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A Novel Method for Quantifying Scanner Instability

in fIMRI

Douglas N. Greve,' Bryon A. Mueller,” Thomas Liu,? Jessica A. Turner,*
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A method was developed to quantify the effect of scanner
instability on functional MRI data by comparing the instability
noise to endogenous noise present when scanning a human.
The instability noise was computed from agar phantom data
collected with two flip angles, allowing for a separation of the
instability from the background noise. This method was used
on human data collected at four 3 T scanners, allowing the
physiological noise level to be extracted from the data. In a
“well-operating” scanner, the instability noise is generally less
than 10% of physiological noise in white matter and only
about 2% of physiological noise in cortex. This indicates that
instability in a well-operating scanner adds very little noise to
functional MRI results. This new method allows researchers
to make informed decisions about the maximum instability
level a scanner can have before it is taken off line for mainte-
nance or rejected from a multisite consortium. This method
also provides information about the background noise,
which is generally larger in magnitude than the instability
noise. Magn Reson Med 65:1053-1061, 2011. ©2010 Wiley-
Liss, Inc.
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INTRODUCTION

Minimizing image noise is always important for MRI, but is
especially critical in functional MRI (fMRI) because the
blood oxygen level dependent contrast is often extremely
small, and multiple imaging measurements must be made
over time to track cognitive processes. It is, therefore, crucial
to separate and clarify the contributions of the various sour-
ces of noise from the scanner and the subject. Researchers
are generally interested in characterizing and tracking noise
and instability for fMRI because fMRI pulse sequences tend
to push a scanner to design specification limits, which may
exacerbate instability. This applies to diffusion-weighted
imaging and arterial spin labeling sequences as well. The
purpose of this research is to assess the impact of scanner-
related noise on fMRI analysis for the purposes of establish-
ing benchmarks of scanner performance.

The noise in fMRI images has components that are ei-
ther additive or multiplicative. Additive noise is inde-
pendent of NMR signal and includes thermal contributions
from the subject or phantom, electronics, “spike” noise,
and spurious RF interference signals injected through fail-
ure of the magnet room’s RF shielding. Additive noise is
not encoded by the gradients and can, therefore, be spread
across the image, including outside the object being
scanned. For this reason, it is often referred to as “back-
ground noise,” even though it may occur in both the back-
ground and the foreground. Even when the additive noise
comes solely from the object being scanned, the noise am-
plitude will be influenced by scanner hardware (e.g., the
coil being used), so even this noise can be thought of as
having a scanner-dependent component.

Multiplicative noise is a fluctuation in NMR signal in-
tensity and can, therefore, only appear in the image where
there is NMR signal. Multiplicative noise can have several
sources. One source is from the scanner in that k-space
trajectories, RF pulses, and slice select pulses are not
played out in exactly the same way from time point to
time point due to fluctuations in, for example, resistive
shim currents or gradient, RF, or receiver amplifier gain or
phase. These types of instrument-induced fluctuations are
known as “scanner instability” (1). Some instability is in-
evitable even in a well-operating scanner. When scanning
a human, additional multiplicative noise results from
modulation of signal by physiological processes including
bulk head motion, cardiovascular pulsatility in the brain,
respiration (2) and from neural processes thought to give
evidence for resting state networks (3). Physiological noise
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a complicated spatio-temporal correlation structure (2,4).
In this work, we do not attempt to characterize the struc-
ture of instability or physiological noise, as we are primar-
ily interested in the magnitude of the noise and not its
spatial/temporal correlation.

Thus, both additive and multiplicative noise sources
arise from both subject and scanner. Whatever the
source, noise will tend to impair the ability to draw con-
clusions from the data. Although the noise from a subject
will be inevitable, we can attempt to control the noise
from scanner through an appropriate quality assurance
(QA) protocol. This article introduces a new method to
quantify scanner noise based on the expected effect on
fMRI analysis, with the final metric relating to the extra
scan time needed to reverse the effect of having the extra
scanner-induced noise (and so concomitant increase in
scanner costs, subject fatigue, etc). The method requires
a measure of the background noise variance, which we
compute from two series acquired with different flip
angles. We acquire such data on phantom and human
subjects to differentiate between instability noise, back-
ground noise, and physiological noise. With these data,
the total variance can be decomposed into three compo-
nents: background, instability, and physiological, allow-
ing a comparison of the scanner-induced noise contribu-
tion to the total noise. This forms the basis of a new
scanner performance metric that can be used for QA or
to compare scanners.

