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Abstract— Whole-body PET parametric imaging can combine
the benefit of extended axial field-of-view (FOV) in multi-bed
scans with that of generating time activity curves (TACs) in
dynamic scans. We have recently proposed such a framework
capable of delivering whole-body FDG Patlak images in clinically
feasible scan times. The design of the acquisition protocol was
limited to a single time-window and the standard Patlak
graphical analysis method. However, the relatively long FDG
half-life and uptake, compared to clinically acceptable acquisition
time-windows, render the choice of this window critical. The
major FDG Kkinetic components can be estimated from the early
and intermediate TAC segments. On the contrary, at later time-
windows, tumor contrast may be overall higher. In addition, the
standard Patlak method does not account for tracer uptake
reversibility, a property that becomes more apparent at later
acquisition time-windows for certain tumors, thus increasing the
probability for larger bias at later times. Consequently, the
choice of the optimal time-window can be critical and should
constitute an important design aspect of multi-bed dynamic
protocols. In the present work we assessed the impact of a sliding
acquisition time-window on whole-body FDG PET parametric
images. This included incremental shift of a 6-pass acquisition
time-window (~35min) along an extended scan period of 0-90min
post injection, using both real patient kinetic data as well as
realistic 4D simulations of the state-of-the-art Siemens Biograph
mCT scanner. We also propose the selective application of a
generalized Patlak method accounting for uptake reversibility.
Our simulated and clinical results demonstrate that both Patlak
methods (standard and generalized) result in enhanced tumor-to-
background contrast as well as contrast-to-noise ratios with
minimal bias at an early acquisition time window (10-45min post
injection) with the generalized method exhibiting systematically
superior performance.

I. INTRODUCTION

YNAMIC PET imaging allows for the acquisition of
tracer time activity curves (TACs) enabling estimation
of kinetic parameter at the voxel level (parametric
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imaging) [1-10]. However, its application has been limited to
research setting. Recently, we proposed a clinically feasible
multi-bed dynamic PET imaging framework for FDG tracers,
coupled with Patlak-based kinetic models and indirect as well
as direct kinetic parametric image reconstruction methods, to
facilitate its transition to the clinic for tumor detection and
quantification [11-14].

The design of the scan protocol of the proposed framework
was restricted to an acquisition time-window starting always
right after the completion of an early dynamic heart scan 0-6-
mins post-injection [11,15]. In addition, only the standard
Patlak model was considered [16]. However, the choice of the
time position of this acquisition window, relative to injection
time, may be critical for the contrast and noise properties of
the final clinical parametric PET images, due to

1) the considerably long time range during which the
kinetics of FDG and other '*F tracers are usually
expressed in human normal tissues and tumors
[1,4,7,17], and

2) the long "*F half-life (110 mins).

These two properties of FDG kinetics result in relatively
slowly changing TACs implying an extensive time spread of
the kinetic information over a large time period after injection
in comparison to the maximum acquisition time windows of
~30mins that are nowadays usually accepted in clinical routine
when considering patient throughput and comfort criteria
[1,17]. Consequently, large dynamic acquisition time periods
are often required to sufficiently estimate the full kinetic
properties of FDG in tissues and suspected tumor regions.
However, after conducting an optimization analysis study, we
proposed limiting the length of the acquisition time window to
only 6 whole-body dynamic passes across all beds of the
whole-body field of view (FOV) or equivalently to 30-35min,
in order to conform to the routine clinical PET study
requirements [15]. In addition, whole-body dynamic PET
acquisitions inherently contain large time gaps of ~6min
between the frames of each bed, thus, further limiting the time
period for which actual data acquisition occurs [11].

