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Abstract

Introduction: Full quantification of positron emission tomography (PET) data requires an input
function. This generally means arterial blood sampling, which is invasive, labor-intensive and
burdensome. There is no current, standardized method to fully quantify PET radiotracers with
irreversible kinetics in the absence of blood data. Here, we present Source-to-Target Automatic
Rotating Estimation (STARE), a novel, data-driven approach to quantify the net influx rate (K;) of
irreversible PET radiotracers, that requires only individual-level PET data and no blood data. We
validate STARE with human [18F]FDG PET scans and assess its performance using simulations.

Methods: STARE builds upon a source-to-target tissue model, where the tracer time activity
curves (TACs) in multiple “target” regions are expressed at once as a function of a “source”
region, based on the two-tissue irreversible compartment model, and separates target region K;
from source K; by fitting the source-to-target model across all target regions simultaneously. To
ensure identifiability, data-driven, subject-specific anchoring is used in the STARE minimization,
which takes advantage of the PET signal in a vasculature cluster in the field of view (FOV)

that is automatically extracted and partial volume-corrected. To avoid the need for any a priori
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determination of a single source region, each of the considered regions acts in turn as the source,
and a final K; is estimated in each region by averaging the estimates obtained in each source
rotation.

Results: In a large dataset of human [18F]FDG scans (V= 69), STARE K; estimates were
correlated with corresponding arterial blood-based K estimates (r= 0.80), with an overall
regression slope of 0.88, and were precisely estimated, as assessed by comparing STARE K;
estimates across several runs of the algorithm (coefficient of variation across runs=6.74 + 2.48%).
In simulations, STARE K; estimates were largely robust to factors that influence the individualized
anchoring used within its algorithm.

Conclusion: Through simulations and application to [18F]JFDG PET data, feasibility is
demonstrated for STARE blood-free, data-driven quantification of K;. Future work will include
applying STARE to PET data obtained with a portable PET camera and to other irreversible
radiotracers.

Keywords

Blood-free PET quantification; Irreversible radiotracers; Net influx rate; Kinetic modeling;
Source-to-target modeling

Introduction

Positron emission tomography (PET) allows for /n vivo quantification of brain metabolism
of different molecules and neurotransmitter system components such as receptors, enzymes
and ion channels. Full quantification of dynamically-acquired PET data provides estimates
of the amount of radiotracer that is specifically bound to a target of interest in the brain

via binding potentials (e.g., BPr and BPp) in the case of radiotracers with reversible
kinetics (e.g., [F1C]JUCB-J and [11C]PBR28) (Innis, 2007). For radiotracers with irreversible
kinetics (e.g., [*8F]FDG and [18F]JFDOPA), we can quantify the total radiotracer uptake
and metabolism via estimation of K, the net influx rate of radiotracer into tissue from

the vascular compartment (Innis, 2007). Essential to obtaining these quantitative estimates,
whether through kinetic compartment modeling or graphical approaches, is knowing the
input function. This is the concentration of radiotracer and its radiometabolites in the blood
compartment throughout the scan, which allows us to model the radiotracer concentration
in tissue as a function of the radiotracer concentration in the blood (Innis, 2007). The

best validated and most widely used source of an input function is arterial blood. While
arterial blood sampling via arterial catheterization has been safely applied in numerous
research studies, it adds patient burden and cost, and can be labor intensive. Therefore,
efforts to develop, validate, and disseminate less-invasive PET quantification techniques,
can enhance use of fully quantitative PET in both research and clinical settings. Here,

we present Source-to-Target Automatic Rotating Estimation (STARE), a novel approach
that performs full PET quantification of K; for PET radiotracers with irreversible kinetics,
using only the individual-level PET brain data in a completely data-driven manner, without
requiring collection of blood. We introduce the theory behind this approach, and report its
initial implementation and validation in 69 previously acquired human [*8F]FDG scans (D.
Devanand, 2010; Roccia, 2019) and in [18F]FDG-based simulations.
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[18F]FDG, a glucose analog, is the most ubiquitously used PET radiotracer and yields
information on glucose metabolism, which in the brain is considered a marker for neural
activity (Pacak et al., 1969). Due to the requirements for full quantification of [18F]FDG
data to estimate K; and the corresponding metabolic rate of glucose (CMRgy) (Sokoloff,
1977; M. Phelps, 1979), semi-quantitative metrics, such as the standardized uptake value
(SUV), have been frequently employed instead (Zasadny and Wahl, 1993). However,
without strict standardization of SUVs (Boellaard, 2009; Vriens et al., 2010; Westerterp,
2007), quantification of Kj and CMRg, can be preferable, especially where highly sensitive
PET metrics are required to detect subtle biological differences. Therefore, there has been
much work to develop methods that can estimate Kj and CMRg, without relying on

an arterial input function (AIF). Common classes of less- or non-invasive quantification
techniques include reference region approaches, image-derived input functions (IDIFs),
population-based input functions (PBIFs), and simultaneous estimation (SIME) of the input
function (Guo et al., 2007; Wong et al., 2002; Wong et al., 2001; Chen, 1998; Ogden et al.,
2010; Bohorquez, 2020; Zanotti-Fregonara et al., 2020; S. Takikawa, 1993; Cunningham,
1991; Hume, 1992).

Reference region approaches quantify PET outcome measures with respect to the tracer time
activity curve (TAC) in a region assumed to be devoid of specific binding to the target of
interest for reversible tracers or devoid of an irreversible trapping component for irreversible
tracers (Cunningham, 1991). However, for many tracers, e.g., [\8F]FDG, which is taken up
by all living tissues, there is no valid reference region available. Progress has been made in
developing approaches for reversible tracers that correct for the bias introduced by reference
region assumption violations (Gunn, 2011; Turkheimer, 2012; Salinas et al., 2015); however,
these approaches still yield relative outcome measures (e.g., BPyp). To our knowledge, such
new methods that would allow for absolute quantification of K; without sampling any blood
do not yet exist for irreversible tracers.

Other proposed less-invasive methods, i.e., IDIFs, PBIFs and SIME, generally seek to
recover a proxy for the AIF that is typically “anchored” or scaled to the individual in
question, commonly by using one or more blood samples. Obviously, such an approach does
not entirely eliminate the need for blood sampling. IDIFs rely on extracting the radioactivity
within vasculature in the PET field of view (FOV) and PBIFs rely on blood data previously
acquired with the same tracer in other subjects, but both still currently require individual
blood-based anchoring for practical application. SIME of the input function achieves less-
invasive quantification by fitting the proper tissue compartment model to multiple brain
regions’ TACs simultaneously. This allows the free parameters of the model, that is the
parameters requiring estimation, to be estimated simultaneously, under the usual assumption
that the AIF is the input function common to all regions (Guo et al., 2007; Wong et al., 2002;
Wong et al., 2001; Ogden et al., 2010; Bohorquez, 2020; Riabkov and Di Bella, 2002; Feng
et al., 1997; Sari, 2018; Zanderigo, 2018; Maroy et al., 2020). In SIME of the input function,
the model free parameters are both those describing the tracer kinetics in the tissue (e.g.,

for an irreversible tracer, the micro-parameters K1, ko, and ks for each brain region) and
those describing the AIF (e.g., the parameters of the model often used for the AIF, which

is the sum of three decreasing exponentials). However, to ensure identifiability of all free
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parameters at the individual level, SIME of the input function also requires “anchoring” the
solution using at least one blood sample acquired during scanning (Ogden et al., 2010).

Although theoretically, a single arterial sample for IDIFs, PBIFs, or SIME could be acquired
using an arterial puncture, the procedure can generate a sudden reaction in the subject
under scanning, potentially causing head motion and alterations in blood pressure and
cerebral blood flow that may impact tracer delivery to and washout from the brain. Thus,

it is preferable to avoid collecting even a single arterial sample. For [18F]FDG, where

the radioactivity in venous and arterial blood closely approximate each other after 40 min
post-injection (M.E. Phelps, 1979; Wakita, 2000), SIME, IDIFs, and PBIFs have been
anchored with one or more venous plasma samples acquired late in the scan (Guo et al.,
2007; Wong et al., 2001; Chen, 1998; Bartlett, 2019; S. Takikawa, 1993; Zhou, 2012; Chen,
2007; Naganawa, 2005; Zanotti-Fregonara, 2009). This approach still requires placement
of a second intravenous catheter, in addition to the line used for radiotracer injection,

and measurement of venous blood activity in a well counter, adding complexity to PET
acquisition.

