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Abstract—In this study, we used a compact, high-resolution,
and magnetic resonance imaging (MRI)-compatible positron
emission tomography (PET) camera (VersaPET) to assess the
feasibility of measuring the image-derived input function (IDIF)
from arteries in the leg with the ultimate goal of enabling fully
quantitative PET brain imaging without blood sampling. We used
this approach in five 18F-FDG PET/MRI brain studies in which
the input function was also acquired using the gold standard
of serial arterial blood sampling. After accounting for partial
volume, dispersion, and calibration effects, we compared the
metabolic rates of glucose (MRglu) quantified from VersaPET
IDIFs in 80 brain regions to those using the gold standard and
achieved a bias and variability of <5% which is within the range
of reported test–retest values for this type of study. We also
achieved a strong linear relationship (R2>0.97) against the gold
standard across regions. The results of this preliminary study
are promising and support further studies to optimize methods,
validate in a larger cohort, and extend to the modeling of other
radiotracers.

Index Terms—Compartmental modeling, functional brain
imaging, high-resolution PET, image-derived input func-
tion (IDIF), positron emission tomography (PET), tracer kinetic
modeling.

I. INTRODUCTION

POSITRON emission tomography (PET) is a powerful
imaging method for studies of normal and pathologi-

cal brain function. It not only directly measures in vivo the
concentration of radionuclide-labeled pharmaceuticals but also
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allows the extraction of useful quantitative information per-
taining to the underlying physiological mechanisms. Tracer-
specific kinetic models play a key role in quantitative
brain PET imaging as they allow accurate quantification
of radioligand binding to specific receptors or enzymes [1].
However, these models require an estimate of the arterial
input function (AIF)—the amount of unchanged radiotracer
concentration over time in arterial plasma. A conventional
approach in measuring the AIF is through arterial cannula-
tion where a catheter is placed inside the subject’s artery
to withdraw blood and sample radiotracer concentration with
respect to time. This process is cumbersome and costly and
can cause discomfort and potential complications in sub-
jects, which may discourage subjects from volunteering for
PET studies [2].

An alternative to the extraction of blood is to estimate
the input function from serial images of arteries, known as
the image-derived input function (IDIF). In brain PET imag-
ing using a scanner with a sufficiently large axial field of
view (FOV), regions of interest (ROIs) can be drawn on
intracranial carotid arteries, which are either defined in PET
images [3]–[5] or through registration with magnetic reso-
nance imaging (MRI) [6]–[8]. Given the small carotid diameter
(∼5 mm) and the relatively poor spatial resolution of commer-
cial PET systems (also ∼4–5-mm best case), this method is
especially prone to partial volume errors (PVEs). The PET
IDIF method can be more effective for large vessels such as
aorta [9], [10], although they may not be sufficiently covered
in brain imaging studies due to the limited FOV.

PET systems with higher resolution have been applied to
arteries in the wrist [11]–[15] and attempts have been made
to measure the positrons that escape from the body [16], [17].
Despite many approaches in measuring the IDIF directly with-
out blood measurement, it was pointed out [2] that they may
not offer as reliable results as those achieved by scaling the
IDIFs with at least some blood samples. Aside from the direct
measurement of IDIFs, population-based approaches [18] by
using a common input function “template,” and simultaneous
estimation approaches [19] by deriving the common input



function from several PET ROIs were also applied to inves-
tigate the input function, as noninvasive alternatives. While
promising, these alternatives to blood sampling have not yet
gained widespread acceptance and alternative methods remain
of interest.

In this research, we propose measuring the IDIF with a high-
resolution PET imager called VersaPET by imaging arteries in
the leg for the first time to our knowledge. The leg is easily
accessible during a brain study, even when using combined
PET/MRI systems which typically have a very long bore and
hence more difficult access to the wrist. The VersaPET is
a custom-designed, compact PET system that has a spatial
resolution ∼1.9 mm at the center FOV and functions in an
MRI environment, making it a promising option for measuring
noninvasive IDIF for brain PET/MRI studies [20], [21].

