Mol Imaging Biol (2019) 21:317Y327
DOI: 10.1007/s11307-018-1241-8
* World Molecular Imaging Society, 2018
Published Online: 28 June 2018

RESEARCH ARTICLE

Quantitative Analysis of Heterogeneous
[18F]FDG Static (SUV) vs. Patlak (Ki) Whole-body
PET Imaging Using Different Segmentation
Methods: a Simulation Study
Mingzan Zhuang,1,2 Nicolas A. Karakatsanis,3,4 Rudi A. J. O. Dierckx,1 Habib Zaidi
1

1,5,6,7

Department of Nuclear Medicine and Molecular Imaging, University of Groningen, 9700 RB, Groningen, Groningen, Netherlands
The Key Laboratory of Digital Signal and Image Processing of Guangdong Province, Shantou University, Shantou, China
3
Division of Radiopharmaceutical Sciences, Department of Radiology, Weill Cornell Medical College, Cornell University, New York, NY,
10021, USA
4
Translational and Molecular Imaging Institute, Icahn School of Medicine at Mount Sinai, New York, NY, 10029, USA
5
Division of Nuclear Medicine and Molecular Imaging, Geneva University Hospital, 1211, Geneva, Switzerland
6
Geneva University Neurocenter, University of Geneva, 1205, Geneva, Switzerland
7
Department of Nuclear Medicine, University of Southern Denmark, 5000, Odense, Denmark
2

Abstract
Purpose: Whole-body (WB) dynamic positron emission tomography (PET) enables imaging of
highly quantitative physiological uptake parameters beyond the standardized uptake value
(SUV). We present a novel dynamic WB anthropomorphic PET simulation framework to assess
the potential of 2-deoxy-2-[18F]fluoro-D-glucose ([18F]FDG) net uptake rate constant (Ki) imaging
in characterizing tumor heterogeneity.
Procedures: Validated heterogeneous [18F]FDG tumor kinetics were modeled within the XCAT
phantom (ground truth). Thereafter, static (SUV) and dynamic PET data were simulated and
reconstructed, followed by indirect WB Patlak Ki imaging. Subsequently, we compared the
methods of affinity propagation (AP) and automatic segmentation with active contour (MASAC)
to evaluate the impact of tumor delineation. Finally, we extracted the metabolically active tumor
volume (MATV), Dice similarity coefficient (DSC), and the intratumoral heterogeneity metrics of
the area under the cumulative intensity histogram curve (CIHAUC), homogeneity, entropy,
dissimilarity, high-intensity emphasis (HIE), and zone percentage (ZP), along with the target-tobackground (TBR) and contrast-to-noise ratios (CNR).
Results: Ki images presented higher TBR but lower CNR compared to SUV. In contrast to
MASAC, AP segmentation resulted in smaller bias for MATV and DSC scores in Ki compared to
SUV images. All metrics, except for ZP, were significantly different in AP segmentation between
SUV and Ki images, with significant correlation observed for MATV, homogeneity, dissimilarity,
and entropy. With MASAC segmentation, CIHAUC, homogeneity, and dissimilarity were
significantly different between SUV and Ki images, with all metrics, except for HIE and ZP,
being significantly correlated. In ground truth images, increased heterogeneity was observed
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with Ki compared to SUV, with a high correlation for all metrics.
Conclusions: A novel simulation framework was developed for the assessment of the
quantitative benefits of WB Patlak PET on realistic heterogeneous tumor models. Quantitative
analysis showed that WB Ki imaging may provide enhanced TBR and facilitate lesion
segmentation and quantification beyond the SUV capabilities.
Key words: PET, Whole-body, Parametric imaging, Segmentation, Heterogeneity