There has been some success in developing completely blood-free full PET quantification
approaches. These solutions often require combinations of multiple techniques to achieve
acceptable performance. One solution anchors a PBIF with IDIF information derived from
whole-body PET scanning (Naganawa, 2020). Deep learning has also been leveraged to
obtain blood-free quantification of [28F]JFDG; however, to our knowledge this has yet to

be validated with human scans (Wang et al., 2020). Further, machine learning applied to
precompiled electronic health record (EHR) data has been combined with SIME of the
input function to quantify [X8F]JFDG without the use of any blood samples (Roccia, 2019).
However, these solutions are thus far situation specific, i.e., with whole body scanning, with
large sets of biological variables in the form of EHR data, or with large datasets acquired
from many subjects with the same radiotracer for training and validation of machine learning
algorithms.

We now propose STARE (Source-to-Target Automatic Rotating Estimation), a new, blood-
free, data-driven approach to quantification of PET tracers with irreversible kinetics that
relies only on individual-level dynamic PET data. STARE utilizes a source-to-target tissue
model, where the tracer radioactivity curve in a “target” region is expressed as a function of
a “source” region, to eliminate the dependency of compartmental modeling on arterial blood.
This source-to-target tissue model must be adapted to allow us to disentangle the parameters
of the target region from those of the source region. We do this by considering multiple
target regions at once, as a function of the common source, and fitting the source-to-target
model across all target regions and the source simultaneously. This approach allows STARE
to separate K; in target regions from K; in the source region. Differently from SIME of

the input function, STARE does not use data from blood samples to “anchor” the solution

to the given individual but instead, uses bootstrapped, PET image-derived measures of
concentration in the vasculature present in the FOV. We validate STARE in a large set of
human [18F]FDG scans in comparison to AIF-based estimation and using simulations.
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2. Materials and methods

2.1. Theoretical framework

We first present the theoretical framework for STARE, then the details of our
implementation in this set of human [18F]FDG scans in 2.2 Implementation.

STARE is based on a reformulation of the standard two-tissue irreversible compartment
model (2TCirr). The 2TCirr model expresses the concentration of radiotracer in a target
region of interest (Cy(9) as a function of the concentration of radiotracer in the arterial
plasma (C,(2) as follows (Phelps, 1979a; Sokoloff, 1977):

B _ ky  _(ky+k3)t k3
Cr(t) = Ki(IRF ® Cp)(1) = Kll(me + ot k3) ® Cp|() o)

where tis time, /RFis the impulse response function for the target region, K3, k>, k3 are the
micro-parameters for the target region, and & denotes convolution. If C,(#) were available,
fitting the model in Eq. (1) to the TAC in a target region would result in estimates of the
micro-parameters K, k», and &3, and thus, of Kjas K;= Kiky(k + k3).

Without acquisition of arterial plasma samples throughout the scan, an estimate of Ci(2) is
not available. In the case of a PET tracer with irreversible kinetics, such as [18F]FDG, Eq.
(1) typically holds for TACs from any brain region. Therefore, it is possible to reformulate
Eqg. (1) so that C#(9) in a target region is expressed as a function of the TAC in another
region (Cs(9), denoted here as the “source” region and thus, obviating the need to know
C(9. To do so, we first express both C7(#) and Cs(9) with the 2TCirr model as in Eg. (1):

Cr(t) = K1 7(IRFr ® Cp)(1)

ka, T —(kz T+k3 T)t k3. T ) ]
— ¢ > AV —=— 1R C,|(2
(kZ,T+k3,T ko T+ ks, T p|®

Cs(t) = K, s(IRFs ® C,)(t)

(b—sse-(kz, sthky sy, _ Kas
ky s+ k3 s ky s+ k3 s

=Kir

@

® C,|()

=Ky, s

By applying Laplace transformation, substitution, and subsequent transformation back into
the time-domain to Eq. (2), C,(4) can be substituted out so that the target region TAC,
C7(D), is expressed as a function of: (1) its own micro-parameters, (2) the micro-parameters
describing the source region, and (3) the source region TAC itself, C(9), as follows (see
Appendix for full derivation):

Ky Ky r
fr(t.0r.s) = Cs(®) + Cs() ® ( Ly se'T> STy My, gT" St) 3
Ki s K1 s

Which, we denote the source-to-target tissue model, where ¢is time and 67 sare the free
parameters (the 2TCirr micro-parameters K, k», and Az for the target and the source region).
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As shown in Eq. (3), 87 scomprises the macro-parameters L7 Mrs, vrs and erg which
are combinations of the 2TCirr free micro-parameters (see Appendix for full derivation).

Because the reformulation in Eq. (3) by itself, with a single target and the source region,
only allows for quantification of PET outcome measures “relative” to the selected source
region, we model multiple target regions at once as a function of the same common source
region and simultaneously estimate the parameters for all targets and the source at once.
This, together with STARE anchoring, allows for absolute estimation of the target and
source micro-parameters, and of K; for each. This estimation of absolute measures is one
of the ways STARE differs from reference region approaches, which also make TAC-based
substitutions to eliminate C,(2), but only yield outcome measures “relative” to the selected
reference region (e.g., BPnp).

This strategy is analogous to SIME of the input function. In that context, the parameters
describing the unknown AIF are estimated together with the free parameters describing
the tracer kinetics in the tissue by fitting all regions’ TACs at once, under the assumption
that the AIF parameters are in common to all regions. Similarly, here we model multiple
target regions at once, under the assumption that the source region parameters that they
are expressed as a function of, are in common to all regions. The parameters for the target
regions and the source region are then estimated at once with simultaneous estimation as
follows.

Once each target region is expressed as a function of the source region (according to Eq.
(3)), the weighted sum of squared residuals is used across N target regions, where the
residuals are the distances between each measured target TAC (CA(9) (with 7= 1,...,.N
indicating the different target regions) and the corresponding modeled target TAC (f7 (¢,
071 3) at each #;, time point (m=1, ..., 1), as follows:

N n
O(tm, Or,5) = z Z w(Crtm) = Fr(tm. 0, 5))° @

Where, w in Eq. (4) indicates a set of known weights for the different PET frame durations
(as is standard in PET imaging).

Similar to SIME of the input function, however, minimization of Eq. (4) will not yield
unique estimates of the free parameters for both the target regions and source region. This
is due to the fact that there exist multiple combinations of such free parameters that yield
equivalently good TAC fits. For SIME of the input function, this identifiability problem

is solved by “anchoring” the solution to a blood sample acquired from the subject during
scanning (Wong et al., 2002; Ogden et al., 2010; Bartlett, 2020).

Analogously, in STARE, we ensure identifiability by effectively “anchoring” the estimation
process, not to data from blood samples, but to PET-derived measures of activity in the
vasculature in the FOV (as are common with IDIF methods), as described in detail in the
Implementation section. To do this, an additional penalty term is added to the weighted sum
of squared residuals in Eqg. (4):
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This penalty term enforces identifiability by constraining the solution, and Kj 7, the Kj

in region 7, to a subject-specific neighborhood around estimates derived from the signal

in the vasculature within the PET FOV. As is described /72.2.1 Implementation: STARE
Anchoring, this is estimated in a data-driven manner based on the individual’s PET data.
The PET signal is automatically extracted from vasculature within the PET FOV, as in

IDIF techniques. However, the variability in kinetics across voxels within this vasculature
region is then bootstrapped to generate a wide range of possible micro-parameter estimates
for each brain region for a given participant, from which the K .55 7values are derived.
This range of micro-parameter estimates is also used to bound all free parameters to be
estimated during the minimization of the STARE cost function (Eq. (5)). The parameter A is
introduced in Eq. (5) for generalizability to other datasets to balance the contribution of the
model goodness of fit and anchoring terms, because the goodness of fit term is dependent on
TAC radioactivity units, whereas the anchoring term is independent of TAC units. . In this
initial [18F]FDG dataset, A was arbitrarily set to 1; however, its value should be optimized
for other scanners and/or radiotracers.

Unlike reference region approaches, the only required theoretical assumption of STARE
for the source region TAC is that it follows the 2TCirr model, as shown in Egs. (2) and

(3), where the source and target region TACs are both assumed to follow a 2TCirr model.
Although, any region whose TAC follows the 2TCirr model could be used as the source
region, to ensure that final estimates do not rely on an arbitrary choice of source, we elected
to allow each region to act in turn as the source region. Final K; estimates thus result from
averaging the K; estimates obtained for each source “rotation”. The theoretical framework
and implementation of STARE anchoring is described in Fig. 1.