II. MATERIALS AND METHODS

A. Clinical Study

The input function study using VersaPET was added to an
ongoing clinical research study that uses 18F-FDG PET/MRI
brain imaging to study major depressive disorder (MDD). The
protocols for 18F-FDG PET included a mixture of healthy
volunteers and patients with MDD. All studies were approved
by the Committee on Research Involving Human Subjects (IRB)
at Stony Brook University. We included five scans in our study.
The brain imaging was performed with the Biograph mMR
PET/MRI scanner (Siemens Healthcare, Knoxville, TN, USA)
for 60 min immediately following injection. An activity range of
159–189 MBq 18F-FDG was injected into the antecubital vein.

B. Withdrawal and Counting of Blood Samples

Conventional arterial blood sampling was carried out as
a gold standard. After arterial cannulation of the arm contralat-
eral to the tracer injection site, automated arterial sampling was
performed for the first 6 min after injection using the Twilite
counting system (Swisstrace GmbH Menzingen, Switzerland)
using a pump rate of 2.4 ml/min. Twilite is an automatic blood
sampling device that measures the radiotracer concentration
in the blood as it is drawn out of the body at a constant rate
with a syringe pump. It provides count rates at intervals of
1 s. After a background subtraction, the count rate is con-
verted to radioactivity concentration using a calibration factor
which was determined by measuring a sample of known activ-
ity concentration (using dose calibrator and known volume of
sample). After 6 min, the Twilite was turned off and three
additional arterial blood samples were manually drawn at 20,
40, and 60 min of ∼0.6 ml each, for a total extracted vol-
ume of ∼16 ml after injection. Manual samples were weighed
and counted in a 2480 Wizard gamma counter (PerkinElmer,
Waltham, MA, USA) to obtain radioactivity concentrations,
which were decay-corrected to the start of the PET scan. In
this work, the input function determined with extracted blood
is termed the blood-derived input function (BDIF), which
includes the Twilite portion (0–6 min) and manual portion
(at 20, 40, and 60 min).

Fig. 1. VersaPET scanner. (A) Docking position of scanner in white housing
with power and signal cables. (B) Side view of the scanner exposing its tower
boards that also host the detectors (not visible). (C) Top view of the scanner
showing the motherboard and communication modules. (D) One tower board
showing four detector blocks.

TABLE I
VERSAPET SPECIFICATIONS

C. VersaPET Scanner Description

VersaPET (Fig. 1) is a compact, MRI-compatible, high-
resolution PET system that was previously built for small-
animal [22] and human organ-specific imaging purposes [23],
so-named to reflect this versatility. It is based on the detec-
tor and electronics technologies developed for the RatCAP
system [24], [25]; components are shown in Fig. 1 and key
specifications are summarized in Table I.

D. VersaPET Imaging

As shown in Fig. 2, the VersaPET is positioned on the sub-
ject’s lower leg just below the knee and immobilized with
padding. The inner diameter was sufficient to fit all partic-
ipants who consented. The subject’s head is placed in an
MRI brain RF coil for PET/MRI imaging. Thus, VersaPET
imaged the arterial radiotracer uptake simultaneously with
the 18F-FDG PET/MRI brain scan and arterial blood sam-
pling. Scanner calibrations, including equalization of detector
gains, time alignment, and energy threshold, were completed
prior to the scans. The energy threshold for each acquisition



Fig. 2. Demonstration of subject positioning for the PET/MRI brain study
with VersaPET (white ring on leg) for measuring the PET input function.

was set to be 350 keV. The VersaPET data was acquired
for 60 min for each patient, the same time period as the
brain scan.

E. VersaPET Image Reconstruction

Our lab previously developed a dedicated GPU-accelerated
MLEM code for the VersaPET system [26]. The system
model is based on the ray-tracing method using the scan-
ner’s exact block geometry (which includes gaps between
blocks). Data corrections included those for deadtime, decay,
randoms, and attenuation. The attenuation map for each dataset
was created by manually segmenting the initial reconstructed
image of the last frame (without any correction except for
randoms), which provided a sufficient definition of the outline
of the leg. We assigned a tissue linear attenuation coefficient
of μ = 0.096 cm−1 for the leg and forward-projected the
mu map to create an attenuation sinogram. The images of the
60th iteration were post-smoothed with a 3-D Gaussian filter of
4.25-mm FWHM to control noise and establish a uniform res-
olution across the image for partial volume correction (PVC),
and used for subsequent analysis.

