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Whole-body PET-CT, simultaneous whole-body PET-MRI,
and multimodal molecular imaging system are the recent
milestone development in nuclear medicine and molecular
imaging. These high-end molecular imaging scanners with
probes or tracers provide the potential to signiﬁcantly improve the accuracy in localization and quantiﬁcation of biological processes at cellular and molecular levels in humans
and other living systems. However, there are many challenges
in image processing and mathematical and statistical modeling to extract physiological and biochemical information
from these multimodal image data. Tremendous eﬀorts have
been made recently in the evaluation of the advanced imaging
system, extracting physiological and biochemical parameters
from multimodal images, integration of multiparametric images,
and exploring the applications of the advanced quantitative
molecular imaging in clinical nuclear medicine and biology. This
special issue invited a number of papers to update the recent
advances by those investigators in quantitative nuclear medicine
and molecular imaging.
Reconstruction methods play a vital role for the quality
and quantiﬁcation of PET imaging. Time of ﬂight (TOF) and
point spread function (PSF) with ordered subset expectation
maximization (OSEM) are implemented in most advanced
PET-CT and PET-MRI scanners to improve image quality. In
the ﬁrst paper, the eﬀects of image reconstruction algorithms
on the kinetic modeling of 11C-acetate PET imaging for myocardium assessment were studied. The study found that the
image quality from OSEM/TOF/(TOF + PSF) was signiﬁcantly
better than that from the classical image reconstruction method
with ﬁltered backprojection.

To extract multiphysiological or biochemical information from multimodal image data and integrate with the
mathematical and statistical model is a key to improve the
clinical diagnosis accuracy. In the second paper, the combination of 68Ga-DOTATATE and 18F-FDG could provide better
clinical and prognostic evaluation for gastroenteropancreatic
neuroendocrine neoplasms (GEP-NENs). They found that the
sensitivity of PET/CT imaging with the dual tracers was well
associated with cell diﬀerentiation, as evidenced by a signiﬁcant
correlation between Ki-67 and SUVmax of PET-CT with both
tracers. In the third paper, the researchers assessed the prognostic value of standardized uptake value (SUV), whole-body
metabolic tumor volume (WBMTV), and whole-body total
lesion glycolysis (WBTLG) for patients with nasopharyngeal
carcinoma (NPC) after therapy using FDG PET-CT. Receiver
operating characteristic curves were used for the evaluation.
They concluded that WBMTV could be used to improve the
detection rate of metastatic lesions, and WBTLG could be used
as an independent prognostic indicator for NPC after therapy. In the eighth paper, the researchers use 18F-FDG PET,
diﬀusion-weighted imaging (DWI), and dynamic contrastenhanced (DCE) imaging to study the relationship among the
quantitative measurements of tumor 18F-FDG SUV, apparent
diﬀusion coeﬃcient (ADC), volume transfer constant ktrans,
volume of the extravascular extracellular leakage space Ve,
and the parameter ke for diﬀusion of the contrast medium
from the EES back to the plasma, for grading head and neck
squamous cell carcinoma (HNSCC). They found that the
associations among those parameters were dependent on the
stages of HNSCC. The results provide the potential to
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improve the accuracy of HNSCC grading. In the ninth article,
a novel quantitative parameter, the stress-to-rest ratio of the
signal-to-noise ratio (RSNR), was proposed to quantify the
myocardial perfusion image generated from a cadmium-zinctelluride (CZT) single-photon emission computed tomography (SPECT) scanner. Results from the study demonstrated
that the RSNR was a useful index to assist the diagnosis of
triple-vessel disease.
Now, more and more physicians and scientists are interested to use artiﬁcial intelligence technologies such as deep
learning for assistance in medical image-based diagnosis. In
the sixth paper, the authors proposed to use two convolutional
neural networks (CNNs), V-Net and W-Net, for lesion detection on 68Ga-Pentixafor PET/CT images. The deep learning
method was evaluated by phantom-based simulation data and
multiple myeloma 68Ga-Pentixafor PET/CT patient study.
Traditional machine learning methods for tumor detection
including random forest classiﬁer (RF), k-nearest neighbors
(k-NN), and support vector machine (SVM) were also applied
to the same data sets for comparison. Results from the study
showed that the proposed deep learning method with PETand
CT provided highest lesion detection accuracy.
Functional MRI of the brain’s (FMRIB’s) linked independent
component analysis (FLICA) is a data-driven approach for
multimodal image data analysis. The authors in the ﬁfth paper
applied FLICA to FDG PET images collected from Huashan
Hospital and multicenter Alzheimer’s Disease Neuroimaging
Initiative (ADNI) studies. They found that some brain regions
were negatively correlated with age, and the correlations between
those brain regional SUVRs and 3 clinical assessments were
signiﬁcantly improved if age correction was applied to SUVRs.
In the past years, brown adipose tissue (BAT) has been
considered as an important and potential therapeutic target
for obesity and diabetes. Reportedly, results of BAT imaging
can be varied under diﬀerent conditions such as cold exposure
and thyroid hormone levels. In this special issue, two groups
have reported their results from preclinical mouse imaging or
human imaging. The authors in the seventh paper showed
that spectral unmixing imaging with a near-infrared ﬂuorescent probe could be used to dissect the imaging signal from
BAT activation and BAT mass. In addition, the authors in the
fourth paper showed that elevated TSH condition before RIT,
hyperthyroidism, or hypothyroidism had no signiﬁcant impact on BAT visualization with FDG PET-CT imaging.
The researchers in the tenth paper previously demonstrated that 111In-labeled autologous leukocyte scintigraphy
could be used to detect osteomyelitis in living juvenile pigs.
To further conﬁrm the exact location and better image interpretation, imaging after euthanasia is always necessary. In
this paper, they indicated that SPECT/CT with the same
imaging probe at 24 hours after euthanasia could provide the
same detectability of osteomyelytic lesions as in living pigs.
Yun Zhou
Jie Lu
Chongzhao Ran
Jianhua Zhang
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Objective. Kinetic modeling of dynamic 11 C-acetate PET imaging provides quantitative information for myocardium assessment.
The quality and quantitation of PET images are known to be dependent on PET reconstruction methods. This study aims to
investigate the impacts of reconstruction algorithms on the quantitative analysis of dynamic 11 C-acetate cardiac PET imaging.
Methods. Suspected alcoholic cardiomyopathy patients (𝑁 = 24) underwent 11 C-acetate dynamic PET imaging after low dose
CT scan. PET images were reconstructed using four algorithms: filtered backprojection (FBP), ordered subsets expectation
maximization (OSEM), OSEM with time-of-flight (TOF), and OSEM with both time-of-flight and point-spread-function (TPSF).
Standardized uptake values (SUVs) at different time points were compared among images reconstructed using the four algorithms.
Time-activity curves (TACs) in myocardium and blood pools of ventricles were generated from the dynamic image series. Kinetic
parameters 𝐾1 and 𝑘2 were derived using a 1-tissue-compartment model for kinetic modeling of cardiac flow from 11 C-acetate
PET images. Results. Significant image quality improvement was found in the images reconstructed using iterative OSEM-type
algorithms (OSME, TOF, and TPSF) compared with FBP. However, no statistical differences in SUVs were observed among the
four reconstruction methods at the selected time points. Kinetic parameters 𝐾1 and 𝑘2 also exhibited no statistical difference
among the four reconstruction algorithms in terms of mean value and standard deviation. However, for the correlation analysis,
OSEM reconstruction presented relatively higher residual in correlation with FBP reconstruction compared with TOF and TPSF
reconstruction, and TOF and TPSF reconstruction were highly correlated with each other. Conclusion. All the tested reconstruction
algorithms performed similarly for quantitative analysis of 11 C-acetate cardiac PET imaging. TOF and TPSF yielded highly
consistent kinetic parameter results with superior image quality compared with FBP. OSEM was relatively less reliable. Both TOF
and TPSF were recommended for cardiac 11 C-acetate kinetic analysis.

1. Introduction
Dynamic PET imaging with kinetic analysis provides more
quantitative information compared with the commonly used
standardized uptake value (SUV) [1, 2]. Time-activity curves
(TACs) in user-defined regions-of-interest (ROIs) can be
extracted from a series of images and then applied onto

the compartment kinetic models. Derived parameters reflect
radiotracer exchange rate in the kinetic process and are
considered as fully quantitative measurement of radiotracer
metabolism [3, 4]. Fully quantitative analysis is currently
limited in clinical research and drug development because of
their complexity in terms of both experimental design and
pharmacokinetic modeling methodology [5, 6].
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Since TACs are generated from dynamic image series, the
image quality is crucial to ensure the accurate and reliable
quantitative analysis. The image quality is dependent on
the choice of reconstruction algorithm. Classical analytical
filtered backprojection algorithm (FBP) is straightforward
but rarely used in clinic due to its poor image quality. Most
current PET/CT systems employ fully 3D OSEM iterative
reconstructions, which allow the corrections for random
events, scatter events, normalization, dead time, and photon
attenuations [7]. Utilizing more accurate physical system
model, OSEM can greatly reduce the noise in the reconstruction and significantly improve the image quality [8, 9].
Recently, progress has been made on OSEM-type reconstruction by combining with time-of-flight (TOF) information
[10, 11] and point-spread-function (PSF) kernel [12, 13] in
the iterative reconstruction process. These new techniques
substantially improve image quality and reduce the partial
volume effect (PVE) [14].
Myocardial perfusion PET imaging provides quantitative
information for myocardium assessment. Previous work has
demonstrated that three-dimensional (3D) acquisition combined with attenuation-weighted ordered subsets expectation
maximization (OSEM) reconstruction not only improves the
image quality but also keeps the quantitative accuracy in
cardiac 18 F-FDG PET studies [15]. The quantitative influence
of including TOF and PSF in OSEM algorithms as well
as reconstruction parameters (subsets × iteration product;
filters) for 82 RB PET/CT perfusion studies is also investigated
recently [16].
Among the variety of radiotracers, 11 C-acetate is unique
to measure the regional myocardial oxygen consumption and
thus enables noninvasive quantification of the pathophysiology of cardiac metabolic alterations [17]. After bolus injection
of 11 C-acetate, myocytes extract 11 C-acetate rapidly from the
blood and then, via the tricarboxylic acid cycle in myocytes,
the principal metabolite of acetate, 11 CO2, is cleared from
the myocardium. Accordingly, the TAC ascends rapidly and
then declines. Using 1-tissue-compartment model, 𝐾1 and
𝑘2 can be calculated to represent the rate of uptake and
washout of 11 C-acetate. In addition, 11 C-acetate has a physical
half life of 20 min, and, combined with different frame
lengths in the dynamic study, there is much difference in
the count statistics in each frame in the acquired imaging
data compared with 18 F-FDG and 82 RB PET studies, where
different image reconstruction techniques may play a role
in terms of quantitation. However, there are few studies
that systematically investigate the quantitation performance
of different reconstruction methods for cardiac 11 C-acetate
imaging.
The aim of this study was to explore the reconstructiondependent image quality and their influences on kinetic analysis of 11 C-acetate imaging. Image quality, semiquantitative
analysis with SUV, and fully quantitative analysis with kinetic
modeling parameters from four reconstruction algorithms
were investigated: FBP, OSEM, OSEM method with time-offlight information (TOF), and OSEM method modeled with
both time-of-flight information and point-spread-function
(TPSF).
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2. Method
2.1. Patient and Scan Procedure. The study was approved
by the Ethics Committee of Peking Union Medical College
Hospital (PUMCH). Patients with suspected alcoholic cardiomyopathy (𝑁 = 24, male, age range, 48.3 ± 11.6 yrs) were
enrolled in the study during January to June 2017. Written
informed consent was obtained from all subjects.
All imaging was performed on a clinical PET-CT system
[18] (PoleStar m660, Sinounion Healthcare Inc., Beijing,
China) at PUMCH. 11 C-acetate was synthesized as described
in literature [19, 20]. After a low dose CT scan, a total of about
740 MBq 11 C-acetate was administered intravenously to the
subject and a 40 min dynamic PET scan was acquired for each
patient.
2.2. Image Reconstruction. Each dynamic PET scan was
sorted into 53 frames (15 × 10 s, 15 × 30 s, 16 × 60 s, and
7 × 120 s), and images were reconstructed with an object
space of 192 × 192 × 117 and a voxel size of 3.15 × 3.15 ×
1.87 mm3 . Filtered backprojection (FBP) reconstruction and
three iterative reconstruction methods, that is, OSEM, OSEM
with time-of-flight, and OSEM with both time-of-flight and
point-spread-function, were performed for each study. The
four reconstruction methods were named as FBP, OSEM,
TOF, and TPSF, respectively, for the comparison in this
study. Necessary corrections such as random, attenuation,
scatter, normalization, dead time, and decay corrections
were applied. For the FBP method, scatters and randoms
were directly subtracted from projections while, for the
iterative methods, they were included in the iteration. The
iterative equation used in the ordinary Poisson OSEM-type
algorithms was [7]
(𝑘,𝑞)

(𝑘,𝑞+1)
𝑓𝑗

=

𝑓𝑗

𝐴 𝑖𝑗 𝑝𝑖
,
∑
∑𝑖∈𝑆𝑞 𝐴 𝑖𝑗 𝑖∈𝑆 ∑𝑀 𝐴 𝑖𝑙 𝑓(𝑘,𝑞) + 𝑟𝑖 + 𝑠𝑖
𝑞
𝑙=1
𝑙

(1)

where 𝑓 = [𝑓1 , 𝑓2 , . . . , 𝑓𝑀]𝑇 was the estimated tracer intensities in a finite discrete object space. The sinogram data, 𝑝 =
[𝑝1 , 𝑝2 , . . . , 𝑝𝑁]𝑇 , was a collection of detected coincidence
events with independent Poisson statistical distributions. In
(1), k is the iteration number and 𝑞 is the subset index.
The whole sinogram data was divided into several subsets,
denoted as {𝑆𝑞 }, in order to increase the convergence speed.
In general, subsets are evenly distributed with angular bins.
In the case of both TOF and TPSF, time-of-flight information
was treated as an additional dimension of time-of-flight bin
in the sinogram space. 𝑟 and 𝑠 represented expectations of
additive random and scatter events. 𝐴 was the discrete system
response function defined by the physical characteristics of
imaging system, which in practice was factorized as a product of normalized correction matrix, attenuation correction
matrix, and geometrical modeling matrix. For the TPSF, an
additional product of the point-spread-function matrix was
added to simulate the depth of interaction in crystals [21, 22].
In iterative reconstructions, the image quality was controlled by the combination of subsets and iterations, which
can be simplified as expectation maximization equivalent
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(a)

(b)
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Figure 1: PET images reconstructed by TOF protocol: a transversal slice (a), a coronal slice along the higher dashed line (b), a coronal slice
along the lower dashed line (c). The iterative reconstruction was performed with 10 iterations and 10 subsets, and a 5 mm (FWHM) Gaussian
filter was applied (axial and transaxial) after reconstruction. The scan started 450 seconds after 11 C-acetate injection with the scan duration
of 30 seconds. The four myocardial ROIs with 5 mm in diameter were evenly distributed along the myocardial wall (ROI (1)–(4)) and the two
blood-pool ROIs with 10 mm in diameter were located in the center of the left ventricle (ROI (5)) and right ventricle (ROI (6)).

(EM-equivalent) iterations (the product of iterations and
subsets) [23]. More EM-equivalent iterations result in less
blurred and noisier reconstructed images. The optimization of EM-equivalent iterations depends on a variety of
variables, such as activity distribution, the use of timeof-flight information, point-spread-function modeling, and
noise equivalent counts in data.
To better analyze the effects of EM-equivalent iterations
on the characteristics of the reconstructed images, we estimated the noise level in the myocardium and the contrast
obtained between myocardium and blood pool in LV. One
patient was randomly selected and a 30 s PET acquisition (the
21st frame) was used for the evaluation. For simplicity, the
subsets were fixed to be 10 in the study. Mean myocardial
counts (signal mean) and related standard deviations (signal
SD) were calculated from the myocardial ROIs. Background
mean counts (background mean) were defined as the average
from the blood-pool ROI in LV. The definitions of ROIs were
detailed in the next section. The contrast and noise properties
in three iterative reconstructions were evaluated as a function
of the number of iterations. The coefficient of variance (CV)
and contrast were calculated as follows [23]:
CV =

signal SD
signal mean

signal mean − background mean
contrast =
.
background mean

(2)

Furthermore, the convergence performances of the fitted
kinetic parameters for the three iterative reconstruction
methods were explored. In the analysis, the entire image
frames were used to minimize the effect of noise in the reconstructed images. In the study, the same patient study data as
mentioned above was used and the subsets in the reconstructions were fixed to be 10 as well.
Based on the convergence behaviors with respect to
image quality and kinetic parameters, the optimum iterations were determined, respectively, for the three iterative
reconstruction methods. The post-filter also affects image

quality and the FWHM of post-filter were adjusted separately
for different reconstruction methods to obtain similar image
quality.
2.3. Image Analysis, Kinetic Modeling, and Statistics. Spherical regions-of-interest (ROIs) were manually drawn in the
reconstructed images by experienced clinicians. As shown in
Figure 1, four spherical ROIs (indexes (1)–(4)) with a diameter
of 5 mm were drawn to calculate myocardium uptake and
they were evenly distributed around LV myocardium and
close to epicardium to avoid possible contamination from the
blood pool. It is worthwhile to note that, for myocardial ROI
analysis in this study, statistics were obtained by averaging the
four 5 mm spherical ROIs to reduce the influences of partial
volume effect (PVE), statistical noise, and potential motion
artifacts.
In order to explore the influence of different reconstruction methods on the quantitation of dynamic cardiac PET
images, SUVs of the myocardial ROI at different times after
tracer injection were first analyzed. For each reconstruction, four discrete time points were selected representing
the high (2 min), moderate (5 min and 10 min), and low
(30 min) myocardium activity concentrations, respectively.
As explained earlier in the text, mean activity concentration
for each time point was obtained by averaging the four 5 mm
myocardial ROIs. The corresponding SUV was defined as
SUVmean in later comparison and analysis.
Kinetic analysis was also performed on the dynamic
image series with different reconstruction methods. Kinetic
analysis requires an accurate input function to estimate tracer
activity concentration of blood. The gold standard is to collect
blood samples by arterial cannulation in order to have direct
activity concentration measurement. However, this approach
induces patient discomfort as well as complexity during scan.
In the study, a 1-tissue-compartment model [24], as shown
in Figure 2, was used for kinetic modeling of 11 C-acetate
cardiac flow from PET images as a feasible and noninvasive
alterative to arterial cannulation. A spherical ROI with a
diameter of 10 mm (index (5) in Figure 1) was manually
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Figure 2: The 1-tissue-compartment model for kinetic modeling of
11
C-acetate cardiac flow from PET images. 𝐶𝑃 and 𝐶myo represent
the tracer concentration in plasma and myocardial tissue, respectively. 𝐾1 is proportional to perfusion value and 𝑘2 is related to
oxidative metabolism.