Implementation

STARE was applied to 69 [18F]JFDG human brain scans (D. Devanand, 2010; Roccia, 2019;
Bartlett, 2019) and to simulated data considering TACs from six regions of interest (ROISs):
cerebellum, cingulate cortex, hippocampus, parietal cortex, medial prefrontal cortex, and
parahippocampal gyrus. STARE implementation is shown in Fig. 1. Matlab 2016b (The
MathWorks, Natick, MA) was used for implementation and all subsequent processing.

2.2.1. STARE anchoring—STARE anchors the estimation process to a unique solution
for each individual via the penalty term in Eq. (5) and via data-driven upper and lower
bounds that are generated and imposed on the free parameters in the model (each region’s
micro-parameters). Here we describe how this anchoring can be fully automated.

To summarize, we first use a two-step k-means clustering approach to automatically extract
a vasculature cluster by parsing the dynamic PET data into characteristic regions, such
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as background, brain tissue with irreversible uptake, and vasculature. This is followed by
partial volume correction (PVC) of the final vasculature cluster (Fig. 1). To anchor the
STARE solution in the correct subject-specific “neighborhood” of the free parameter space,
we capitalize on the variability of signal within the extracted, and corrected for partial
volume, vasculature cluster by bootstrapping the voxel TACs within the vasculature cluster
and obtaining distributions of possible micro-parameter estimates for each region. More
specifically:

2.2.1.1. K-means Step 1.: To automatically select the optimal number of clusters to be
extracted, based solely on an individual’s PET data, rather than a priori assuming that

a pre-set number of clusters will optimally partition all scans, k-means clustering runs
multiple times, each with a different number of extracted clusters. For [28F]FDG, we used
a generous range from 6 to 40 clusters. An optimal vasculature cluster is then automatically
selected from each k-means runs by: (1) eliminating all clusters where the maximum value
of the average TAC within the cluster corresponds to the end-point of the curve because
that indicates an irreversible kinetic, which most likely represents tissue; (2) eliminating
all clusters whose average TAC shows negative values because that most likely represents
background voxels; and (3) selecting from the remaining clusters, the one whose average
TAC shows the highest peak value at the earliest time of peak because that most likely
represents PET signal arising from blood vasculature.

2.2.1.2. K-means Step 2.: K-means clustering then runs again only on those voxels
within the vasculature cluster selected during Step 1, with the assumption that this cluster
represents a gross estimate of the vasculature within the FOV, which might be corrupted

by some spill-in from nearby tissue (especially late in the scan) and spill-out of vasculature
signal (especially early in the scan). Because it might be that this initial gross estimate

is comprised of signal from arteries, veins, sinuses, and tissue, in our implementation, we
elected to extract 4 clusters from the Step 1 vasculature cluster in Step 2. Among the
extracted clusters, similar to Step 1, the voxels belonging to clusters whose average TAC has
the highest peak value are selected as the final vasculature cluster. Prior studies have shown
that with [18F]FDG, as well as with a multitude of other radiotracers and drugs, the signal
arising from the arterial vasculature early in the scan is higher than the signal arising from
the venous vasculature, as well as any other tissues (Bartlett, 2019; Bartlett, 2020; Wakita et
al., 2000; Chiou, 1989). Therefore, the k-means cluster with the highest early-scan peak is
likely to be the closest approximation of the true activity in arterial blood.

2.2.1.3. Partial volume correction.: PVC via Single Target Correction (STC) is then
applied to the voxels within the final vasculature cluster from Step 2 (Sari, 2017). STC was
previously optimized and validated, where PVC is performed on a voxel-wise basis for a
single region (i.e., the final vasculature cluster), accounting for the voxel-wise spill-in and
spill-out of radioactivity from the vasculature cluster (Sari, 2017). Given the reconstruction
parameters of the [18F]FDG dataset considered here, a point-spread function of 5.9 mm full
width at half maximum (FWHM) was used for PVC via STC (D. Devanand, 2010; Sari,
2017). This parameter should be selected and optimized based on the scanner resolution and
reconstruction parameters (e.g., post-reconstruction smoothing) for the dataset at hand.
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2.2.1.4. Data-driven extraction of Eq. (5) penalty term and parameter space

bounds.: To derive the individualized penalty term in Eq. (5), specifically Kj ;s for each
target region 7, and the lower and upper bounds for the model micro-parameters [LB, UB]
for each micro-parameter for each target region 7, we leveraged the variability of the TACs
within the final, partial volume-corrected vasculature cluster. Our approach extends beyond
standard IDIF approaches that often simply use the average TAC in a vasculature cluster,
because these standard approaches typically require blood-based scaling (Zanotti-Fregonara
etal., 2011).

First, we simulate many instances of vasculature signal curves (C,,zsc /{9, with =1,
..., Band B=1000 in our implementation), by bootstrapping curves that fall between
one standard deviation below and one above the average TAC across voxels in the partial
volume-corrected vasculature cluster, according to the following:

Cuasc, b(t) = /"Dasc(t) =+ Uvasc(t)Xb(t)s be { L., B} (6)

where fis time, t,2s{9 is the average TAC in the vasculature cluster, o,,s{9 is the
frame-wise standard deviation of voxels in the vasculature cluster, and X} is a uniformly
distributed random number in the interval [0,1] at each time #for each bootstrapping
iteration 6. Each bootstrapped vasculature signal curve is then fit with a 3-decreasing
exponential model (F,4sc /(9)), commonly adopted in PET to describe the post-peak blood
input function (holding at 1,452 from time zero to the time of peak, to avoid any early-scan
non-physiological uptake patterns) (see Fig. 1 for an example of the generated bootstrapped
curves).

Each region’s TAC is then fit with the 2TCirr model with the £, /(#) curves serving as
proxies for the input function, yielding B sets of estimated 2TCirr micro-parameters per
region. The probability density estimates of these micro-parameter sets are then obtained via
nonparametric estimation of the probability density function (Matlab function “ksdensity”).
See Fig. 1 for an example of the hippocampus ko density estimate. The bounds for each
micro-parameter, [LB, UB], are then automatically set using the FWHM of the probability
density estimate (gy) of each k parameter, such that in each region:

8(LBy) = (UBy) = ymax(zy)

LB, < UBy

.k € [Ky, ko, k3] )

See Fig. 1 for an example of [LB, UB] for hippocampal 4> values.

The Bsets of estimated 2TCirr micro-parameters are then also used to compute B
corresponding Kjvalues, from whose distribution, probability density function is also
derived in the same manner. The K .5 vValue used to penalize Eq. (5), is then derived
UBKi - LBKl-

for each region as K; 45 = LBg; + 3
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2.2.2. STARE cost function minimization—For each source rotation, Eq. (5) is
minimized in parallel via simulated annealing (Pincus, 1970). Simulated annealing was
implemented using the Matlab function “simulannealbnd” with default options for initial
temperature (100), reannealing interval (100), function tolerance (1e-6), and maximum
iterations (Inf). The simulated annealing initial guesses were set randomly in the range [LB5,
UB] for each parameter, and the search space was confined to [LB, UB] for each parameter.

2.2.3. Vascular correction—The source-to-target tissue model in Eq. (3) assumes that
the TACs of target and source regions are corrected for vascular contribution. However, in
the absence of measurements of the radiotracer activity in whole blood or plasma, such
vascular correction is not easily achieved. We, therefore, implemented an optional vascular
correction procedure within STARE. The partial volume corrected average TAC in the
vasculature cluster (¢#,2s49) can be used to perform vascular correction of the TACs in all
regions according to the following:

Crrue(®) = (Cmeas(t) = Hpasc() * VB)/(1 - VB) (8)

where tis time, Cpead§) is the measured tissue radioactivity from the PET camera, Cyye()
is the tissue radioactivity corrected for vascular contribution, and Vjis a user-modifiable
vascular volume fraction. We investigated the effect of neglecting vascular correction (Vg
=0.00), and including STARE’s implementation of vascular correction (with V5= 0.05
(Leenders, 1990)), according to Eqg. (8), on STARE performance in quantifying K;.