For simplicity, we assumed a constant attenuation coefficient
(mu = 0.096 cm−1) throughout the leg. We also investi-
gated the effect of accounting for the higher attenuation of
the bone (tibia) by using the coefficient for cortical bone
(mu = 0.172 cm−1) over the cold region corresponding to
the tibia. This resulted in a small increase in IDIF values
of <4%, but the true effect would be even smaller because
a substantial portion of the tibia consists of marrow whose
attenuation is closer to soft tissue. Moreover, our scaling of
IDIF to the actual blood samples would further compensate
for the additional attenuation resulting from bone.

Scatter correction was not performed in this study because
it can be challenging to implement in a robust way, especially
for short and noisy time frames and with substantial activity
outside the FOV (for these reasons, it is often neglected in
prototype systems such as ours). Furthermore, we expect scat-
ter to be relatively low for small objects like the lower leg,
at least compared to whole-body systems. It should also be
noted that our scaling of IDIF to actual blood samples at least
partially compensates for the effects of scatter.

F. ROI Analysis With Partial Volume Correction

Due to the limited scanner spatial resolution, the PET
images are susceptible to PVEs, corresponding to the spill-
over of activity (cross-contamination) between the artery and
the surrounding tissue [27]. The effect of PVE may lead to
biased estimation of the activity concentration in the stud-
ied ROIs on PET images. In order to compensate for this
effect, PVCs can be applied which may restore the true activ-
ity concentration in the ROIs. There are a variety of existing
methods for PVC [28], and in this study, we adopted the com-
monly applied geometric transfer matrix (GTM) method [29].
We first estimated the artery inner diameter by performing
a trueFISP MRI scan of the lower leg of a single subject which
exhibited an average diameter of 3 mm. This value is consis-
tent with previously reported tibial artery dimension [30] and
was assumed for all our studies. We also investigated the effect
of the expected variability in vessel diameter across popula-
tion, which was estimated to be ∼0.4 mm based on [30]. On
the reconstructed VersaPET images, we drew circular ROIs
with that diameter centered on the blood vessel on each slice
(Fig. 5 embedded figure is an example) and calculated the
average vessel ROI values for each individual frame of images.
Then, we drew a background ROI in the tissue region on each
slice and calculated the average tissue ROI values for each
individual frame of images. We then applied the GTM PVE
correction using spill-over factors (determined using a simu-
lated vessel image smoothed with the image spatial resolution)
to obtain the partial volume corrected IDIF.

G. Optimization of Frame Duration

Initial time frames in dynamic PET studies are typically
short in order to capture the peak from the bolus injection and
this is especially important for the IDIF. However, sinograms
from these early time frames can have low count levels due
to their short duration resulting in substantial Poisson noise
as well as quantitative bias [31], [32]. In order to reduce
the quantitative bias associated with the early time frames,
we performed a simulation study to inform our choice of
frame durations that represent a balance between adequate
time sampling and bias. The simulation was based on the
VersaPET design using Geant4 Application for Tomographic
Emission (GATE) [33]—an open-source Monte Carlo simu-
lation package for PET imaging which incorporates accurate
physics processes and allows knowledge of ground truth so
that bias can be determined. We simulated three scenar-
ios which approximated qualitatively different time points in
the early portion of the AIF with different contrast ratios:
an artery-only scenario representing the input function peak
(using 127 kBq/cc which is a typical value), as well as 11:1
and 6:1 artery-to-tissue contrast ratios representing time points
on the trailing side of the input function peak (using a back-
ground activity of 1.27 kBq/cc in a warm disk surrounding the
artery).

We binned the simulation data into frames of different
lengths for each scenario (3, 9, 27, 144, and 432 s), and then
performed image reconstruction of each frame using our in-
house MLEM code [26]. As with the real data, we drew ROIs



on the artery on each slice of the reconstructed image and aver-
aged them. For each frame duration, four noise realizations
were used to calculate the mean and standard deviation (std).

H. Modeling Dispersion With the VersaPET IDIFs

Because Twilite counting occurs after being drawn through
∼80 cm of tubing (Braun V5450 extension set), this causes
dispersion of radioactivity as it traverses the line. In order to
model the dispersion effect, exponential smoothing [34] was
applied to each VersaPET IDIFs to approximate the Twilite
measurement conditions, allowing a comparison between
methods on a more equal footing. The dispersion parameters
were calculated as follows.