drawn inside the left ventricle (LV) blood pool to calculate
the tracer concentration in plasma. For each reconstruction
method, corresponding blood and myocardial time-activity
curves (TACs) were extracted from the dynamic image series
as the image-derived input functions for kinetic analysis. Also
to note is that the myocardial TAC was obtained by averaging
the four 5 mm myocardial ROIs as explained earlier.
Kinetic modeling was performed on TACs in LV bloodpool ROI and averaged myocardial ROI using the PMOD
software (PMOD Technologies, Zurich, Switzerland). The
1-tissue-compartment model for 11 C-acetate cardiac flow
implemented in PMOD was adopted to calculate the 𝐾1 and
𝑘2 parameters of 11 C-acetate, where 𝐾1 is proportional to
perfusion value and 𝑘2 is related to oxidative metabolism.
For the purpose of spillover correction, a 10 mm diameter
spherical ROI (index (6) in Figure 1) was manually drawn
inside the right ventricle (RV) blood pool. This RV bloodpool ROI and LV blood-pool ROI were used by the PMOD
software for automatic correction of the spillover from LV and
RV into the myocardium [25].
Correlation relationships among kinetic parameters were
investigated using linear regression. Group mean (𝜇) and
standard deviation (𝜎) of kinetic parameters and SUVs for
all subjects were compared among different reconstructions.
Statistical analysis was performed using paired, two-sample
Student’s 𝑡-test (or Welch’s 𝑡-test) [26] with a significance level
𝛼 of 0.05.

while a 3D Gaussian filter of 6.5 mm in FWHM was applied
to OSEM images.
Visual qualitative assessments on the reconstructed
images were performed by experienced clinicians using
double blinded study. The contour of LV wall, 11 C-acetate
distribution in ventricular myocardium, and streak artifacts
in cardiac region, especially in LV cavity, were carefully
examined.
The determinations of EM-equivalent iteration were further verified in the convergence analysis of kinetic parameters. Figure 4 displayed the convergence behaviors of kinetic
parameters (𝐾1 and 𝑘2 ) as a function of EM-equivalent
iterations for the three iterative reconstruction algorithms.
As shown in the figure, the EM-equivalent iterations of 100
ensured the convergence of the kinetic parameters for both
TOF and TPSF cases. Although 𝐾1 and 𝑘2 for OSEM
converged slowly, the number of EM-equivalent iterations of
200 was still large enough to obtain the stable values.

3. Results

3.2. Reconstruction Images. Figure 5 showed the representative coronal PET images reconstructed using FBP, OSEM,
TOF, and TPSF, respectively. The image frame started at 450
seconds after 11 C-acetate injection with a duration of 30
seconds. FBP method exhibited the poorest image quality
with streak artifacts, especially in low count regions. As a
comparison, iterative OSEM-type algorithms (OSEM, TOF,
and TPSF) showed significant improvements in terms of
image quality. Residual activity in the LV was obvious in the
OSEM method, and the LV myocardium uptake exhibited
much nonhomogeneity. The incorporation of time-of-flight
information in the reconstruction could greatly reduce the
activity bias and led to a more continuous contour of ventricles and homogeneous myocardium uptake, as demonstrated
in the TOF and TPSF images. Furthermore, time-of-flight
reconstruction leads to improved convergence in cold region,
resulting in much more clear blood pools in the LV in
the TOF and TPSF images. Similar image qualities were
observed between TOF and TPSF methods, suggesting that
the incorporation of PSF does not contribute significantly to
cardiac PET images.

3.1. Iterations Optimization. Figure 3 showed the convergence behaviors of image noise and contrast for the three
iterative algorithms plotted against EM-equivalent iteration.
Note that all the iterative reconstructions in this study were
performed with 10 subsets. Compared with OSEM, TOF
increased speed of reconstruction algorithm convergence,
which is in accordance with previous study in [10]. The
incorporation of PSF modeling into reconstruction affected
the convergence speed of image noise more than contrast.
In this study, to ensure good contrast convergence and then
the minimum noise property, the number of EM-equivalent
iterations of 200 (corresponding to the iteration number of
20) was chosen for the OSEM method while the number
of EM-equivalent iterations of 100 (corresponding to the
iteration number of 10) was chosen for the TOF and TPSF
methods. Furthermore, in order to minimize the difference in
CV and obtain similar image qualities, a 3D Gaussian filter of
5.0 mm in FWHM was applied to both TOF and TPSF images,

3.3. SUV and Kinetic Analysis. Figure 6 showed the magnified
reconstructed images with different reconstruction methods
at 2 min, 5 min, 10 min, and 30 min after tracer injection. For
each reconstruction method, the group mean and standard
variation (SD) of SUVmean from all the patients were shown
in Figure 7. SD with the FBP method was the largest while
the SDs with the three OSEM-type methods were similar. The
OSEM method exhibited the largest bias on the mean value.
Overall, similar performances were observed in the TOF and
TPSF methods. At 30 min after injection, with a scan duration
of 120 s, the four methods displayed almost the same SUVmean
due to the excellent SNR in measurement.
Figure 6 also showed the TACs of the myocardium tissue
and the blood pools in the LV and RV extracted with the four
reconstruction methods. The FBP method generated much
oscillation in the TACs especially in the early frames due to
its intrinsic sensitivity to statistical noise. The nonnegative

5

Contrast
(a.u.)

Contrast Media & Molecular Imaging
3
2
1
0

0

50

100
150
200
EM equivalent iteration

250

300

100
150
200
EM equivalent iteration

250

300

Coefficient
of variance
(a.u.)

TOF
TPSF
OSEM
0.15
0.1
0.05

0

50

TOF
TPSF
OSEM

K1 (ＧＣＨ −1 )

Figure 3: The contrast and noise level measured by the coefficient of variance as a function of EM-equivalent iterations for iterative
reconstructions.

0.8
0.6
0.4
0.2

0

50

100
150
200
EM equivalent iterations

250

300

100
150
200
EM equivalent iterations

250

300

k2 (ＧＣＨ −1 )

TOF
TPSF
OSEM
0.14
0.13
0.12
0.11

0

50

TOF
TPSF
OSEM

Figure 4: The kinetic parameters (𝐾1 and 𝑘2 ) as a function of EMequivalent iterations for iterative reconstructions.

constraints in iterative OSEM-type methods led to positive
biased estimation on the regional activity concentration in
low count PET data, while the FBP method yields both
positive and negative values. Thus the TACs of the iterative
methods always lied on the top of the TAC of the FBP
method. The incorporation of time-of-flight information
in the TOF and TPSF methods could greatly reduce the
influence of statistical noise, resulting in much less divergent
TACs compared with the OSEM method. The TACs of the
TOF and TPSF methods were very similar and, again, the
benefit of incorporating PSF was not obvious.
Figures 8 and 9 illustrated the linear regressions of all
the kinetic parameters 𝐾1 and 𝑘2 , using the TACs shown
in Figure 6. Overall, kinetic parameters derived from FBP
reconstruction were the least relevant to those from the

OSEM-type reconstructions. This was because FBP approach
produced divergent TACs due to the statistical noise and
thus introduced extra variations in curve fitting and kinetic
modeling. Both TOF and TPSF methods had excellent linear
correlations for all kinetic parameters, and they had slightly
less correlations with OSEM method.
Group comparison of the mean values and standard deviations of myocardiums 𝐾1 and 𝑘2 were shown in Figure 10.
Consistent kinetic parameters were obtained from the TOF
and TPSF methods. The kinetic parameters derived from the
FBP method had comparable mean values but relatively the
largest SD for 𝐾1 .
The statistic analysis for kinetic parameters was summarized in Table 1. No significant difference was found among
different reconstruction approaches. In terms of parameters
𝐾1 and 𝑘2 , the OSEM method presented relatively higher
residual in correlation with the FBP method compared with
the TOF and TPSF methods. The TOF and TPSF methods
were highly correlated with each other with the largest 𝑃
values. No significant difference was found among all the
reconstruction methods in the SUVmean test (Table 2). The
results implied that all the reconstruction methods reported
similar SUVs in the PET images.

4. Discussion
In the presented work, 11 C-acetate cardiac dynamic PET
imaging studies were carried out. Data were acquired and
reconstructed offline with FBP, OSEM, TOF, and TPSF methods. Both SUVs and kinetic parameters were investigated to
evaluate the impacts of different reconstruction approach.
It is well known that iterative reconstruction leads to significant improvement in image quality compared with FBP
reconstruction, as demonstrated in Figures 5 and 6. However,
FBP is much faster in calculation and may be attractive
in dynamic studies where iterative methods usually take
hours to reconstruct the dynamic image series. Moreover,
FBP is linear and does not produce noise-induced positive
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(a)

(b)

(c)

(d)

TOF

OSEM

FBP

Figure 5: Coronal PET images reconstructed by FBP (a), OSEM (b), TOF (c), and TPSF (d). OSEM reconstruction was performed with 20
iterations and 10 subsets, with application of a 6.5 mm (FWHM) Gaussian post-filter. Both TOF and TPSF reconstructions were performed
with 10 iterations and 10 subsets, with application of a 5 mm (FWHM) Gaussian post-filter. The scan started at 450 seconds after 11 C-acetate
injection with scan duration of 30 seconds.
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Figure 6: Representative heart images reconstructed from four methods at different time points, as well as the corresponding TACs from
myocardium (in solid lines), the LV (in dashed lines), and the RV (in dotted lines) after the injection of 11 C-acetate.
Table 1: Paired two-sample Welch’s 𝑇-test Results for kinetic parameters with respect to combinations of every two reconstruction approaches.
𝐾1
𝑘2

FBP-OSEM
0.92
0.55

FBP-TOF
0.74
0.21

FBP-TPSF
0.59
0.25

OSEM-TOF
0.63
0.08

OSEM-TPSF
0.48
0.10

TOF-TPSF
0.81
0.93

Table 2: Paired two-sample Welch’s 𝑇-test results for SUVmean at four time points with respect to combinations of every two reconstruction
approaches.

2 min
5 min
10 min
30 min

FBP-OSEM
0.40
0.34
0.86
0.91

FBP-TOF
0.74
0.66
0.98
0.94

FBP-TPSF
0.64
0.55
0.73
0.80

OSEM-TOF
0.53
0.59
0.87
0.85

OSEM-TPSF
0.64
0.71
0.86
0.90

TOF-TPSF
0.87
0.87
0.85
0.94
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Figure 7: Means and standard deviations of semiquantitative ROIbased SUV from four reconstruction methods at 2 min, 5 min,
10 min, and 30 min after radiotracer injection.

bias. Despite its poor image quality and visual artifacts, FBP
images can be quantitatively accurate in mean values when
the ROI is chosen to be large enough to be less affected
by PVE, that is, spill-in and spill-out effects due to variable
intense activity surrounding tissues [6]. In this study, all
the voxels in the myocardial ROIs were averaged to reduce
the noise effect and thus counteract the contributions of
positive and negative pulses on closer neighboring streaks.
In low count PET images, the SUVs were diverged by
the noise, but the group average of SUVmean could be
considered accurate due to the linear noise property and
the permit of negative values. In comparison, OSEM-type
methods had some remaining positive bias in case of very
noisy data due to the inherent nonnegativity constraint. The
group comparison on SUV among different reconstructions
showed that FBP reconstruction had the largest standard
variation. TOF reconstruction behaved more similar to FBP
reconstruction for all the time point results in terms of mean
value of SUV, especially at early frames, which implies that
TOF reconstruction is insensitive to the statistic noise. No
statistical significance was found from all the time point SUVs
of all the reconstructions. TOF reconstruction was better than
the other iterative method such as OSEM or TPSF.
SUVmean was chosen in this study instead of SUVpeak
or SUVmax [27]. Using mean values in ROIs reduces the
dependency on the statistical quality of the images, but the
averaging process also causes loss of sensitivity to hot spot.
For clinical examination, the peak values are normally used
where hot spots usually attract more attention. However, for
kinetic analysis, mean values appear to be more appropriate
in order to be less sensitive to statistical noise normally seen
in the dynamic acquisition.
In this study, the influence of different reconstruction
methods on the kinetic analysis was also investigated. It
is known that the noise level in the TAC will affect the
robustness of the kinetic parameter estimation. As shown in
Figure 6, the TACs from FBP reconstruction exhibited much
oscillation, especially in the early frames, leading to the
largest standard variation and the worst correlation in terms
of kinetic parameters compared with other reconstruction
methods.

Compared with FBP, TACs from iterative methods were
much smoother. For the kinetic parameter 𝑘2 , differences
were seen in the OSEM method compared with both TOF
and TPSF methods. OSEM reconstruction has been widely
accepted by clinics and has been incorporated in most commercial PET/CT scanners. However, in this study, we found
that OSEM method performed poorly in the quantitative
analysis of cardiac imaging. One possible reason is that
the blood pools in the OSEM reconstructed images exhibit
residual activities, which affects the blood input function
for the kinetic modeling. The incorporation of time-of-flight
information could reduce the noise and lead to much less
divergence in the TACs compared with the OSEM method.
With time-of-flight information, the positions of annihilation
along lines of response can be approximately determined.
With this additional information, the reconstructed PET
images could achieve better image quality and low count
recovery, thus improving the accuracy of regional activity
quantification.
In this study, the advantage of incorporating pointspread-function in the reconstruction was not obvious in the
quantitative analysis. The point-spread-function describes
the detector response of incident photon. The implementation of point-spread-function kernel in the reconstruction
often helps to improve the spatial resolution and reduce
the partial volume effect. And usually it helps to delineate
boundaries with sharp intensity transitions. However, in this
study, the defined ROIs were surrounded by almost uniform
activity in myocardium and there were no sharp activity
transitions along the ROI boundaries. In addition, the partial
volume effect had been largely reduced since the size of
ROIs was approximately twice the spatial resolution of PET
scanner. As a result, similar TACs and good correlations
in all the kinetic parameters were found between the TPSF
and TOF results. And the two methods generated consistent
mean values for all the kinetic parameters with small standard
deviations. Similar results were also seen in terms of image
quality between the two reconstruction methods.
In this study, neither cardiac nor respiratory gating was
used during data acquisition due to the high counts statistical
variance especially in early frames, which will become worse
as the data are further divided into phases for the gating
process. However, the possible unconscious body motion still
causes concern for the 40 min long dynamic data acquisition.
It is worthwhile to note that, in the ROI analysis in this
study, ROIs were manually defined on a single frame and
applied to all the image series for each patient. It was possible
that the myocardium ROIs partially entered the blood pool
in some image series due to patient’s unconscious motion.
For simplicity these motions were not corrected frame by
frame in the study. In order to evaluate the motion effect,
data of one patient with obvious movement was examined
and two myocardium TACs were generated using fixed ROI
positions across image frames as well as manually adjusting
ROI positions when necessary to move myocardium ROIs
away from the blood pool. The two sets of kinetic parameters
derived from the two TACs were compared and results were
shown in Table 3. No significant differences were observed for
iterative reconstruction methods, while, for the FBP method,
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Figure 8: Linear regressions of myocardium 𝐾1 calculated from reconstruction methods. Each point represented the corresponding kinetic
parameter in myocardium ROI of one patient. Linear function with slope rate, intercept, and squares of Pearson correlation coefficients were
indicated.
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Figure 9: Linear regressions of myocardium 𝑘2 calculated from reconstruction methods. Each point represented the corresponding kinetic
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the difference was more obvious. The possible reason may
be that kinetic parameters derived from the divergent TAC
from the FBP method are more sensitive to deviations in the
curve. However, since patient’s unconscious motion was not
evident in most cases, ROI with fixed positions was used in
the evaluation for all reconstruction methods including FBP
in the study.

5. Conclusion
All the tested PET reconstruction algorithms performed
similarly in the SUV analysis at the selected time points.
Kinetic parameters 𝐾1 and 𝑘2 also exhibited no statistical
difference among the four reconstruction algorithms in terms
of mean value and standard deviation. However, for the
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Figure 10: Means and standard deviations of myocardiums 𝐾1 and
𝑘2 calculated using image-derived input functions for 24 patients
with respect to four reconstruction methods of FBP, OSEM, TOF,
and TPSF.
Table 3: Comparisons of kinetic parameters with and without ROI
movements by four reconstruction approaches1 .

𝐾1
𝑘2

FBP

OSEM

TOF

TPSF

0.71

0.85

0.80

0.81

0.59

0.86

0.79

0.80

0.13

0.18

0.13

0.14

0.10

0.17

0.14

0.14

1

The parameters with/without ROI movements are shown in bold/italic
tables.

correlation analysis, OSEM reconstruction presented relative
higher residual in correlation with FBP reconstruction compared with TOF and TPSF reconstruction. TOF and TPSF
reconstruction were highly correlated with each other and
led to highly consistent kinetic results with superior image
quality. As a result, both TOF and TPSF are suitable for
cardiac 11 C-acetate kinetic analysis. This conclusion needs to
be further validated in the future study when arterial blood
sampling is provided to measure the true time-activity curve
as input function for kinetic modeling.
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Background. To evaluate the clinical and prognostic value of PET/CT with combination of 68 Ga-DOTATATE and 18 F-FDG
in gastroenteropancreatic neuroendocrine neoplasms (GEP-NENs). Method. 83 patients of GEP-NENs who underwent 68 GaDOTATATE and 18 F-FDG PET/CT were enrolled between June 2013 and December 2016. Well-differentiated (WD) NETs are
divided into group A (Ki-67 < 10%) and group B (Ki-67 ≥ 10%), and poorly differentiated (PD) NECs are defined as group
C. The relationship between PET/CT results and clinicopathological characteristics was retrospectively investigated. Result. For
groups A/B/C, the sensitivities of 68 Ga-DOTATATE and 18 F-FDG were 78.8%/83.3%/37.5% and 52.0%/72.2%/100.0%. A negative
correlation between Ki-67 and SUVmax of 68 Ga-DOTATATE (𝑅 = −0.415; 𝑃 ≤ 0.001) was observed, while a positive correlation was
noted between Ki-67 and SUVmax of 18 F-FDG (𝑅 = 0.683; 𝑃 ≤ 0.001). 62.5% (5/8) of patients showed significantly more lesions
in the bone if 68 Ga-DOTATATE was used, and 22.7% (5/22) of patients showed more lymph node metastases if 18 F-FDG was
used. Conclusions. The sensitivity of dual tracers was correlated with cell differentiation, and a correlation between Ki-67 and both
SUVmax of PET-CTs could be observed. 68 Ga-DOTATATE is suggested for WD-NET and 18 F-FDG is probably suitable for patients
with Ki-67 ≥ 10%.