Therefore, in this study, to maximize the amount of kinetic
information that can possibly be acquired from a dynamic
whole body PET scan within a given scan time-window,
already optimized in terms of its time length, we:

a) additionally optimize the position,
injection, of the acquisition time-window, and

b) comparatively investigate the impact of the window
position for two previously proposed Patlak graphical
analysis methods, each using different assumptions
for the tracer uptake reversibility [18,19].
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The FDG tracer kinetics may result in considerable
changes of the count and contrast levels in both suspected
tumors and their background regions, especially in the early
frames, where the rise of the TAC is steep with time [1,11]. In
addition, it has been shown that FDG may exhibit in some
tumor or normal tissue regions a small, but non-negligible,
tracer uptake reversibility, whose net tracer efflux effect can
be modeled by the kinetic macro-parameter ( k) or tracer
efflux rate constant and is linearly dependent on k, kinetic
micro-parameter [18-21]. Tracer uptake reversibility, or ki,
is expected to reduce, though to a relatively small extent, the
absorbed or metabolized amount of activity, with the apparent
effect on TACs being negligible at early frames but gradually
becoming stronger at later time frames or TAC segments [19-
21].

The standard Patlak method does not account for k,
effect, i.e. erroneously assumes it is zero, resulting in
underestimation of the estimated tracer influx rate parameter
K; in regions with non-negligible uptake reversibility [18-21],
with the bias becoming larger for stronger underlying k&, rate
constants [16,18,19]. However, this model supports a linear
graphical analysis method and, thus, it is very robust to noise.
On the other hand, a generalized Patlak method had been also
introduced to additionally support £k, modeling for more
quantitative estimation of K; parametric images, at the cost of
smaller tolerance to noise, due to the non-linear estimation
process involved [19].

Both of the above-mentioned tasks, (a) and (b), are equally
important in this impact evaluation study, as they are expected
to affect each other. The choice of a particular time-window
position can impact the quality of parametric images but this
effect may be different between the two examined Patlak
models. This is because each model is associated with: 1)
different k,, assumptions and 2) different robustness to the
high noise levels usually present in whole-body dynamic PET
data.

Our aim in this study is to provide, through a systematic
and quantitative evaluation of parametric images, a sufficient
answer to the following question: When is the best time to
acquire a set of 6 passes of whole-body FDG PET data after
injection and how the choice of different Patlak models can
affect our decision? By investigating this problem, we hope to
derive conclusions that would further facilitate the smoother
clinical adoption of this quantitative PET imaging framework
in the clinic.

II. METHODS AND MATERIALS

In this study we systematically investigate the quantitative
impact of acquisition time-window position on whole-body
PET parametric images for two previously introduced Patlak
estimation methods. For that purpose, we evaluate the effect of
an incremental shift of an already optimized fixed-length
acquisition time-window along a unique dynamic whole-body
PET dataset of 0-90min post injection, using both real patient
kinetic data as well as realistic 4D simulations of state-of-the-
art Siemens Biograph mCT TOF PET scanner [22] with
kinetic parameter values obtained from literature (Table I)
[23-25].

TABLE I. K RATE PARAMETERS

Regions K, k> ks k4 Vs
Normal Liver 0.864 0.981 0.005 0.016 -
Liver Tumor 0.243 0.78 0.1 0 -
Normal Lung 0.108 0.735 0.016 0.013 0.017
Liver Tumor 2 0.283 0.371 0.057 0.012 -
Myocardium 0.6 1.2 0.1 0.001 -

A. Sliding acquisition time window

The time course of activity concentration during the first
90min after injection of FDG or other F-18 tracers typically
exhibits considerable variation in many uptake regions [1,11].
However, the available time window for clinical acquisition is
limited. Thus, a challenge arises in selecting which time
segment of the TACs better characterizes the overall kinetics
of the tracer across all voxels of the primary regions of
interest. That choice is also affected by the kinetic model.
Consequently, the selection of the appropriate time-window
for the employed kinetic model should constitute an important
specification of any single- or multi-bed dynamic acquisition
protocol. Previously, we proposed a multi-bed dynamic PET
acquisition scheme, consisting of two separate phases [11]:

a) an initial 6-min dynamic scan over the heart bed to
acquire the early segment of the input function, i.e. the
TAC in blood plasma, followed by

b) a dynamic series of unidirectional whole-body passes,
each consisting of bed frames of equal duration (45sec), to
acquire the later portion of the input function as well as of
the TACs of all voxels in all beds.
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Fig. 1. Schematic representation of the second phase of whole body
dynamic acquisition sequence and the direction of shift of the 6-frame
acquisition window across the 13 passes collected from 0-90min post-
injection.