For each of the datasets from the five patient scans in our
study, we first interpolated the BDIFs and VersaPET IDIFs to
obtain equal time intervals (1 s) throughout, and then com-
puted the area under the curves (AUC) for each curve which
should not be strongly affected by differences in dispersion.
We scaled each VersaPET IDIF to the corresponding BDIF
by equalizing the AUC. We applied a moving average filter
(window size = 5 s) to the noisy BDIF over time and used
this as target data to determine the degree of exponential fil-
tering of the VersaPET IDIF. We then determined an optimal
exponential smoothing factor α which minimizes the summed
chi-square statistic between the VersaPET and smoothed blood
samples, namely

α = argmin
N∑

i=1

χ2
i (1)

where N is the number of datasets, and

χ2
i =

T∑

j=1

(sj − bj)
2

bj
. (2)

T is the number of sample points, and

sj =
{

p0, j = 0
αpj + (1 − α)sj−1, j > 0.

(3)

Here, p is the unsmoothed PET activity concentration at
the jth time point, s is the exponential-smoothed PET activity
concentration at the jth time point, and b is the post-smoothed
blood sample activity concentration at the jth time point.
We then applied the same exponential smoothing to the raw
nonscaled VersaPET IDIFs from each study.

I. Processing of Raw VersaPET IDIFs

The gain of APDs and thus the detection efficiency of the
VersaPET scanner is relatively sensitive to the temperature.
However, these human studies were acquired over a long time
period and in a clinical environment in which it was difficult
to rigorously control the temperature or consistently acquire
absolute calibration data. Therefore, we chose to scale the
VersaPET IDIFs with multiple approaches to determine the
optimal method. To emulate using a single manual blood sam-
ple for scaling, we scaled the IDIF to match a single time point
on the BDIF, using a time either after the peak (12-min post
injection) or at the end of the scan (60-min post injection). To
investigate potential improvements from using further manual

TABLE II
SUMMARY OF POST-PROCESSING OF VERSAPET IDIFS

samples, in some cases, we also replaced the end of the IDIF
with values from the BDIF. In this way, we created five dif-
ferent versions of the IDIF (PET1–PET5), as described below
and summarized in Table II.

In PET1 and PET2, we scaled the filtered VersaPET IDIF to the
60 and 12 min samples, respectively, of the BDIF; these represent
more practical scenarios in which only one blood sample is used
to scale the data. For PET3 and PET4, we started with PET1 and
PET2, respectively, and replaced the last three points with those
from the manual portion of the BDIFs to see if this additional
late blood data improved the results. To investigate the effects
of dispersion alone, we created a PET5 which is the same as
PET4 but without dispersion applied.

J. MRglu Calculations

We input the VersaPET IDIFs described in Section II-I
and the corresponding clinical PET images and plasma glu-
cose values to the PET processing pipeline [35] developed at
Stony Brook Center for Understanding Biology with Imaging
Technology (CUBIT). We performed Patlak analysis, where
a linear function was fitted to the Patlak plot to obtain the
slope K+. The metabolic rate of glucose (MRglu) was esti-
mated with K+ after correction for the lumped constant (LC)
and the plasma glucose concentration (PG [mmol/l]), as shown
in (4). We repeated the analysis with the manual blood samples
and used the output as ground truth

MRglu = PG

LC
Ki. (4)

In total, MRglu estimates were generated for 80 different
regions spanning the brain that are provided by our pipeline.

We compared all 5×80 MRglus from each VersaPET IDIF
with those from BDIFs by determining the percent differences
and examining correlations between them.

To compare our results to IDIF determined from the carotid
arteries, we followed the same procedures as described above,
except using the fully corrected PET data from the PET/MRI
(with guidance from the MRI to draw ROIs), and a PVC which
assumed a more appropriate vessel diameter of 5 mm [6]–[8].
We then calculated the root mean square errors of VersaPET
and carotid IDIFs compared to BDIF as well as, mean bias
and standard deviation of MRglu.



Fig. 3. Monte Carlo simulation results of hot vessel in leg background
at various activity ratios and frame durations. (a) Artery-only scenario.
(b) 11:1 artery to tissue contrast scenario. (c) 6:1 artery to tissue contrast
scenario. (d) TAC curves (in log time scale) from the proposed sinogram
binning scheme (30-s frame duration) and the original binning scheme (5 s
frames). Error bars indicate the standard deviation across replicates.