1. Introduction
Gastroenteropancreatic neuroendocrine neoplasms (GEPNENs) are a heterogeneous group of neoplasms that arise
from cells of the endocrine system [1]. GEP-NENs are rare
and present many clinical challenges. Because of their unpredictable biologic behaviors, the diagnosis usually takes place
only after the condition has become advanced. Treatment
regimens rely mainly on histological grading via biopsy;
however, tumor heterogeneity cannot be fully assessed by
tumor biopsy [2, 3]. Although Ki-67 staining has been shown
to have prognostic significance in GEP-NENs, pitfalls may
lead clinicians to misjudge the tumor grades. Specifically,
first, the current gold-standard method, in which 2000 cells

are counted, is heavily dependent on the skill and expertise
of the reporting pathologist [4]. Second, the limited tissue in
some cases may impede accurate assessment of Ki-67 given
the potential for heterogeneity of Ki-67 expression within
tumors. Finally, the Ki-67 index may vary over time in the
same patient, with changes possible both in response to
treatment [5] and over the progression of the disease [6].
We believe that combined dual-tracer PET/CT imaging offers
distinct advantages to overcome the above pitfalls.
DOTA-peptides specifically bind to somatostatin receptors 2, 3, and 5 and are usually overexpressed on the surfaces neuroendocrine cells [7, 8]. 68 Ga-DOTATATE has
been shown to be useful for staging, restaging, surveillance,
determining SSTR-based therapy, and monitoring responses

2
to treatments in NENs [9, 10]. 18 F-FDG is a glucose analogue,
and PET/CT imaging with this tracer has been shown to
be correlated with NENs aggressiveness. The presence of
increased glucose in NENs highlights an increased propensity
for invasion and metastasis, and PET imaging with 18 F-FDG
accordingly has higher sensitivity, especially in aggressive and
high-grade tumors [11, 12]. Therefore, we believe that PET/CT
imaging with combination of 68 Ga-DOTATATE and 18 FFDG PET/CT is a highly efficient whole-body imaging
method, and it could be complementary to conventional
imaging methods.
A large number of previous studies have evaluated the
diagnostic accuracy of both tracers in the presence of a
relative shortage of information, regarding the correlation to
pathological findings and prognostic value. Only a few studies
have compared the clinical impact of both 68 Ga-DOTATATE
and 18 F-FDG PET tracers on NENs [13, 14]. The present study
aimed to determine the clinical value of the complementary
PET/CT imaging method in a large histologically proven
NENs population.

2. Materials and Methods
We analyzed the data from 83 (50 males and 33 females)
consecutive patients with pathologically proven NENs who
underwent contemporaneous PET/CT imaging with 68 GaDOTATATE and 18 F-FDG between June 2013 and December
2016. 68 Ga-DOTATATE and 18 F-FDG PET/CT scans were
performed within an interval of no more than 2 weeks. No
patients were treated during this interval. All NENs were
classified according to the histopathological reports, which
are based on recent consensus statements of the European
Neuroendocrine Tumor Society. According to the grade
of differentiation, proliferation index (Ki-67), and mitotic
count, the well-differentiated (WD) neoplasms are herein
defined as NET and graded G1 (Ki-67 ≤ 2%) or G2 (Ki-67
3–20%) and G3a (Ki-67 > 20%); the poorly differentiated
(PD) neoplasms are defined as NEC and G3b. G2 patients
were further divided into 2 groups as G2a (3–9%) and G2b
(10–20%).
2.1. PET/CT Acquisition. Patients fasted for at least 6 h
before PET/CT scan. Images were acquired 1 h after injection of 3.7 MBq/kg 18 F-FDG or 1 h after the injection of
100–200 MBq 68 Ga-DOTATATE. Whole-body scan (brain to
mid-thigh) was performed with the patient in the supine
position. CT exposure factors for all scans were 120 kV and
100 mA. PET/CT images were reported in consensus by two
experienced nuclear medicine physicians who were blinded
to the findings of the structural imaging. Any nonphysiological focus of 68 Ga-DOTATATE or 18 F-FDG uptake greater
than the normal liver background was considered positive. At
the same time, CT imaging was used to differentiate between
lesions and physiological uptake. The maximum standardized
uptake value (SUVmax ) of primary and metastatic lesions was
calculated. SUVmax generated from each patient was used in
the final analysis. The SUV ratio of the tumor relative to the
maximal liver uptake was calculated by dividing SUVmax of
the tumor by SUVmax of the liver (SUVT/L ). The ratio between
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Table 1: Patient characteristics.
Characteristics
Gender
Female (𝑛)
Male (𝑛)
Primary sites (𝑛)
Pancreas
Gastrointestinal
Primary unknown
Metastatic sites (𝑛)
Liver
Lymph nodes
Bone
Lung
Other

NET (%)

NEC (%)

All (%)

26 (51.0)
25 (49.0)

7 (21.9)
25 (78.1)

33 (39.7)
50 (60.3)

19 (37.3)
24 (47.0)
8 (15.7)

8 (25.0)
19 (59.4)
5 (15.6)

27 (32.5)
43 (51.8)
13 (15.7)

36 (70.6)
21 (41.2)
9 (17.6)
4 (7.8)
6 (11.7)

13 (40.6)
27 (84.4)
10 (31.3)
1 (3.1)
7 (21.9)

49 (59.0)
48 (57.8)
19 (22.9)
5 (6.0)
13 (15.7)

NET, neuroendocrine tumor; NEC, neuroendocrine carcinoma.

SUVmax of 68 Ga-DOTATATE and that of 18 F-FDG (SUVmax
ratio) was also calculated.
2.2. Statistical Analysis. Descriptive analyses are presented
using mean and SD for normally distributed variables, but
median, minimum, and maximum values were used for those
that were nonnormally distributed. Analyses were performed
using SPSS (version 21.0; IBM). The paired Student’s 𝑡-test
was used for the related nonnormally distributed variables.
Correlation of SUVmax values of 68 Ga-DOTATATE and
18
F-FDG with Ki-67 index was assessed using Spearman’s
correlation coefficient. Overall survival (OS) was calculated
from the date of diagnosis to the last day of follow-up
or death. Kaplan-Meier survival analysis was performed to
assess the prognostic value regarding OS, and differences
between groups were analyzed using the log-rank test. 𝑃 <
0.05 was considered as statistical significance.

3. Results
3.1. Patient Characteristics. A total of 83 (50 males and 33
females) patients were included in the study, with a median
age of 56 years (range: 27–77 years). The primary tumors were
located in the pancreas in 27 patients (32.5%), gastrointestinal
tract in 43 patients (51.8%), and unknown locations in 13
patients (15.7%). Among the subjects, 48 patients (57.8%)
had lymph node involvement and 60 patients (72.3%) had
distant metastases. Pathological evaluation showed that 51
patients (61.4%) had WD-NET and 32 patients (38.6%) had
PD-NEC. Among WD-NETs, there were 14 patients (16.9%)
in G1 (≤2%), 19 patients (22.9%) in G2a (3–9%), 9 patients
(10.8%) in G2b (10–20%), and 28 patients (33.7%) in G3a
(>20%) (Table 1).
3.2. Complementary PET/CT Qualitative Evaluation
3.2.1. Comparison in Sensitivity. For all patients, 68 GaDOTATATE was positive in 53 cases and negative in 30
cases, while 18 F-FDG PET/CT was positive in 62 cases and
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Table 2: Sensitivity and uptake of 68 Ga-DOTATATE and 18 F-FDG PET/CT for different primary sites and grades.
68

Primary lesion
Gastrointestinal tract
Pancreas
WD NET
Gastrointestinal NET
Pancreatic NET
PD NEC
Gastrointestinal NEC
Pancreatic NEC

Sensitivity (%)
18
Ga-DOTATATE
F-FDG PET/CT
55.8%
85.2%
80.4%
75.0%
89.5%
37.5%
31.6%
75.0%

74.4%
66.7%
58.8%
54.2%
52.6%
100.0%
100.0%
100.0%

68

SUVmax (mean ± SD)
18
Ga-DOTATATE
F-FDG PET/CT
16.75 ± 2.62
29.87 ± 4.77
28.87 ± 3.52
22.68 ± 2.77
31.19 ± 4.25
10.86 ± 1.78
9.26 ± 1.25
18.23 ± 5.93

7.56 ± 0.87
6.51 ± 0.78
4.51 ± 0.45
3.71 ± 0.45
5.13 ± 0.93
11.46 ± 0.75
12.44 ± 1.11
10.23 ± 0.67

WD, well-differentiated; PD, poorly differentiated; NET, neuroendocrine tumor; NEC, neuroendocrine carcinoma.

negative in 21 cases. Overall, 18 F-FDG assessment was found
to have a better sensitivity (74.7%) compared with 68 GaDOTATATE (63.8%), although it is not statistically significant
(𝑃 = 0.593). Remarkably, we found that the sensitivity of
dual tracers (94.0%) was significantly higher than that with
68
Ga-DOTATATE or 18 F-FDG alone (𝑃 < 0.01). For NET
and NEC, the sensitivity was 80.39% (41/51) and 37.5% (12/32)
with 68 Ga-DOTATATE and was 58.82% (30/51) and 100%
(32/32) with 18 F-FDG. Separating from the primary sites,
the sensitivity of 68 Ga-DOTATATE in pancreatic NET was
higher than that in gastrointestinal NET (NET: 89.5% versus
75.0%, 𝑃 = 0.034; NEC: 75.0% versus 31.6%, 𝑃 = 0.027).
However, 18 F-FDG showed no difference between pancreatic
and gastrointestinal NENs in terms of sensitivity.
3.2.2. Complementary PET/CT Semiquantitative Evaluation.
Table 2 illustrates the sensitivities and SUVmax in correlation
with primary sites and grades. The uptake values of 68 GaDOTATATE in PanNENs were significantly higher than
those in GI-NEN (29.87 ± 4.78 versus 16.76 ± 2.62, 𝑃 =
0.011). The values of 18 F-FDG PET/CT in PanNEN had a
trend toward a lower SUV than that in GI-NEN (6.51 ± 0.77
versus 7.57 ± 0.86, 𝑃 = 0.067) (Figure 1).
3.2.3. Comparison in Different Pathological Groups. The sensitivity of 68 Ga-DOTATATE and 18 F-FDG in G1/G2a/G2b/
G3a/G3b was 78.6%/73.3%/88.9%/77.8%/37.5% and 50.0%/
52.6%/66.7%/77.8%/100.0%. 68 Ga-DOTATATE imaging provided a sensitivity of >73% in WD-NET (G1–G3a) and only
37.5% in PD-NEC (G3b). For G1 and G2a (Ki-67 < 10%),
a statistically significant positive correlation between Ki-67
and the sensitivity with 18 F-FDG could be found, and the
sensitivity in G1 and G2a (Ki-67 < 10%) was about 50%,
increasing dramatically when the Ki-67 index was over 10%.
The sensitivity in G3a reached 77.8% and that in G3b was
100%. The patients were divided into 3 groups: group A
(G1 + G2a), group B (G2b + G3a), and group C (G3b).
With this grouping, the sensitivity of 68 Ga-DOTATATE
and 18 F-FDG in group A/B/C was 78.8%/83.3%/37.5% and
52.0%/72.2%/100.0%. Importantly, we found that the sensitivities of imaging with dual tracers in groups A/B/C

were 84.8%/100%/100%, which were significantly higher than
that with the single tracer. There was a significant negative
correlation between Ki-67 and 68 Ga DOTATATE SUVmax
(𝑅 = −0.415; 𝑃 ≤ 0.001), while a positive correlation was
noted between Ki-67 and 18 F-FDG SUVmax value (𝑅 = 0.683;
𝑃 ≤ 0.001). Moreover, 68 Ga-DOTATATE SUVT/L showed
a negative correlation with Ki-67 index (𝑅 = −0.357; 𝑃 =
0.001). However, 18 F-FDG SUVT/L was positively correlated
with Ki-67 index (𝑅 = 0.617; 𝑃 ≤ 0.001) (Figure 1).
3.2.4. Concordant and Discordant Findings. When combining the results of the dual-tracer PET/CT, 37 patients
were positive in both tracers, and 16 patients were 68 GaDOTATATE-positive and 18 F-FDG-negative, while 25
patients were 18 F-FDG-positive and 68 Ga-DOTATATEnegative. 5 patients were negative in both tracers (Table 3).
68
Ga-DOTATATE and 18 F-FDG PET/CT findings were
concordant in 37 patients with 25 WD-NETs and in 12 PDNECs. Only 1 patient was diagnosed as localized duodenal
NEN. The remaining 36 patients had regional lymph node
metastasis, distant metastasis, or both mainly occurring in
liver or bone. Of 27 patients with liver metastases, 8 patients
(29.6%) examined via 68 Ga-DOTATATE showed heterogeneity in SSTR expression. Of 8 patients with bone metastases,
imaging findings of 5 patients (62.5%) demonstrated that
68
Ga-DOTATATE highlighted more bone lesions than 18 FFDG PET/CT. Of 22 patients with lymph node involvement,
the dual tracers with 5 patients (22.7%) showed that 18 F-FDG
findings could be more prominent than those with 68 GaDOTATATE (Figure 2).
5 patients showed negative results in both two tracers,
with a histological diagnosis of group A. 1 patient was diagnosed as duodenal NET G2 (Ki-67: 3%) with multiple liver
metastases (largest lesion: 7.2 cm × 4.7 cm). The remaining 4
patients had rectal or gastric NET (G1/2) with lesions smaller
than 5 mm.
3.3. Treatment and Follow-Up. Of the 83 patients, 26 performed radical surgery; 57 (31 NET and 26 NEC) unresectable patients were treated with palliative surgery, SSA,
chemotherapy, and TACE. The median follow-up was 21
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Figure 1: Comparison of SUVmax of PET/CT according to primary sites ((a) and (b)) and tumor grade ((c) and (d)). The sensitivity of group A
(G1 + G2a = Ki-67 < 10%), group B (G2b + G3a = well-differentiated neoplasms with Ki-67 ≥ 10%), and group C (G3b = poorly differentiated
neoplasms with Ki-67 > 20%) in PET/CT imaging.

months (in the range of 2–62 months). During the follow-up
period, 9 (6 NEC and 3 NET) patients died of the progressive
disease. Unresectable patients with positive results solely with
18
F-FDG showed the worst prognosis, while those positive
solely with 68 Ga-DOTATATE showed the best prognosis.

For unresectable patients with NET (𝑛 = 31), being 68 GaDOTATATE-negative was associated with worse prognosis
(HR: 10.4; 95% CI: 1.5–78.2; 𝑃 ≤ 0.001), and being 18 F-FDGpositive tended to be correlated with a worse prognosis (HR:
3.6; 95% CI: 0.7–9.8; 𝑃 = 0.158). For unresectable patients
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Table 3: Concordant and discordant findings.

68

Ga-DOTATATE
F-FDG PET/CT
Primary lesion (𝑛)
Pancreas
Gastrointestinal tract
CUP
Metastatic sites
Liver
Lymph node
Bone
Ki-67 range
Group A (𝑛 = 33)
Group B (𝑛 = 18)
Group C (𝑛 = 32)
18

Positive
Positive

Positive
Negative

Negative
Positive

Negative
Negative

14
18
5

9
6
1

4
14
7

0
5
0

27
22
8

11
7
2

9
18
8

1
0
0

15 (45.5%)
10 (55.5%)
12 (37.5%)

11 (33.3%)
5 (27.8%)
0

2 (6.1%)
3 (16.7%)
20 (62.5%)

5 (15.1%)
0
0

CUP, Cancer of unknown primary.

18

＆-FDG

68

18

＇a-DOTATATE

(A)

(a)

(B)

(b)

＆-FDG
(C)

68

＇a-DOTATATE
(c)

Figure 2: A 37-year-old women with pancreatic NEC G3 (Ki-67 = 80%) and lymph node, liver, and bone metastases, from whom the primary
lesion has been resected.18 F-FDG PET/CT showed more liver lesions, while 68 Ga-DOTATATE detected more bone lesions. ((A) and (a))
Liver lesions showed heterogeneity in SSTR expression. ((B) and (b) and (C) and (c)) 18 F-FDG PET/CT failed to show bone metastases in rib
and lumbar vertebra.

with NEC (𝑛 = 26), being 68 Ga-DOTATATE-negative also
tended to be associated with a worse prognosis (HR: 2.4; 95%
CI: 0.3–5.4; 𝑃 = 0.382) (Figure 3).

4. Discussion
68

Ga-DOTATATE and 18 F-FDG PET/CT play a crucial role
in the diagnosis and clinical management of NENs with
morphologic and functional information. 68 Ga-DOTATATE
was found to be superior to 18 F-FDG in WD-NET, whereas

18

F-FDG was more sensitive in PD-NEC [15]. Considering
the costs of molecular imaging, choosing the selected patients
for the specific PET/CT imaging is of vital importance. Analyzing the results produced using both tracers for different
grades and primary sites could be a balanced approach. The
aim of the present study was to compare 68 Ga-DOTATATE
and 18 F-FDG PET/CT in GEP-NENs and to investigate the
relationship between the complementary PET/CT results and
histopathologic findings in clinical and prognostic values in
a large, histologically confirmed NEN population.
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Figure 3: The overall survival of unresectable patients detected with dual tracers: (a) Kaplan-Meier survival curve for unresectable patients,
(A) positive for both tracers, (B) 68 Ga-DOTA-TATE only, and (C) 18 F-FDG only; (b) unresectable NET patients with 68 Ga-DOTA-TATE
results (positive or negative); (c) unresectable NET patients with 18 F-FDG results (positive or negative); (d) unresectable NEC patients with
68
Ga-DOTA-TATE results (positive or negative).