2.3. AlF-based quantification of the available [18F]FDG dataset

An available set of 69 previously acquired and published [*8F]JFDG scans (D. Devanand,
2010; Roccia, 2019; Bartlett, 2019) was considered, which included participants with

mild cognitive impairment, mild Alzheimer’s disease and healthy controls. Per the data
sharing agreement, data could be made available by request to Drs. J John Mann/Davangere
P Devanand. As previously described, written informed consent was obtained from all
participants (D. Devanand, 2010; Roccia, 2019; Bartlett, 2019) and the study was approved
by the Institutional Review Board of the New York State Psychiatric Institute and Columbia
University. Acquisition details are previously described (D. Devanand, 2010). Arterial
plasma was sampled throughout the scan via arterial catheterization as previously described
(Devanand, 2010a). To generate a “gold-standard” AlF, the measured values of tracer total
radioactivity in arterial plasma were interpolated from time 0 to the time of the plasma peak.
After the peak, a sum of three decreasing exponentials was used to fit the radioactivity data
via non-linear least squares. The AlF then was used as the input function to the 2TCirr
compartmental model to fit each considered TAC, estimate the model micro-parameters,
and calculate corresponding K; estimates. These blood-based 2TCirr K; estimates were
considered to be the “gold-standard” comparison for STARE-based estimates of K, although
we acknowledge that AIF data, and thus AlF-based K; estimates, may be prone to noise

and error (Graham, 1997). For comparison with STARE, AlF-based 2TCirr was run either
while neglecting vascular correction (Vg = 0.00) or with standard vascular correction, using
the plasma AIF (because the radioactivity curve in whole blood was not measured in this
previously acquired dataset) with V/g= 0.05 (Leenders, 1990), according to Eq. (8).
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2.4. Assessing STARE performance relative to AlF-based quantification

2.4.1. STARE accuracy—Agreement between STARE K; and AlF-based 2TCirr K;
estimates was assessed using linear regression and Pearson correlation. Regressions and
correlations were computed for: (1) all regions and scans together, (2) scan-by-scan, across
all regions, and (3) region-by-region, across all scans. Signed percent differences were also
computed as: (STARE K;j — 2TCirr K;)/2TCirr K;*100. To assess the possibility of regional
dependence in STARE performance, a linear mixed effects model was fit with outcome =
the natural logarithm of K; and fixed effects = region and quantification method (STARE vs.
AlF-based 2TCirr). Participant was modeled as a random effect.

2.4.2. STARE precision—Because STARE contains non-deterministic algorithms (i.e.,
k-means clustering and simulated annealing), the stability in estimating K; was tested.
STARE was run 10 times per scan for a random subset of the /= 69 [18F]FDG scans.
Stability of STARE across runs and regions was assessed with the coefficient of variation of
Kj estimates (COV = standard deviation / mean).

2.4.3. STARE performance across diagnostic groups—Given that the [18F]FDG
dataset includes a transdiagnostic sample, we assessed whether STARE’s performance varies
by disease state (participants with mild cognitive impairment (MCI), mild Alzheimer’s
disease (AD) and healthy controls (HC)). A linear mixed model was fit as in 2.4.1 STARE
accuracy, but with diagnostic group added as a fixed factor (in addition to region and
quantification method). The two-way interaction of diagnosis by method to test if K;

varied by quantification method on a diagnosis-specific basis was examined. Statistics were
performed in R version 4.0.3 (Bates et al., 2014; Team, 2013).

2.5. Simulations

A set of simulations was designed to examine the sensitivity of STARE to variations in

its anchoring procedure used to determine Kj 45 7and the upper and lower bounds [L5,
UB] of the model free parameters. One set of simulations, (A), investigated the effect of
variations in ,45{(? (the average TAC across the voxels in the final vasculature cluster)

by manipulating its area under the curve (AUC), the curvature of its tail, and its overall
shape (in this last case, while holding the AUC constant). Another set of simulations, (B),
investigated the effect of variations in o,,s{) (the frame-wise standard deviation of voxel
activities within the final vasculature cluster). Across all simulations, the same representative
[*8F]FDG scan was used as a starting point. To quantify how much each simulation altered
Upasd D OF o2/ D) relative to the original curves, a difference score was computed as the
absolute summed difference across time-points between the original p,,s{9 or o,/ and
the simulated y,,25{9) or o254 curves. This was compared to the percent difference in K;
between the original STARE run and the STARE run following the given manipulation.

2.5.1. Effects of pyasc(t) on STARE performance

2.5.1.1. Alter pyac(t) AUC.: The AUC of y,,25{ 5 was manipulated while maintaining the
shape of the curve, by solving for ad d,,in the following equation:
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t t
qult[; Hpas(T)dT = A (“Uasc(T) + adduar)dr’ Fpu € 10.1, 3] (C)]

where tis time and F,,¢is the scaling factor that alters the AUC (with £,z in the range
[0.1, 3]). Ad d,4Was estimated at each F,,/; instance, and then added to the representative

SCan’s flyasd -

2.5.1.2. Alter yy (1) tail shape.: The shape of the tail of 1/,44{# was manipulated

by altering the exponential decay of the tail. To do this, the extracted i,,,s4{? was fitted

to the usual 3 decreasing exponential model, and the exponential term with the smallest
decay constant, which models the late-scan kinetics of 1,454(#), was modulated using a
multiplicative scaling factor to increase or decrease the rate of decay. The same £, values
as in Eq. (9) were used. The corresponding AUC of the simulated curve was allowed to
change with the varying Fp,,r values.

2.5.1.3. Alter p,(t) overall shape.: The shape of the p,2s4{? curve was then
manipulated while holding the AUC constant, by using the same p/,,.s{ fit as in
2.5.1.2above. Sets of three decay constants, one per each decreasing exponential, were
randomly generated in each simulation and combined with the original corresponding initial
magnitude values from 2.5.1.2above. This new simulated curve was then divided by a
factor, div, 4, that was estimated in each iteration using a similar procedure to Eq. (9), in
order to hold the final simulated curve’s AUC constant at the representative scan’s original
value.

2.5.2. Effects of oy45c(t) on STARE performance—The standard deviation of the
tracer radioactivity in the voxels within the final vasculature cluster, o549, was then
manipulated via additive scaling using the same approach as in (Eq. (9)). In this case,
however, .25 9 substituted for t,,{9 in Eq. (9) and the estimated ad d,,,-at each Fp,
was added to the representative scan’s gasd{9-

3. Results

3.1. STARE accuracy

Blood-free STARE K estimates were highly correlated with AlFbased K; estimates
(regression slope (b)=0.88, y-intercept=0.004, Pearson’s r=0.80, Fig. 2(A), Table 1)).
Although the regression slope was less than one, the intercept was greater than zero

and STARE K; estimates were on average modestly overestimated relative to AlF-based
estimates (signed percent difference: 5.07% = 18.14%; Table 1). STARE K estimates were
0.00091 + 0.0041 greater than AlF-based K estimates (Fig. 2(B)).

At a scan-by-scan level, across the six regions considered, the agreement between STARE
and AlF-based K; estimates was assessed and slopes ranged from 0.59 to 1.58, y-intercepts
ranged from —0.0036 to 0.0046, and Pearson’s rranged from 0.95 to 1.00. Although the r
values ranged from 0.66 to 0.72 and the slopes ranged from 0.71 to 0.85 for the comparison
of individual regions’ STARE K; estimates vs. AlF-based K;j estimates region-by-region,

Neuroimage. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bartlett et al.

Page 13

across all scans (Table 1), there was no significant statistical evidence for a regional
dependence in STARE’s estimation of K; relative to AlF-based K; estimates (o =0.999).

In comparison to AlF-based K estimates, K; yasc Values (i.e., the peak of the probability
density function of the bootstrapped K; estimates used for anchoring Eq. (5)) were

slightly more biased than final STARE-estimated K; values, based on regression slopes
(see Supplemental Materials). Notably, K values obtained by extracting an unscaled, non-
bootstrapped, average curve from the clustering algorithm (i.e., the average TAC across all
voxels within the extracted vasculature cluster) and then using it as the input function to
the 2TCirr model, showed overestimation with respect to AlF-based K; estimates (slope =
1.12, see Supplemental Materials), and a percent difference with respect to AlF-based K;
estimates that is higher than that of STARE-estimated K; (percent difference for STARE K;
= 5.07 £ 18.14%; percent difference for K; from vasculature cluster curve = 15.81 + 21.37%;
Supplemental Materials).

3.2. STARE precision

Although STARE includes non-deterministic algorithms, STARE stably estimated K; across
runs (COV = 6.74 + 2.48%).

3.3. STARE performance across diagnostic groups

We tested whether STARE’s estimation of K; was consistent across diagnostic groups (AD,
MCI, and HC). The interaction between diagnosis (AD vs MCI vs HC) and quantification
method (STARE vs AlF-based) was non-significant (o= 0.17), indicating that the difference
in K; values estimated with the two methods did not significantly vary across diagnoses.

