and principled approach suggested a
reasonable number of components to retain as regressors across 3 diverse datasets. Across datasets,
SpinalCompCor regressors reflected variance in areas of the fMRI volume outside the spinal cord that correspond
to anatomical features expected to exhibit physiological fluctuations and systemically confound fMRI timeseries
(e.g., blood vessels, CSF). Accordingly, these regressors explained significant signal variance inside the spinal
cord in subject-level modeling. Resting state fMRI runs showed greater benefit from SpinalCompCor modeling,
with a higher proportion of voxels having significant variance explained by the added nuisance regressors than in
the two task fMRI datasets. Mixed results were observed, however, for group-level task activation mapping, and
this may suggest challenges with task-correlated noise and model collinearity. Overall, we demonstrate benefits
of using PCA-derived SpinalCompCor regressors in modeling spinal cord fMRI timeseries. However, we show that
these benefits may not be equal across fMRI datasets, and suggest this denoising approach may be most useful
in resting state fMRI applications.
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Table S1. Inclusion of regressors for noise modeling in recent human spinal cord fMRI studies. Motion

includes motion parameters from motion correction and/or motion outliers. CSF regressors were typically
calculated as the top percent variance in a CSF mask, as the mean signal, or using PCA methods. Published
studies in the past two years (from November 2, 2024) which detailed their noise and fMRI modeling methods

were included. (RETROICOR=retrospective image correction (Glover et al., 2000), PNM=physiological noise

modelling (Brooks et al., 2008), CSF=cerebrospinal fluid, RVT=respiration volume per time, HRV=heart rate

Progression

variability).
Included Regressors
Authors (Year), Title Task/Rest | RETROICOR Motion CSF Other
Journal / PNM
Dabbagh et al. Reliability of task-based fMRI Thermal X X X
(2024), Imaging  in the dorsal horn of the Stimulus
Neuroscience human spinal cord
Seifert et al. Thermal stimulus task fMRI in Thermal X X X
(2024), Hum the cervical spinal cord at Stimulus
Brain Mapp 7 Tesla
Kowalczyk etal.  Spinal fMRI demonstrates Resting X X X
(2024), Hum segmental organisation of state
Brain Mapp functionally connected
networks in the cervical spinal
cord: A test-retest reliability
study
BraaB et al. Association between activityin  Motor X X X RVT
(2023), Hum the ventral premotor cortex Task HRV
Brain Mapp and spinal cord activation
during force generation-A
combined cortico-spinal fMRI
study
Combesetal. Detection of resting-state Resting X X X (PCA) Not spine ROI (PCA)
(2023), SciRep  functional connectivity in the State
lumbar spinal cord with 3T MRl
Hemmerling et Spatial distribution of hand- Motor X X X PeCO,
al. (2023), Hum  grasp motor task activity in Task SpinalCompCor
Brain Mapp spinal cord functional
magnetic resonance imaging
Kinany et al. Decoding cerebro-spinal Motor X X X Mean global signal
(2023), signatures of human behavior:  Task outside the spinal cord
Neurolmage Application to motor sequence
learning
Landelle et al. Altered Spinal Cord Functional  Resting X X X (PCA) RVT
(2023), Mov Connectivity Associated with State HRV
Disord Parkinson's Disease
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Data and Code Availability: Code to create regressors and perform the parallel analysis is available at
https://github.com/BrightLab-ANVIL/spinalcompcor. Datasets from three sources were used and are available
according to their original publication data availability. The hand-grasping task fMRI data are publicly available on
OpenNeuro at doi:10.18112/openneuro.ds004616.v1.1.1 (Hemmerling et al., 2023b). The breath-holding task
fMRI data are publicly available on OpenNeuro at doi:10.18112/openneuro.ds004974.v1.0.0 (Hemmerling et al.,
2024b). (Note: The second dataset has not yet been published but will be by the time of publication of this article.)
The resting state fMRI data are available upon reasonable request (see Barry et al. (2018)).
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