Introduction
Positron emission tomography (PET) imaging employing 2deoxy-2-[18F]fluoro-D-glucose ([18F]FDG) is commonly
used in clinical oncology for diagnosis, staging, restaging,
radiation therapy treatment planning, and the assessment of
treatment outcome [1–3]. Beyond the currently established
static PET imaging protocols, the analysis of dynamic PET
data might also enable the extraction of highly reproducible
kinetic features of the [18F]FDG uptake for in-depth and
quantitative characterization of tumor glucose metabolism
over the course of treatment. Several investigators have
demonstrated the feasibility of utilizing dynamic PET
imaging in the clinic for the objective characterization of a
spectrum of kinetic metabolic parameters in oncologic
malignancies [4, 5]. However, these techniques were
restricted to single bed positions, thus preventing their
application to whole-body (WB) imaging to quantify
primary and metastatic malignancies across multiple tissues
in the same exam [6]. Recently, WB dynamic [18F]FDG
PET imaging protocols have started gaining interest in
clinical oncology owing to their ability to deliver highly
quantitative parametric WB PET images, beyond the
conventional standardized uptake value (SUV) metric, by
tracking both the spatial and temporal distributions of the
[18F]FDG uptake over multiple bed positions [7].
In the meantime, a number of intratumoral uptake
heterogeneity metrics in [18F]FDG PET have recently been
shown to correlate with treatment response [8, 9]. The use of
these metrics can be extended to parametric imaging, where
they may exhibit different effects compared to SUV images
that can be clinically useful. Previous studies reported
significant differences in the metabolically active tumor
volume (MATV) scores between SUV and parametric
images [10, 11]. Tixier et al. [9] assessed a number of
metrics linked to tumor uptake heterogeneity in non-small
cell lung cancer and reported high correlations for all metrics
between SUV and parametric images. However, the lack of
ground truth (GT) in clinical studies made it difficult to draw
further conclusions. Therefore, the systematic comparison of
the performance of a range of oncologic image-derived PET
metrics between SUV and parametric images, where the GT
is known a priori, is highly desirable.
The purpose of the present work is to develop a novel
WB dynamic anthropomorphic [18F]FDG PET simulation
framework supporting realistic tumor heterogeneity models

to assess the performance of a wide spectrum of advanced
PET image metrics in WB Patlak-derived uptake rate
constant (Ki) imaging, with respect to SUV. In addition,
two automated segmentation algorithms were employed to
assess the impact of tumor delineation on the extracted
features.

Materials and Methods
Dynamic Anthropomorphic Phantom Simulation
To perform realistic simulations, we constructed dynamic
WB PET anthropomorphic emission and attenuation maps
from the extended cardio-torso (XCAT) phantom along with
a respiratory motion model [12]. In addition, we modeled a
heterogeneous set of [18F]FDG time-activity curves (TACs)
for a range of tissues (Fig. 1) using a validated two-tissue
compartment model and a set of [18F]FDG kinetic parameter
values reported in the literature (Table 1). Subsequently,
each of the generated TACs was assigned to its corresponding tissue region in the XCAT phantom.
According to a previously proposed clinical WB dynamic
PET acquisition protocol [18], we first considered a dynamic
PET acquisition (1st phase) centered over the heart corresponding to the first 6 min post-injection (p.i.) of [18F]FDG,
including 12 × 10 s and 12 × 20 s frames. This is followed by
simulation of six unidirectional (head-to-thighs) WB passes
(2nd phase) consisting of seven bed positions, each scanned
for 45 s. An input function model reported by Feng et al.
[19] was adopted in our simulations, sampled at the midtime points of the first 24 cardiac frames of the first phase
and the six subsequent cardiac frames of the second phase.
Subsequently, realistic tumor shapes with three different
levels of [18F]FDG uptake were modeled and incorporated
within the extended cardiac-torso (XCAT) phantom according to a technique proposed by Le Maitre et al. to reflect the
intratumoral uptake heterogeneity typically observed in
clinical oncologic PET studies [20]. Specifically, different
irregularly shaped heterogeneities were segmented using an
adaptive thresholding technique within a set of modeled
tumors (7 lung tumors and 6 cases with laryngeal squamous
cell carcinoma from Louvain database) [21, 22]. The lowactivity region of the tumor, which we assume contains both
high and middle activity concentration levels, was segmented using a thresholding value of 0.5 (TLow) on
normalized images on [0–1] scale. Then, the value at the
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Fig. 1. Noise-free TACs for different tissues derived from the kinetic parameters shown in Table 1 for a 2-compartment kinetic
model.