In the current study, we focus on the second phase and
consider a range of shifted acquisition time windows, with
respect to the injection time. The utilized time window
consists of 6 whole-body passes, each comprised of 7 beds,
each scanned for 45sec. Its total duration is ~35mins with



initial time positioning corresponding right after the
completion time of the first acquisition phase [11,15]. The
remaining time positions can be derived by gradually shifting
the window to later times always by an interval equal to the
time period of a single pass. After accounting for the bed
positioning capabilities of modern PET scanners and
confirming with an actual clinical whole body scan, we
concluded that at least a total of 13 such wholebody passes can
be completed within a 0-90min time period [22].

B. Standard and generalized Patlak graphical analysis
method

The selection of the appropriate kinetic model can be critical
for a dynamic PET study, as each model makes certain
assumptions for the underlying tracer kinetics and accordingly
determines, through its model equation, which quantitative
physiological parameters it can directly estimate and what
type of dynamic activity measurements are needed for that
purpose [26,27]. In addition, the model equation can relate the
dynamic activity measurements with the estimated
physiological parameters in a linear or non-linear manner, the
latter being the case for more descriptive models with higher
number of parameters to be estimated and overall complexity,
thus, affecting the estimation process robustness to noise
[12,18,19]. Therefore, the kinetics of the tracer and the data
acquisition protocol can drastically limit the choice of
appropriate kinetic models applicable to a particular dynamic
PET study.

Our proposed framework of dynamic whole-body FDG PET
acquisitions requires the sampling of the TACs for all the
voxels of all bed positions across the body. The need to
acquire dynamic data across multiple beds introduces
relatively large time gaps between subsequent dynamic frames
of each bed, proportional to the scan time per bed. As a result,
given a minimum scan period of ~20sec at each bed to acquire
sufficient count statistics, any rapid changes of activity cannot
be practically captured in multi-bed dynamic PET
acquisitions. Therefore, for our proposed protocol to be
clinically feasible, it has to consist of the two acquisition
phases described in section A: the early 6-min dynamic scan
over the heart bed serves only for tracking the rapidly
changing early section of the heart ventricles TAC (input
function), while the time series of 6 whole-body passes, each
lasting for ~6min, aims in sufficiently capturing the later
slowly changing portion of all voxel TACs across all beds.

Consequently, the early 6-min section of all voxel TACs,
except from those belonging to the heart bed, is missing. Thus,
kinetic models or graphical analysis methods requiring time
sampling of the whole section of TAC, i.e. starting from
injection time (fully compartmental kinetic model, Logan
method etc), at every voxel cannot be practically applied in the
context of clinical whole-body PET FDG parametric imaging
with current PET scanner hardware and software technology
available today [26-28].

On the other hand, the class of graphical analysis methods
based on Patlak modeling formulation, such as the standard
Patlak analysis method, are well suited for voxel-based

estimation of the tracer influx rate constant K; by only
requiring [11,16,18,19]:
a) the time activity measurements from only the later
sections (>7-min) of all voxel TACs across beds and
b) the time integral of the input function, which is
common after certain delay and dispersion corrections,
for all voxels and can be measured from the heart bed.
The model equation for the standard Patlak model relates
the activity concentration PET measurements in the blood
plasma C,(t) (input function) and the tissue voxels C(t) at the
frame corresponding to time t, relative to injection, with the
unknown physiological or kinetic parameters of tracer net

influx rate constant K; and total blood distribution volume V,
as follows [16]:

t
c® = K; j C,()dT + VC, (1)
=K * GO+ VGO, t> (1)