68

Ga-DOTATATE imaging and 18 F-FDG PET/CT imaging have been compared in several studies which have been
shown to have variable sensitivities in detecting NENs with
a relatively small number of patients. Naswa et al. [16]
reported that the sensitivity of 68 Ga-DOTANOC and 18 FFDG was 91.4% and 42.5%, respectively. Koukouraki et al.
[17] demonstrated that the sensitivity of 68 Ga-DOTATOC
and 18 F-FDG was 90% and 68%, respectively, and 68 GaDOTANOC was more sensitive in the detection of primary
sites or metastasis than 18 F-FDG [18]. Notably the patients
included in this study were mainly WD-NETs with lower
glucose metabolism. In the present study, the sensitivity of
68
Ga-DOTATATE and 18 F-FDG PET/CT was 63.85% and
74.70%, respectively. Subgroup analysis showed that the
sensitivity of 68 Ga-DOTATATE was mainly correlated with
the degree of differentiation, instead of correlation with

Ki-67 index. The sensitivity of 18 F-FDG showed a positive
correlation with the Ki-67 index and differentiation. From
18
F-FDG imaging, the sensitivity was under 53% for patients
with Ki-67 < 10% and 100% for PD-NEC. SUVmax of patients
with NEC was low even for those who had positive results
under 68 Ga-DOTATATE. We also observed that patients with
Ki-67 < 10% showed low uptake in 18 F-FDG PET/CT. On
consideration of the weak significance of 68 Ga-DOTATATE
for PD-NEC and 18 F-FDG PET/CT for lower-grade NET,
our study demonstrated that 18 F-FDG is more suitable for
patients with Ki-67 ≥ 10%, and 68 Ga-DOTATATE is less
advantageous in PD-NEC and should be tailored to the
individual patients.
Our study demonstrated that PET/CT uptake was statistically significantly different between subgroups of GEPNENs according to grading. The cohort was separated into
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Figure 4: PET/CT imaging and treatment regime.

3 groups: A (G1 + G2a), B (G2b + G3a), and C (G3b).
Group B showed higher sensitivity for 18 F-FDG than group
A, and the median SUVmax increased significantly, indicating
relatively quick proliferation rate associated with Ki-67 index.
Strosberg [19] proposed chemotherapy as a treatment option
for tumors with Ki-67 ≥ 10%, especially those with higher
18
F-FDG activity. Such tumors showed high proliferative
capacity and aggressive behavior and are recommended
for chemotherapy after PRRT or somatostatin therapy. In
this way, 18 F-FDG PET/CT may be suitable for identifying
patients with aggressive conditions in group B who could
benefit from chemotherapy. Thus, PET/CT imaging may
establish the missing link between histopathologic findings
and the treatment regimen.
Based on our results, dual tracers’ assessment is recommended for WD-NET with Ki-67 ≥ 10% (G2b and G3a). 68 GaDOTATATE and 18 F-FDG were complementary in detecting
lesions and dual-trace PET/CT showed an advantage in the
assessment of SSA, PRRT, and chemotherapy. We proposed
that WD-NET patients with Ki-67 ≥ 10% should be examined
using dual tracers upon diagnosis. We also suggest that
68
Ga-DOTATATE should be performed solely in WD-NET
patients with Ki-67 < 10% and 18 F-FDG is sufficient for PD
NEC. Moreover, repeated PET/CT is warranted when disease
progresses rapidly, considering the heterogeneous expression
and complementary findings to histopathology (Figure 4).
We investigated the correlations between dual tracers and
Ki-67 index. SUVmax or SUVT/L was positively correlated
with Ki-67 index with respect to 18 F-FDG PET/CT and
negatively correlated with Ki-67 index with respect to 68 GaDOTATATE. SUVmax of PET/CT may be a suitable biomarker
for evaluation of the biological behavior of NENs. The relationship between SUVT/L and Ki-67 index was weak, but it
showed a consistency with SUVmax . However, SUVmax may be
influenced by technical elements, while SUVT/L could reduce
the differences attributable to equipment and operation to
some extent.
GEP-NENs are a heterogeneous group of neoplasms that
display great variability in biological behaviors and clinical
outcomes [20]. This requires accurate diagnostic techniques
for precise staging and choice of therapy. The standard

grading is mainly based on the immunohistochemistry of the
proliferation marker Ki-67. However, there are many lesions
with variable tracer uptake at different parts of the tumor.
Especially within the same organ, these lesions may prevent
the biopsy from being a comprehensive reflection of tumor
heterogeneity in vivo, leading to inaccurate Ki-67 index
results. Therefore, dual-trace PET/CT, which is a wholebody noninvasive alternative, is warranted to overcome the
shortcomings of histopathologic grading. The findings of
this study included the ability of 68 Ga-DOTATATE to detect
heterogeneity in tumors and variable expression in primary
sites. SUVmax of PanNEN was higher than that of GINENs, which was consistent with prior studies [21, 22],
where the investigators found higher levels of messenger
RNA expression of SSTR2 and SSTR5 in pancreatic than in
gastrointestinal NENs. In this way, 68 Ga-DOTATATE is more
sensitive in PanNEN, but it may miss some lesions in GINEN. However, SUV𝑚𝑎𝑥 of PanNEN and GI-NEN showed
no difference for 18 F-FDG, which is complementary to 68 Ga
DOTATATE. Another finding of the present study was that
68
Ga DOTATATE has a superb ability to detect heterogeneity
in metastatic lesions, which is beneficial for us to select the
optimal protocol. We believe that complementary PET/CT
can evaluate the tumors’ heterogeneity and influence treatment options.
The morphological findings and Ki-67 index are considered important prognostic markers in NENs. One major limitation of these histopathological parameters as prognostic
markers is the requirement for tissue sampling, which is not
always feasible. A few studies have demonstrated the prognostic value of 18 F-FDG and 68 Ga-DOTATATE PET/CT in
patients with NENs. 18 F-FDG was an independent predictor
of PFS [23, 24]. 18 F-FDG SUVmax > 3 was demonstrated
to be independent predictor of disease progression, superior
to conventional prognostic factors such as Ki-67 index and
serum CgA [25]. SSTR expression was found to be a positive
prognostic factor, and it was therefore expected that SSTRbase PET/CT would also have prognostic value in NENs
[26]. Sharma et al. [27] demonstrated the prognostic value
of SUVmax measured with 68 Ga DOTATATE in 37 patients
with NET. SUVmax ≥ 14.5 was found to distinguish patients
with progressive and those with nonprogressive disease.
A major limitation of the prior studies was that most of
the patients included were WD-NET, which may involve
selection bias. Our study enrolled 57 unresectable patients (31
NET and 26 NEC). Unresectable patients positive with 18 FFDG alone showed the worst prognosis, while those positive
with 68 Ga-DOTATATE alone had the best prognosis. NET
patients with predominant 18 F-FDG uptake and a negative
68
Ga-DOTATATE scans had worse prognosis. There is a
strong association between high 18 F-FDG uptake and worse
outcome even in patients with WD-NETs. However, PD-NEC
with negative 68 Ga-DOTATATE uptake may lead to worse
prognosis. The present study has several limitations. First,
our study is retrospective, and the second limitation is that
the follow-up time was not long enough to assess treatment
response, considering the relatively inert biological behavior
of NENs.
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Noninvasive dual-tracer imaging with 68 Ga-DOTATATE
and 18 F-FDG PET/CT seems promising as an alternative to
tissue sampling, due to its capacity to reflect two different
aspects of tumor biology, SSTR expression and glucose
metabolism, respectively. Accordingly, imaging with dual
tracer is recommended for WD-NET patients with Ki-67 ≥
10%, providing information for selection of SSA, PRRT, and
chemotherapy. Taking the advantages of dual-tracer imaging
in detecting lesions is useful for accurate clinical management. Dual-tracer imaging also shows a clearly linear correlation between SUVmax and Ki-67 index. On consideration
of heterogeneous expression and complementary findings
to histopathology, our results suggested that repeated dualtracer imaging is warranted to evaluate dynamic biological
behavior and prognosis.
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of 18fluorodeoxyglucose-positron emission tomography and
somatostatin receptor scintigraphy for high Ki67 (≥10%) welldifferentiated endocrine carcinoma staging,” The Journal of
Clinical Endocrinology & Metabolism, vol. 96, no. 3, pp. 665–
671, 2011.
D. H. Simsek, S. Kuyumcu, C. Turkmen et al., “Can complementary 68Ga-dotatate and 18F-FDG PET/CT establish the
missing link between histopathology and therapeutic approach
in gastroenteropancreatic neuroendocrine tumors?” Journal of
Nuclear Medicine, vol. 55, no. 11, pp. 1811–1817, 2014.
E. Panagiotidis, A. Alshammari, S. Michopoulou et al., “Comparison of the impact of 68Ga-DOTATATE and 18F-FDG
PET/CT on clinical management in patients with Neuroendocrine tumors,” Journal of Nuclear Medicine, vol. 58, no. 1, pp.
91–96, 2017.
M. H. Squires, N. Volkan Adsay, D. M. Schuster et al., “Octreoscan Versus FDG-PET for Neuroendocrine Tumor Staging: A
Biological Approach,” Annals of Surgical Oncology, vol. 22, no.
7, pp. 2295–2301, 2015.
N. Naswa, P. Sharma, S. K. Gupta et al., “Dual tracer functional
imaging of gastroenteropancreatic neuroendocrine tumors
using 68Ga-DOTA-NOC PET-CT and 18F-FDG PET-CT:
Competitive or complimentary?” Clinical Nuclear Medicine, vol.
39, no. 1, pp. e27–e34, 2014.
S. Koukouraki, L. G. Strauss, V. Georgoulias, M. Eisenhut, U.
Haberkorn, and A. Dimitrakopoulou-Strauss, “Comparison of
the pharmacokinetics of 68 Ga-DOTATOC and [18 F]FDG in

Contrast Media & Molecular Imaging

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

patients with metastatic neuroendocrine tumours scheduled for
90
Y-DOTATOC therapy,” European Journal of Nuclear Medicine
and Molecular Imaging, vol. 33, no. 10, pp. 1115–1122, 2006.
V. Ambrosini, D. Campana, L. Bodei et al., “68Ga-DOTANOC
PET/CT clinical impact in patients with neuroendocrine
tumors.,” Journal of nuclear medicine : official publication,
Society of Nuclear Medicine, vol. 51, no. 5, pp. 669–673, 2010.
J. R. Strosberg, “Systemic treatment of gastroenteropancreatic
neuroendocrine tumors (GEP-NETs): Cuirrent approaches and
future options,” Endocrine Practice, vol. 20, no. 2, pp. 167–175,
2014.
Z. Yang, L. H. Tang, and D. S. Klimstra, “Effect of tumor
heterogeneity on the assessment of Ki67 labeling index in
well-differentiated neuroendocrine tumors metastatic to the
liver: Implications for prognostic stratification,” The American
Journal of Surgical Pathology, vol. 35, no. 6, pp. 853–860, 2011.
D. Campana, V. Ambrosini, R. Pezzilli et al., “Standardized
uptake values of68Ga-DOTANOC PET: a promising prognostic
tool in neuroendocrine tumors,” Journal of Nuclear Medicine,
vol. 51, no. 3, pp. 353–359, 2010.
D. O’Toole, A. Saveanu, A. Couvelard et al., “The analysis of
quantitative expression of somatostatin and dopamine receptors in gastro-entero-pancreatic tumours opens new therapeutic strategies,” European Journal of Endocrinology, vol. 155, no. 6,
pp. 849–857, 2006.
A. Sundin and A. Rockall, “Therapeutic monitoring of gastroenteropancreatic neuroendocrine tumors: The challenges ahead,”
Neuroendocrinology, vol. 96, no. 4, pp. 261–271, 2012.
E. Garin, F. Le Jeune, A. Devillers et al., “Predictive value of 18FFDG PET and somatostatin receptor scintigraphy in patients
with metastatic endocrine tumors,” Journal of Nuclear Medicine,
vol. 50, no. 6, pp. 858–864, 2009.
T. Binderup, U. Knigge, A. Loft, B. Federspiel, and A. Kjaer,
“18F-fluorodeoxyglucose positron emission tomography predicts survival of patients with neuroendocrine tumors,” Clinical
Cancer Research, vol. 16, no. 3, pp. 978–985, 2010.
H. S. Kim, H. S. Lee, and W. H. Kim, “Clinical significance
of protein expression of cyclooxygenase-2 and somatostatin
receptors in gastroenteropancreatic neuroendocrine tumors,”
Cancer Research and Treatment, vol. 43, no. 3, pp. 181–188, 2011.
P. Sharma, N. Naswa, S. S. KC et al., “Comparison of the
prognostic values of 68 Ga-DOTANOC PET/CT and 18 F-FDG
PET/CT in patients with well-differentiated neuroendocrine
tumor,” European Journal of Nuclear Medicine and Molecular
Imaging, vol. 41, no. 12, pp. 2194–2202, 2014.

9

Hindawi
Contrast Media & Molecular Imaging
Volume 2018, Article ID 1384281, 8 pages
https://doi.org/10.1155/2018/1384281

Research Article
Prognostic Value of Volume-Based Positron Emission
Tomography/Computed Tomography in Nasopharyngeal
Carcinoma Patients after Comprehensive Therapy
Yueli Tian,1,2 Khamis Hassan Bakari,1,2 Shanshan Liao,1,2 Xiaotian Xia,1,2 Xun Sun,1,2
Chunxia Qin,1,2 Yongxue Zhang ,1,2 and Xiaoli Lan 1,2
1

Department of Nuclear Medicine, Union Hospital, Tongji Medical College, Huazhong University of Science and Technology,
Wuhan 430022, China
2
Hubei Key Laboratory of Molecular Imaging, Union Hospital, Tongji Medical College, Huazhong University of Science and Technology,
Wuhan 430022, China
Correspondence should be addressed to Xiaoli Lan; lxl730724@hotmail.com
Received 28 July 2017; Revised 14 December 2017; Accepted 26 December 2017; Published 21 February 2018
Academic Editor: Jianhua Zhang
Copyright © 2018 Yueli Tian et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
Objective. We assessed the prognostic value of standardized uptake value (SUV) and volume-based methods including wholebody metabolic tumor volume (WBMTV) and whole-body total lesion glycolysis (WBTLG) using 18 F-fluorodeoxyglucose positron
emission tomography/computed tomography (PET/CT) of patients with nasopharyngeal carcinoma (NPC) after therapy. Methods.
A total of 221 posttherapy NPC cases were enrolled, all of whom had undergone PET/CT scanning and follow-up in this
retrospective study. The diagnostic results of PET/CT were analyzed and compared with histopathological diagnosis or clinical
follow-up. Receiver operator characteristic curves, the Kaplan-Meier method, and the log-rank test were used to assess the optimal
cutoff values for WBMTV and WBTLG to identify independent predictors of survival. Results. The detection rates of the threshold
SUV were 2.5, 20%, and 40%, and SUV background methods were 65.6% (378/576), 80.2% (462/576), 71.5% (412/576), and 90.4%
(521/576), respectively (𝑃 < 0.005). Patients with a WBMTV < 8.10 and/or a WBTLG < 35.58 had significantly better 5-year overall
survival than those above the cutoffs (90.7% versus 51.2%, 𝑃 < 0.001; 91.7% versus 50.4%, 𝑃 < 0.001), respectively. Multivariate
Cox regression modeling showed both WBTLG (RR, 1.002; 𝑃 = 0.004) and age (RR, 1.046; 𝑃 = 0.006) could be used to predict
overall survival. WBTLG (RR, 1.003; 𝑃 < 0.001) may have predictive relevance in estimating disease-free survival. Conclusions.
SUV volume-based threshold background methodology had a significantly higher detection rate for metastatic lesions. WBTLG
could be used as an independent prognostic indicator for posttherapy NPC.

1. Introduction
Nasopharyngeal carcinoma (NPC) is one of the commonest
epithelial-derived malignant tumors of the head and neck,
and it is associated with the highest incidence of nodal and/or
distant metastases [1–3]. As a chemo- and radiosensitive
tumor, the current standard treatment for locally advanced
NPC is concurrent chemoradiotherapy [4, 5], which can
result in 5-year survival and disease-free rates up to 70%
[6, 7]. However, recurrence of the disease may occur [7,
8]. Known prognostic factors of NPC include a history of
smoking, TNM stage classification, clinical and molecular

prognostic variables, and elevated plasma Epstein–Barr virus
DNA [9]. Clinically, none of them can accurately define the
prognosis of NPC patients.
18
F-Fluorodeoxyglucose positron emission tomography/
computed tomography (18 F-FDG PET/CT) is suitable for
the evaluation of various types of cancers including NPC.
Being noninvasive, the tool has the ability to visualize
and measure physiological function and biochemical processes (metabolism) of most cancers and has been widely
used in the diagnosis, staging, management, monitoring
of treatment response, and recurrence detection of many
malignancies [10]. 18 F-FDG PET parameters that are used as
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independent prognostic factors during or after chemotherapy
and radiotherapy include maximum standardized uptake
value (SUVmax), metabolic tumor volume (MTV), and total
lesion glycolysis (TLG) [11–13]. Multiple reports have shown
that SUVmax, defined as the maximum SUV in a region of
interest (ROI) containing the tumor, is one prognostic factor
in some cancers [11, 14, 15]. In addition to SUVmax, MTV
and TLG have also been widely used as tumor metabolic and
volumetric parameters in 18 F-FDG PET/CT. The volume of
tumor tissue with active 18 F-FDG uptake is defined as MTV
[16–18]. TLG is the median SUV in an ROI multiplied by the
MTV. The utilization of MTV and TLG is crucial in dealing
with metabolically active lesions and tumor invasiveness [19].
Different thresholds such as the absolute, relative, and
background relative thresholds have been frequently applied
in lesion segmentation but it is still a contentious matter
as to which threshold should be designated for segmenting
the volume of lesion. Incongruent results of the prognostic
importance of SUVmax, MTV, and TLG in NPC patients
have been reported by previous studies [20, 21]. The importance of volumetric 18 F-FDG PET parameters has not been
fully assessed, thus making it difficult to accurately identify
the best predictors of treatment outcome. The aim of this
study was to investigate the prognostic value of WBMTV
and WBTLG obtained from 18 F-FDG PET/CT images in
NPC patients after comprehensive therapy. Four different
threshold methods were assessed and an optimal threshold
for segmentation of recurrent metastatic lesions was selected.