center of the tumor (THigh) was used as a threshold to
segment the high-activity region within the tumor and the
middle value ((TLow + THigh) 2) was used as a threshold to
segment the middle-activity region for the tumor. Finally,
the 3D mesh of these segmented contours was reconstructed
using Amide software [23] and converted into three nonuniform rational B-spline (NURBS) surfaces using Rhinoceros software (CADLINK, France), where each surface
represented a specific activity level.
We adopted a normal respiratory breathing cycle of 5 s in
our simulation and divided it into 10 bins, each representing
one of the phases of the periodic respiratory cycle. Then, we
utilized the respiratory motion modeling tools of the XCAT
phantom to produce for each dynamic PET frame (a given
bed position and given pass) 10 respective pairs of emission
and attenuation maps, with each pair reflecting the unique
anatomy of the tissues at a specific respiration phase. A
common respiratory periodic motion pattern was used with a
maximum diaphragm motion of 1.5 cm, a maximum
anterior-posterior expansion of 0.5 cm, and a normal
respiratory cycle of 5 s, as typically observed in our clinical
studies. Each emission map was built by assigning the
average [18F]FDG activity concentration value for the
respective time window of that bed frame, assuming
negligible changes in the TACs within the scanning period

(45 s) of a given bed frame during each WB pass (Fig. 1).
Subsequently, the above 10 emission maps at each dynamic
frame were averaged to produce a single emission map for
that frame to model the effects of respiratory motion in our
simulated dynamic PET data. Ultimately, a noise-free
realistic dynamic emission XCAT phantom was created by
repeating the above steps across all bed positions and passes
included in our simulated dynamic WB PET scan protocol.
In addition, the 10 attenuation maps at each bed position
were also averaged to align the effects of respiratory motion
between the simulated emission and attenuation maps.
Thereafter, the PET sinograms for each frame were
generated using an analytical fully 3D forward projector
reflecting the Siemens Biograph™ mCT PET system’s
detection geometry. Scatter and random count effects were
not included in our simulation as these were deemed to have
no or limited impact on the outcome. The attenuation
coefficient maps were then applied to the emission
sinograms. Subsequently, the attenuated PET data were
scaled with a global factor to match the nominal sensitivity
of the mCT PET scanner and quantitative levels of Poisson
noise were added, equivalent to a 45 s acquisition time per
bed.
The noisy projection data were later reconstructed using
an ordered subsets expectation maximization (OSEM)

Table 1. [18F]FDG kinetic parameters used in the simulation study derived from the literature [13–17]
Tissue
Level I in lesion
Level II in lesion
Level III in lesion
Normal lung
Normal liver
Myocardium
Normal bone marrow

K1 (ml/(min*g))
0.180
0.150
0.110
0.108
0.864
0.600
0.200

k2 (l/min)

k3 (l/min)

0.990
0.550
0.400
0.735
0.981
1.200
0.680

0.190
0.120
0.073
0.016
0.005
0.100
0.050

k4 (l/min)

VB (ml/ml)

–
–
–
0.013
0.016
0.001
0.020

0.036
0.071
0.095
0.017
–
–
0.010
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Fig. 2. Flowchart illustrating the various steps involved in the simulation of the realistic dynamic anthropomorphic multi-bed
model.

algorithm employing 10 subsets and 40 sub-iterations, using
the open-source Software for Tomographic Image Reconstruction (STIR) platform [24]. The matrix size of the image
data was 200 × 200 with a pixel size of 0.50 × 0.41 ×
0.41 cm3. The Patlak ordinary least squares (OLS) regression was then applied on the dynamic PET images to
estimate Ki images representing the tracer influx rate
constant Ki macro-parameter [25]. The flowchart illustrating
the above four steps of our simulation framework is shown
in Fig. 2. Furthermore, conventional static SUV PET images
were generated from a simulated PET dataset involving a
single WB pass at 70 min p.i. and lasting 180 s at each bed
position.
In total, 13 different lesions (volume range 6.64–
69.34 cm3) were simulated in the lungs followed by
application of a Gaussian smoothing filter of 2 mm on an
image matrix of 200 × 200 voxels for both SUV and Ki
images. The GT in SUV images was defined as the noisefree static XCAT images at 70 min p.i. The respective GT in
Ki images was obtained after conducting Patlak OLS

regression across six noise-free dynamic XCAT images at
different time points.