THEORY

As mentioned above, when scanning a static phantom,
there are two main sources of noise: background and
instability. Scanning a human introduces a third type of
noise due to physiological processes. Background, insta-
bility, and physiological noise are temporally independ-
ent, so their variances will add linearly. The total tempo-
ral noise variance o? at flip angle « is given by:

2

2 2 2
Oy = UP,OL + UI,O( + 0-bg? [1]

where o3, is the physiological variance at flip angle 2,
o?, is the scanner instability variance at flip angle «, and
(rﬁg is the background noise variance (independent of flip
angle). Signal-to-fluctuation-noise (SFNR) is defined as
the mean intensity divided by the standard deviation of
the total noise (5). We will define several new SFNR
measures below (see also Table 1 for a summary).

We model the physiological and instability fluctua-
tions as signal-weighted (SW), i.e., they are multiplica-
tive fluctuations in signal, and therefore, variances are
proportional to the square of the signal intensity (2).
These variances can, therefore, be grouped together into
a single component: o}, = op, + 07, with the total
variance (Eq. 1) re-expressed as

2 2 2
Oy = O5w.a 1 Ohg- (2]
We can measure the total variance from the time series,

but we also need the background variance to compute the
SW variance. Some proposals (6—8) suggest measuring the
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Table 1
SFNR Abbreviations and Definitions
Name Definition

SFNR Total SFNR (5)
swSFNR Signal-weighted SFNR (Eq. 6)
bgSFNR Background SFNR (Eqg. 7)
iSFNR Instability SFNR
pSFNR Physiological SFNR

variance in the actual background, e.g., in the corners of the
image or in other areas away from locations were EPI arti-
facts are suspected. There are several problems with this
approach. First, it is difficult to find areas where no artifact
signal is deposited due to ghosting and ramp sampling or
non-Cartesian k-space trajectories such as spiral. Second, the
variance of the noise as it appears in the background is not
the same as that for when it appears in the foreground due to
the complex-to-magnitude operation. For a single channel
coil, the noise is Rayleigh distributed, and it is easy to con-
vert the variance to foreground variance by dividing by 2-m/2
(9). For multiple-channel coils, there is no simple conversion
factor. Methods exist (10-12) to compute the background
noise variance in multiple coils using a 0° flip angle scan
(i.e., no RF power), but these methods require special pulse
sequences, access to k-space data, and/or assume that there is
no noise correlation across channels. Our method avoids
these issues and may be implemented on any scanner.

The definition of signal weighted is that the variance
of the SW component will simply scale when going from
flip angle a; to ay, i.e.,

0'2
2 SW,aq Mo,
Ry, = M= 3
SWay M?2 " [ ]

where u,, is the mean intensity at flip angle o; Given
two acquisitions at different flip angles, the mean inten-
sities w,, and total variances o2 can be measured empiri-
cally for each data set. This gives us three equations (Eq.
2 for each flip angle, plus Egs. 3) with three unknowns
(0&w.a,> T8w o, Ofg)- Substituting and solving for the SW
and background components, we get:

M?(og, —03,)

O%W,al - sz_ 1 [4]
2.2 2
ol — Moy, —of, 5
bg M2 -1

These variances can then be used to compute two new
SFNR measures that can be used to assess scanner qual-

ity:

SWSFNR = e 6]
OSWaq,
b Py
gSFNR = o 7]
Obg

where swSFNR is the signal weighted component, and
bgSFNR is the background component. When scanning a
phantom, only instability and background noise are pres-
ent, and so the swSFNR will only represent instability
noise. When scanning a human subject, all three
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Table 2

Site-Independent Acquisition Parameters
Field strength 3T
TR 2000 msec
TE 30 msec
Flip angle ay =77° and ap = 10°
Time points 100 (77°), 50 (10°)
In-plane voxel size 3.44 mm
In-plane field-of-view 220 mm
In-plane matrix size 64 x 64
Slice spacing 5 mm (4 mm + 1 mm gap)
Slice orientation Axial, AC-PC

Number of slices 30
Readout trajectory EPI with ramp sampling
Phase encode direction Posterior to anterior
Spatial filtering® (Fermi, Elliptical) Off

3GE sites had gradient distortion correction turned on.

components (physiological, instability, and background)
will be present, and the physiological and instability
components cannot be separated. However, we can esti-
mate the amount of instability in human scans using the
instability in the phantom scan because the instability is
proportional to image intensity, so

G o p‘ou,H
le = iSFNR

(8]

where iSFNR is the instability SFNR measured from the
phantom scan, p,y is the voxel-wise mean intensity of
the human scan, and 67, is the voxel-wise estimate of
the instability standard deviation in the human scan. As
the total variance, the instability variance, and the back-
ground variance are now estimated, Eq. 1 can be used to
solve for the estimate of the physiological variance 63 .
This yields three new SFNR measures: bgSFNR and
instability SFNR (iSFNR) (both defined above), and
PSFNR = p, 11/6p.q, the physiological SFNR.