where * denotes the operation of convolution and t* is the
time at which relative equilibrium is attained between the
concentration of tracer in blood plasma and that of non-
metabolized tracer in tissue [16]. In this study, we focus on the
estimation of K; images, because of their high clinical
relevance with clinical tumor response assessments [1,2,16].
The ordinary least squares (OLS) regression method is
considered as the parameter estimation method of choice,
since the standard Patlak model in Eq. 1 assumes a linear
relationship between the measurements and the unknown
parameters [16]. Moreover, note that Eq. 1 is only valid for
t > t* which also corresponds to the multi-bed dynamic data
acquisition time period (t* = 5-7min), i.e. with Patlak method
early dynamic (TAC) data are not useful, except from the
heart bed for the sole purpose of calculating the time integral
of the input function [11]. Unlike Logan method [26], when
the Patlak model formulation is applied [16,18] the need to
measure the time integral of all voxel TACs across all tissues
and beds is alleviated, making possible voxel-based estimation
of K; parameter from multi-bed dynamic PET data [11,19].
However, standard Patlak does not account for uptake
reversibility (ks 1s assumed to be zero), resulting in
underestimation of K; when k, is non-negligible. Recently
we introduced a generalized Patlak method which is non-
linear and, thus, less robust to noise, but capable to account for
non-negligible £, reversibility and, therefore, provide K;
estimates of higher quantitative accuracy (Eq. 2) [18,19]:

t

c@t) =K; j e Foss=DC (H)dr + VC,y(2)
0

= (Kje Mosst) x C,(6) + VC, (1), t > t*  (2)

The physiological parameter of net efflux rate constant k;,q
depends on k,, k3 and k, parameters, according to Eq. (3) [19]:

ks kaky

kioss = Gtk tk 3

An alternative graphical analysis method for estimation of
reversible uptake rate constants could have been the Logan



method, which has been extensively used for reversible
binding tracers in PET neuroimaging studies [26,27].
However, the generalized Patlak modeling scheme is capable
not only of accounting for reversible uptake, unlike standard
Patlak, but also retaining the benefit of Patlak formulations,
which do not require integration of every voxel TAC but the
input function, unlike Logan model [19,26].

For the non-linear estimation of the generalized Patlak
parameters (K, k.5, V) we have proposed the application of the
Basis Function Method (BFM), which utilizes a set of
carefully selected basis functions to effectively linearize the
estimation problem [19,30]. Due to high levels of noise
present in the short dynamic PET frames of each bed, BFM
produces highly noisy estimates particularly in low uptake and
background regions. Thus, we have previously introduced the
selective application of OLS regression to the voxels
exhibiting low linear correlation to Patlak method, as they are
more likely to be associated with high levels of noise to
preserve robustness [19]. For the highly linear correlated
voxels, often associated with low noise, BFM method can be
applied to achieve superior accuracy. However, the threshold
value defining the two voxel classes should be selected with
care, as the quality in the parametric images may be affected.
In general, a range of correlation threshold values of (0.85,
0.98) is recommended based on our findings in the current and
previous studies [19].

C. Realistic 4D simulations of the Siemens Biograph mCT
scanner

The k-parameter value set presented in Table I together with
a 2-compartment 4-parameter kinetic model, the standard
choice for FDG kinetic modeling (Fig. 2a), were employed to
generate noise-free FDG TACs for a time range of 0-90min
post-injection and a selection of types of tumors and normal
tissues across the body (Table I and Fig. 2b). Later, the
produced TACs were assigned to corresponding regions
defined in the state-of-the-art digital anthropomorphic XCAT?2
voxelized phantom to produce a set of 13 realistic dynamic
noise-free image data, each corresponding to a different pass
(Fig. 3).

Only the dynamic phantom image frames corresponding to
the cardiac bed were constructed, as the simulation process is
the same for the rest of the beds. However, it should be noted
that the TACs assigned to each voxel of the cardiac bed were
sampled exactly at mid-frame times determined by our
proposed multi-bed dynamic PET data acquisition protocol for
that particular bed, i.e. the time gaps between the frames of
each bed were taken into account in our simulations [11].