PET Image Segmentation Algorithms
As reported in earlier studies [26] and more recently in the
American Association of Physicists in Medicine (AAPM)
Report No. 211, a high variability is observed between
different segmentation methods [27]. To assess the impact of
tumor delineation, two different segmentation methods,
namely a method for automatic segmentation using an active
contour model (MASAC) [28] and an affinity propagation
algorithm (AP) [29], were employed. These algorithms
underwent extensive testing in our lab and were chosen
owing to their accuracy and consistency as reported in
previous studies using phantom and clinical studies. In
particular, the parameter lambda in the implementation of
MASAC was set to 3 [28] whereas the default parameters
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Fig. 3. Representative segmentation results of a realistic anthropomorphic phantom study showing contours by the ground
truth (continuous line, orange), AP (dotted line, red) and MASAC (dashed line, purple) on a SUV and b Ki images. The
background regions (continuous line, red) are also indicated.

were used for AP with the largest regional intensity grouping
as the segmentation result.

between the segmented volumes and the GT [30, 31],
whereas the heterogeneity features were selected because of
their reproducibility and robustness as reported in previous
studies [8, 9]. Specifically, the area under the cumulative
intensity histogram curve (CIHAUC) was considered as a
global heterogeneity indicator (with low values indicating a
higher degree of heterogeneity), whereas the homogeneity,
entropy, dissimilarity, high-intensity emphasis (HIE), and
zone percentage (ZP) were chosen as the local
heterogeneity-related features. The local heterogeneity

Evaluation Metrics
The MATV, Dice similarity coefficient (DSC), and several
intratumoral heterogeneity features were included for the
comparison of SUV and Ki images. The DSC was used to
assess the accuracy of the geographical match/mismatch

Table 2. Effect size and P values resulting from the comparison of the metrics derived between SUV and Ki images
Metric

MATV
DSC
CIHAUC
Homogeneity
Dissimilarity
Entropy
HIE
ZP

GT

AP

Effect size

P value

–
–
0.597
0.135
0.012
− 0.311
0.461
− 0.184

–
–
0.001
0.003
0.701
0.001
0.004
0.003

MASAC

Effect size

P value

Effect size

P value

− 0.457
− 2.366
4.242
− 0.787
1.058
− 0.619
1.881
0.232

0.001
0.001
0.001
0.003
0.001
0.001
0.002
0.650

− 0.058
0.074
0.858
− 0.706
0.991
− 0.066
0.567
0.415

0.937
0.552
0.001
0.002
0.001
0.701
0.087
0.136

GT ground truth, MATV metabolically active tumor volume, DSC Dice similarity coefficient, CIHAUC area under the cumulative intensity histogram curve,
HIE high-intensity emphasis, ZP zone percentage. Results with P G 0.05 are shown in italic
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Fig. 4. Box-and-whisker plots comparing segmentation results for a metabolically active tumor volumes and b Dice similarity
coefficient across the simulation studies for SUV and Ki images.

features defined below were derived using Pyradiomics
software package [32].
pði; jÞ
1
i¼1 j¼1 þ ji− jj
Ng Ng

Homogeneity ¼ ∑ ∑

Ng Ng

Entropy ¼ − ∑ ∑ pði; jÞlog2 pði; jÞ

ð1Þ

ð2Þ

number of one or more connected gray level zones that share
the gray level i and size j in the image.
Additionally, the target-to-background ratio (TBR) and
contrast-to-noise ratio (CNR) were employed to assess the
contrast and noise in SUV and Ki images, as defined below:
TBR ¼

MeanT
MeanB

ð6Þ

CNR ¼

MeanT −MeanB
Std B

ð7Þ

i¼1 j¼1

Ng Ng

Dissimilarity ¼ ∑ ∑ ji−jjpði; jÞ

ð3Þ

i¼1 j¼1

where Ng is the number of gray level intensities and p(i, j) is
the (i, j) element in the normalized gray level co-occurrence
matrix, representing the number of times for the combination
of levels i and j to occur in two pixels in the image,
separated by a distance of δ pixels in direction α. In our
study, Ng is set to 64 gray levels and δ is 1 over all 13
spatial directions (26-connectivity in 3D).
N g Ns