In an fMRI study, these three sources of noise are inde-
pendent of any task, so the increase of any source can be
reversed by an increase in scanning time proportional to
the increase in total variance that it causes. For example,
if instability accounted for 10% of the total noise, one
would need to scan 10% longer (with concomitant
increase in scanner costs, the number of stimuli needed,
and subject fatigue). Alternatively, one could think of
the scanner as running at 90% capacity. Although this
metric provides no absolute cutoff for scanner accep-
tance, it provides a clear link between instability and
scanner performance, and researchers will be well pre-
pared to set a threshold based on their own comfort
level. For this study, we quantify the instability noise
with respect to only the physiological noise (i.e., assume
the background noise is, or can be made, negligible).
This gives a more conservative measure and also simpli-
fies the quantification because the increase in total noise
variance can be expressed as the square of the ratio of
iSFNR to physiological SFNR (pSFNR).

MATERIALS AND METHODS

This method was applied to traveling subject data col-
lected at four MRI sites as part of the Functional Bio-
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medical Informatics Research Network test bed. We iden-
tify these sites as Site03, Site05, Site06, and Site18. All
were 3T scanners; two were General Electric (GE) and
two were Siemens. See Tables 2 and 3 for the site-inde-
pendent and -dependent fMRI acquisition parameters.

Human Data Analysis

Over the course of 6 months (April-October, 2007), the
same 18 subjects were each scanned at all four sites in
this study. This study had approval from the institu-
tional review boards at each collection site. Each subject
was scanned a total of five times. The first scan was
always at Site18. The remaining four scans were random-
ized across site (including revisiting Site18). Each visit
consisted of several acquisitions including: anatomical,
task fMRI, BO map, arterial spin labeling, and two rest
fMRI scans with different flip angles. For this work, we
utilized only the two rest fMRI scans and only the ana-
tomical images collected at Site06. The rest scans were
at the end of a long protocol and, in some visits, the rest
scans were not collected due to time issues. Conse-
quently, only 10 subjects had complete rest data sets for
all five visits. In September 2007, the Site03 scanner had
a large instability due to a faulty transient noise suppres-
sor. The two subjects collected at this time were
excluded from our normative data set, leaving only eight
subjects.

The anatomicals (MP-RAGE: TR = 2300 msec, TE =
2.94 msec, TI = 1100 msec, Flip Angle = 9°, .86 x 86 x
1.2 mm®) were analyzed in FreeSurfer (13,14) to auto-
matically generate subject-specific cortical (15,16) and
subcortical (17) regions-of-interest (ROIs), including cor-
tex, cortical white matter (WM), putamen (Put), pal-
lidum (Pal), hippocampus (Hip), and amygdala (Amyg).
The WM ROI was eroded by 3 mm in all directions to
reduce partial voluming with other tissue types. The
cortex was divided into two ROIs, an “inner” cortex
(ICtx) and an “outer” cortex (OCtx), where the outer
cortex was defined as any cortical voxel within 5 mm of
the edge of the brain. Cortical regions known to be
affected by EPI BO distortion [inferior and medial tem-
poral gyri, orbital cortex, (18)] were excluded from the
cortex ROIs.