3.4. STARE vascular correction

While the level of correlation between STARE K; and corresponding AlF-based estimates

is not affected by whether the vascular correction strategy is considered (r=0.78) or not
within STARE (r=0.79), their agreement slightly varies. More specifically, when comparing
STARE K; estimates obtained without the vascular correction strategy to AlF-based K;
estimates obtained with Vg = 5%, the slope of the regression line is 6= 0.83, (Fig. 3(A)).
When the proposed vascular correction strategy is used within STARE and compared again
to AlF-based K with Vg = 5%, the slope of the regression line is b= 0.87 (Fig. 3(B)),
suggesting that considering the vascular correction strategy is favorable, at least in this
[*8F]FDG dataset.

3.4. STARE simulations

Simulation showed that altering the overall amplitude of signal within the vasculature cluster
used to generate the STARE anchors (i.e. altering the AUC of u,,,54{9 via additive scaling)
had the most substantial impact on STARE K; estimation (Fig. 4(A)1). To compare with
human data, in the 69 [18F]FDG scans, the mean percent difference in AUC between STARE
Hpasd D and the AIF was —6.10 + 15.69%. According to our simulations, when the simulated
difference in the AUC of y,,2s{ 9 was 10%, it yielded a —9.97% change in Kj estimates.
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STARE was relatively robust to alterations in the kinetics of signal arising from the
vasculature cluster (Figs. 4(A)2 and 4(A)3) and the level of voxel-wise variance in the
vasculature cluster used to generate the STARE anchors (Fig. 4(B)).

More specifically across all simulations, K; only changed by greater than 50% with respect
to the original, non-simulated STARE Kj values under the following simulated conditions:
(1) Hoasc(H AUC was increased by at least 200% (corresponding to a y-axis difference
score of at least 5.40 in Fig. 4(A)1) or (2) ppasd{H AUC was reduced by at least 40%
(corresponding to a y-axis difference score of at least 2.16 in Fig. 4(A)1). From Fig. 4(A)1,
we can observe that; (1) altering 1,5 AUC yielded the expected inverse effects on
STARE K; estimates, such that, for example, increasing the AUC yielded negative biases
in STARE K;; and (2) reducing 2548 AUC had a greater impact on STARE K; than
increasing i, s H AUC, presumably due to instabilities in the 2TCirr modeling in the free
parameter bound generation because the input function tail approached 0 microCi/cc in
activity and at times became negative.

In the second simulation in Fig. 4(A)2, which manipulated the kinetics of the amplitude

of signal arising from the vasculature cluster (allowing the AUC to change with change

in shape), the simulated K estimates changed by less than 50%, even when the rate of
Hoasd D tail decay was increased by 300% or decreased by 90% (Fig. 4(A)2). In Fig. 4(A).3,
where the AUC of 1,259 was held constant, while the shape was varied, a much smaller
impact on STARE K;j was observed, with all percent differences less than 15% (Fig. 4(A)3).
Similarly, altering the level of voxel-wise variance within the vasculature cluster had little
impact on STARE K; (Fig. 4(B)).

4. Discussion

We present the theory and initial validation with human [18F]FDG scans, for a new,
publicly-available PET quantification approach — STARE - that quantifies the net influx rate
(K;) of radiotracers with irreversible kinetics (https://github.com/elizabeth-bartlett/STARE).
This method, in theory, allows for noninvasive quantification of PET data without requiring
blood sampling during the course of a PET scan and operates in an automatic, data-driven,
individual-subject way. In a large dataset of human [18F]FDG scans (D. Devanand, 2010),
STARE K; estimates showed modest overestimation with respect to, and strong correlation
with, “gold-standard” AlF-based K; estimates, and were precisely estimated. In simulations,
STARE K; was largely robust to deviations in the subject-specific STARE anchoring.

The goal of STARE is to provide blood-free full quantification of data acquired with PET
tracers with irreversible kinetics. While validated here using [18F]FDG, STARE’s theoretical
framework is based on a manipulation of the general 2TCirr model. Therefore, theoretically,
STARE can be applied to any tracer whose kinetics can be fitted with an irreversible
compartment model. For tracers with non-brain-penetrating radiometabolites, we expect

the source-to-target modeling portion of STARE to perform well, because that portion
completely eliminates the dependence on blood measurements and would solely be relying
on activity of the parent tracer in tissue. However, the subject-specific anchoring portion

of STARE that relies on leveraging the activity in the vasculature in the FOV, would be
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corrupted by activity from the radiometabolites, and thus, would require optimization and
further validation, or development of a different approach to anchoring, depending on the
tracer at hand. Key considerations when validating STARE for another tracer include PET
signal heterogeneity and noise levels across the brain, according to the PET camera used to
acquire the data. This validation, in comparison to AlF-based quantification, can be achieved
with a modest sample size.

This highlights one of the advantages of STARE, which is that the approach does not depend
on machine learning, for which large sample sizes are often required for adequate model
training. In fields like dynamic PET imaging, where data sharing initiatives are still in their
infancy, and PET acquisition with arterial blood sampling is costly and complicated, large
datasets meeting the appropriate requirements for machine learning are rare, especially for
novel radiotracers. One such machine learning method, noninvasive SIME (nSIME), which
was previously validated with the same [18F]JFDG dataset considered here, trained a model
with 83 different predictors extracted from precompiled EHR data to estimate [18F]FDG K;
in conjunction with simultaneous estimation (Roccia, 2019). nSIME performed comparably
with blood-free STARE (r=0.80 STARE, r=0.83 nSIME (Roccia, 2019); Bland-Altman
plots appear qualitatively comparable across methods). STARE appears to exhibit less bias,
despite the fact that STARE only requires an individual participant’s dynamic PET data and
does not require other participants’ data for model training.

We note that there is inter-subject variation in STARE performance (range of regression
slopes of STARE K; relative to AIF 2TCirr Kj is 0.59 to 1.58 across subjects). Some
inter-subject variability is to be expected, given that STARE is estimating a blood-based
outcome measure without any blood data; however, this metric (i.e., regression slope at the
individual level) is rarely reported in the literature for comparison. It would be expected that
STARE would be more sensitive to PET data quality issues (e.g., substantial patient motion
or poor signal-to-noise) than blood-based modeling, because STARE solely relies on the
PET data, without the additional information provided by the blood data, as in the case of
traditional AIF 2TCirr. Further work is required to determine: (1) how the present level of
inter-subject variability impacts PET studies (e.g., test-retest and pre/post pharmacological
intervention comparisons), (2) whether the current inter-subject variability is stable across
PET scanners, tracers, and populations, and (3) whether the inter-subject variability can be
reduced with further optimizations.

STARE also includes an option for vascular correction, where, at the user’s discretion, the
source and target TACs can be corrected for any desired level of blood volume fraction.
While the level of correlation between STARE K; and corresponding AlF-based estimates

is not affected by whether the vascular correction strategy is considered or not within
STARE, their agreement slightly varies, and our results suggest that considering the vascular
correction strategy within STARE is favorable, at least in this [18F]FDG dataset. The
suitability of STARE’s vascular correction strategy should be examined for each tracer and
in additional datasets, scanners, and populations, and future work could explore optimization
of the proposed strategy or implementation of alternative strategies. Because using a fixed
blood volume fraction (here 5%) may compromise quantification in diseases with potential
blood volume variations (e.g., in tumors (Aronen, 2000), metabolic disorders such as
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hypothyroidism (Pak et al., 2020), or stroke (Derdeyn, 2002)), development of a STARE
version that includes an estimable Vg for each participant and/or brain region could be
beneficial.

STARE performance was comparable across brain regions for both accuracy and precision.
This finding highlights another key feature of STARE — the source rotation. Unlike reference
region methods, where a priori knowledge is required to determine one appropriate region
assumed to be devoid of tracer specifically bound to the target, STARE’s source rotation
step does not require any a priori determination of a source region. Our findings show

that STARE estimates K; with equivalent accuracy when we compute final K; estimates

as averages across all rotations. We also provide preliminary evidence that STARE is

robust to disease-specific uptake patterns, where we found that STARE performance did

not significantly vary across HC, AD, and MCI groups, providing initial validation of the
assumption that STARE can operate on any TACs/brain regions with irreversible kinetics.