∑ ∑ Pði; jÞi2

HIE ¼

i¼1 j¼1
Ng Ns

ð4Þ

∑ ∑ Pði; jÞ

i¼1 j¼1

Pði; jÞ
i¼1 j¼1 N p
N g Ns

ZP ¼ ∑ ∑

ð5Þ

where Ng is the number of gray level intensities in the gray
level size zone matrix, Ns is the number of discrete zone
sizes, Np is the number of voxels, and P(i, j) represents the

where MeanT and MeanB are the mean values for the tumor
(target) and background regions, respectively, and StdB is the
standard deviation of the background region.

Statistical Analysis
Statistical analysis was conducted using the SPSS 24.0
commercial software package (IBM, Chicago, USA). A nonparametric Wilcoxon test was used to assess if the
differences between each pair of methods compared in this
study were significant or not, with a P value of 0.05
denoting significance. The correlation of various evaluated
metrics between SUV and Ki images was assessed using the
non-parametric Spearman analysis, with a P value of 0.05
determining statistical significance. Statistical analysis results were presented using box-and-whisker plots, providing
lower to upper quartiles (25th to 75th percentile, central
box), the median (middle line of the box), and the outliers,
as identified in Tukey’s method (1.5 × inter-quartile range)
[33]. In addition, scatter plots were also used to explore the
relationships between different groups of data.
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Fig. 5. Box-and-whisker plots comparing the heterogeneity metrics: a area under the cumulative intensity histogram curve, b
homogeneity, c dissimilarity, d entropy, e high-intensity emphasis, and f zone percentage across the simulation studies for SUV
and Ki images.

Results
SUV vs. Ki Image Segmentation
The contours extracted by both segmentation methods of a
representative realistic anthropomorphic phantom study are

presented in Fig. 3. It can be seen that both segmentation
techniques could delineate the tumors properly on either
SUV or Ki images. Similar results were also observed in
other cases included in this study. The average TBR in Ki
images for all lesions (6.25) was significantly enhanced
compared to that (4.77) in SUV images (P G 0.002), whereas
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Table 3. Correlation coefficient and P values resulting from the correlations analysis of the metrics derived using the different segmentation methods between
SUV and Ki images. (Abbreviations as in Table 2. Results with P G 0.05 are shown in italic)
Metrics

MATV
DSC
CIHAUC
Homogeneity
Dissimilarity
Entropy
HIE
ZP

GT

AP

Coefficient

P value

Coefficient

0.973
0.989
0.995
0.956
0.956
0.989

–
–
G 0.001
G 0.001
G 0.001
G 0.001
G 0.001
G 0.001

0.912
0.511
0.440
0.670
0.868
0.901
− 0.137
0.154

MASAC
P value
G 0.001
0.074
0.133
0.012
G 0.001
G 0.001
0.655
0.616

Coefficient
0.847
0.753
0.890
0.720
0.945
0.720
0.516
0.500

P value
G 0.001
0.003
G 0.001
0.006
G 0.001
0.006
0.071
0.082

Fig. 6. Scatter plots comparing the segmentation results from AP (a and c) and MASAC (b and d) for metabolically active
tumor volume (a and b) and Dice similarity coefficient (c and d) across the simulation studies for SUV and Ki images.
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Table 4. Effect size and P values resulting from the comparison of the
metrics derived between different segmentation methods. (Abbreviations as
in Table 2. Results with P G 0.05 are shown in italic)
Metric

