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Abstract

The temporal stability of an image time-series becomes a critical performance metric when magnetic particle
imaging (MPI) is used as a functional neuroimaging modality. We apply an existing framework for assessing time-
series variance from the functional MRI (fMRI) literature to phantom MPI time-series images. In this framework,
sources of time-series variance are divided into those arising from thermal noise sources (which do not scale
with the signal level) and intensity variations that scale with the signal level. The latter are often thought of as
“physiological noise” if they arise from physiological processes or as instrumental “nuisance fluctuations” when
arising from instrumental instabilities, such as system gain fluctuations. We analyze the time-series stability of
arodent-sized field-free line (FFL) MPI scanner during phantom imaging and assess the relative contributions
of different noise sources to the time-series by varying the super-paramagnetic iron-oxide nanoparticle (SPION)
concentration. These measurements permit characterization of our system’s time-series noise and suggest the
signal levels at which the time-series will be dominated by instrumental instabilities rather than thermal noise or
physiological modulations.

I.I. The tSNR Formulation

The ratio of a pixel’s signal level to its intensity variation
across a time-series of images is the principal signal-to-
noise metric for time-series functional neuroimaging
experiments. Following the terminology and analysis
of Kruger and Glover [2], this metric, termed “tSNR”, is
formed from the ratio of the pixel’s mean intensity, S, to
its standard deviation over time, defined as o yy-

. Introduction

Cerebral blood volume (CBV)-based functional neuroim-
gaging modalities attempt to detect the approximate
20% blood volume changes that occur during neural ac-
tivation [1]. Within this abstract, we describe a frame-
work (from the fMRI literature) for time-series signal- 5
to-noise ratio (SNR) metric quantification in MPI-based tSNR =
functional neuroimaging. We additionally demonstrate

1)

O total

phantom imaging time-series stability and characterize
the thermal and instrumental instability contributions
for our existing small-animal imaging system.
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In in vivo functional neuroimaging, “noise” in the time-
series arises from both thermal noise, o, and also from
noise sources whose variation increases in proportion to
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the signal. Signal-level-dependent noise sources, 0, in-
clude instrument instabilities with a signal dependence
and physiological signal modulation [3].

The SNR of an individual image due only to thermal
noise, o, is defined:

SNRy = S . (2)
Oy

Here, 0 is of thermal origin from coil or body losses or
preamplifier noise. o, should ideally reflect signal mod-
ulation from physiological processes (such as respiration
and cardiac activity). If these two “noise” sources are
thought to be uncorrelated, then we can define the total
time-series image noise, Oy [2]:

— 2
Ootal =4/ O+ 0% .

The determination of the ratio of physiological noise to
thermal noise can be derived by comparing measure-
ments of SNR; and tSNR.

3)

Ir _ (SNR")Z—l (4)

o tSNR

When o p can be described as a modulation of the signal,
itis proportional to the signal level: o, = AS, with pro-
portionality constant, A. A direct relationship between
SNR, and tSNR can then be formed.

SNR,
v/ 14 (A SNRy)?

Equation 5 describes a system where the tSNR does
not increase indefinitely as SNR, is improved, but ap-
proaches an asymptotic value of 1/1, as the image SNR
(SNRy) increases. Similar to the biological sources, instru-
mental gain variations over time could also contribute
signal-level-dependent “noise” to phantom image time-
series. It is desirable for these non-thermal instrumental
variances to be insignificant compared to the unavoid-
able biological and thermal sources. When instrumental
modulations that are proportional to S are small, A is
near zero for phantom imaging, and the plot of tSNR vs.
SNR, should be the identity line.

Operation of the scanner in a regime maximally sen-
sitive to biological sources is especially important given
that some biological sources are of interest. For exam-
ple, metabolic fluctuations from neuronal firing, whose
correlations form the basis of brain network analysis is a
source of physiological noise. Physiological time-series
variance that is proportional to signal level has been pre-
viously reported in resting rodent brain MPI signals [4],
which is consistent with neuronal-driven CBV fluctua-
tions. An instrumentation goal, therefore, is to create
a time-series scanner whose A in phantom data is suf-
ficiently smaller than the expected A value for in vivo

tSNR = (5)
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Figure 1: An example ROI for an 18 ul spherical glass bulb
phantom with 5 ug Fe/ml Synomag®-D, and the mean of this
ROI over the five-minute time-series with an image acquired
every five seconds.

measurements. This would ensure that a given MPI sys-
tem is capable of detecting the physiological “noise” of
interest. We demonstrate the characterization of the A
free parameter for our system below.