2. Patients and Methods
2.1. Patients. Permission to conduct this study was granted
by the institution review board of Tongji Medical College, Huazhong University of Science and Technology, and
informed consent was obtained from all patients. A total
of 221 patients (169 males [76.4%] and 52 females [23.5%];
median age 46 ± 12 y, range: 17–75 y) were retrospectively
analyzed. All patients had performed 18 F-FDG PET/CT
imaging in the PET Center of Union Hospital, Tongji Medical
College of Huazhong University of Science and Technology,
between September 2003 and May 2013 after treatment. All
patients had received surgery and/or definitive intensitymodulated radiotherapy (IMRT) and/or adjuvant platinumbased chemotherapy. Inclusion criteria were as follows: (1)
histologically proven nasopharyngeal carcinoma; (2) complete clinical and imaging data; (3) the patients receiving
therapy before the PET/CT scan. Exclusion criteria were as
follows: (1) diabetes and pregnancy; (2) absence of other
malignant lesions or borderline lesions. Follow-up time was
34.4±24.8 months (range: 5–120 months) and ended in October 2013. The time of death in patients signifies the endpoint
of follow-up.
2.2. 18 F-FDG PET/CT Imaging. All patients fasted for at least
6 h before the examination and were injected intravenously
with 3.74 MBq (0.10 mCi)/Kg 18 F-FDG. All patients had
their blood glucose concentration measured and established
to be <6.6 mmol/L. Patients then rested for 45–60 minutes
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in a quiet, dark environment and later drank 300–500 mL
of water to empty their bladder before PET/CT scanning.
18
F-FDG PET imaging was performed using a Discovery
LS PET/CT system (GE Medical Systems). A CT scan
was acquired for attenuation correction using the following
parameters: a tube voltage of 120 kV, a tube current of 80 mA,
and 4.25 mm section collimation. Immediately after the CT, a
PET scan was then obtained from the level of the head to the
upper part of the legs at 3 minutes per bed position, usually
6–8 bed positions depending on the height of the patient.
Reconstruction of the PET data was performed with the
ordered set expectation maximization algorithm. A Xeleris
workstation (GE Medical System) was used for evaluation of
data obtained from both CT and PET.
2.3. Measurement of MTV and TLG. Two experienced
nuclear medicine physicians analyzed all the images independently on Xeleris workstations to identify all definite
cancer-related lesions. The lesions’ locations were recorded
to produce target volumes from PET/CT results. RT image,
a free software program developed by the Department of
Radiation Oncology and MIPS at Stanford University, was
deployed to read all the primary CT and PET DICOM data.
Each lesion was selected on PET images and segmented
automatically using a 3D-area growing algorithm.
Four thresholds were chosen for delineation: (1) The absolute threshold (Th2.5) was calculated as SUVmax = 2.5 marking all voxels inside foci with SUVs > 2.5 as tumor tissue. (2)
The relative threshold (Th20) was calculated as SUV= 20% ×
SUVmax, meaning that all voxels inside the lesion with SUV
higher than 20% of the SUVmax of the lesion were labeled as
tumor tissue. (3) The relative threshold (Th40) was calculated
as SUV= 40% × SUVmax, indicating that all voxels inside the
lesion with an SUV > 40% SUVmax of the lesion would be
labeled as tumor tissue. (4) The relative background dependent threshold (Thbgd) was calculated as SUV = SUVbgd
+ 20% (SUVmax − SUVbgd), where SUVbgd was described
as the mean SUVmax of the surrounding background of the
ROI, that is, ten randomly outlined regions in the background
around the lesion where their mean was SUVbgd. SUVmax
ROI is indicated as the SUVmax of the lesion [22]. The
volume and SUVmean of each lesion were calculated by the
software. The MTV of each slice was then calculated by
multiplying the area within the threshold margin. The sum
of the MTVs of every lesion in a patient is the WBMTV.
TLG is calculated by multiplying the MTV by the SUVmean
[23]. The sum of the TLGs of each lesion is the whole-body
TLG (WBTLG).
2.4. Statistical Analysis. We used SPSS statistical software
version 17.0 (SPSS Inc., Chicago, IL, USA) for statistical
analysis. We also used chi-square analysis and Fisher’s exact
test to determine differences in the lesion detection rate
among the four threshold methods. The optimal SUV threshold method was then performed to calculate WBMTV and
WBTLG. Receiver operating characteristics (ROC) curves
were generated to assess the area under the curve (AUC)
and the optimal cutoff value for WBMTV and WBTLG. The
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Table 1: Characteristics of 221 patients.
Characteristic

Table 2: Location of definitive lesions in the included patients.

Number
Constituent
of
ratio (%)
patients

Age
Median
46 ± 12
Range
17∼75
Gender
Male
169
Female
52
Treatment
Radiotherapy
89
Radiotherapy & chemotherapy
119
Surgery & radiotherapy & chemotherapy
10
Surgery & radiotherapy
1
Chemotherapy
1
Surgical
1
Patient status
No evidence of disease
156
Alive with disease
28
Dead
37

76.4
23.5
40.3
53.8
4.5
0.5
0.5
0.5
70.6
12.7
16.7

Kaplan-Meier method and the log-rank test were used to
evaluate and compare survival rates. Overall survival (OS)
and disease-free survival (DFS) were chosen as endpoints and
were measured from the date of radiotherapy initiation to
the date of death or recurrence. The prognostic significance
of SUVmax, WBMTV, WBTLG, and other pathological
variables for OS and DFS was assessed by Cox proportional
hazards regression analysis.

3. Results
3.1. Patients. The characteristics of the patients are summarized in Table 1. Of 221 patients, recurrence and metastasis
were confirmed in 28 patients. A total of 37 had died at the
last follow-up. A total of 156 patients enjoyed DFS, which
includes 90 normal and 66 residual cases. Five-year OS and
mean survival time of all patients were 71.6% and 90.9 ± 0.6
months, respectively.
3.2. Comparison among the Four Thresholds. The 221 patients
had a total of 576 lesions (Table 2). Figure 1 shows a case of
NPC after comprehensive therapy, where the four threshold
methods were used for segmentation. The detection rates
of the threshold Th2.5, Th20, Th40, and Thbgd method
were 65.6% (378/576), 80.2% (462/576), 71.5% (412/576),
and 90.4% (521/576), respectively. The Thbgd threshold
delineated significantly more lesions than the Th2.5, Th20,
and Th40 methods (𝑃 < 0.001), while statistical differences
could be seen among the Th2.5, Th20, and Th40 methods
(𝑃 < 0.05). Th2.5, Th20, and Th40 thresholds mainly failed to
segment lesions in the nasopharynx, the skull base, cervical

Position
Nasopharynx
The skull nearby nasopharynx
Lymph nodes in neck/axilla/thorax
Pleura
Lung
Liver
Bone
Total

Number
86
92
278
3
36
20
61
576

Table 3: Lesions unable to be segmented using different thresholds.
Lesion numbers
Th2.5 Th20 Th40 Thbgd
Nasopharynx
31
25
28
2
The skull nearby nasopharynx
38
11
29
5
Lymph nodes in neck/axilla/thorax 58
28
41
15
Pleura
0
0
0
0
Lung
28
18
25
11
Liver
11
7
9
6
Bone
32
25
32
16
Total
198
114
164
55
Location

lymph nodes, lung, abdomen, pelvis, liver, and bone; the
Thbgd threshold mainly failed to delineate lesions in the lung,
liver, and bone (Table 3).
3.3. WBMTV, WBTLG, and Prognostic Factors. WBMTV and
WBTLG were calculated according to the Thbgd threshold,
which segmented most of the metastatic lesions. The mean
values of SUVmax, WBMTV, and WBTLG were 5.57 ± 5.5
(range, 1.7–24.9), 15.2 ± 21.1 cm3 (range, 0–159.3 cm3 ), and
88.6 ± 127.9 (range, 0–900.9), respectively. From ROC curves,
the cutoff values of WBMTV and WBTLG were 8.10 and
35.58 (Figure 2(a)), respectively. AUCs were 0.733 ± 0.037
and 0.736 ± 0.035, respectively. Patients with WBMTV <
8.10 had significantly better 5-year OS (90.7% versus 51.2%,
𝑥2 = 18.0, 𝑃 < 0.001) than patients with a WBMTV ≥
8.10. Patients with WBTLG < 35.58 had significantly better
5-year OS (91.7% versus 50.4%, 𝑥2 = 21.8, 𝑃 < 0.001)
than patients with a WBTLG ≥ 35.58 (Figures 2(b) and 2(c)).
A Cox proportional hazards multivariate model of OS and
DFS outcome was constructed to evaluate the age, gender,
treatment, lesion number, SUVmax, WBMTV, and WBTLG
as predictors of disease progression and survival. The results
indicated that both WBTLG (RR, 1.002; 𝑃 = 0.004) and age
(RR, 1.046; 𝑃 = 0.006) could be used to predict OS (Table 4).
For DFS, WBTLG (RR, 1.003; 𝑃 < 0.001) may have predictive
relevance.

4. Discussion
The current standard treatment for NPC is radiotherapy.
The treatment has effects such as edema, loss of tissue
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Table 4: Cox proportional hazards regression analysis for OS of different factors.
𝑃

HR

0.006
0.319
0.523
0.681
0.356
0.254
0.004

1.046
0.681
1.078
1.101
1.032
0.853
1.002

Factors
Age
Gender
Treatment
Focus number
SUVmax
WBMTV
WBTLG
∗

95% CI∗
Lower
1.001
0.621
0.801
0.568
0.758
0.824
1.002

Upper
1.245
1.008
1.107
1.814
1.072
1.082
1.236

∗
𝑃 < 0.05. CI indicates confidence interval.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 1: A 59-year-old male with NPC after comprehensive therapy. CT (a), PET (b), and fused (c) images show a mass lesion in
nasopharyngeal posterior wall and left lateral wall (red arrow). Results of segmentation using the four described thresholds are shown on
transaxial (d), coronal (e), and sagittal views (f). The light red, purple, blue, and green areas were segmented using SUVmax = 2.5, Th20,
Th40, and Thbgd thresholds, respectively.

planes, fibrosis, mucositis, and scarring [24] resulting in
serious complications to the patient and causing interference
with the detection of local recurrent or persistent NPC.
Accurate prediction of prognosis is vital for therapy planning.
Identification of predictors associated with poor outcomes is
of paramount importance before selecting appropriate candidates for such treatment modalities. 18 F-FDG PET/CT is a
noninvasive imaging modality which has the ability to visualize and quantify the glucose metabolism of malignancies

including NPC. The purpose of our study was to investigate
a number of PET-based functional indices and their relationship with the prognosis in NPC patients after comprehensive
therapy. In our study, we found that the background threshold
for segmentation of malignant lesions was much better than
Th2.5, Th20, and Th40. WBTLG, a parameter that includes
information on both tumor function and volume, was an
important independent factor to predict the prognosis. However, WBMTV was found to be unrelated to the prognosis.
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Sensitivity

1.0
0.8
0.6
0.4
0.2
0.0
0.0

0.2

0.4
0.6
1 – specificity

0.8

1.0

WBMTV
WBTLG
Reference line

1.0

1.0

0.8

0.8

0.6

Cum survival

Cum survival

(a)

0.4

0.6
0.4

0.2

0.2

0.0

0.0
0.0

20.0

40.0

60.0
Months

７＂－４６ < 8.10
７＂－４６ ⩾ 8.10

80.0

100.0

120.0

７＂－４６ < 8.10, censored
７＂－４６ ⩾ 8.10, censored
(b)

0.0

20.0

40.0

60.0
Months

WBTL < 35.58
WBTLG ⩾ 35.58

80.0

100.0

120.0

WBTLG < 35.58, censored
WBTLG ⩾ 35.58, censored
(c)

Figure 2: (a) The cutoff value of WBMTV and WBTLG was 8.10 and 35.58, respectively, from ROC analysis. (b) Five-year OS stratified by
WBMTV (log-rank test, 𝑃 < 0.001). (c) Five-year OS stratified by WBTLG (log-rank test, 𝑃 < 0.001).

Tumor volume analysis was based on a set of thresholds.
We selected four different thresholds for comparison in this
study. Only 65.6% of lesions were segmented when the
threshold was selected as SUV = 2.5. This is mainly because
sometimes the background around the lesion was >2.5; while
the computer was selecting the lesion area, the surrounding background might have been segmented as a lesion,
hence making it harder in differentiating the tumor lesions
from the surrounding normal tissue. Th20 and Th40 were

rendered inadequate methods by some low-uptake lesions
that could not be segmented (such as lung and liver) when
the thresholds were lower than the surrounding background
SUV. Significant FDG accumulation was always visible in
some head-neck inflammatory areas resulting in excessive
segmentation with the surrounding background. Using the
background method to segment volume, the lesion detection
rate reached 90.4%. The main advantage of this method is the
inclusion of the surrounding background into the calculation
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of threshold, taking full account of the high FDG uptake area
and the surrounding normal tissue. Yu et al. observed that
the background method is able to predict primary lesion of
esophageal cancer [22]. Liao et al. reported that the detection
rate of lesions using the background method to calculate the
threshold was significantly higher than that of using SUV
2.5 in epithelial-derived ovarian cancer patients after surgery
[25].
Clinically, SUVmax, a metabolic index, is frequently
used to assess tumor activity because it is an observerindependent measurement. Prior studies have documented
the importance of SUVmax in predicting treatment response
and survival in patients presenting with head and neck cancer
and other types of malignancies [26, 27]. SUVmax, as a
single voxel value, is susceptible to noise and therefore it may
not accurately reproduce the overall tumor burden [28]. A
previous study of NPC patients treated with radiotherapy or
CCRT suggested that the SUVmax of the primary tumor was
not an independent prognostic factor [29]. These findings
are similar to those of an earlier published report, which
observed that SUVmax of the primary tumor was not only
a poor independent prognostic factor for survival but also
a poor predictor of treatment response [30]. Therefore,
adequate methods of identifying patients who are at risk and
who may be candidates for aggressive initial treatment are
crucial.
Chan et al. suggested that MTV is a prognostic factor
in patients with head and neck cancer. Furthermore, they
indicated that MTV appears to be an independent risk
factor in advanced NPC patients [31]. Other studies focusing
on lung cancer and lymphoma reported similar findings
by showing that MTV is an accurate predictor of disease
and death and thus is independent of other recognized
prognostic factors [31]. A cutoff value of 30 cm3 for metabolic
volume and 130 for metabolic index has been suggested to
differentiate between favorable and unfavorable outcomes
[32]. In our study, we discovered that 8.10 cm3 was the most
discriminative cutoff for WBMTV. On further analysis, we
found that patients with tumors with lower WBMTVs had
higher 5-year OS than those patients with higher WBMTVs.
However, there was no statistical significance in multivariate
analysis due to the fact that all the patients in our study had
received surgery or radiotherapy/chemotherapy resulting in
inadequate statistical significance in the relationship with survival time. Thus, the current evidence highlights weaknesses
of SUVmax and WBMTV.
TLG, which is derived from SUVmean and MTV, is
regarded as an ideal metabolic variable in reflecting total
tumor volume. TLG incorporates both anatomic (tumor
volume) and biological (glucose metabolism) data, making it
a more accurate predictor than either MTV or SUV [31]. An
earlier report by Chan et al. suggested that TLG was more
predictive than MTV for OS and DFS [31]. TLG has also
been shown to be able to predict the response of epithelialderived ovarian cancer patients to treatment [23]. Similar
findings in the generation of prognosis by using diameterSUVindex were found by Roedl et al. [33]. Both TLG and
MTV have been found to be independent predictors of
prognosis in groups of patients with malignant mesothelioma
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and oropharyngeal squamous cell carcinoma [34, 35]. Kim
et al., in their study of 140 patients with diffuse large B cell
lymphoma, showed that TLG with a 50% margin threshold
was an independent prognostic factor for survival [36].
Consistent with this finding, we discovered that the value
35.58 was the most discriminative cutoff. A principal finding
of this study is that WBTLG is strongly correlated with OS
and DFS in patients with NPC after comprehensive therapy,
and thus it is a better predictor of long-term survival than
WBMTV and SUVmax alone. In our opinion, high WBTLG
represents a tumor’s aggressiveness.
Our study has some limitations. The low number of
patients evaluated and the retrospective nature of our study
restrict the magnitude at which our results can be applicable
in a large-scale setting. The other limitation is the heterogeneity of the patients and different treatments protocols. The
different time interval of PET acquisitions and variations of
lesions locations were other added limitations. Furthermore,
the possible risk factors, such as Epstein–Barr virus status
and DNA level, were not included in the analysis due
to limited cases with available data in our setting. Longterm prospective validation studies of large populations are
necessary to confirm our findings.
4.1. Conclusion. By quantitatively analyzing 18 F-FDG PET/CT
images of NPC patients after comprehensive therapy, the
SUV threshold background method had a significantly higher
detection rate of metastatic lesions than using an SUV
cutoff of 2.5, Th20, or Th40. WBTLG calculated from the
Thbgd threshold could be used as an independent prognostic
factor for patients with NPC postcomprehensive therapy. A
prospective study with a large sample size is needed to further
validate the reliability of this study.
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Objective. We retrospectively analyzed activated BAT visualization on FDG-PET/CT in patients with various conditions and TH
levels to clarify the relationships between visualization of BAT on FDG-PET/CT and the effect of TH. Methods. Patients who
underwent clinical FDG-PET/CT were reviewed and we categorized patients into 5 groups: (i) thyroid hormone withdrawal (THW)
group; (ii) recombinant human thyrotropin (rhTSH) group; (iii) hypothyroidism group; (iv) hyperthyroidism group; and (v) BAT
group. A total of sixty-two FDG-PET/CT imaging studies in fifty-nine patients were performed. To compare each group, gender;
age; body weight; serum TSH, FT3, and FT4 levels; and outside temperature were evaluated. Results. No significant visualization
of BAT was noted in any of the images in the THW, rhTSH, hypothyroidism, and hyperthyroidism groups. All patients in the BAT
group were in a euthyroid state. When the BAT-negative and BAT-positive patient groups were compared, it was noted that the
minimum and maximum temperature on the day of the PET study and maximum temperature of the one day before the PET study
were significantly lower in BAT-positive group than in all those of other groups. Conclusions. Elevated TSH condition before RIT,
hyperthyroidism, or hypothyroidism did not significantly impact BAT visualization of clinical FDG-PET/CT images.