III. RESULTS

A. Optimization of Frame Duration

Fig. 3 indicates the mean and variability of hot vessel ROI
values reconstructed from sinogram frames of durations rang-
ing from 3 to 432 s (> 7 min, presumed to be bias-free) and
corresponding to the different contrast ratios. For the artery-
only scenario [Fig. 3(a)], the ROI values are close among the
three frame durations and variability is small. For the 11:1 con-
trast scenario [Fig. 3(b)], the activity becomes progressively
lower with shorter frame durations, reaching a 29% loss at 3 s.
The variability increases with the shorter frames. The 6:1 con-
trast scenario [Fig. 3(c)] behaves similarly but with generally
greater losses due to the lower count levels. We note that the
27-s frame achieves a loss and variability of <10% across all
scenarios.

Clearly, the image reconstruction algorithm introduces a neg-
ative bias when reconstructing short time frames with limited
counts. Given the above observations, we used short frames to
capture the input function peak with 12 × 5 s frames, where the
artery to tissue contrast is much greater than 11:1 and, therefore,
the bias should be low. We then switched to 8 × 30 s frames
immediately following the peak when the ratio approached 11:1,
which would provide <10% bias. Then, we used even longer
frames (5 × 1 min frames and 5 × 10 min frames) for the rest
of the input function which would bring the bias to even lower
than 5% based upon the simulation.

An example of applying the binning schemes to measured
data from the leg is shown in Fig. 3(d). We note a period
of evident undershoot (underestimate bias) with high variance
between 1 and 5 min in the IDIF sampled at 5 s compared to
the proposed scheme sampled at 30 s samples in that portion
of the IDIF.

B. Reconstructed VersaPET Images

Fig. 4 shows the center slices (a)–(c) and 3-D maxi-
mum intensity projections (MIPs) (d)–(f) of the reconstructed
images along the transverse direction from one subject at
∼20 s after injection and also at 10 and 55 min after injec-
tion. The ∼20 s image corresponds to the input function peak
when vessel uptake of 18F-FDG dominates whereas the 10
and 55 min images show how the vessel gradually becomes
indistinguishable from surrounding tissue. With longer binning
frames, the 55-min image appears less noisy (Fig. 4(b) in the
surrounding tissue than the 10 min one [Fig. 4(c)]).

C. VersaPET IDIFs With Partial Volume Correction

One example showing the VersaPET IDIF with and without
PVC is shown in Fig. 5. Note that at the peak, the ratio between
the PVC-corrected and uncorrected is large, while at later times,
the ratio is getting less as the activity concentration in the artery
becomes lower while that in the tissue becomes higher.

With respect to the variability in vessel diameter across the
population, we introduced a one standard deviation increase
in diameter into the PVC, and found an average difference
of ∼16% in partial volume corrected IDIF based on our
five patient datasets. However, due to our scaling of the IDIF
to actual blood samples, the ultimate effect on MRglu was
much lower and can be considered negligible (bias of <3%
across all scaling methods, with standard deviations <1%).

D. Post-Processing of VersaPET IDIFs

By using (1), we determined the optimal α value to be
0.0095. The exponential filter in (3) is equivalent to a con-
volution operation with an exponential function (1/τ)e−(t/τ),
with τ corresponding to 104.8 s for this value of α. An exam-
ple of the various post-processed versions of the VersaPET
IDIF for one subject is shown in Fig. 6(a) which is plotted in
a log–log manner to visualize differences across the full scale.
Compared with the corresponding BDIF, PET5 has a sharper
and higher peak and also precedes the BDIF peak by 34 ±
5 s for the five subjects, which is generally expected due to
dispersion in the Twilite portion of the BDIFs. Exponential fil-
tering makes VersaPET IDIFs closer to the BDIF. The carotid
IDIFs were clearly noisier than their VersaPET counterparts,
as shown in Fig. 6(b). For example, with PET5 processing
(no dispersion applied) root-mean-square errors when using
the BDIF as ground truth were almost twofold larger (5.9%
for carotid IDIF and 3.2% for VersaPET IDIF).