Il. Methods

The small-animal imager used for tSNR characterization
has been detailed previously [5, 6]. The image resolution
for this 2.83 T/m, mechanically-rotating FFL system is
approximately 2.5 mm. A five-second image is formed
from 27 projections, spanning 180 degrees. Sixty-six pro-
jection points are acquired at each angle to span a field
of view of 30 mm. Image reconstruction was performed
with an inverse Radon transform algorithm implemented
on MATLAB (Mathworks, Natick, MA).

Multiple 18 ul glass bulbs phantoms were filled with
PEG-coated 70 nm Synomag®-D (micromod, Germany)
diluted in deionized water. Phantoms with iron concen-
trations spanning three orders of magnitude were used.
The iron concentrations roughly reflect the expected in
vivo concentrations of a rodent brain. If a 300 g rodent
is injected with a 10 mg Fe/kg SPION dose, assuming ro-
dent total blood volume of 64 ml/kg with 5% voxel blood
volume [4], we expect a concentration of 7.88 ug Fe/ml
in the brain. Thus, sensitivity to 1.6 ug Fe/ml is needed
to detect a 20% blood volume change.

A 60-image time-series, comprised of five minutes of
continuous, five-second images, was acquired for each
imaging run. Following standard functional neuroimag-
ing post-processing, a third-degree polynomial was fit
to the acquired data, and low temporal frequency signal
drift was removed from the time-series |7, 8]. To quantify
the thermal noise that defines o, the standard deviation
of an individual pixel was taken across all time points
with no SPIONSs in the imaging bore. 0y, and S are
measured by taking the standard deviation and mean,
respectively, of a given pixel across the time-series. Met-
rics were averaged over a 5 x 5 pixel grid in the center
of the glass bulb (Figure 1). The free parameter, A, was
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determined by using a nonlinear solver in MATLAB to fit
the resultant tSNR and SNR,, data to Equation 5.
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Figure 2: SNR, in a 5 x 5 phantom ROI vs. iron concentration.
SNR, increases, as expected, with the concentration of iron.
The R? for the plotted data, assuming a linear fit, is 0.93.
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Figure 3: Plot of tSNR as SNR, increases. The A parameter
for the evaluated small-bore MPI phantom imaging system
was A =0.00444. From MRI phantom measurements in the
literature [3], A = 0.00075 (red solid line), and from in vivo fMRI
imaging, A =0.0112 (red dashed line).

I1l. Results

Figure 1 shows an example plot of the region of inter-
est (ROI) mean over the time-series. Figure 2 shows a
plot of SNR; as iron concentration increases. The plot
exhibits the expected linear increase in signal as the iron
concentration is increased. The resultant tSNR vs. SNR,
plot for the phantom measurements is shown in Figure 3.
Each point in the plot represents a different iron concen-
tration, as indicated in the color bar. The A determined
by fitting Equation 5 to the measured data was 0.00444.
Figure 3 demonstrates this model fit as a solid blue line.
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IV. Discussion and Conclusion

We formalize and apply a framework to characterize
the temporal stability of functional MPI (fMPI) systems.
From the fMRI literature, the value of A has been shown
to change based on the imaging system used (e.g., 1.5 T vs.
3 Tvs. 7T), but the parameter value of A for in vivo func-
tional imaging is typically around A = 0.010, whereas for
a phantom, A is on the order of 10x lower: A =0.0008 [3].
The derived A value from phantom imaging of our MPI
system is 0.00444 - a higher instrumentation variation
source than what is observed in fMRI. It will be important
to determine whether different SPIONs produce varying
A values in phantom and in vivo imaging.

From Equations 4 and 5, the expected SNR, value that
corresponds to a 1:1 ratio of oy to 0, in our system for
phantom imaging was determined to be SNR,, = } = 225.
For image SNR below this, sources of noise other than
signal-level-dependent instrumental instabilities are ex-
pected to dominate. The in vivo SPION concentration
for rodent imaging is expected to be on the order of 10 ug
Fe/ml, which corresponds to a phantom SNR,, of approx-
imately 26 in our system. At this SNRy, the o, to o ratio
from instrumental sources is expected to be 11.5%. This
ratio demonstrates that tSNR will be dominated by either
thermal noise or genuine physiological fluctuations for
our current imaging system at the expected in vivo SPION
concentration and not by signal-level-dependent noise
instabilities in the instrument. This motivates the use of
the current system in rodent fMPI studies to character-
ize the noise contribution from physiological processes
with in vivo rodent testing and ultimately determine the
asymptotic limit of tSNR that can be achieved with in
vivo brain fMPI.
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