1. Introduction
Detection of 18 F-2-fluoro-2-deoxy-d-glucose (FDG) uptake
on positron emission tomography (PET) is commonly used
for the diagnostic imaging of a variety of tumors. Currently,
FDG-PET or FDG-PET/CT is the first-choice modality for
functional imaging in clinical oncology [1]. However, the
visualization of hypermetabolic brown adipose tissue (BAT)
on FDG-PET/CT is a known cause of both false-positive
and false-negative findings. Therefore, the high FDG avidity
of BAT should be taken into account on FDG-PET/CT for

oncologic imaging because misidentifying BAT as cancer
metastasis may alter clinical decisions.
There are significant BAT depots from the anterior neck
to the thorax of adults, not just in that of newborns and young
children [2]. Uncoupling protein 1 (UCP1) has been identified
as a biological landmark of BAT that mediates nonshivering
thermogenesis. Jeanguillaume et al. reported a relationship
between activated BAT on FDG-PET and UCP1 expression
in mice [3]. In addition, type 2 idothyronine deiodinase (D2)
is the primary enzyme responsible for the rapid increases in
intracellular T3 and preservation of T3 as serum T4 decreases,

2
which is essential for adaptive thermogenesis of BAT [4]. D2
is considered to be important for the synergism of thyroid
hormone (TH) and is required to generate T3 from T4 in
BAT, which maintains normal acute thermogenic function
[5]. Since possible stimulation of thermogenesis in BAT by
thyroid-stimulating hormone (TSH) was described in 1975
[6], several studies have confirmed the relationship between
TSH or TH and the activation of thermogenesis in BAT
[4, 5, 7]. However, relatively few papers have reported the relationship between TH and BAT visualization by clinical FDGPET/CT. Lahesmaa et al. found that hyperthyroidism promotes BAT metabolism in humans using FDG-PET/CT [8];
however, contradicting results were reported by Connolly et
al. in 2015 [9]. Furthermore, a case report of MRI and infrared
thermal imaging regarding the presence of BAT in an adolescent with primary hypothyroidism was recently published
[9]. Nonetheless, to date, details about the relationship between visualization of BAT on FDG-PET/CT and the effect of
TH remain unknown. Therefore, identification of a possible
mechanism of TH-induced BAT activation is considered to
be important to interpret FDG-PET/CT imaging, especially
of the neck region.
This study is the first to retrospectively analyze BAT visualization on FDG-PET/CT in patients with various conditions and TH levels.

2. Materials and Methods
2.1. Patients. We retrospectively reviewed images from all
patients who underwent clinical FDG-PET/CT studies in our
facility from October 2010 to July 2015. Patients younger than
20 years were excluded from this study. All patients who met
the criteria for inclusion in any of the following five groups
were enrolled in this study: (i) a TH withdrawal (THW)
group, which included patients who were examined by FDGPET/CT during a hypothyroid state with TH withdrawal and
low-iodine diet prior to radioiodine therapy for metastasis
after total thyroidectomy. A hypothyroid state was confirmed
by serum TSH, FT3, and FT4 measured within 3 days
of FDG-PET/CT; (ii) a recombinant human thyrotropin
(rhTSH) group, which included patients who were examined
by FDG-PET/CT after two consecutive daily intramuscular
injections of rhTSH (0.9 mg of Thyrogen; Genzyme Co.,
Cambridge, MA) at 48 and 24 h prior to the FDG-PET/CT
study, during low-iodine diet prior to radioiodine thyroid
remnant ablation after total thyroidectomy. FT3, FT4, and
elevated TSH levels were confirmed by blood tests on the
day of FDG-PET/CT imaging; (iii) a hypothyroidism group;
(iv) a hyperthyroidism group, which included patients who
received treatment for hypothyroidism and were examined
by FDG-PET/CT for detection of malignancy. A hypothyroid
state was confirmed by an endocrinologist and serum TSH,
FT3, and FT4 measured within 14 days of FDG-PET/CT;
and (v) a BAT group, which included patients who were
examined by FDG-PET/CT for the detection of malignancy
with findings of BAT uptake and serum TSH, FT3, and FT4
levels measured within 3 months of FDG-PET/CT imaging.
This retrospective investigation was approved by institutional review board and all enrolled patients provided written
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informed consent that was approved by our institutional
review board.
2.2. 18 F-FDG-PET/CT Imaging. Commercially available FDG
(185 MBq) in 2 ml of saline solution was purchased from
Nihon Medi-phyisics Co. Ltd. (Tokyo, Japan). All patients
were examined by whole-body PET with an integrated
16-slice multidetector CT (Siemens Biograph-16 PET/CT,
Nashville, TN, USA).
The patients fasted for more than 5 h before receiving an
intravenous injection of FDG (185 MBq). Whole-body PET/
CT images (head to upper thigh) were acquired after 60 min
for each patient in using 5 or 6 bed positions, depending on
subject’s height. Emission images were acquired for 2 min per
bed position. The data was reconstructed using the ordered
subsets expectation maximization (OSEM) method using
eight subsets, two iterations, and an array size of 256 × 256.
For the attenuation correction of PET/CT fusion images,
the CT component was performed according to a standard
protocol with the following parameters: 140 kV; 50 mAs; tube
rotation time, 0.5 s per rotation; slice thickness, 5 mm; and
gap, 2 mm. The E-soft workstation (Siemens, Nashville, TN,
USA) was used to construct PET/CT fusion images.
2.3. Data Analysis. The parameters of gender; age; body
weight; serum TSH, FT3, and FT4 levels; minimum and maximum temperature on the day of FDG-PET/CT imaging and
maximum temperature one day before; and the deference
of temperature were compared. Based on an in-house reference value, the normal range of the value of each blood
hormone was set as follows: TSH, 0.35–4.94 𝜇IU/mL; FT3,
1.71–3.71 pg/mL; and FT4, 0.70–1.48 ng/dL. Temperature obtained from local weather records was referenced. Differences
in temperature were calculated as follows: (maximum temperature one day before) − (minimum temperature on the day
of examination) (∘ C).
PET/CT images were interpreted and visually assessed by
one or two of the five experienced nuclear medicine physicians (SN, RN, YM, SK, and HW) with access to all available
clinical information to determine whether visualization of
activated BAT was apparent in the neck, shoulder, back,
paravertebral, and/or other soft tissues. A final diagnosis was
made by consensus.
2.4. Statistical Analysis. All values are expressed as the mean
± standard deviation. All statistical analyses were performed
using JMP ver. 12 statistical software (SAS Institute, Cary,
NC, USA). A probability (𝑝) value < 0.01 was considered
statistically significant. Comparisons between groups were
made using the Wilcoxon rank-sum test.

3. Results
As summarized in Table 1, 62 FDG-PET/CT images of 59
patients were reviewed in this retrospective study, as follows:
(i) THW group: 21 images; mean age, 61.6 ± 14.9 years;
seven males and 14 females; (ii) rhTSH group: eight images;
mean age, 48.4 ± 14.1 years; four males and four females;
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Table 1: Patient characteristics and summary of each group.
Group
𝑁
BAT uptake
Age (y-o)
Gender (M : F)
Body weight (kg)
TSH (𝜇IU/mL)
FT3 (pg/mL)
FT4 (ng/dL)
T-Cho (mg/dL)
Min. temp. of the day (∘ C)
Max. temp. of the day (∘ C)
Max. temp. of 1 day before (∘ C)
Difference temp. (∘ C)

THW
21
0
61.6 ± 14.9
7 : 14
62.7 ± 14.6
50.79 ± 34.54
1.54 ± 0.27
0.48 ± 0.08
244 ± 44
14.2 ± 8.0
23.0 ± 6.2
23.2 ± 6.3
9.0 ± 3.4

rhTSH
8
0
48.4 ± 14.1
4:4
66.6 ± 18.7
191.80 ± 73.97
2.85 ± 0.33
1.29 ± 0.12
165 ± 26
18.0 ± 5.5
25.1 ± 5.0
24.9 ± 3.8
6.9 ± 3.9

Hypothyroidism
9
0
65.8 ± 17.5
4:5
50.7 ± 12.6
23.02 ± 27.77
1.99 ± 0.39
0.87 ± 0.28
156 ± 46
19.9 ± 6.3
28.4 ± 4.2
28.6 ± 3.6
8.7 ± 3.4

Hyperthyroidism
14
0
50.0 ± 13.3
6:8
60.0 ± 18.0
0.03 ± 0.04
7.11 ± 7.92
1.89 ± 1.17
146 ± 41
14.9 ± 8.2
21.9 ± 6.2
21.6 ± 7.6
6.8 ± 4.2

BAT
10
10
52.5 ± 22.9
2:8
50.1 ± 9.4
2.58 ± 2.72
2.74 ± 0.11
1.22 ± 0.03
203 ± 28
5.1 ± 7.1
13.8 ± 5.5
13.9 ± 4.4
8.8 ± 1.1

𝑝 value

n.s.
n.s.
n.s.
<0.0001
<0.0001
<0.0001
<0.0001
<0.01
<0.01
<0.01
n.s.

Data: expressed as mean ± s.d.

(iii) hypothyroidism group: nine images; mean age, 65.8 ±
17.5 years; four males and five females; (iv) hyperthyroidism
group: 14 images; mean age, 50.0 ± 13.3 years; six males
and eight females; and (v) BAT group: 10 images; mean age
52.5±22.9 years; two males and eight females. A total of 9,273
whole-body FDG-PET/CT imaging study was performed in
this study period. Among them, BAT visualization was found
in 85 FDG-PET/CT imaging studies (0.92%). Among them
10 out of these 85 imaging studies whose serum TSH, FT3,
and FT4 levels were able to be measured were analyzed in this
study.
No significant visualization of BAT was noted in any of
the images included in the THW, rhTSH, hypothyroidism,
and hyperthyroidism groups (Table 1 and Figure 1). Serum
TSH level was significantly high in the rhTSH group and
significantly low in the hyperthyroidism group. Elevated
serum TSH was noted in the THW and hypothyroidism
groups. All patients in the BAT group were in a euthyroid state
(Table 2). Serum total cholesterol was significantly elevated
in the THW group because of hypometabolism caused by
hypothyroidism due to TH withdrawal.
Comparisons of BAT-negative and BAT-positive patients
are shown in Table 3. The minimum and maximum temperature on the day of the PET study and maximum temperature
one day before were significantly lower in BAT-positive
patients, whereas there was no difference between maximum
temperature one day before and minimum temperature on
the day of the PET study.
Representative whole-body maximum intensity projection and FDG-PET/CT axial images of various conditions
associated with TH are shown in Figures 1(a)–1(d). A representative case of visualized BAT on a FDG-PET/CT image
is shown in Figure 1(e). Patients (a), (b), and (c) had high
serum TSH levels at the time of FDG-PET/CT examinations,
whereas patient (d) had suppressed serum TSH and patient
(e) exhibited a euthyroid state. As FDG-PET/CT imaging of
patient (e) was performed to identify the primary tumor site
and, for the staging of gastric cancer, a focal increased uptake
of FDG was detected in the left upper abdomen showing the

primary site of the gastric cancer. Multiple foci of FDG uptake by BAT were seen in the neck, shoulder, back, and paravertebral regions. However, no abnormal uptake of FDG by a
suspected metastatic lesion was detected.
There was also no significant higher glucose uptake in
the supraclavicular subcutaneous fat and/nor in the skeletal
muscle in the hyperthyroidism group compared with the BAT
group, as shown in the supplement file.

4. Discussion
TH plays a key role in the regulation of basal metabolic rate
and adaptive thermogenesis, both of which have significant
impacts on body weight [10]. Adrenergic stimulation is
required for adaptive thermogenesis as a result of direct
actions on gene regulation and indirectly by stimulation of
D2 activity. In BAT, adrenergic signaling through the 𝛽3adrenergic receptor (𝛽3-AR) stimulates UCP1 gene expression through the activation of protein kinase A and D2 via
deubiquitination and promotes thermogenesis and weight
loss. In this metabolic process, FT3 is also required to induce
UCP1 gene upregulation [11].
There are several types of iodothyronine deiodinases,
including two activating enzymes (D1 and D2) and one
inactivating enzyme (D3). D1 is expressed at high levels in
the liver, kidney, and thyroid; D2 in the brain, pituitary,
thyroid, and BAT; and D3 in the skin and vascular tissue.
D2 is the primary enzyme responsible for the rapid increases
in intracellular T3 in specific tissues as well as the primary
producer of serum T3 in humans [4]. The D2 enzyme
has a short half-life due to ubiquitination and subsequent
proteasome degradation [12, 13]. Deubiquitination, which
increases D2 activity, is stimulated by adrenergic activation
or by low levels of serum T4 [14, 15]. D2 is expressed in
key TH-responsive tissues, such as the brain, skeletal muscle,
and BAT. FT3 is preserved in these tissues as serum FT4
levels decrease. The FT3 generated intracellularly by D2 is
transferred to the nucleus for the regulation of gene transcription. D2 activity is critical for the synergism of TH and
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56
64
65
65
66
68
68
69
70
72
75
77
78
87

Age

53.9
100.4

65.0
63.9
48.7
54.0
84.0
91.0
52.0
88.7
64.0
70.2
51.6
67.2
57.2
57.6
37.7
47.6
49.0
84.2
68.0
51.4
63.7

Body weight
(kg)

negative
negative

negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative
negative

Brown fat
uptake

151.24
87.31

77.67
20.44
93.51
124.48
24.42
13.43
67.10
18.92
56.75
64.25
54.47
122.54
72.49
8.01
19.94
35.78
58.63
25.74
35.08
10.13
62.88
rhTSH
2.44
3.20

1.26
1.51
1.78
1.60
1.53
2.06
1.69
1.67
2.04
1.64
1.36
1.00
1.40
1.63
1.35
1.06
1.58
1.65
1.34
1.44
1.71

FT3 (pg/mL)

THW

TSH (𝜇IU/mL)

1.21
1.17

0.40
0.40
0.53
0.46
0.52
0.54
0.42
0.46
0.48
0.47
0.44
0.40
0.40
0.57
0.56
0.51
0.40
0.65
0.41
0.67
0.49

FT4 (ng/dL)

217
147

237
255
287
296
239
265
175
251
207
342
287
225
209
271
200
204

T-Cho
(mg/dL)

Table 2: Visualization of BAT on 18 F-FDG-PET/CT and related parameters.

15
14

25
14
17
12
25
12
2
20
12
22
15
−1
14
6
22
3
18
21
25
12
3

min. temp. of
the day (∘ C)

19
25

30
19
26
22
31
20
12
26
21
29
25
18
21
14
34
19
27
28
32
19
14

max. temp. of
the day before
(∘ C)

4
11

5
5
9
10
6
8
10
6
9
7
10
19
7
8
12
16
9
7
7
7
11

Difference of
temp. (∘ C)∗
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M
M
F
F
F
M

M
F
M
F
F
M
F
F
M

F
M
M
M

(30)
(31)
(32)
(33)
(34)
(35)
(36)
(37)
(38)

(39)
(40)
(41)
(42)

Gender

(24)
(25)
(26)
(27)
(28)
(29)

#

32
33
38
38

25
56
60
70
70
73
77
78
83

45
47
50
59
60
65

Age

46.2
63.6
49.1
102.5

43.0
71.7
46.1
45.9
46.0
58.8
37.8
38.2
68.7

51.8
81.0
67.0
78.4
45.6
54.8

Body weight
(kg)

negative
negative
negative
negative

negative
negative
negative
negative
negative
negative
negative
negative
negative

negative
negative
negative
negative
negative
negative

Brown fat
uptake
FT3 (pg/mL)

175.22
2.55
158.08
2.85
149.42
3.31
223.90
2.67
281.10
3.14
308.10
2.67
Hypothyroidism
24.83
2.21
5.56
2.11
9.88
2.17
5.26
2.35
3.78
1.56
77.99
1.14
5.07
2.15
12.41
1.98
62.36
2.26
Hyperthyroidism
0.01
3.22
0.01
4.76
0.00
30.00
0.07
4.59

TSH (𝜇IU/mL)

1.93
1.67
4.89
0.98

0.98
1.18
0.94
0.96
1.12
0.40
0.87
1.00
0.40

1.48
1.15
1.27
1.45
1.26
1.34

FT4 (ng/dL)

Table 2: Continued.

120
124
161
-

256
193
184
136
132
127
131
121

165
155
175
161
217
139

T-Cho
(mg/dL)

6
26
19
−1

23
23
23
6
24
14
21
26
19

20
21
11
25
13
25

min. temp. of
the day (∘ C)

16
30
29
9

31
28
30
23
31
23
29
34
28

max. temp. of
the day before
(∘ C)
27
23
24
28
22
31

10
4
10
10

8
5
7
17
7
9
8
8
9

7
2
13
3
9
6

Difference of
temp. (∘ C)∗
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F
F
M
F
F
F
F
M
F
F

(53)
(54)
(55)
(56)
(57)
(58)
(59)
(60)
(61)
(62)

24
27
27
41
50
50
70
71
82
83

39
51
52
52
52
53
54
62
64
80

Age

60.6
35.2
67.0
49.7
50.0
36.6
51.8
50.2
50.0
50.0

44.0
62.4
83.0
37.9
51.2
81.5
58.5
57.0
59.8
43.4

Body weight
(kg)

positive
positive
positive
positive
positive
positive
positive
positive
positive
positive

negative
negative
negative
negative
negative
negative
negative
negative
negative
negative

Brown fat
uptake

3.58
0.48
1.16
0.49
4.88
1.13
9.19
2.55
1.16
1.15

0.01
0.05
0.01
0.01
0.01
0.01
0.01
0.13
0.01
0.01
2.49
2.94
3.55
3.19
2.35
2.45
2.76
3.15
2.36
2.12

3.33
3.98
8.42
4.41
3.59
3.90
19.72
2.32
4.90
2.38

FT3 (pg/mL)

BAT

TSH (𝜇IU/mL)

1.07
1.29
1.13
1.25
1.32
1.31
1.30
0.96
1.36
1.25

1.02
1.74
2.11
0.95
1.42
1.17
3.99
1.34
2.12
1.11

FT4 (ng/dL)

211
244
200
168
212
177
175

141
149
94
205
107
121
210

T-Cho
(mg/dL)

3
0
21
2
6
9
12
−1
0
−1

19
16
3
17
17
25
11
18
9
23

min. temp. of
the day (∘ C)

13
12
23
9
17
15
18
11
10
11

max. temp. of
the day before
(∘ C)
22
20
14
30
28
28
19
18
10
30

10
12
2
7
11
6
6
12
10
12

3
4
11
13
11
3
8
0
1
7

Difference of
temp. (∘ C)∗

-: not determined. ∗ Difference of temperature: (max. temp. of 1 day before) − (min. temp. of the day) (∘ C); normal range of TSH: 0.35–4.94 𝜇IU/mL, FT3: 1.71–3.71 pg/mL, and FT4: 0.70–1.48 ng/dL, T-Cho:
129–238 mg/dL.