Subsequently, the dynamic noise-free frames were forward
projected and normalization, attenuation and scatter effects
were added to simulate noise-free realistic projections.
Moreover, PET system resolution response modeling was
included in the forward projectors to match a FWHM spatial
resolution of 4.5mm, using the e7tools (Siemens Healthcare)
[31]. Subsequently, 15 realizations of quantitative levels of
Poisson noise were added to each of the 13 noise-free dynamic
sinograms to generate a total set of 13x15=195 3D sinograms.
The level of Poisson noise was quantitatively determined for

each frame by the dynamic activity distribution, the properties
of Poisson distribution, the sensitivity of the mCT PET TOF
scanner and the time duration of each frame. Subsequently,
each of the generated noisy projections were reconstructed
with an OP-OSEM algorithm (6 iterations total, 14 subsets)
utilizing the e7tools reconstruction platform [31]. Finally, the
technologies available on the mCT PET scanner, namely TOF
acquisition and PSF modeling, were exploited for the
enhancement of the whole-body parametric image quality
[17,31,32].
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Fig. 2 (a) The standard full compartment kinetic model was employed in
simulations, (b) noise-free (simulated) time-activity curves (TACs) as
generated by the model (Fig. 2a) and the kinetic parameter values reviewed
from literature (Table I)

Dynamic FDG PET noise-free images — 13 passes
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Fig. 3 Time sequence of dynamic PET noise-free image data. The single
bed frames are generated using the XCAT phantom generation tool by
sampling the noise-free FDG TACs (Fig 2b) at the times corresponding to a
13-pass whole-body dynamic PET acquisition.

The tumor region in Table I labeled as “liver tumor 2” or
hepatocellular carcinoma HCC, with a k, parameter value
being comparable to (approximately one third of) the
respective k; value, is considered in this study as one
characteristic case of a region with non-negligible FDG uptake
reversibility (ki) [25]. Thus, it has been included in the
simulations of this study with its quantitative evaluation
presented in the results section. While k&, may appear small as
an absolute value, it is, in fact, not very small relative to k3,
and therefore may exhibit considerable net uptake



reversibility, appearing as a reduction in the TAC at later
times (“liver tumor 2” TAC in Fig. 4a) [19]. However, the
effect of a presence of non-negligible £, rate constant is
more evident on the Patlak plots presented in Fig. 4b. The
Patlak plots or curves are formed by points placed on a 2D
diagram according to the dynamic PET measurements and
their assumed relationship as described by the kinetic model
equations (1) and (2) for the standard and generalized Patlak,
respectively, and for £>¢*[16,18,19].

If the standard Patlak assumptions are considered, but
underlying ks is in fact non-negligible, then the second
derivative of the Patlak plot with respect to the stretched time
(variable in the x-axis) is no longer zero, as it would have been
expected, and becomes negative, i.e. the Patlak plot “bends
down” instead of being a straight increasing line [19]. The
“bend down” effect results in underestimation of the slope of
the straight fitted line (red lines), i.e. of K; estimates, when
using OLS regression on the bended Patlak plots.

However, under the generalized Patlak assumptions where
ki,ss can be non-zero (positive) but relatively small with
respect to K;, the same dynamic measurements now produce
Patlak points falling across a nearly straight line and the true
slope, or K;, of the newly fitted lines is recovered (cyan and
green fitted lines) [19]. The difference in the slope of the fitted
lines between the true (noise-free) and noisy ROI-based
measurements for each of the two Patlak models is attributed
to the partial volume effect in the tumor regions [33].

Example of FDG tumor time activity curve
( K1=0.283, k2=0.371, k3=0.057, k4=0.012 )
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Fig. 4. (a) The input function and the noise-free TAC simulated from
characteristic kinetic parameter values reported in literature [23-25] for a
tumor case labeled as “liver tumor 2 HCC” in Table 1. (b) Standard and
Generalized Patlak plot curves and their corresponding fitted lines for noise-
free and noisy ROIl-extracted dynamic measurements from the region
referenced in Fig. 4a

III. RESULTS AND DISCUSSION

In Fig. 5, we present 8 sets of K; images, each corresponding
to a different position, from early to later time points with
respect to injection time, of the incrementally shifted 6-pass
acquisition time window. Each set of parametric images were
estimated using either standard or hybrid Patlak generation
algorithms, as applied on a set of reconstructed dynamic
images, each belonging to the corresponding acquisition time-
window. Moreover, the respective K; images estimated from
all available 13 passes/frames are shown as a reference case.
Finally, this parametric image generation process has been
applied both on noise-free and noisy simulated dynamic
projection data, with the only other difference being that for
the evaluation of the acquisition time-window effect on the
generalized Patlak model the BFM estimation method was
employed on the noise-free data, while the hybrid OLS/BFM
method was applied on the noisy projections.

