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Abstract

Resting state functional MRI (rsfMRI) is a promising method for investigating brain disorders
because it is non-invasive and does not require task performance as in typical task-fMRI studies. Since
rsfMRI first description, many studies on brain disorders have demonstrated its potential as a detection
or diagnosis tool. However, most conclusions are based on group studies. Their application to individuals
requires overcoming some challenges such as reducing physical and physiological noises. Several methods
of noise reduction for rsfMRI have already been established but further noise reduction is required for
an individual application of rstMRI. Here we propose a new approach in which we restricted the MRI
measurement environment to the MRI scanner and one subject, from which we generated a noise set
that was subtracted from rsfMRI data acquired with the same MRI scanner or subject. The present
preliminary study examined the validity of the proposed approach using data from a phantom model and
a human subject. Noises from rsfMRI data were removed by regression of previously prepared noise
signals. The resulting signal presented properties similar to band-pass filtered one, suggesting the efficacy
of the approach. In the future, the approach potential will be assessed using with more human subjects.
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Introduction

Task-based functional MRI (tb-fMRI) has been used to map human brain functions. The tb-fMRI
signal is measured while tasks related to a specific perception or cognition function are performed. In
comparison with tb-fMRI, resting state fMRI (rsfMRI) is easy to apply because no task is executed.
The functional relevance of rsfMRI has been proven as it measures intrinsic neuronal activities " °’.
Thus, rsftMRI has been extensively used to investigate brain disorders, such as Alzheimer’'s disease
(AD) %%, autism spectrum disorder (ASD) *'V and schizophrenia *'¥.

Most rsfMRI studies of brain disorders compare one or more functional metrics of rsfMRI such as
functional connectivity between a group of patients with a group of normal subjects. Many studies
have identified biomarkers discriminating the patient group from the normal group even by comparing
measurements performed at different locations and with different scanners. Therefore, rsfMRI seems
promising for investigating brain disorders.

The final goal of imaging brain disorder with rsfMRI is to detect or diagnose a brain disorder in an
individual patient. However, it is challenging to apply data from group studies to individuals in particular
because of the physical and physiological noises. Various methods, such as low or high-pass filters and
independent component analysis, have been proposed to remove noises. Although those methods are

effective, their performance to remove noises is not sufficient for using rsftMRI at the individual level.
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In the present study, we attempted to remove noises using a new approach. We hypothesized that a
set of physical noises originating from an MRI scanner and a set of physiological noises coming from a
subject could be used as the basis of all the noises and could be removed from rsfMRI data. As proof of
principle, we examined whether signals of one scan from a phantom model could be used to
successfully remove signals in the following scans but also to remove noises from data acquired from a

human subject.

Materials and Methods

Measurements of a phantom model and a human subject were performed. The human study was
approved by the Institutional Review Board of the Tohoku Fukushi University (RS190607). One
healthy volunteer participated in this study. MRI measurements were conducted using a 3-Tesla MRI
scanner (Skyra-fit; Siemens) with a 20-channel matrix head coil. For rsfMRI measurements, the
following parameters were used: repetition time = 1000 ms, echo time = 24 ms, matrix size = 64 X 64,
in-plane resolution = 34 X 34 mm?2, slice thickness = 3.4 mm, and number of volumes = 480. During
the human rsfMRI scan, the subject was asked to lie on the bed with the eyes open, keeping his mind
clear, and gently focusing the eyes on the center of the visual field. The lights in the room were turned

off during the MRI scans.

Results and discussion

First, two MRI scan datasets from the phantom model were analyzed. Signals from phantom images
were decomposed using the singular value decomposition method (SVD). Each first and second SVD
components were derived from two MRI scans. Both components from the first scan were subtracted
from the second scan. The subtraction reduced the first component value to almost zero but did not
affect much the second component (Fig.la, b). This suggested that regressing out SVD components of
one scan from those of another scan in a one-to-one manner does not reduce much signal. To examine
the correlation between both scans, maps of correlation between the SVD components of both scans
were generated (Fig. 2). Many SVD components with high correlation values at off-diagonals were
found. Because one SVD component of the first scan correlated with several SVD components of the
second scan, we regressed out 10 components of the second scan from the first and second components
of the first scan (Fig. 3). After regression, only a small amplitude residual signal of the first
component was left, but the regression had almost no effect on the second component. Therefore,
another regression was performed with more components (100 components). The amplitude of the
residual signal from the second component was greatly reduced, by almost 10 times, after regression
compared with that of the signal in Figure 3b (Fig. 4). By regressing out 100 components, slow
oscillations were removed from the first and the second components as shown in Figure 4. Therefore, a
noise set acquired from a scan can be used as regressor to remove noises from another scan because
all signals in the phantom model are noises and the reduction of signal amplitude and slow oscillations
indicated that noises were removed. In addition, the reduction of the signals in Figure 4 suggested
that MRI signals in both scans contain similar noises.