F
F
F
F
F
F
M
M
M
F

Gender

(43)
(44)
(45)
(46)
(47)
(48)
(49)
(50)
(51)
(52)

#

Table 2: Continued.
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(a)-2 THW

(b)-2 rhTSH

(a)-1 THW

(b)-1 rhTSH

(c)-2 hypothyroidism

(d)-2 hyperthyroidism

(c)-1 hypothyroidism

(d)-1 hyperthyroidism

(e)-2 BAT

(e)-1 BAT

Figure 1: Representative whole-body maximum intensity projection and FDG-PET/CT axial images of various conditions associated with
TH. Images (a) to (d) were without any uptake of BAT, but (e) showed BAT uptake in the neck, the shoulder, the back, and the paravertebral
region. (a) Forty-nine-year-old female who was in THW state before radioiodine therapy (case #(4)); (b) fifty-year-old female who received
rhTSH before thyroidal ablation (case #(26)); (c) seventy-three-year-old male who underwent FDG-PET for screening of recurrence after
surgery for hypopharyngeal carcinoma (case #(37)); (d) fifty-two-year-old female who had a diagnosis of hyperthyroidism (case #(45)); and
(e) forty-one-year-old female who received FDG-PET for gastric cancer (case #(56)).
Table 3: Comparison of parameters between BAT negative and BAT positive in this study population.

N
Age (y-o)
Gender (M : F)
Body weight (kg)
TSH (𝜇IU/mL)
FT3 (pg/mL)
FT4 (ng/dL)
T-Cho (mg/dL)
Min. temp. of the day (∘ C)
Max. temp. of the day (∘ C)
Max. temp. of 1 day before (∘ C)
Difference temp. (∘ C)

BAT negative
52
57.2 ± 16.0
21 : 31
60.5 ± 16.3
54.00 ± 72.74
3.32 ± 4.65
1.05 ± 0.84
189 ± 59
16.0 ± 7.6
24.0 ± 6.1
23.7 ± 6.5
8.0 ± 3.8

BAT positive
10
52.5 ± 22.9
2:8
50.1 ± 9.4
2.58 ± 2.73
2.74 ± 0.46
1.22 ± 0.13
203 ± 28
5.1 ± 7.1
13.8 ± 5.5
13.9 ± 4.4
8.8 ± 3.4

Data: expressed as mean ± s.d.; if 𝑝 value is less than 0.01, it is as significant; Wilcoxon rank-sum 𝜒2 -square test.

𝑝 value
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
n.s.
<0.01
<0.01
<0.01
n.s.
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signaling for the regulation of thermogenesis in BAT [16].
Forty years ago, Doniach proposed a possible mechanism
for the stimulation of thermogenesis in BAT by TSH [6].
Furthermore, a more recent mouse study demonstrated that
D2 was essential for thyroid-sympathetic synergism required
for thermal homeostasis in BAT, and the deletion of the
TSH receptor resulted in impaired BAT thermogenesis [5].
In an FDG-PET imaging study of mice, Jeanguillaume et al.
confirmed that increased glucose uptake in fat is, generally,
an indication of the presence of UPC1-positive BAT [3].
TSH increases basal and FT3-stimulated UCP1 and Dio2
expression as well as D2 activity. TSH can increase basal UCP1
levels, which is synergized by the effect of T3 on UCP1 [17].
In this study, the authors also proposed TSH activity as
an alternative pathway in thermogenesis regulation by BAT.
Endo and Kobayashi reported that TSH was involved in the
regulation of UCP1 expression and thermogenesis in BAT to
protect against a further decrease in body temperature in a
mouse hypothyroid model [7].
Although several reports have discussed the correlation
between serum TH levels and the visualization of BAT on
FDG-PET or PET/CT, there is no definite consensus on this
association. Lahesmaa et al. evaluated 10 patients with hyperthyroidism and healthy and euthyroid individuals by FDGPET and found greater glucose uptake in BAT of hyperthyroid patients than that of controls [8]. On the other hand, a
recently published controversial report claims that nine of 10
study subjects with Graves’ disease had no detectable active
BAT on FDG-PET/CT [18]. This group also reported significantly lower FT3 and FT4 levels in 75 BAT-positive subjects
than in BAT-negative subjects and proposed the lower levels
of TH needed for higher BAT thermogenesis as a possible
cause. Furthermore, there is a recent case report about BAT
visualization on FDG-PET/CT in severe primary hypothyroidism that suggested a potential role of TSH and TRH as
regulators of BAT activation [19].
In radioiodine therapy (RIT) for metastasis after total
thyroidectomy for differentiated thyroid carcinoma, patients
were instructed to adhere to a low-iodine diet and discontinue TH supplementation for at least 2-3 weeks before RIT
so that the patients would tend to exhibit temporary hypothyroidism (low FT3 and FT4 and elevated TSH). In thyroidal
ablation therapy after total thyroidectomy for differentiated
thyroid carcinoma, patients were instructed to adhere to a
low-iodine diet and received injections of rhTSH 1 and 2 days
before RIT instead of TH withdrawal to temporally elevate
serum TSH. FT3 and FT4 levels tended to be within the
normal range in most patients who underwent thyroidal ablation because of continuous TH replacement, as in this study.
Our results showed that temporarily or continuously elevated
TSH did not have a significant influence on BAT visualization
on whole-body FDG-PET/CT imaging. In addition, we found
that suppression of serum TSH in the hyperthyroidism group
had no significant effect on the visualization of activated
BAT on FDG-PET/CT imaging. Only temperature either on
the day on or the day before FDG-PET/CT imaging was a
significant parameter impacting the visualization of BAT, as
described before [20–24].
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In the current study, the small number of subjects and
the lack of a cooling protocol to stimulate BAT group were
major study limitations. Since this study was a retrospective
one, it was not easy to register enrollees who confirmed serum
TSH, FT3, and FT4 in the BAT group. Further studies with
prospective design and basic research might be needed to
clarify the association between BAT visualization and thyroid
hormones.
In summary, we investigated the influence of TH on the
visualization of activated BAT on FDG-PET/CT images of
patients with various conditions. Although TH was considered to be associated with thermogenesis through UCP1 gene
expression and D2 in BAT, elevated TSH status before RIT,
hyperthyroidism, or hypothyroidism did not significantly
impact BAT visualization and the interpretation of clinical
FDG-PET/CT images.
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Objectives. 18 F-FDG PET scan is one of the most frequently used neural imaging scans. However, the influence of age has proven
to be the greatest interfering factor for many clinical dementia diagnoses when analyzing 18 F-FDG PET images, since radiologists
encounter difficulties when deciding whether the abnormalities in specific regions correlate with normal aging, disease, or both. In
the present paper, the authors aimed to define specific brain regions and determine an age-correction mathematical model. Methods.
A data-driven approach was used based on 255 healthy subjects. Results. The inferior frontal gyrus, the left medial part and the left
medial orbital part of superior frontal gyrus, the right insula, the left anterior cingulate, the left median cingulate, and paracingulate
gyri, and bilateral superior temporal gyri were found to have a strong negative correlation with age. For evaluation, an age-correction
model was applied to 262 healthy subjects and 50 AD subjects selected from the ADNI database, and partial correlations between
SUVR mean and three clinical results were carried out before and after age correction. Conclusion. All correlation coefficients were
significantly improved after the age correction. The proposed model was effective in the age correction of both healthy and AD
subjects.

1. Introduction
The influence of age has been proven to be the greatest
interfering factor for many clinical dementia diagnoses [1].
For Alzheimer’s disease (AD), the most common (60%–70%)
form of chronic neurodegenerative dementia in the elderly
[2], advanced age is commonly associated with adverse
changes in the brain that are reflected in different imaging
modalities such as magnetic resonance imaging (MRI), functional MRI (fMRI), and positron emission tomography (PET)
[3–6]. Thus, it is important for clinics to eliminate the influence of age in order to determine whether the abnormalities
in specific regions correlate with normal aging, disease or
both. For instance, several research studies have reported
that the grey matter volume and cortical thickness within

certain regions-of-interest (ROIs) such as the hippocampus,
the inferior frontal, superior frontal, middle frontal, and
temporal cortices decreased with aging, based on the findings
of structural magnetic resonance imaging (MRI) [7–10]. The
amyloid 𝛽 level, as measured by the standardized uptake
value ratio (SUVR) in 11 C-Pittsburgh Compound B (PiB)
PET scans was found to increase abnormally after the age of
70 in apolipoprotein E (APOE) 𝜀4 Genotype carriers [11]. The
important parameter of fractional anisotropy (FA, a measure
of the degree of anisotropy of a diffusion process) was found
to exhibit a negative linear correlation with age in most white
matter regions, in particular in the superior corona radiata
[7].
Currently, 18 F-Fluorodeoxyglucose (FDG) PET is regarded as a “Gold Standard” for AD diagnosis, since its predictive

2
value enables detection of abnormal cerebral metabolism
during the earliest stages of dementia or even before the
dementia is present [4, 12–14]. It is a major challenge for
radiologists to eliminate the influence of age from 18 FFDG PET images. For this purpose, a few research groups
have investigated the manner in which age-influenced brain
metabolism occurs and within which brain regions. For
example, strong negative correlations were found between
metabolism and normal aging mainly in the frontal and
temporal lobes [15–22], suggesting that tissue shrinkage or
loss and glucose metabolism reduction could be accelerated
by normal aging. In other studies [23–25], regions within
a default mode network (DMN) including the temporal,
parietal, and prefrontal areas and the posterior cingulate
cortex were found to be significantly reduced with age. In
view of these findings, it is reasonable to suggest that image
intensity of certain regions, especially the prefrontal and
temporal areas, may exhibit double the effect of normal aging.
More specifically, in [26], the authors applied an agecorrection criterion [27] based on the results of the Montreal
Cognitive Assessment (MoCA) according to the circumstance that predetermined the age range of the patient. Similar criteria can be found in [28]. Although these corrections
were not based directly on brain images, the line of thought
was illuminating. Subsequently, [29] using MRI, a simple
linear model was proposed to correct the effect of age on
grey matter (GM) voxel values by determining a regression
coefficient 𝛽𝐶 between age and each voxel coordinate of the
separate healthy control group. This 𝛽𝐶 value indicated the
declination speed of the corresponding voxel with increasing
age. The same model was used for the MRI GM voxel values
and the 18 F-FDG PET intensity values by [14]. Moreover, as
proposed in previous studies, it was unnecessary to apply
the linear correction model to all the voxels within the
images, because not all regions correlated significantly with
age [17, 19–21]. However, there have been a lack of studies
investigating the exact brain regions in 18 F-FDG PET images
that have negative relationships with age, and these have
defined any age-correction mathematical models.
Therefore, the present study aimed to (1) use a datadriven method to explore brain regions that have a strong
negative linear relationship with age in 18 F-FDG PET images
and to then define an age-correction mathematical model.
Subsequently, the intent was to (2) validate those brain
regions and the mathematical modal using statistical analysis
on both healthy and AD subjects.

2. Materials and Methods
2.1. Datasets. The two datasets used in this study were as
follows: (1) 255 healthy control 18 F-FDG PET images were
from Huashan Hospital, Fudan University, Shanghai, China;
(2) 262 healthy control and 50 AD 18 F-FDG PET images were
selected from Alzheimer’s Disease Neuroimaging Initiative
(ADNI).
For the first dataset, data collection was approved by
the Medical Ethics Committee of Huashan Hospital, Fudan
University, Shanghai, China. All subjects signed agreements
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to participate in this study. The sample group was comprised
of 127 female and 128 male healthy subjects (ages: 20–79), who
had no current axis 𝐼 psychiatric disorder, no psychotropic
medication use or hormone use within the prior 6 months,
and no history of head injury or alcohol abuse. These subjects
received brain 18 F-FDG PET scans. No occult 18 F-FDG-avid
carcinoma was determined in any of the included subjects,
based on the brain PET examination. Blood glucose levels
were monitored prior to 18 F-FDG injection (5.5 ± 0.8 mm for
males and 5.3 ± 0.9 mm for females).
The 131 male and 131 female healthy subjects (age:
56.5–80) were selected from the ADNI database. Furthermore, the 25 male and 25 female AD subjects (ages: 59.3–79.8)
were also selected from the ADNI database. Table 1 shows the
basic information for the datasets.
2.2. Image Acquisition. All subjects who underwent 18 F-FDG
PET brain scans at Huashan Hospital were in a resting
state. The 18 F-FDG PET whole-body scans followed the
brain scans in case of these subjects (1.5 min/bed, 5 beds).
A 222–296 MBq injection of 18 F-FDG was administered
intravenously under standardized conditions (in a quiet,
dimly lit room with the patient’s eyes open). A 10 min 3dimensional brain emission scan was acquired at 45 min
after injection with a state-of-the-art PET scanner (Siemens
Biograph 64 HD PET/CT, Siemens, Germany). During the
scanning procedure, the subjects’ heads were immobilized
using a head holder. Attenuation correction was performed
using a low-dose CT (150 mAs, 120 kV, Acq. 64 × 0.6 mm)
prior to the emission scan. Following corrections for scatter,
dead time, and random coincidences, PET images were
reconstructed by 3-dimensional filtered backprojection and
a Gaussian Filter (FWHM 3.5 mm), providing 64 contiguous
transaxial slices of 5 mm thick spacing.
For images downloaded from the ADNI database,
detailed information regarding the data acquisition protocol
is publicly available on the LONI website (https://ida.loni.usc
.edu/login.jsp). Briefly, PET images from the ADNI database
were acquired from a variety of scanners nationwide using
either a 30-minute six frame scan or a static 30-minute single
frame scan, both acquired 30–60 minutes after injection. For
the former case, the dynamic scans were coregistered with the
first frame and averaged to create a single average image.
2.3. Image Preprocessing. The aim of preprocessing was
to remove unwanted distortions such as low-frequency
background noise, to spatially normalize the images into
a standard space defined by template images and to
enhance important image features prior to further computational processing. In the present study, all of the images
were preprocessed using Statistical Parametric Mapping 8
(SPM8), a Statistical Parametric Mapping software package designed for the analysis of brain imaging data sequences (http://www.fil.ion.ucl.ac.uk/spm/software/spm8/),
implemented in MATLAB R2014a. The preprocessing was
mainly composed of normalization and smoothing. The
details of image preprocessing can be found in the following
paragraph.
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Table 1: Demographic data and cognitive performance of the datasets.
Parameter
Demographic data
Age (years)
Age grades
20–30
31–40
41–50
51–60
61–70
71–80
Sex (M/F)
EDU
ApoE4
Clinical scales
MMSE
CDRSB
FDG-PET
FDG

Healthy (𝑛 = 255)

ADNI healthy (𝑛 = 262)

ADNI AD (𝑛 = 50)

49.2 ± 16.7

72.9 ± 4.5

73.1 ± 5.6

44
44
42
45
50
30
128/127
-

3
80
179
131/131
16.3 ± 2.7
0.3 ± 0.5

3
10
37
25/25
15.1 ± 3.0
1.0 ± 0.7

-

29.0 ± 1.2
0.0 ± 0.2

23.2 ± 2.0
4.1 ± 1.3

-

1.3 ± 0.1

1.1 ± 0.1

EDU: education; MMSE: minimental state exam; CDRSB: clinical dementia rating sum of boxes; FDG: average FDG-PET of angular, temporal, and posterior
cingulate.

All original DICOM images from each subject were
combined into one NIfTI format file using a tool in
MRIcron called DCM2NII (available at http://people.cas
.sc.edu/rorden/mricron/index.html). For each subject, the
PET image was first normalized to the Montreal Neurological
Institute (MNI, McGill University, Montreal, Canada) space
through the “Normalize: Estimate and Write” methodology.
During this step, a reference PET template provided by SPM
software was used as the standard space. The nonlinear warping normalization was carried out automatically following
determination of the optimum 12-parameter affine transformation. Subsequently, the normalized images prefixed with a
“w” were smoothed using an isotropic Gaussian smoothing
kernel with the full-width at half maximum (FWHM) of
10 × 10 × 10 mm3 . Thus, the images’ noise-signal ratio can
be improved by these standardized processing steps. The
resulting images had 91 × 109 × 91 voxels with a voxel size of
2 × 2 × 2 mm3 . Next, the preprocessed FDG PET 3D images
were concatenated to one 4D image file using the DCM2NII
tool in preparation for the following data analysis.
2.4. Exploration of Brain Regions Displaying Negative Relationships with Age. To explore brain regions with negative relationships with age, three steps were used in this
section: (1) A data-driven method, Functional MRI of the
Brain’s (FMRIB’s) Linked Independent Component Analysis
(FLICA), was used to obtain an indication of the initial brain
regions that had a strong negative relationship with age. (2)
To obtain a more accurate indication of age-related brain
regions, different thresholds of voxel values were set and compared correlations between SUVR mean and age using Pearson correlation. (3) Optimized brain regions were defined
after the application of suitable threshold voxel values.

2.4.1. Exploration of the Initial Age-Related Brain Regions
Using FLICA. To define initial brain regions, a datadriven approach—FLICA—was used. Independent component analysis (ICA) is a computational model for separating
a multivariate signal into additive subcomponents. Applied
in the spatial dimension, it is efficient for finding meaningful
and spatially independent components by assuming that
the subcomponents are non-Gaussian distributed spatial
sources and thus they are likely to represent real underlying
structured features in the dataset. This is because, during
linear mixing processes, it is likely that the non-Gaussian
independent sources can turn into more Gaussian observed
signals. Consequently, seeking non-Gaussian sources can be
an unsupervised means of revealing the original independent
sources.
FLICA is an advanced independent component analysis
(ICA) approach implemented in FSL running as a MATLAB
toolbox in the Linux system [30, 31]. FLICA is an entirely
data-driven approach that can comodel multiple imaging
modalities. Its main goal is to model the imaging data as
a set of interpretable features (independent components),
most of which characterize biophysically plausible modes
of variability across all of the subjects’ images. Unlike in
a principal component analysis, the mixing matrix vectors
of an ICA are not forced to be orthogonal to each other
and thus can explain common variance of variables external to the ICA, such as age [32]. Linked ICA has also
been implemented in age studies in earlier papers [32, 33].
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLICA).
In the present study, the dataset from Huashan Hospital was analyzed using FLICA, which was run totally on
MATLAB R2014a installed in a Linux environment. The
comprehensive library of analysis tools for brain imaging
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Table 2: Information obtained from an IC output by FLICA.