E. Accuracy of MRglu From IDIF

Fig. 7 presents the bias and standard deviation (std) of the
MRglu values calculated using the VersaPET IDIFs, using
MRglu from BDIF as ground truth. As shown in Fig. 7(a),
we note PET4 and PET5 exhibit the least bias and std (<5%),
while PET1 and PET2 are associated with somewhat lower
accuracy. We then examined the linear relationship between
VersaPET IDIF MRglus and BDIF MRglus [Fig. 7(b)–(f)].
Consistent with the bias–std results, PET4 and PET5 achieve
superior linearity (R2>0.97) compared to PET1 and PET2
(R2<0.90).



Fig. 4. One slice of 18F-FDG VersaPET leg images of (a) ∼20-s post-injection frame when 18F-FDG concentration is peaked in the blood vessel, and (b) and
(c) 10- and 55-min post-injection frame after 18F-FDG has been absorbed into the surrounding tissue. (d) Transverse MIP image corresponding to ∼20-s
post-injection frame. (e) MIP image corresponding to 10-min post-injection frame and (f) MIP image corresponding to 55-min post-injection frame.

Fig. 5. VersaPET IDIF with and without PVC. (Embedded figure) ROI
definition used for calculating the VersaPET IDIF.

For the carotid IDIF results, without scaling to blood, the
MRglu values showed a large bias and standard deviation
(7.2±13.1%) compared to BDIF-based MRglu values. After
applying the most effective scaling methods PET4 and PET5,
the MRglu results from carotid IDIF became much more sim-
ilar to those from VersaPET (leg) IDIFs, although VersaPET
IDIFs showed somewhat improved bias and standard devi-
ation (e.g., for PET5, 3.5±3.7% for VersaPET leg versus
4.9±4.1% mMR carotid).

We also estimated scatter-associated bias in the blood ves-
sel activity using a GATE simulation of the leg with vessel
and background activity taken from real data. The bias ranges
from <1% at the input function peak to 10.3% at 55 min
after injection. However, applying scatter correction using
these estimates has a negligible effect on the accuracy of

the final outcome measure of MRglu (<1% difference in bias
and stdev). This suggests that our scaling methods are fairly
effective in compensating for the effect of scatter.

IV. DISCUSSION AND CONCLUSION

In this work, we examined the capability of VersaPET for
quantifying the IDIF, with a specific goal of evaluating the
extent to which VersaPET imaging of leg arteries could replace
conventional arterial blood sampling for 18F-FDG PET brain
imaging. Imaging of leg arteries might be more effective even
when using PET/CT since the arteries have a larger diameter
in the leg than the wrist, resulting in more activity within the
FOV and less susceptibility to PVEs.

We first presented a method to determine appropriate time
framing for the IDIF so that reconstruction bias in the IDIF
is reduced to acceptable levels. Our Monte Carlo simula-
tions and analysis demonstrated that times near the peak can
be reconstructed with short time frames of duration <5 s
with negligible bias, and that later times can utilize ∼30 s
frames with <10% bias. This binning scheme is consistent
with that used for manual arterial blood sampling in quantita-
tive FDG studies (e.g., [36]) and thus the frame length is not
expected to pose a limitation for this type of study. It should be
noted that this effect may need to be re-evaluated for different
radiotracers due to the various protocols used.

We accounted for dispersion in the BDIF by applying expo-
nential filtering to the IDIF data so that the methods could
be compared on an equal footing. The exponential smooth-
ing could be scaled to a smoothing parameter τ of 104.8 s



Fig. 6. (a) Different TAC curves for one subject from direct arterial
blood samples (BDIF) and VersaPET blood vessel images (IDIFs) with
different postprocessing methods. Note both coordinates are in log scale.
(b) Comparisons between leg artery TACS from the VersaPETand carotid
TACs from the clinical PET/MRI. Note the increased noise in the early
carotid TACs.

in this study is not directly comparable to previous studies
of dispersion due to differences in setup. It is greater than
a previous result of ∼15 s [34], but this is consistent with the
approximately twofold greater length of our tubing, consider-
ing that longer tubing is associated with a greater dispersion
effect [37]. Overall, adding dispersion to the IDIF results in
a curve shape much closer to that of the BDIF.

However, the ultimate outcome measure for this type of
study is MRglu for each brain region. MRglus generated using
VersaPET IDIFs exhibited a strong linear relationship to those
generated with the corresponding BDIFs but we did observe
different levels of bias and variability associated with the
different approaches to processing the VersaPET IDIFs.