MATV
DSC
CIHAUC
Homogeneity
Dissimilarity
Entropy
HIE
ZP

SUV images

Ki images

Effect size

P value

Effect size

P value

− 0.712
− 2.468
1.603
− 0.798
1.530
− 1.283
− 0.358
− 0.055

0.001
0.001
0.001
0.001
0.001
0.001
0.382
0.753

− 0.216
− 0.764
0.790
− 0.703
1.022
− 0.517
− 0.915
0.084

0.278
0.046
0.039
0.004
0.002
0.019
0.023
0.972

SUV images achieved significantly better average CNR
(34.36) over Ki images (13.70, P G 0.002).
Compared to SUV images, Ki images yielded smaller
average bias in MATV (SUV − 52.77 %, Ki − 31.62 %) and
DSC (SUV − 36.00 %, Ki − 25.00 %) with AP, whereas no
significant differences were observed in MATV and DSC
for MASAC algorithm (Table 2 and Fig. 4). Except for ZP,
most heterogeneity metrics were significantly different
between SUV and Ki images for AP segmentation, and a
similar trend was also observed for CIHAUC, homogeneity,
and dissimilarity with MASAC segmentation (Table 2 and
Fig. 5). Besides, a general trend of correlation between SUV
and Ki images was observed for MATV, homogeneity,
dissimilarity, and entropy with AP segmentation, whereas
most metrics were found to be significantly correlated
between SUV and Ki images, except for HIE and ZP, when
using MASAC segmentation algorithm (Table 3, Fig. 6 and
Supplemental Material S1–S2).

SUV vs. Ki Images in Noise-Free GT
Most heterogeneity features, except dissimilarity, exhibited
statistically significant differences between SUV and Ki
noise-free GT images (Table 2). More specifically, slightly
decreased CIHAUC (− 6.28 %), homogeneity (− 3.99 %), and
HIE (− 3.95 %) along with increased entropy (2.21 %) and

ZP (4.52 %) were observed in Ki noise-free GT images
compared with SUV GT images (Fig. 5). Besides, it could
be observed from Table 3 that all heterogeneity features
were highly correlated between SUV and Ki noise-free GT
images (P G 0.001).

AP vs. MASAC Segmentation
There is no significant difference in the MATV metric
between the two segmentation algorithms for Ki images
(Table 4). MASAC yielded smaller bias in DSC (− 20.00 %)
for Ki images and smaller bias in MATV (− 33.75 %) and
DSC (− 19.00 %) for SUV images, compared to AP.

Segmentation Results vs. Noise-Free GT
Compared to noise-free GT images, most metrics derived
from segmentation results, except CIHAUC and entropy in
some cases, were significantly different in either SUV or Ki
images (Table 5). In addition, both MASAC and AP
presented lower MATV, homogeneity, and HIE, and higher
ZP scores for SUV and Ki images compared to GT (Figs. 4
and 5).

Discussion
A clinically feasible WB dynamic PET acquisition protocol
enabling highly quantitative multi-parametric PET imaging
across multiple bed positions was presented in previous
studies [7, 34]. In this work, we developed a multi-bed
dynamic 4D XCAT-based realistic simulation framework
supporting tumor heterogeneity modeling, to be utilized for
(i) evaluation of WB 4D PET image reconstruction and
segmentation algorithms, (ii) optimization of dynamic WB
PET acquisition and image analysis methods, (iii) modeling
of the WB pharmacokinetic properties of novel drugs under
development, and (iv) assessment of the usefulness of a wide
range of quantitative metrics in Ki vs. SUV images.
Moreover, our framework allowed the extraction of useful
conclusions by enabling the assessment of a wide range of

Table 5. Effect size and P values resulting from the comparison of the derived metrics compared with the ground truth. (Abbreviations as in Table 2. Results
with P G 0.05 are shown in italic)
AP vs. GT