The resting state data were acquired at two flip angles,
a; = 77° and a, = 10°. The full set of fMRI acquisition
parameters across all sites is given in Tables 2 and 3. To
the largest extent possible, these parameters were
matched across site. Note that all sites used phased array
receive coils (three sites used eight-channel coils and
one site used a 12-channel coil). The data from the sepa-
rate coils were always combined using the root-sum-of-
squares (RSS) method (no acceleration was used). The
77° acquisition was chosen because 77° is the Ernst
angle of gray matter [T1 = 1350 msec; (19)] at 3T for TR
= 2 sec and is the flip angle used in our task fMRI
acquisitions. The choice of the low flip angle was driven
by two considerations. First, the best fit is achieved
when the intensity difference between the high and low
flip angle acquisitions is maximized, arguing for a scan
with as low a flip angle as is possible. However, if the
SFNR becomes too low, the noise in the foreground will
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become non-gaussian (e.g., Rayleigh or Rician), resulting
in space-variant background noise and possibly invalid-
ating the Eqs. 4 and 5. This issue is of particular concern
with multichannel coils combined with RSS, where each
coil has its own SFNR which can change substantially
over space. Fortunately, the SFNR requirements to assure
a gaussian noise distribution in the image foreground are
actually quite modest. The SFNR can be interpreted as a
z-value, so the probability that the noise will exceed the
mean signal can be computed based on the z distribu-
tion. For example, for an SFNR of only 2, the noise will
exceed the mean signal only once in every 44 samples.
At 10°, the raw SFNR for the phantom data always
exceeded 40. Even when taking into account the loss of
SFNR over a coil profile, it is still very unlikely that
enough non-gaussian noise would have been present to
skew the results, at least with the 8 or 12 channel coils
and acquisition parameters used in this experiment.

The resting state data were motion corrected to the
middle time point (20). No slice-timing correction was
applied. The time series at each voxel was analyzed with
a general linear model (21) in which a 2nd order polyno-
mial plus motion correction parameters modeled the
time-series; no temporal whitening was used. The regres-
sion coefficient corresponding to the constant in the 2nd
order polynomial was used as the estimate of the mean
(n) at each voxel. The residual variance was used as the
estimate of the total noise variance (o) at the voxel.
The middle time point image volume was registered to
the anatomical volume using a 6 degrees-of-freedom lin-
ear transform (22), and the mean and variance maps
were resampled using nearest-neighbor interpolation into
the anatomical (1 mm?®) space where they were averaged
within each ROI. This procedure generates a measure of
the mean and total variance for each flip angle from
which we compute the background and SW variance for
each subject at each site for each ROI

Agar Phantom Data Analysis

Over the course of the study, each site collected phan-
tom data (Site03: N = 25; Site05: N = 12, Site06: N = 18,
Site18: N = 42) using the same protocol as in the human
fMRI. The phantom used at each site was a sphere with
diameter 17.5 cm filled with agar designed to have com-
parable T, and T, to that of gray matter (23). These data
were analyzed using a 3D mask of the phantom, which
was eroded by five voxels resulting in a spherical ROI ~
13 cm in diameter. The agar phantom was analyzed in
the same way as the human data with the exception that
the time series was not motion corrected’, and so no
motion correction parameters were used in the regres-
sion. This provides a measure of the mean and total var-
iance from which to compute the background and SW
noise for the agar phantom for each site. Agar phantom
scans from Site03 during the time of scanner instability
were excluded.

"No motion correction was used because we only look at the center of the
phantom away from the edges, and our scanners did not exhibit much BO drift.
However, others should be aware that drift may require motion correction.

Greve et al.

Other QA Measures

For comparison purposes, we also computed other stabil-
ity measures for each agar scan, namely Ry, full-width/
half-maximum (FWHM), and Percent Fluctuation. Rgg,
the “radius of decorrelation,” was proposed by Friedman
and Glover (23), based on Weisskoff (1), who suggested
plotting the temporal variance of the waveform averaged
over an ROI against the number of voxels in the ROI. For
pure white noise, the variance will drop linearly with
the number of voxels (N) in the average. For spatially
correlated (e.g., instability) noise, the variance reduction
will be less than linear, and for large N, the variance
will reach an asymptotic “floor” level. The Ry, is the
value of N at which the variance reduction reaches the
asymptotic floor. Similarly, Friedman and Glover (23)
suggested using a measure of the spatial FWHM com-
puted from the correlation of neighboring voxels as a QA
metric, with larger FWHM being indicative of more
instability (5,23,24). A third measure is the Percent Fluc-
tuation, defined as the time series standard deviation
measured in a large ROI after second order detrending of
drift.

Quality Control and Problem Data Sets

As the goal is to provide normative data to compare
scanner performance, the data used in the analysis
needed to be free of artifact. For the agar data, this was
achieved by visually looking for outliers in plots of agar
SFNRs over time. The instability in the Site03 data men-
tioned above was discovered by visual inspection of the
SFNR time plots. In addition, some agar data sets from
Site18 were found to have elevated background noise.
These data sets were also excluded from the analysis.
When the human data from Site18 were examined more
closely, it was found that, although all subjects were
similar in physiological noise, there was clear bimodal
distribution of background noise variance, with 7/16
data sets (four subjects) having elevated background
noise. Although the source of this noise has not been
discovered, these data were kept in the analysis to pre-
vent the results from being based on only four subjects.
Also, the task data from these subjects have been ana-
lyzed, and the results are as expected for this working
memory paradigm (results will be shown elsewhere). For
these reasons, we believe that the data presented herein
represent that from well-operating scanners (except for
the elevated background noise in some of the Site18
data).