STARE was applied here with six ROIs that we have considered in previous work with

the same dataset (Roccia, 2019); however, any region can potentially be quantified with
STARE, with the caveat that, as the number of ROIs increases, the dimensionality of

the free parameter space also increases (three free parameters per ROI). Running STARE
with different numbers of ROIs, and with different ROIs from the original six, produced
comparable STARE K| performance relative to blood-based 2TCirr estimation. The results
of these analyses compared to estimation of K; with AlF-based 2TCirr are as follows: (1)
random subsets of the original six ROIs used in STARE, including using five, four, and three
of the original ROIs (regression slope = 0.68 to 0.82 and r= 0.62 to 0.73 across ROISs), (2)
using three original with three new ROIs (regression slope = 0.83 to 0.95 and r= 0.68 to
0.75 across ROIs), and (3) using six new ROIs (regression slope = 0.86 to 1.07 and r=0.72
to 0.88 across ROIs).

In our assessment, our proposed strategy of having the source region rotate among the ROI
set is favorable with [28F]JFDG in brain tissue as applied, for example, to psychiatric or
neurodegenerative disorders, where each region of the brain shows relatively similar kinetics
and no source region seems to outperform the other. For other tracers or in other conditions
(e.g., tumor uptake), one region may outperform another as a source, or there may be a priori
reasons for selecting a specific region as the source, in which case, the rotation step can

be avoided. Additionally, a weighting scheme could be optimized that weights K; estimates
from particular source rotations more heavily, if there is a specific rationale for it, rather than
using the unweighted average approach proposed here.

This is the first presentation of STARE; therefore, there are limitations to the conclusions
we can draw, as well as many potential future directions of this work. In this [18F]FDG
dataset, A, which balances the relative contributions of goodness of fit and anchoring

terms in Eq. (5), was set arbitrarily to 1. The magnitude of the anchoring term relative

to the goodness of fit term, i.e., the relative influence of the anchoring term, will change
depending on TAC radioactivity units and thus, the choice of A should be optimized and set
accordingly. In future studies, we propose to assess the influence of A and optimize it during
application of STARE to new [18F]FDG scans acquired with two different types of scanners
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(CerePET from Brain Biosciences, Inc, Rockville, MD, USA and Siemens Biograph mCT
from Siemens Healthineers, Knoxville, TN, USA) as part of grant RO1EB026481 (PI:
Francesca Zanderigo, PhD). Future work with different tracers will also help optimize the
choice of A. Also in the current implementation, defining ROIs requires a T1-weighted
magnetic resonance imaging (MRI) scan. Future work can examine the use of clustering
techniques to identify ROIs based only on the PET data. Further, in this first implementation
we did not partial volume correct the source and target regions. Future work should
explore the influence of partial volume effects on STARE performance, especially in

the context of neurodegenerative disorders. Simulated annealing was selected here as the
optimizer. However, simulated annealing is time consuming, taking ~20 min total for
optimization across the six parallelized source rotations. A more computationally efficient
implementation may allow STARE to be extended to voxel-level estimation and involves
developing adaptations that are robust in the face of the higher noise level present at the
voxel-level. This extension of STARE’s application is part of our planned future work.

In this initial validation, all scans were obtained on the same PET scanner and thus,
validation will be required to assess STARE’s generalizability to other scanners and

tracers. In simulations, STARE anchoring was robust to deviations in the signal within

the vasculature cluster, but can be hindered by large inaccuracies in the mean signal within
the vasculature cluster. For this reason, the two-stage k-means extraction process is critical,
because it allows for automatic cluster number selection based on the kinetics and noise
present within that particular scan. However, in the PVC step, the user must supply the
FWHM of the point spread function for the specific scanner and reconstruction approach. It
is essential that this value is selected appropriately, as grossly altering the AUC of the mean
signal in the vasculature cluster, could begin to effect STARE performance. As detailed in
the STARE manual, the user additionally has the opportunity for quality control and manual
intervention of the vasculature cluster generation portion of STARE, where the remainder of
STARE can proceed from a different vasculature cluster that is selected.

Although not used for this purpose in STARE, the novel vasculature clustering technique
could be used to generate an unscaled IDIF. This approach will require optimization
(particularly for the PVC step), and validation with external datasets. In this initial dataset,
the K; estimates obtained by extracting an unscaled, non-bootstrapped average curve from
the vasculature cluster, have poorer correspondence to AlF-based K; estimates than STARE-
estimated K; (Supplemental Materials). Furthermore, K; yasc estimates (i.e., the peak of the
probability density function of the bootstrapped K estimates used for anchoring in Eq. (5))
are slightly more biased than final STARE-estimated K; values. We do not expect K; yasc

or an unscaled, non-bootstrapped curve from the vasculature cluster to perform as well in
external datasets, where direct effects of scanner FOV, spatial resolution, smoothing during
reconstruction, motion, etc., have yet to be investigated. However, the simulations conducted
here suggest that the STARE algorithm as a whole will be robust to deviations in the
accuracy of the anchoring procedure, which we will evaluate in ongoing studies.
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5. Conclusions

STARE - Source-to-Target Automatic Rotating Estimation — is a novel approach for
automated, blood-free quantification of the net influx rate (K;) of PET radiotracers with
irreversible kinetics, that relies solely on the individual’s dynamic PET data. Letting each
of the brain regions for which quantification is desired to act, in turn, as a common
“source” brain region for all other “target” regions, allows STARE to gain strength by
exploiting the information in multiple regions at once with the goal of accurate and precise
estimation of K across all regions. STARE is “anchored” for subject-specific identifiability
using information derived from a novel vasculature cluster extraction and bootstrapping
procedure. We validated STARE with a set of human [18F]FDG scans, finding stable
estimation of K; values that were correlated with “gold-standard” AlF-based estimates.
STARE performance was also similar across diagnostic groups. In simulations, K; estimates
were largely robust to characteristics of the vasculature cluster of voxels used for STARE
anchoring. With more validation, STARE can accelerate use of quantitative PET imaging
in the clinic by simplifying acquisition, reducing cost, and affording individualized, non-
invasive quantification.
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Appendix —: STARE derivation

The time activity curves (TACs) in any given source region S(Cs() and any given target
region 7{C7(9) can be expressed as a function of the concentration of radiotracer in arterial
plasma (C,(9) according to the two tissue irreversible (2TCirr) compartment model:

Cr(t) = Ky 17(IRFr ® C,)(0) = Ky 7(Pre” "' + 0r) ® C, 1)
(A1)

Cs(t) = K1 s(IRFs ® C,)(1) = Ky s|(Pse™ ™" + 05) ® G|

where:
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P ky, T _ k. s
T hr+tkr| 5 kstks
ks, T k3, s (A2)
Or=r¢ k STk k
2, T+ K3, T 2, St K38

Rr=kyr+k3r |Rs=kys+k;s

where tis the vector of PET frame time-points, K1 s, 2 s and k3 sare the 2TCirr micro-
parameters for the source region S, K1, 7; k> 7 and k3 rare the 2TCirr micro-parameters for
the target region 7, and /RFis the impulse response function in each region.

Transforming the system of equations in Eq. (A.1) into Laplace domain, we obtain:

P
Z{Crl(s) = Ky, 1Z{Cp}(s)Z{IRFr}(s) = Kl,Tg{CP}(S)(S +71;%T * %)

P 0 (A3)
Z(Cs)() = Ki.sZ[Co ) ZIRFs)(s) = K1 sZ(Co) 0| 5 s + TS)

By solving for C,(s) in the second equation in the Eq. (A.3) system and substituting it into

Eq. (A.1), we obtain;

K ZL{IRF
1,T3{CS}(S)2{ T}(s)

ZlCri) = Ki s {IRFs}(s)

(A4)

Z{IRFT}(s) .
Z{IRF5]G) C0 be expressed as follows:

Pr or
L{IRFr)(s) s+Rr 5  sPr+sOr+OrRr s+ Rg
Z{IRFg}(s) _ Ps L9 - s+ R sPs+ sOs + OsRg
s+ Rg s
_ s(Pr+Or)+ OrRy s+ Rs (A5)
- s+ Rr s(Ps+ Os) + OsRs
_ s%(Pr+Qr) + sOrRy + sRg(Pr + Or) + OrRrRs
s*(Ps+ Qgs) + sOsRs + sRr(Ps + Qs) + OQsRrRs

where:

k k
2T 3T (A6)
kyr+kst kortksr

Pr+ Q7=

and

ky, s k3 s _q A7)

Ps+0Qs= ko s+ks s ko s+kss

Therefore, simplifying further, this yields:
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2 OTRT OTRTRS
$S“+S5———+SRg+ 5——+—
3{IRFT}(S) _ PT+QT Pr+0Or Pr+ 0T
ZL{IRFg}l(s) ~ Ps+QOs » OsRs OsRTRg
N +SPS+QS+SRT+—PS+QS