From the visual inspection of the estimated K; images in
Fig. 5, it can be observed that for the tumors located in the
lung region of the XCAT phantom, where a non-negligible
degree of uptake reversibility (k) was simulated, the
associated tumor-to-background (TBR) contrast is gradually
reduced, in the case of standard Patlak modeling, as the 6-pass
acquisition time-window moves to later time positions. A
similar effect is observed when all 13 passes are included in
the window.

For the generalized Patlak model, the noise-free data
demonstrate a high contrast across all time-window positions
even for the tumor associated with a non-negligible &, rate
constant. This observation agrees with what is expected from
the kinetic modeling theory described in previous sections.
However, in the presence of high noise levels, mainly due to
the short frame durations (45sec) of the proposed multi-bed
dynamic acquisition protocol, hybrid Patlak K; images also
suffer from gradual TBR contrast degradation in the tumor
regions with non-negligible uptake reversibility, though to a
lesser extent compared to standard linear Patlak K; images.
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Fig. 5. Comparative evaluation of simulated K; images for a range of
acquisition time-windows. A threshold of 0.85 was applied for hybrid Patlak.

The quantitative evaluation of the bias in the K; estimates
from a simulated tumor region of non-negligible uptake
reversibility is presented in Fig. 6a and b for the noise-free and
noisy data respectively. The results clearly demonstrate that
for both Patlak models, a minimum K; bias was achieved when
acquiring at the earliest time-window, with generalized (noise-



free case) and hybrid (noisy case) methods systematically
achieving superior bias over the standard Patlak method.

Similarly, that acquisition window position resulted in the
best tumor to background (TBR) contrast and contrast-to-noise
ratio (CNR) scores over all the rest of the evaluated window
positions (Fig. 7a and b). Again, hybrid Patlak imaging
outperformed standard Patlak in nearly all cases and especially
at the earliest time-window.
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Fig. 6. Assessment of bias in the K; images over a tumor region of non-
negligible kj, rate constant value for different positions of a 6-pass
acquisition time-window and the two Patlak estimation methods for (a) noise-
free and (b) noisy (20 realizations) simulated data.
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Fig. 7: Assessment of (a) tumor-to-background ratio (TBR constrast) and (b)
Contrast-to-Noise ratio (CNR) in the K; images over a liver tumor region for
different time acquisition windows and the two Patlak estimation methods for
noisy (20 realizations) simulated data.

However, unlike the noise-free case where the bias in the K;
estimates using exclusively the BFM method and the
generalized Patlak model was always small, for the noisy data
that observation was not repeated. On the contrary, at the
presence of noise, where the hybrid OLS/BFM method had to
be used, K; bias approached the bias levels of standard Patlak
method, as the window moved to later time points.

We attribute this behavior of hybrid K; estimates under
highly noisy conditions to the stronger effect of %, at later
time frames, resulting in reduced counts for those frames (as
demonstrated in Fig. 4a). The reduction in counts could further
enhance noise levels at those frames, resulting in an overall
reduction of the Patlak correlation coefficient of the TACs.
Consequently, a higher number of voxel TACs is likely to now
be associated with correlation coefficients lower than the
predefined correlation threshold value of the hybrid Patlak
algorithm [19]. As a result, more voxel TACs may now be
classified as of “low Patlak correlation” and, consequently,
standard Patlak assumptions and OLS regression will now be
applied to more voxels of an image [19].

Thus, under highly noisy conditions, OLS method is
expected to dominate over BFM in the context of hybrid
Patlak imaging, causing the performance of the hybrid X;
images to resemble that of the standard Patlak K; images. A
potential strategy to avoid this problem is to reduce the
correlation coefficient threshold to allow BFM to be applied to
less correlated voxel TACs. However, this may further
enhance noise in the K; images, as BFM is less robust to noise
[19]. Nevertheless, for the noisy case the bias of the hybrid
OLS/BFM K; images was always smaller than that of OLS K;
estimates, especially for the earliest time-window.