Proof-of-Concept

To show that our technique actually measures back-
ground noise, we scanned an agar phantom at flip angles
of 0°, 10°, and 77° using a single-channel coil at Site06.
At 0°, the data will be pure background noise but with a
Rayleigh distribution. The variance of the original gaus-
sian noise can be calculated by dividing the Rayleigh
variance by 2-m/2 (about .429). This is then used as the
gold standard to compare against the background var-
iance computed from our method using the 10° and 77°
scans. Single channel coils were used because of the
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Table 3
Site-Dependent Acquisition Parameters
Parameter\Site Site03 Site05 Site06 Site18
Manufacturer GE GE Siemens Siemens
Scanner Model Signa Excite Signa HDx TimTrio Trio
Scanner Software 12.0 14.0 VB13 VA25
Echo Spacing 492 ms 492 ms 500 ms 490 ms
Bandwidth® 500 kHz 500 kHz 294.4 kHz 302.7 kHz
(2298 Hz/pixel) (2368 Hz/pixel)
Slice Order Interleaved Sequential Sequential Sequential
Coil 8 Chan 8 Chan 12 Chan 8 Chan
Gradient Distortion Correction On On Off Off
Discarded Acquisitions 3 3 3 2
Stimulus Display Goggles Goggles Projection Projection
Excitation Water Water Broadband, Broadband,
Fat Saturation Fat Saturation
Coil Combine Weighted Weighted Sum-of-squares Sum-of-squares

sum-of-squares

sum-of-squares

a“Bandwidth” here refers to raw bandwidth and does not take into account filtering or averaging the vendor may apply during k-space

reconstruction.

ease with which the background noise can be computed
from a single channel 0° flip angle scan. The single
channel proof-of-concept should extend to multiple coils
combined with RSS except when the noise in an indi-
vidual channel becomes non-gaussian. As mentioned
earlier, this is a very low probability event for the acqui-
sition parameters used in this study.

RESULTS
Proof-of-Concept

The difference between the background variance com-
puted from the 0° scan and that computed using our
method averaged over 12 acquisitions on single channel
coils was only 2.3% +/—2.2%, with 10 out of 12 differ-

350 Tiuman sweFnR ' T e 'B = - — -

G ar sw

Aga? ﬁ_
300 [ 1500 Human- WM E
250 1000 |
200} " b

Site03 SiteD5 Site5 Siteld

150

100

50

WM ICtx OCtx  Put Pal Caud Hip  Amy

FIG. 1. (A) Human Signal-Weighted SFNR for each site sorted by
ROI. Site18A and Site18B refer to the two visits at Site18. (B)
Agar Instability SFNR. The vertical scale is different than Panel A,
so the Human WM swSFNR is replicated from Panel A for refer-
ence. Confidence intervals are 1 standard error measured across
subjects.

ing by less than 1%. This shows that the method is rea-
sonably accurate.

SW Noise

The mean swSFNR for the agar phantom and for the
ROIs averaged across all sites and all eight subjects are
shown in Fig. 1A,B. As expected, WM has the highest
swSFNR because it has the least physiological noise (2).

350 T T T - .
A. Human bgSFNR B. Agar bgSFNR
] Eagar
300 | 400 Il Human-WiM i |
i -Whil:MMt:f )
Cantexinner
250 =C:n::0u:r i
B e e
1 EPatidun
200} H Do | ]
i [_JAmygdaia
O Site03 Site Sitels Sitete
150F 1
100F 1
50+ 1
Site03 Site05 Site06 Site18A Site18B

FIG. 2. Background SFNR for (A) the human ROls sorted by site,
and (B) the agar phantom. The vertical scale is different than
Panel A, so the Human WM background SFNR is replicated from
Panel A for reference. Confidence intervals are 1 standard error
measured across subject. Note that some of the difference in the
background SFNR performance between sites is caused by a dif-
ference in the default slice select mechanisms between Siemens
and GE scanners. The agar and human background SFNRs are
hard to compare because the background noise generally
depends on the size of the object being scanned and its ionic
conductivity. Note that rank of Site18 changes between the
human and agar data. This is because Site18 was affected by a
sporadic source of background noise, and affected agar scans
were removed but affected human scans were kept to maintain a
reasonable number of subjects in the study.
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Table 4
Contribution of Each Noise Source (% of Total Variance)

Greve et al.