S2 + sOrRr + sRs + OrRrRg
s+ sOsRg+ sRr+ OgRrRg

By defining the following system of Equations:

o oo OTRr __OsRs
ST Pr+0r T YT Ps+0s
by g = OrRrRs  OsRrRg
TS~ Pr+0r Ps+0s

_ OsRg
ST Ps+0s

OsRrRs
or § = ———>2=QgRrR
S Ps+ Qg SATARS

= OrRrRs — OsRrRs

+ Rr = OsRs+ Ry

Eqg. (A.8) can be expressed as:

— Ry =OrRr+ Rs— OsRs— Ry

sar s+ Pr. s

Z{IRFr}(s) _ sar.s+brs L
Z{IRFs}(s)  S24ypgs+ors
Ly s N My s
S_UT,S S_gT,S

=1+

with:

=1, 5 + 11, 52 — 4o, 5

ur. s = 9

—YT,8 ~ T, S? - 4oy g

T, 8 = 2

and:

fr, s+ ar ser, s

Lr.s=ar s—
’ ’ Er, s —Ur, 8§

br, s+ ot ser s

M =
.5 ET, s —UT, 8§

And expressed as a function of the 2TCirr micro-parameters:
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k3. Tky, s — ko, sk, s
by, T+ k3T —k3 s

Ly s=
2 (A13)
k2. 1+ ky Tk3, T — ko, Tk, 5 — ko, K3, 5

My o=
.8 kyr+ksr—ks s

By applying the inverse Laplace transform to Eq. (A.10), we obtain a function, Z7 (9, in the
time domain as:

L{IRFr)(s)

_ o1 _ ur, St €T, S?
ZT, s =< [—g{IRFs}(S) =6(1) + LT, KY4 + MT’ s€ (A.14)

where &(9) is the Dirac delta function.

By applying the inverse Laplace transform to Eq. (A.4), and considering Eq. (A.14), we can
express the TAC in each target region (C(9) as a function of the TAC in the source region
(A(H) and of six free parameters: three for the source region, which are in common across all
target regions (K1 s, k2, s K3 ) and three for each target region (K1, 1, k2. 12 A3, 7):

K
Cr() = (21,5 ® Cs)(0)

K1 Ky A.15
= K—’CS(I) + K—’CS(I) ® (LT, SevT, Sty My T St) (A.15)
LS L,S

= f(t: Ki, 1. K1, 1. ko, 1 ko, 5 K3, 5. K3, )

References

Aronen HJ, 2000. High microvascular blood volume is associated with high glucose uptake and tumor
angiogenesis in human gliomas. Clin. Cancer Res. 6, 2189-2200. [PubMed: 10873068]

Bartlett E, 2019. Less-Invasive and Non-Invasive Quantification of Positron Emission Tomography
Data PhD Thesis. Stony Brook University.

Bartlett EA, 2020. Quantification of positron emission tomography data using simultaneous estimation
of the input function: validation with venous blood and replication of clinical studies. Mol. Imaging
Biol. 10.1007/s11307-018-1300-1 (2018).

Bates D, Méchler M, Bolker B & Walker S Fitting linear mixed-effects models using Ime4. arXiv
preprint arXiv:1406.5823 (2014).

Boellaard R, 2009. Standards for PET image acquisition and quantitative data analysis. J. Nucl. Med..

Bohorquez SS, 2020. Flumazenil metabolite measuremente in plasma is not necessary for accurate
brain benzodiazepine receptor quantification. Eur. J. Nucl. Med 1674-1683.

Chen K, 1998. Noninvasive quantification of the cerebral metabolic rate for glucose using positron
emission tomography, 18F-fluoro-2-deoxyglucose, the Patlak method, and an image-derived input
function. J. Cereb. Blood Flow Metabol. 18, 716-723.

Chen K, 2007. Characterization of the image-derived carotid artery input function using independent
component analysis for the quantitation of [18F] fluorodeoxyglucose positron emission tomography
images. Phys. Med. Biol. 52, 7055. [PubMed: 18029993]

Chiou WL, 1989. The phenomenon and rationale of marked dependence of drug concentration on
blood sampling site. Clin. Pharmacokinet. 17, 175-199. [PubMed: 2680213]

Cunningham VJ, 1991. Compartmental analysis of diprenorphine binding to opiate receptors in the rat

in vivo and its comparison with equilibrium data in vitro. J. Cereb. Blood Flow Metabol. 11, 1-9.

Neuroimage. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bartlett et al.

Page 22

Derdeyn CP, 2002. Variability of cerebral blood volume and oxygen extraction: stages of cerebral
haemodynamic impairment revisited. Brain 125, 595-607. [PubMed: 11872616]

Devanand D, 2010. Pittsburgh compound B (11C-PIB) and fluorodeoxyglucose (18 F-FDG) PET
in patients with Alzheimer disease, mild cognitive impairment, and healthy controls. J. Geriatr.
Psychiatry Neurol. 23, 185-198. [PubMed: 20430977]

Feng D, Wong KP, Wu CM, Siu WC, 1997. A technique for extracting physiological parameters and
the required input function simultaneously from PET image measurements: theory and simulation
study. IEEE Trans. Inf. Technol. Biomed. 1, 243-254. [PubMed: 11020827]

Graham MM, 1997. Physiologic smoothing of blood time-activity curves for PET data analysis. J.
Nucl. Med. 38, 1161-1168. [PubMed: 9225813]

Guo H, Renaut RA, Chen K, 2007. An input function estimation method for FDG-PET human
brain studies. Nucl. Med. Biol. 34, 483-492. d0i:10.1016/j.nucmedbio.2007.03.008. [PubMed:
17591548]

Gunn RN, 2011. Translational characterization of [11C] GSK931145, a PET ligand for the glycine
transporter type 1. Synapse 65, 1319-1332. [PubMed: 21688322]

Hume SP, 1992. Quantitation of carbon-11-labeled raclopride in rat striatum using positron emission
tomography. Synapse 12, 47-54. doi:10.1002/syn.890120106. [PubMed: 1411963]

Innis RB, 2007. Consensus nomenclature for in vivo imaging of reversibly binding radioligands. J.
Cereb. Blood Flow Metabol. 27, 1533-1539.

Leenders K, 1990. Cerebral blood flow, blood volume and oxygen utilization: normal values and effect
of age. Brain 113, 27-47. [PubMed: 2302536]

Maroy R, De Gavriloff S, Jouvie C & Trébossen R in IEEE nuclear science Symposuim & medical
imaging conference. 2020, 2081-2083 (IEEE).

Naganawa M, 2005. Extraction of a plasma time-activity curve from dynamic brain PET images
based on independent component analysis. IEEE Trans. Biomed. Eng. 52, 201-210. [PubMed:
15709657]

Naganawa M, 2020. Assessment of population-based input functions for Patlak imaging of whole body
dynamic 18 F-FDG PET. EINMMI Phys. 7, 1-15. [PubMed: 31907664]

Ogden RT, Zanderigo F, Choy S, Mann JJ, Parsey RV, 2010. Simultaneous estimation of input
functions: an empirical study. J. Cereb. Blood Flow Metabol. 30, 816-826.

Pacak J, Totik Z, Cerny M, 1969. Synthesis of 2-deoxy-2-fluoro-d-glucose. J. Chem. Soc. D 77-77.

Pak K, Hyun Kim B, Kim M & Kim K, Endocrine abstracts. (Bioscientifica), 2020.

Phelps M, 1979a. Tomographic measurement of local cerebral glucose metabolic rate in humans with
(F-18) 2-fluoro-2-deoxy-d-glucose: validation of method. Annal. Neurol. 6, 371-388. [PubMed:
117743]

Phelps ME, 1979h. Tomographic measurement of local cerebral glucose metabolic rate in humans with
(F-18)2-fluoro-2-deoxy-d-glucose: validation of method. Ann. Neurol. 6, 371-388. doi:10.1002/
ana.410060502. [PubMed: 117743]

Pincus M, 1970. Letter to the editor—A Monte Carlo method for the approximate solution of certain
types of constrained optimization problems. Oper. Res. 18, 1225-1228.

Riabkov DY, Di Bella EV, 2002. Estimation of kinetic parameters without input functions: analysis
of three methods for multichannel blind identification. IEEE Trans. Biomed. Eng. 49, 1318-1327.
[PubMed: 12450362]

Roccia E, 2019. Quantifying Brain [(18)F]FDG uptake noninvasively by combining medical health
records and dynamic PET imaging data. IEEE J. Biomed. Health Inform. 23, 2576-2582.
doi:10.1109/JBHI.2018.2890459. [PubMed: 30605111]

Salinas CA, Searle GE, Gunn RN, 2015. The simplified reference tissue model: model assumption
violations and their impact on binding potential. J. Cereb. Blood Flow Metabol. 35, 304-311.