MASAC vs. GT

SUV images

MATV
DSC
CIHAUC
Homogeneity
Dissimilarity
Entropy
HIE
ZP

Ki images

SUV images

Ki images

Effect size

P value

Effect size

P value

Effect size

P value

Effect size

P value

− 1.006
–
2.662
− 1.933
0.605
− 0.326
− 3.698
1.719

0.001
–
0.001
0.001
0.001
0.279
0.001
0.001

− 0.668
–
0.063
− 1.472
− 0.480
0.202
− 4.196
1.343

0.004
–
0.753
0.002
0.009
0.753
0.001
0.002

− 0.610
–
− 0.040
− 1.652
− 0.915
1.454
− 1.998
1.816

0.033
–
0.701
0.002
0.002
0.002
0.001
0.002

− 0.587
–
− 0.667
− 1.236
− 1.617
0.982
− 2.522
1.345

0.033
–
0.019
0.005
0.001
0.005
0.001
0.005

326

metrics under noise-free conditions. In particular, the Ki
noise-free GT images showed increased heterogeneity, in
terms of lower CIHAUC, homogeneity, and HIE, and higher
entropy and ZP, compared to SUV GT images, thereby
indicating that heterogeneity features can be different
between SUV and Ki images. Independent of the PET
segmentation algorithm and the type of images analyzed
(SUV vs. Ki), a lower homogeneity, a lower HIE, and a
higher ZP were observed on simulated noisy against noisefree GT images. This is attributed to the relatively higher
degree of heterogeneity expected for noisy PET images.
Furthermore, our findings indicate that WB Ki imaging
can provide enhanced TBR as well as an additional set of
highly quantitative tumor features, beyond the static features
currently supported with the respective SUV image metrics
(Fig. 3). Our results are consistent with observations made in
previous studies. In particular, Chen et al. [35] reported that
gradient-based tumor delineation method may be more
accurate on Patlak Ki parametric maps compared to
conventional static SUV images using magnetic resonance
imaging as the GT. Furthermore, Llan et al. [36] found that
Ki images present better tumor-to-liver contrast compared
with SUV images. Finally, Wangerin et al. [37] assessed the
variations during the PET imaging process using a series of
linked simulations and found that Ki images were associated
with superior receiver operating characteristic performance
compared to SUV images.
In our study, significant correlations were also found
between SUV and Ki images, regardless of the segmentation
method. It should be noted that parametric Ki images may
still be complementary to SUV even when a high correlation
is observed between the two images, as they are essentially
different quantities, each providing information that cannot
be deduced from the other. This is because Ki imaging
measures the tracer net uptake rate during a relatively long
scan time window post-injection, whereas SUV imaging
measures the average absolute uptake of the tracer within a
relatively short scan time window post-injection. However, a
systematic evaluation of the clinical usefulness of the added
information derived from WB Ki imaging is beyond the
scope of the current work. We are planning to utilize the
findings of this study to evaluate the same metrics using a
large clinical database acquired with a recently proposed
combined SUV/Patlak imaging framework [38, 39].
We have also observed that the MATV was systematically underestimated on both SUV and Ki images regardless
of the segmentation algorithm. It should be noted that the
presence of respiratory motion is expected to have amplified
the actual MATV due to motion blurring. Therefore, for
routine clinical operation, respiratory motion and its varying
effect on SUV and Ki metrics should be carefully
considered.
A number of practical limitations are associated with this
study. Firstly, the potential efficiency variance across all
PET detector pairs was not modeled. We also assumed no
scatter and random effects in our analytic simulations.

Zhuang M. et al.: SUV vs. Patlak PET imaging

Furthermore, a regular periodic respiratory motion pattern
was adopted. Patient’s irregular free breathing would have
caused asymmetric blurring of focal lesions, thereby
resulting in less predictable artifacts. Moreover, the number
of evaluated cases in this study may not be sufficient.
Nevertheless, we aim at a systematic follow-up study using a
larger sample to investigate the effect of different
acquisition/reconstruction protocols on various clinical PET
scanners, across a typical range of lesion sizes and contrasts
observed in clinical studies. In addition, the time-averaging
of attenuation maps in our study is adopted to simplify the
simulation, which may not reflect the actual process of
attenuation as the measurement model in the attenuation
map is non-linear. Finally, in the absence of guidelines on
optimal reconstruction parameters for parametric Ki images,
both Ki and SUV images have been reconstructed using the
same iteration numbers. Further investigations of optimal
reconstruction protocols for parametric imaging are
warranted.

Conclusion
A dynamic multi-bed PET simulation framework was
developed based on the 4D XCAT anthropomorphic model,
respiratory motion and tumor heterogeneity models, and
validated 18F-FDG kinetic parameters to enable the systematic evaluation of the clinical usefulness of WB parametric
PET imaging for various types of oncologic malignancies
beyond the currently established SUV metric. Our results
showed that Ki images may provide enhanced TBR and
further facilitate lesion segmentation and quantification
beyond the SUV capabilities, thereby demonstrating the
potential of hybrid SUV/Ki imaging, in terms of lesion
quantification.
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