White matter

Cortex (Inner)

Site Physiological Instability Background Physiological Instability Background
Site03 47.6 4.0 48.4 89.8 1.0 9.1
Site05 36.3 1.7 62.1 83.0 0.6 16.4
Site06 22.9 0.7 76.4 74.9 0.3 24.8
Site18A 9.6 0.2 90.2 52.0 0.2 47.8
Site18B 8.0 0.2 91.8 48.1 0.2 51.7

Cortex has about 40% of the swSFNR of WM. Through-
out most of the brain structures, the swSFNR is very sim-
ilar across site and across the two visits at Site18. This is
expected because physiological noise is a property of the
subject, not the scanner. Very little site effect is observed
in the data, a testament to the repeatability of the pro-
posed noise metric across scanners for this study. We
tested the human swSFNR for an effect of site using
repeated measures ANOVA. When corrected for eight
comparisons, only one ROI showed a site effect (amyg-
dala, P = 10~ *). White matter, cortex, hippocampus, pal-
lidum, caudate, and putamen showed no significant
effect of site. The swSFNR for the agar (Fig. 1B) is at
least three times greater than for the white matter mean-
ing that the instability noise variance is about 10% of
the physiological noise in white matter. For cortical
gray, the physiological noise variance is about 50 times
that of the instability. This indicates that the swSFNR in
Fig. 1A is very close to the pSFNR. When averaged over
all sites and subjects, the pSFNR was 289.3 for white
matter and 101.5 for inner cortex. For all agar scans, the
average iSFNR was 1330.2. Researchers looking to use
this method to judge their scanner could measure the
iSFNR in a phantom and then compare it to the pSFNR
values listed above. Note, however, that the estimation
of pSFNR is based on limited data from these eight sub-
jects scanned at these four sites; so, care must be taken
when comparing the pSFNR to the iSFNR, and more
studies of this type are needed.

Background Noise

Figure 2 shows the mean background SFNR for the
human ROIs (Fig. 2A) and agar (Fig. 2B), grouped by site
instead of structure. Figure 2A shows there is very little
variation across brain region. This is expected because
most background noise is not spatially encoded, and the
multiple coils are combined using simple RSS, meaning
that it should be uniform across the image. This uniform-
ity property does not hold for “spike” or coherent RF
leakage noise or for some k-space reconstruction meth-
ods that can impart a spatial pattern on the noise var-
iance [e.g., adaptive combine (25), SENSE (26), or
GRAPPA (27)]. There appears to be a strong site and
manufacturer effect, with the GE sites having larger
bgSFNR for both human and agar. However, this is at
least partially due to a manufacturer difference between
the slice select methods. In this study, each site used the
default slice select method for the scanner manufacturer.
By default, Siemens scanners use a fat saturation pulse
followed by a broadband slice selective excitation pulse,

whereas GE scanners use a water-only excitation pulse.
Such pulses are two-dimensional in nature (spatial and
spectral) and necessitate tradeoffs in spatial selection
performance for compactness relative to the fat-satura-
tion/broadband scheme. As a result, water-only excita-
tion pulses generate wider spatial sidebands than the
broadband pulse for the same selected slice thickness,
which results in a larger effective slice thickness and a
larger signal. The background noise magnitude is not
affected by signal, so the net result is a larger bgSFNR
with the (GE) water excite slice select pulse than with
the (Siemens) broadband slice select pulse. We had origi-
nally thought that the different levels of background
noise were caused by distortion correction being turned
on in the GE sites (Table 2). Further investigation of this
showed that this had a trivial effect on the agar phantom
background noise. Site18 has the worst performance on
the human data, partially due to a rogue source of back-
ground noise (mentioned above). For the agar results,
Site18 was similar to Site06 because agar scans with ele-
vated background noise were removed.