Sari H, 2017. Estimation of an image derived input function with MR-defined carotid arteries in
FDG-PET human studies using a novel partial volume correction method. J. Cereb. Blood Flow
Metab. 37, 1398-1409. doi:10.1177/0271678X16656197. [PubMed: 27342321]

Neuroimage. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bartlett et al.

Page 23

Sari H, 2018. Non-invasive kinetic modelling of PET tracers with radiometabolites using a constrained
simultaneous estimation method: evaluation with 11 C-SB201745. EINMMI Res. 8, 1-12.
[PubMed: 29292485]

Sokoloff L, 1977. The [14C] deoxyglucose method for the measurement of local cerebral glucose
utilization: theory, procedure, and normal values in the conscious and anesthetized albino rat 1. J.
Neurochem. 28, 897-916. [PubMed: 864466]

Takikawa S, 1993a. Noninvasive quantitative fluorodeoxyglucose PET studies with an estimated
input function derived from a population-based arterial blood curve. Radiology 188, 131-136.
doi:10.1148/radiology.188.1.8511286. [PubMed: 8511286]

Takikawa S, 1993h. Noninvasive quantitative fluorodeoxyglucose PET studies with an estimated input
function derived from a population-based arterial blood curve. Radiology 188, 131-136. [PubMed:
8511286]

Team, R.C. (Vienna, Austria, 2013).

Turkheimer FE, 2012. Quantification of ligand PET studies using a reference region with a
displaceable fraction: application to occupancy studies with [11C]-DASB as an example. J. Cereb.
Blood Flow Metabol. 32, 70-80.

Vriens D, Visser EP, de Geus-Oei L-F, Oyen WJ, 2010. Methodological considerations in
quantification of oncological FDG PET studies. Eur. J. Nucl. Med. Mol. Imaging 37, 1408-1425.
[PubMed: 19936745]

Wakita K, 2000. Simplification for measuring input function of FDG PET: investigation of 1-point
blood sampling method. J. Nucl. Med. 41, 1484-1490. [PubMed: 10994726]

Wakita K, Imahori Y, Ido T, Fujii R, 2000. Simplification for measuring input function of FDG PET:
investigation of 1-point blood sampling method. J. Nucl. Med. 41, 1484. [PubMed: 10994726]

Wang B, Ruan D, Liu H, 2020. Noninvasive estimation of Macro-parameters by Deep learning. IEEE
Trans. Radiat. Plasma Med. Sci..

Westerterp M, 2007. Quantification of FDG PET studies using standardised uptake values in multi-
centre trials: effects of image reconstruction, resolution and ROI definition parameters. Eur. J.
Nucl. Med. Mol. Imaging 34, 392-404. [PubMed: 17033848]

Wong KP, Feng D, Meikle SR, Fulham MJ, 2001. Simultaneous estimation of physiological
parameters and the input function—in vivo PET data. IEEE Trans. Inf. Technol. Biomed. 5, 67-76.
[PubMed: 11300218]

Wong K-P, Meikle SR, Feng D, Fulham MJ, 2002. Estimation of input function and kinetic parameters
using simulated annealing: application in a flow model. IEEE Trans. Nucl. Sci. 49, 707-713.

Zanderigo F, 2018. [11 C] harmine binding to brain monoamine oxidase A: test-retest properties and
noninvasive quantification. Mol. Imaging Biol. 20, 667-681. [PubMed: 29423903]

Zanotti-Fregonara P, 2009. Comparison of eight methods for the estimation of the image-derived input
function in dynamic [18F]-FDG PET human brain studies. J. Cereb. Blood Flow Metabol. 29,
1825-1835.

Zanotti-Fregonara P, Chen K, Liow JS, Fujita M, Innis RB, 2020. Image-derived input function for
brain PET studies: many challenges and few opportunities. J. Cereb. Blood Flow Metab. 31, 1986-
1998 10.1038/jcbfm.2011.107 (2011).

Zanotti-Fregonara P, Chen K, Liow J-S, Fujita M, Innis RB, 2011. Image-derived input function for
brain PET studies: many challenges and few opportunities. J. Cereb. Blood Flow Metabol. 31,
1986-1998.

Zasadny KR, Wahl RL, 1993. Standardized uptake values of normal tissues at PET with 2-

[ fluorine-18]-fluoro-2-deoxy-d-glucose: variations with body weight and a method for correction.
Radiology 189, 847-850. [PubMed: 8234714]

Zhou Y, 2012. Generalized population-based input function estimation given incomplete blood

sampling in quantitative dynamic FDG PET studies. J. Nucl. Med. 53 380-380.

Neuroimage. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bartlett et al. Page 24

INPUT TO STARE
Motion-corrected PET

Describe TACs in target regions as a function of a source region Derive data-driven anchors
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Fig. 1.
Graphical representation showing the theoretical framework and implementation of STARE.
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Comparison of blood-free STARE to Arterial blood-based 2TCirr:
['®F]FDG net influx rate (K))
(A) (B)

0.05

:'_‘: 0.015
\%004 oo x“ 0.01 c% Mean+1.96*SD
g . = (0.0090)
w © 0.005
(i |~
's 0.03 ‘\ll Mean
(/2] 3 0 (0.00091)
20.02 w o
(5]
= E -0.005 0 %% Mean—1.96*SD
'8 ; - o o (-0.0072)
80.01 9@ ® -0.01 B
m & —b=0.88,int=0.00,r=0.80 Oq

5 Identity -0.015

0 0.01 0.02 0.03 0.04 0.05 0 0.01 0.02 0.03 0.04 0.05

Arterial blood-based 2TCirr K; (min'') Mean of STARE K; and 2TCirr K;

Fig. 2.

BI%od-free STARE K; vs. Kj obtained via arterial blood-based two-tissue irreversible
(2TCirr) compartmental modeling in 69 human [18F]FDG scans. In both (A) & (B): Each
color corresponds to a single scan, where K; is quantified for six regions (cerebellum,
cingulate cortex, hippocampus, parahippocampal gyrus, parietal cortex, and prefrontal
cortex). (A) Scatter plot, with linear regression slope (b), y-intercept, and Pearson’s
correlation coefficient (r) reported across all scans and regions. (B) Bland-Altman plot with
the mean K; difference (i.e., overall bias) shown in blue and the 95% confidence interval
for the mean difference estimate shown in light gray. Limits of agreement (95% confidence
intervals of mean difference) are shown in orange.
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Effects of Vascular Correction on Blood-free STARE
Estimation of ['8F]FDG net influx rate (K))
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Fig. 3.

Effect of vascular correction on STARE estimates of K. In both (A) & (B): Each color
corresponds to a single scan, where K; is quantified for six regions (cerebellum, cingulate
cortex, hippocampus, parahippocampal gyrus, parietal cortex, and prefrontal cortex). Linear
regression slopes (b), y-intercepts, and Pearson’s correlation coefficients (r) are shown. (A)
STARE K; estimates with Vg = 0% (no vascular correction, y-axis) relative to AlF-based
2TCirr K estimates with Vg = 5% (x-axis) and (B) STARE K; estimates with Vg = 5%
(within STARE vascular correction, y-axis) relative to AlF-based 2TCirr K; estimates with
Vg = 5% (x-axis).
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Fig. 4.

Si?nulation results for STARE. The data from a single, representative scan were used to build
all simulations in (A) and (B). Simulations A.1 through A.3 alter scaling (area under the
curve (AUC) and shape characteristics of the signal in the vasculature cluster (i.e. the mean
of voxel radioactivities in the vasculature cluster, pyasc(t))), whereas Simulation B alters the
standard deviation of the radioactivity of voxels within the vasculature cluster (oyasc(t)).
These properties are used in the generation of the STARE anchors. The left columns of (A)
and (B) use the same metric on the y-axes to assess the difference between the original and
simulated py,sc(t) Or oyasc(t) curves, which sums the difference between the curves across
all time-points. The x-axes of the left columns of (A) and (B) are the percent difference in
STARE-estimated K; between that simulation iteration and the original result. If necessary,
a center column is shown as a zoomed-in inset of the left column. The right columns of (A)
and (B) show the simulated curves (with the original curves shown in black)). Within each
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simulation (across rows), the colors (on a yellow-to-blue scale) are consistent from left to
right.
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