A clinical demonstration of the visual effect of the
acquisition time-window position on whole-body K; images
from a 0-90min whole-body clinical study is illustrated in Fig.
8. In total, 7 positions are evaluated for the two Patlak
methods.
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Fig. 8. Clinical demonstration of the impact of acquisition time-window
position on whole-body parametric K; imaging. In total, 7 sets of K; images are
presented, each corresponding to a different position of a 6-pass acquisition
time-window. Both standard and hybrid Patlak image results evaluated.

Furthermore, Fig. 9 presents a quantitative analysis of the K;
bias over a lung tumor region for the same set of window
positions and Patlak methods. For the bias calculation in the
clinical images, where the ground truth is unknown, a hybrid
K; image, derived from all 13 passes, have been used as a
reference value instead. Finally, Fig. 10 shows TBR and CNR



quantitative performance scores, as quantified over the same
lung tumor region across the same clinical dataset.
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Fig. 9. (a) Clinical K; whole-body images obtained after utilizing all available
13 whole-body passes: (top left) OLS and (top right) hybrid OLS/BFM
images. (b) Absolute mean bias over a lung tumor region extracted from the
same set of clinical K; images. The impact of the time position of a fixed
length (6 number of passes or NP6) acquisition time-window is evaluated for
the two Patlak methods. The examined window positions are designated by
the index of the starting frame (StFr) of every window. Bias has been
calculated with respect to the hybrid K; image of Fig 9a, top right.
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Fig. 10. Quantitative evaluation over a lung tumor region, as extracted from
clinical whole-body parametric K; images, of the impact of acquisition time-
window position on (a) TBR contrast and (d) CNR. The examined window
positions are designated by the index of the starting frame (StFr) of every
window. Two Patlak methods have been evaluated for each window.

For both standard and generalized Patlak, the earliest
acquisition time-window achieved the minimum K; bias, as
well as the highest TBR and CNR scores. Moreover, for that
particular time window position, as well as for most of the
other evaluated time-shifted acquisitions, hybrid Patlak K;
imaging outperformed standard Patlak for all the clinical data
examined, suggesting the presence of some degree of uptake
reversibility in the human FDG kinetics.

Therefore, we recommend applying the first acquisition
window with the hybrid Patlak method.

IV. CONCLUSIONS AND FUTURE PROSPECTS

In this study, we evaluated the quantitative impact of the
position, relative to injection time, of a fixed-length (6-passes)
multi-bed dynamic acquisition time-window on the whole-
body parametric Ki images using both realistic simulated data
with characteristic kinetics obtained from literature as well as
real patient data.

In both simulation and clinical studies, we concluded that,
regardless of the Patlak model used, the earliest acquisition
time-window achieved the best quantitative performance in
terms of bias, TBR contrast and CNR metrics of the final K;
parametric images. Furthermore, we have demonstrated the
higher quantitative accuracy in tumor regions for the
generalized Patlak model and the hybrid Ki imaging
algorithm. At the same time, we have also discussed their
limitations at high levels of noise, where the standard Patlak
model may still be a robust parametric imaging solution, with
satisfactory accuracy, provided the earliest time-window is
selected.

Our conclusions were based not only on simulated TACs
where the uptake reversibility was “imposed”, based on
literature review, but also on actual clinical studies, which
reproduced our simulation results, suggesting the real presence
of some degree of FDG uptake reversibility. In addition, our
findings demonstrate the importance of acquisition time-
window optimization in dynamic PET studies, especially
when conducted over multiple bed positions, by taking into
account very important parameters such as the kinetic
properties of the PET tracer, the assumptions of the kinetic
model employed and the model robustness to high levels of
noise usually present in dynamic, especially whole-body, PET
studies.

In the future, we plan to utilize our developed direct 4D
whole-body PET parametric imaging methods to investigate if
they can potentially provide further margins of optimization in
the currently proposed acquisition protocols [13,14]. Our
ultimate aim through such acquisition optimization studies is
to sufficiently demonstrate that whole-body parametric PET
imaging can be clinically feasible and may offer high
quantitative potential, provided that it is optimized such as to
maximize the amount of possible information content that can
be delivered to the clinician, given the limited acquisition time
available in the clinic.
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