Variance Composition

Table 4 shows the proportion of total variance at 77° for
each type of noise for each site for white matter and cort-
ical gray matter averaged over the eight subjects. In all
sites for both tissue types, the instability noise represents
a very small proportion of the total noise. The worst case
for white matter is only 4%, and only 1% for cortex.
This is different than the 10% value give above because
that value was based on a more conservative comparison
to physiological noise alone (i.e., no background noise).
In contrast, the background noise can contribute substan-
tial amounts (40-90% in white matter and 10-50% in
cortex). The background noise can be reduced by spatial
smoothing (e.g., the variance will reduce by a factor of
2.3 for 5 mm of smoothing). Even after smoothing, back-
ground noise will likely dominate over instability noise.
This proportion may also change with changes in voxel
resolution, because, as voxels become smaller, back-
ground noise fraction will increase. Note that there is a
strong site effect in the background noise due to two fac-
tors. First, the two GE sites have a lower proportion of
background noise due to the slice select issue mentioned
above. Second, the difference between the two Siemens
sites (with Site18 having much more background noise)
is just a result of the unexplained elevated levels of
background noise that contaminated some of the scans
from Site18.
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FIG. 3. Other agar QA measures compared against instability SFNR in well-operating scanners. (A) FWHM in the readout direction. (B)
FWHM in the phase encode (PE) direction. (C) Weisskoff plot Rqc. (D) Percent Fluctuation. The vertical dashed lines indicate 3.16 (1/10)
times the SFNR for inner cortex (ICtx) and white matter (WM) indicating that the instability would account for about 10% of the noise

variance in the given structure.

Comparison with Other QA Measures

Figure 3 shows four other QA measures plotted against
the corresponding iSFNR for the agar phantom. The ver-
tical lines indicate the iSFNR that would result in insta-
bility noise with 10% of the variance of physiological
noise in either white matter or cortex (i.e., v/10 times the
iSFNR). Figure 3A,B shows the FWHM in the readout
and phase encode (PE) directions, respectively. Higher
FWHM tends to correspond to lower iSFNR, but the cor-
respondence is not strong. It is difficult to determine
where one would set a FWHM threshold to trigger scan-
ner maintenance. Even at the worst FWHM = 4.5mm
(readout), the instability noise is still more than 10 times
lower than that in cortex. As one would expect, the Rg4,
(Fig. 3C) tends to increase with iSFNR. The Percent
Fluctuation (Fig. 3D) is inversely related to the iSFNR as
one would expect because Percent Fluctuation is essen-
tially a noise-to-signal measure.

DISCUSSION

The impact of scanner instability noise will manifest
itself when one attempts to draw conclusions from fMRI

data. False negatives will increase because the extra
noise will reduce the size of the test statistic. This can
be mitigated by increasing the amount of data collected
proportional to the square of the total SFNR change,
with a proportional increase in stimulus presentations,
cost for scanner time, and subject fatigue or other task
performance issues. In our results, instability caused a
very small increase in total variance of about 4% in
white matter and about 1% in cortex (Table 4). We
emphasize that the instability is independent of any task
and all brain processes, and so it will not bias the ampli-
tude of the hemodynamic response; it will only increase
its variance. At a group analysis level, the impact of
instability noise will be even less because its proportion
of total variance will drop with the addition of intersub-
ject variance. If an effect size (i.e., z-ratio, t-ratio, F-ratio)
is passed to the higher level, then first-level noise will
have an unpredictable effect, which is one of the reasons
why the hemodynamic response amplitude is preferred.
Although the first-level variances are used in a mixed-
effects group analysis, they are only used as weighting
factors or as a means to better estimate the higher level
variance (28) and so do not systematically bias the
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results at the group level. This brings up the important
point that different levels of noise from different sites
must be taken into account in multisite group analysis
(using mixed effects or weighted least squares mentioned
above) as it creates subject-specific noise levels in the
data which can skew the P-values.

The impact of background noise on fMRI analysis is
similar to the impact of instability noise discussed
above. Nonartifact background noise is spatially uncorre-
lated, so it can be easily decreased with spatial smooth-
ing. In our results, the background noise contribution
was much more substantial than the instability noise
though usually much smaller than the physiological
noise. There was a manufacturer effect in the bgSFNR,
but this was apparently due to differences in signal
caused by differences in the slice-select methods. Back-
ground noise is often seen as inevitable because most of
it emerges from the sample being scanned. However,
there can be contributions from scanner hardware and
environment, and it is possible for these to change over
time. This was observed in the Site18 human and agar
data where the background variance increased by more
than a factor of two over time.