Although PET5 has the smallest average bias, PET4 is only
slightly worse, and the more important parameter is arguably
the variability. In this sense, PET4 (which includes the disper-
sion effect) is actually the method that matches BDIF results
best—showing marginally higher bias but the substantially
lower variance and the best R2 coefficient of determination.
Based on the above arguments, one could speculate that PET5
(no dispersion applied) could actually be more accurate than
BDIF, due to its faster temporal response, although this would
be difficult to validate because there is no gold standard with
a better temporal response.

In the PET4 case, the bias and standard deviation are both
about 3% which is at the low end of the 2%–10% range of typ-
ical MRglu test–retest values from 18F-FDG PET previously
reported [38]. Note also that PET1 is also within the test–retest
range (∼8% bias and std) and requires only a single blood
sample for scaling which would be more convenient. In sum-
mary, the most stable MRglu values were achieved using an
input function that concatenates VersaPET data up to 12 min
with manual samples after that point, with dispersion applied
(PET4 approach), yet sufficient accuracy might be achieved
by using a full VersaPET input function scaled to a 60-min
blood sample, with dispersion applied (PET1 approach).

One well-known limitation of the PET IDIF methods is that
they only measure the activity concentration of radiotracer in
whole blood rather than in plasma. Because our study used
18F- FDG, the difference between using whole blood versus
plasma is minimal [39], although this needs to be carefully
evaluated for each radiotracer. In any case, automatic blood
sampling systems, such as the Twilite, also provide only whole
blood measurement. Also, for tracers in which arterial/venous
concentrations equilibrate at later times, it is possible to scale
VersaPET arterial IDIFs to a late venous sample without the
need for the placement of an arterial catheter at all.

Although the carotid IDIF approaches the accuracy of leg
IDIF when the same methods are used to scale IDIF to blood
samples, carotid arteries are not always in the FOV of clin-
ical PET systems, especially those with axial FOV <20 cm.
Moreover, the noisier nature of the carotid IDIF implies that
it may perform more poorly in imaging scenarios that are
more complex than FDG PET analyzed with the Patlak method
(which is largely determined by integrals of the IDIF at later
time points, which average out the noise). It should also be
noted that the VersaPET was not designed for this specific
application, and that further improvements in quantification
capabilities could be achieved from design improvements such
as those described below.

While this preliminary study suggests that our approach of
leg imaging may provide sufficient accuracy for quantitative
metabolic brain imaging with FDG, a number of improvements
are possible from an instrumentation perspective. A scanner
that is custom designed for this purpose could have a longer
axial extent which would reduce Poisson noise by increasing
acceptance angle and volume of blood in the FOV, and thus
reduce the need for image smoothing. Similarly, a larger bore
size would allow imaging of the upper portion of the leg,
which would access the larger femoral and popliteal arteries,
reducing the PVE and sampling a larger blood pool. A smaller
crystal size such as 1 mm would further reduce the PVE, while
depth-of-interaction (DOI) capability would be less important
due to the central location of the vessels of interest. Moreover,
the larger leg diameter could benefit from time-of-flight (TOF)
capability for a 20-cm object (i.e., thigh), a state-of-the-art
200-ps FWHM coincidence time resolution would offer an
effective sensitivity gain of a factor of ∼6.

Moreover, the time over which the radiotracer is injected
could be increased for better compatibility with generating an
accurate input function from leg images. The current study
uses a relatively fast bolus injection over ∼10 s, but a longer



Fig. 7. (a) Bias and stds of VersaPET IDIFs with different scaling methods. Regression plots showing the relationship between the MRglus derived from
BDIFs and the MRglus derived from (b) PET1, (c) PET2, (d) PET3, (e) PET4, and (f) PET5 of five subjects.

injection would allow longer time bins which could potentially
reduce noise from higher count densities and reduce the bias
we observed in very short time bins.

We believe the results of this preliminary study are very
promising and strongly support further studies with fully self-
calibrated PET data and a greater number of subjects. This
could produce a truly noninvasive solution for measurement of
the AIF which would greatly facilitate research studies as well
as their translation to the clinic. In some ways, this approach
could potentially be even more accurate than automatic blood
sampling, because it avoids issues of delay and dispersion that
may occur when long tubing is used to extract blood samples.
Studies should also be expanded to other radiotracers and
kinetic modeling methods, which may have variable sensitivity
to the dispersion, magnitude, and noise in the input function.
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