To apply the approach to the human brain, rsfMRI data were acquired with the same measurement

parameters. Because we hypothesized that the physical noises made by the scanner in the phantom
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model are the same that those measured with a human subject, the noise set (100 SVD components
from the phantom data) was regressed from a time-course rsfMRI dataset acquired from a human
subject. Figure 5 shows a human brain image acquired at the same slicing time as that at which the
noise set was extracted in the phantom model. The time-course data from a voxel located in the
occipital cortex were extracted (Fig. 5). After regressing the noise out, a residual signal of a much
smaller amplitude than that from the original signal was left (Fig. 6 ). The remaining signal contained
fewer band frequency components even compared with that of the band-pass filtered signal (0.01-0.15
Hz) (Fig. 6). Signal frequency spectrums, shown in Figure 7, were generated to examine the
frequency characteristics of the remaining signals. The noise-depleted signal showed a narrower band
than that of the band-pass filtered signal. Although the frequency components in the noise-depleted
signal were narrower than those used in most rsfMRI studies, these results indicate that more reliable
signals reflecting brain intrinsic functions can be obtained. To investigate functional aspects of the
signal, the signal was used as seed to generate a correlation map, shown in Figure 8. The pattern of
the correlation map obtained using the noise-regressed signal was similar to the one obtained using the
band-pass filtered signal. The hot voxels on the correlation map obtained with the noise-regressed
signal were less spread (Fig. 8). This suggested that the noise-regressed signal contained meaningful
functional components compatible with those found in the band-passed signal and provided more
specific functional information. Future studies including more human subject data and devising more
regression models are expected to confirm the results of the present preliminary work.

In conclusion, we showed that noise-free intrinsic functional signals were obtained from rsfMRI data
by using previously prepared sets of physical and physiological noises as regressors in conditions

where noises are restricted to the scanner and subject environments.
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Figure 1 a. First SVD components of the first (top panel) and the second (middle panel) scans. The signal amplitude
was very small after subtraction of both components (bottom panel). The horizontal axis represents the
time in seconds. The vertical axis represents arbitrary values. The characters u1 (;, 1) stand for the first
SVD component of the first scan and u2 (;,1) stands for the first SVD component of the second scan.
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Figure 1b. Second SVD components of the first scan (top panel) and the second scan (middle panel). The
subtraction of the two components leaves a signal with a very small amplitude (bottom panel). The
horizontal axis represents time in second. The vertical axis represents arbitrary values. The character
ul (;,2) stands for the second SVD component of the first scan, u2 (:;,2) stands for the second SVD
component of the second scan.
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Figure 2. Correlation maps between SVD components from two scans. The left is correlation map for 10 components
and the right is correlation map for 100 components.
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Figure 3 a. First component signal of the first scan (upper panel) and the residual signal after the regression of 10
components in the second scan (bottom panel). Only a small amplitude signal was left after the regression.
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Figure 3b. Second component of the first scan (upper panel) and the residual signal after the regression of 10
components in the second scan (bottom panel). The residual signal is not much different from the original
component.
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Figure 4 a. First component of the first scan (upper panel) and the residual signal after the regression of 100
components in the second scan (bottom panel). Only a small amplitude signal was left after the regression.
The amplitude of the residual signal was a little more reduced and the slow oscillation was much more
reduced.

0.2

01F

0.1

Q

0501001502002503003&04004@500

0.04

0.02

[=]

|| Uruf'm MU“WJ\'\“\“U h"fl'J‘H“UMI |||Mfw| JJU[ m

0 50 100 150 200 250 300 350 400 450 500

post- . 0.0z F
regression

0.04

Figure 4b. Second component of the first scan (upper panel) and the residual signal after the regression of 100
components in the second scan (bottom panel). The amplitude of the residual signal is much reduced in
comparison with the regression of 10 components with slow oscillation reduction.
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Figure 5. An image slice of the human subject. Time-course was extracted from the small red rectangular. The location
is corresponding to the occipital cortex.
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Figure 6. Original (upper-left), high-pass filtered (lower-left), band-pass filtered (upper-right), and noise-regressed
(lower-right) signals.
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Figure 7. Frequency spectrums of band-passed filtered and noise-regressed signals.
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Figure 8. Correlation maps used band-passed signal (left) and noise-regressed signal (right) as the seed. Color bar
stands for correlation values.
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