Other QA metrics designed to detect instability
(FWHM, Ry, and Percent Fluctuation) are clearly related
to iSFNR (Fig. 3), though they also carry information
about background noise as well. These measures have
typically been tracked longitudinally at a single site.
Over time, the site would accumulate baseline measures
against which changes could be compared. Our critique
of this is that the longitudinal measures do not relate
clearly to the fMRI results, so it is hard to judge what
number of standard deviations should be used as the
threshold. Nevertheless, longitudinal QA testing can be
quite sensitive in early detection of scanner problems
and should be considered an essential ingredient in any
QA protocol.

To implement this method, a site would need to col-
lect data on an agar phantom at two flip angles and
apply the equations given in the methods section. This
method does not require any elaborate configuration of
the scanner or access to special data (e.g., raw k-space
data). The agar phantom analysis itself is quite straight-
forward and can easily be implemented with custom
software or using a third-party software package [e.g.,
FSL (www.fmrib.ox.ac.uk/fsl) or AFNI (afni.nimh.nih.
gov/afni)]. The iSFNR and bgSFNR can then be com-
pared to normative values such as those given in this
manuscript. It is not clear how parameter changes to the
fMRI protocol will alter the pSFNR measure; so, more
human data may need to be acquired using the new pro-
tocol if the protocol is going to be changed. We also note
that it is probably not necessary to use a particular phan-
tom to measure the instability as the composition of the
phantom will only affect the mean intensity, and the
instability will simply scale with it. This would, how-
ever, affect the ability to compare the bgSFNR measured
on the phantom.

The QA metrics described herein were computed from
acquisitions using a high and low flip angle. In this
study, the RSS method was used to combine the multi-
ple receive coils to reconstruct the images. For human
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data, the ROIs were both large (e.g., white matter) and
small (e.g., amygdala). For the agar data, the ROI was a
(relatively large) 13 cm sphere. One limitation in this
method is that if the noise variance changes over the
ROI, then the method may yield inaccurate results. This
can happen with the RSS coil combine method if the
low flip angle scan noise distribution is significantly
non-gaussian due to low SFNR in an individual coil. We
argue that the SFNR has to become extremely low (below
2) for this to have a significant impact on the results and
that this is very unlikely to be the case for the acquisi-
tion parameters used in this work. However, low SFNR
conditions may be met in acquisitions with a substan-
tially smaller voxel size than used here or in scans using
a multichannel coil with many more elements. Other
methods to combine data from multiple coils exist. The
adaptive combine method (25) performs a weighting of
the complex coil images. If there is no spatial variation
in the weighting, then the method of extracting noise
variances from scans with two flip angles should be
valid. If there is spatial weighting, then the noise will
also be space variant. Parallel imaging (e.g., Refs. 26,27)
changes the demands made on the scanner hardware,
and parallel imaging reconstruction methods will likely
impart spatial variation in the noise variance. In these
cases, the use of smaller ROIs may be required. It is
worth noting that a two flip angle acquisition is not
required to compute the SFNR measures developed in
this manuscript. Any method that determines the back-
ground variance can be used to compute these SFNR
measures (e.g. Refs. 11,12), although the two flip angle
acquisition can be acquired on virtually any scanner, is
simple to analyze, and should be valid for most fMRI
acquisitions.

CONCLUSIONS

The purpose of this study was to measure the relative
contribution of three noise sources (instability, back-
ground, and physiological) on the total temporal fMRI
variance to establish nonarbitrary scanner performance
benchmarks. We have developed a simple method to
separate instability and physiological noise from back-
ground noise by acquiring fMRI time series at two flip
angles. No special pulse sequences or access to k-space
data are needed. Such data were acquired on both
humans and agar gel phantoms at four 3T sites (two GE,
two Siemens) as part of the Functional Biomedical Infor-
matics Research Network test bed. For the human data,
noise summaries were computed for various ROIs cus-
tomized to each subject. These data show that the
PSFNR measurements are repeatable across visit, site,
and manufacturer. There are two primary innovations in
this work. First, we quantify the instability based on the
amount of extra scanning time needed to mitigate the
effect of added noise. Using our fMRI protocol, the
iSFNR was easily three times that of the pSFNR in white
matter, meaning that instability effects could conserva-
tively be mitigated by acquiring about 10% more data.
Interestingly, the background noise contributed much
more noise than instability in the well-operating scan-
ners of this study. Second, we advocate comparing the
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iSFNR at one scanner to the scanner-independent pSFNR
rather than to the iSFNR at another scanner. Both of
these innovations can help scanner administrators and
researchers to make informed decisions about the maxi-
mum instability level a scanner can have before it is
taken off line for maintenance or rejected from a multi-
site consortium.
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