Parameters

Meaning
IC value: representing the weight of each
subject’s intensity explained by the
corresponding IC
Spatial information: representing the
regions that correspond to each IC
(Figure 1)
Voxel value: the probability operation
results of each voxel within the regions of
IC (Figure 1)

IC value

SI

VV

𝜎

Utility in this study
Used to find out the IC that has the
strongest negative relationship with age
(see results in Section 3.1.1)
Used to define initial brain regions

Used to determine the more accurate
age-related regions (see details in
Section 2.4.2)

The thresholds of VV

L

R

−12 mm

−9 mm

−6 mm

−3 mm

+0 mm

+3 mm

+6 mm

+9 mm

0 10 20 30

(a)

(b)

Figure 1: Anatomic structure of the brain regions corresponding to the significant age-related IC3 (pseudocolor) obtained across all 255
healthy subjects.

data, FSL, was also required for the procedure. The combined
4D image file was converted to a readable format in FSL
(∗.nii.gz) by the DCM2NII tool. Following data preparation
and creation of the environmental variables and options,
the analysis was run with all automatic calculations. When
finished, the output was saved safely, including a set of
independent components, in a sensible order (either in the
order of total energy or to match with a previous similar run),
with the relevant spatial maps.
The independent components (ICs) output from FLICA
contained three types of information: IC values, spatial
information, and voxel values (see Table 2). The IC values
were represented as an 𝑀 × 𝑁 matrix where 𝑀 is the number
of the subjects and 𝑁 is the number of ICs obtained. The
spatial information (SI) and corresponding voxel values (VV)
of the ICs were combined in a 4D nii formatted file that
could be opened and viewed as a common brain image where
voxel values can be displayed in pseudocolor (Figure 1). Note
that the voxel value is the probability operation result of the
coordinate of each voxel. That is, the possibility of the region
having a strong relationship with age becomes larger as the
voxel values of the corresponding coordinates become larger.
Hence, an appropriate threshold of VV, 𝜎, is required to be
defined in order to obtain an accurate indication of affected
brain regions.

2.4.2. Further Exploration of the Final Age-Related Brain
Regions by Defining 𝜎. Three steps were used to achieve
appropriate values of 𝜎:
(I) Extraction of initial brain regions: for 255 image
data from Huashan Hospital, SI corresponding to the
IC was extracted as initial brain regions using the
Automatic Anatomical Labelling (AAL) template in
the Montreal Neurological Institute (MNI) standard
space.
(II) Definition of 𝜎: the initial brain regions were then
optimized by setting different thresholds for 𝜎. In
particular, 𝜎 was set to start as 1 and end as the
maximal voxel value, 𝑋. To generate an optimized
brain region mask for each 𝜎 separately, all voxels
whose values were no less than 𝜎 were set as 1 and
others as 0. Next, data from the 255 healthy subjects
were utilized to calculate SUVR mean [34] of the
targeted brain regions generated with different 𝜎, by
using the paracentral lobule (AAL 69 and AAL 70) as
the reference regions [35]. The formula to form SUVR
mean is [34]
SUVR mean =

𝐼avg ROIC
𝐼avg ref

,

(1)
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where 𝐼avg ROIC is the average intensity of the brain
regions and 𝐼avg ref is the average intensity of the
reference region.
(III) Comparison experiments: subsequently, Pearson correlation [36] was used to analyze correlations between
age and SUVR mean under different 𝜎 and the most
appropriate 𝜎 was selected to achieve the strongest
correlations. In order to reduce the influence of
accidental factors to a minimum, 250 subjects were
selected randomly from a total of 255 subjects for
3,000 times and the Pearson correlation analysis was
carried out separately on these data. The statistical
results, including the correlation coefficients 𝑅 and 𝑝
values, were taken as an average of the 3,000 results.
2.5. Definition of the Age-Correction Mathematical Model.
With an appropriate 𝜎, Pearson correlation analysis was
carried out again on the same 255 healthy subjects in order
to obtain the linear coefficient 𝛽𝐶. The entire process was as
follows:
(I) The linear regression coefficient 𝛽𝐶 between age and
the corresponding set of SUVR means was calculated.
Thus, the development of SUVR mean during normal
aging can be described as
SUVR mean = 𝛽𝐶 × age + 𝑝2 .

(2)

(II) Similar to Section 2.4.1, the linear regression process
was repeated for 3,000 times and the 𝛽𝐶 value was
taken as an average of the 3,000 results.
(III) Finally, to carry out the age correction, a model
similar to the one proposed in [29] was defined, and
the amount (Δ) assumed to have been affected by the
subject’s age since birth (i.e., aged 0) was calculated:
Δ = 𝑌 (agesubject ) − 𝑌 (age0 ) = 𝛽𝐶 × age.

(3)

Then the target index was then corrected by subtracting this
amount, as follows:
Indexcor = Indextar − Δ.

(4)

2.6. Evaluation of the Brain Regions and Age-Correction Mathematical Model. To validate the effectiveness of the brain
regions and age-correction mathematical model defined in
the present study, they were evaluated using another dataset
that included 262 healthy subjects and 50 AD subjects from
the ADNI. These two datasets were firstly preprocessed using
the same approach as in Section 2.3. Following preprocessing,
the evaluation was composed of four tests.
(I) In the first test, using 262 healthy subjects, the correlations were calculated between age and SUVR mean
in the final brain regions from Section 2.4.2. It was
verified whether negative relationships between age
and SUVR means also occurred in the new dataset.
Pearson correlation analysis was used in this test.

(II) In the second test, 262 healthy subjects were used
to test the effectiveness of the age-correction mathematical model. Pearson correlation analysis was also
used to compare negative relationships between age
and SUVR means before and after correction. As
expected, the relationships should be weaker after
correlation and the slope should be flat.
(III) In the third test, to visualize the changes before and
after corrections, a case study with one healthy and
one AD subject was evaluated.
(IV) In the fourth test, to verify whether the age-correction
mathematical model can be used for clinical purposes, 50 AD subjects from ADNI were tested. Partial
correlation analyses were made between SUVR means
and the outcomes of the two clinical scales, MMSE
and CDRSB, and an imaging index, FDG (Table 1),
and the results of the analyses were compared. During
the partial analyses, the effects of education, sex, and
ApoE4 status were removed as a set of controlled
variables.
(V) In the final test, to verify whether the diagnostic
accuracy of AD increased after the age correction in
these 50 subjects, we performed principal component
analysis (PCA) to extract image features and support
vector machine (SVM) for AD classification. For simplification, linear kernel was used for SVM. 50 agematched healthy subjects were selected from the 262
healthy subjects, and classification was carried out on
these altogether 100 subjects before and after the age
correction, respectively. The results are represented as
the classification accuracy and ROC curves.

3. Results
3.1. Exploration of Brain Regions Displaying Negative
Relationships with Age
3.1.1. Exploration of the Initial Age-Related Brain Regions Using
FLICA. A total of 29 ICs were obtained from the FLICA
blind tests for any other demographics or cognitive factors
of the participants. According to the purpose of the present
study, there were 10 statistically significant components (𝑝 <
0.05), as shown in Figure 2. Amongst these, only the third
component (IC3) revealed a monotone linear decrease with
increasing age (although assessed using a quadratic fit) with
a clear practical significance (𝑅2 = 0.518, 𝑝 = 1 ×
10−40 ). 𝑅 squared values for all other components were
below 0.3. In the present study, both linear and quadratic
fits were used to assess the relationship between IC values
and age. As a result, the statistics of the quadratic fits were
generally better than those of the linear fits. Furthermore,
the curves of IC3 plotted with a linear fit and a quadratic
fit, respectively, virtually coincide with each other. Thus, only
results of quadratic fits are presented here. Moreover, the
statistical results (quadratic fits) between the ICs and age in
the 6 age groups of the 255 subjects are shown in Table 3.
Amongst these, the subgroups of age 51–60 and 61–70 reached
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Figure 2: Plots of the post hoc relationship between the ICs and age.
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Table 3: Statistical results (quadratic fits) between IC3 and age in the 6 age groups of the 255 subjects.
Subgroup
𝑝
0.077
0.672
0.317
0.032
0.01
0.71

𝑅
0.117
0.019
0.057
0.151
0.179
0.026

statistical significance (𝑝 < 0.05), while from the perspective
of cumulation, the correlation reached statistical significance
from the second age group 20–40.
Spatially, IC3 covered the regions encompassing:
Frontal Mid, Frontal Med Orb, Cingulum Ant, Cingulum
Post, Parietal Inf, Temporal Mid, Temporal Inf, Frontal Sup,
Frontal Sup Orb, Frontal Mid Orb, Frontal Inf Oper,
Frontal Inf Tri, Frontal Inf Orb, Insula, Cingulum Ant,
Hippocampus, ParaHippocampal, Lingual, Fusiform, Caudate, Temporal Sup, Temporal Pole Sup, and Temporal Mid
(all coordinating with the AAL template within the MNI
standard space). The anatomic structure of these regions is
shown in Figure 1.
The anatomic structure of the brain regions corresponding to the significant age-related IC3 degradation is illustrated
in Figure 1. The voxel values ranged from 1 to 38. The
total voxel volume was 128271. Figure 1(a) was visualized
using the BrainNet Viewer package (https://www.nitrc.org/
projects/bnv/). Figure 1(b) was visualized using the RESTplus
toolkit (http://restfmri.net/forum/index.php?q=rest).
3.1.2. Further Exploration of the Final Age-Related Brain
Regions by Defining 𝜎. The automatic results from FLICA
showed that IC3 totally contained 128271 voxels, with voxel
values ranging from 1 to 38. The cumulative distribution of
the 38 voxel values is shown in Figure 3. It can be observed
that voxels with values of 1 to 9 occupied more than 50% of
the IC3 region. As 𝜎 increased, the brain regions narrowed
and the high voxel values were mainly concentrated in the
Frontal Inf Orb, Insula L, and Temporal Pole Sup L. When
𝜎 is 38, the volume of the narrowed brain regions was only 16.
The statistical results of the Pearson correlation analyses
between SUVR mean and age under different 𝜎 (average of
3,000 times) are shown in Table 4. The correlation coefficients
𝑅 became larger when 𝜎 increased and peaked at 𝜎 = 30
(𝑅 = −0.787; 𝑝 value = 1.77𝐸−53). The fluctuation of 𝑅 values
can be observed when 𝜎 is greater than 30. According to
previous literature, this may be due to the fact that the SUVR
mean value of the IC3 region becomes vulnerable when 𝜎
is above the peak [34]. Note that all of these were negative,
indicating a negative correlation between SUVR mean and
age. In addition, all 𝑝 values were less than 1.00𝐸 − 35,
suggesting that the correlations were strong and statistically
significant for every 𝜎 from 1 to 38.
According to the analysis results listed in Table 4, 30 was
chosen as the best 𝜎 due to the strongest correlation. The
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20–80
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31–40
41–50
51–60
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71–80

Number
44
44
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45
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2.49E−04
1.11E−09
4.37E−18
1.56E−31
1.22E−40

𝑅
0.117
0.177
0.277
0.372
0.472
0.518

Cumulative distribution of the voxel values

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37
Value of the voxels

Figure 3: Cumulative distribution of the voxel values.

final brain region was then defined. The number of voxels
with 𝜎 = 30 was 2031. The AAL regions covered by the final
brain region are shown in Table 5. The anatomic structure of
the final brain region with 𝜎 = 30 is shown in Figure 4. In
particular, areas corresponding to 𝜎 = 30 overlapped with
9 regions in AAL: Frontal Inf Orb L (15), Frontal Inf Orb R
(16), Frontal Sup Medial L (23), Frontal Med Orb L (25),
Insula R (30), Cingulum Ant L (31), Cingulum Mid L (33),
Temporal Pole Sup L (83), and Temporal Pole Sup R (84).
The final brain region included the bilateral orbital part
of inferior frontal gyrus (AAL 15 and AAL 16), the left medial
part of superior frontal gyrus (AAL 23), the left medial orbital
part of superior frontal gyrus (AAL 25), the right insula
(AAL 30), the left anterior cingulate (AAL 31), the left median
cingulate, and paracingulate gyri (AAL 33), and bilateral
superior temporal gyri (AAL 83 and AAL 84).
3.2. Definition of the Age-Correction Mathematical Model.
The linearity coefficients 𝛽𝐶 were calculated to create the
corresponding age-correction mathematical model. Similar
to the last step, random sampling was used in this step.
3,000 times of random sampling of 250 subjects from 255
healthy subjects were conducted and the linear regression
coefficients 𝛽𝐶 between their SUVR mean and age were
calculated, respectively (the third column in Table 5). Thus,
the mathematical model can be described as
SUVR mean = −0.00415 × age + 𝑝2 ,

(5)

where 𝛽𝐶 = −0.00539 and 𝑝2 was the constant term when
conducting the linear regression, which had no effect on the
definition of the age-correction model.
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Table 4: Statistical results of Pearson correlation analyses between SUVR mean and age under different 𝜎.

𝜎

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

SUVR mean
𝑝 value

𝑅
Average
−0.69078
−0.70248
−0.70505
−0.70732
−0.71126
−0.71589
−0.71954
−0.72191
−0.72329
−0.72439
−0.72653
−0.72982
−0.73463
−0.74075
−0.74601
−0.75093
−0.75519
−0.75828
−0.76163
−0.76479
−0.76782
−0.77095
−0.77505
−0.77783
−0.78031
−0.78164
−0.78308
−0.78417
−0.78584
−0.78679
−0.7865
−0.78558
−0.78627
−0.78522
−0.77836
−0.77042
−0.76594
−0.7343

±
0.004314
0.004163
0.004088
0.003972
0.004001
0.003869
0.003853
0.004004
0.00385
0.003884
0.003878
0.003748
0.003733
0.003678
0.003559
0.00336
0.003342
0.003328
0.003282
0.003203
0.00321
0.003207
0.003002
0.003031
0.00297
0.002894
0.00284
0.002848
0.002811
0.002817
0.002822
0.002849
0.002835
0.002819
0.002867
0.002963
0.00296
0.003578

Average
2.15𝐸 − 36
4.04𝐸 − 38
1.72𝐸 − 38
7.79𝐸 − 39
1.98𝐸 − 39
3.74𝐸 − 40
9.62𝐸 − 41
3.85𝐸 − 41
2.37𝐸 − 41
1.62𝐸 − 41
6.94𝐸 − 42
2.02𝐸 − 42
2.96𝐸 − 43
2.45𝐸 − 44
3.03𝐸 − 45
3.60𝐸 − 46
5.89𝐸 − 47
1.47𝐸 − 47
3.26𝐸 − 48
7.59𝐸 − 49
1.84𝐸 − 49
4.29𝐸 − 50
6.17𝐸 − 51
1.62𝐸 − 51
4.91𝐸 − 52
2.62𝐸 − 52
1.16𝐸 − 52
6.79𝐸 − 53
2.76𝐸 − 53
1.77E − 53
2.18𝐸 − 53
3.41𝐸 − 53
2.26𝐸 − 53
3.93𝐸 − 53
1.15𝐸 − 51
5.30𝐸 − 50
4.43𝐸 − 49
3.35𝐸 − 43

±
4.63𝐸 − 36
9.70𝐸 − 38
3.48𝐸 − 38
1.28𝐸 − 38
3.59𝐸 − 39
7.52𝐸 − 40
2.11𝐸 − 40
9.00𝐸 − 41
3.97𝐸 − 41
3.12𝐸 − 41
1.41𝐸 − 41
3.85𝐸 − 42
5.12𝐸 − 43
4.79𝐸 − 44
7.36𝐸 − 45
7.28𝐸 − 46
1.09𝐸 − 46
2.85𝐸 − 47
8.33𝐸 − 48
1.84𝐸 − 48
4.31𝐸 − 49
8.36𝐸 − 50
1.09𝐸 − 50
3.07𝐸 − 51
1.11𝐸 − 51
5.01𝐸 − 52
2.12𝐸 − 52
1.70𝐸 − 52
6.28𝐸 − 53
3.22E − 53
4.26𝐸 − 53
6.38𝐸 − 53
4.77𝐸 − 53
9.98𝐸 − 53
2.35𝐸 − 51
1.00𝐸 − 49
8.09𝐸 − 49
7.69𝐸 − 43

𝛽𝐶
Average
−0.00201
−0.00211
−0.00213
−0.00215
−0.00219
−0.00225
−0.00231
−0.00237
−0.00243
−0.00248
−0.00254
−0.00261
−0.00268
−0.00277
−0.00285
−0.00294
−0.00303
−0.00311
−0.0032
−0.00329
−0.00338
−0.00348
−0.00359
−0.00368
−0.00377
−0.00384
−0.00392
−0.00399
−0.00408
−0.00415
−0.0042
−0.00425
−0.00433
−0.00439
−0.00441
−0.00443
−0.00453
−0.00443

±
1.95𝐸 − 05
1.99𝐸 − 05
1.93𝐸 − 05
1.96𝐸 − 05
2.00𝐸 − 05
2.01𝐸 − 05
2.07𝐸 − 05
2.18𝐸 − 05
2.16𝐸 − 05
2.18𝐸 − 05
2.28𝐸 − 05
2.24𝐸 − 05
2.30𝐸 − 05
2.36𝐸 − 05
2.35𝐸 − 05
2.34𝐸 − 05
2.37𝐸 − 05
2.48𝐸 − 05
2.52𝐸 − 05
2.51𝐸 − 05
2.64𝐸 − 05
2.67𝐸 − 05
2.69𝐸 − 05
2.79𝐸 − 05
2.81𝐸 − 05
2.84𝐸 − 05
2.90𝐸 − 05
2.93𝐸 − 05
3.05𝐸 − 05
3.05E − 05
3.16𝐸 − 05
3.19𝐸 − 05
3.28𝐸 − 05
3.38𝐸 − 05
3.41𝐸 − 05
3.51𝐸 − 05
3.59𝐸 − 05
4.06𝐸 − 05

Note. All the results in Table 5 are the average of the 3000 Pearson correlations between SUVR mean and age.

3.3. Evaluation of the Mathematical Age-Correction Model in
Healthy Participants
3.3.1. Evaluation of the Final Brain Region in 262 Healthy
Participants. The validation results of the final brain region
with the new dataset are shown in Figure 5. The 𝑝 value was
5.39𝐸 − 04, indicating a statistically significant relationship
between SUVR mean and age, and the correlation coefficient
𝑅 = −0.212, indicating a negative correlation (see Figure 5).

3.3.2. Evaluation of the Mathematical Age-Correction Model
in 262 Healthy Participants. The validation results are shown
in Figure 6 as a scatter plot and fitting curves between
SUVR mean and age across the 262 healthy subjects before
(red and dashed) and after (green and solid) age correction.
The correlation between SUVR mean and age measured
using Pearson correlation analysis became weaker after age
correction (the Pearson correlation coefficient 𝑅 declined
from 0.212 to 0.027 while the 𝑝 value rose from 5.39𝐸 − 04
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Table 5: AAL regions covered by the final brain region with 𝜎 = 30.
Region number

Region name

15
16
23
25
30
31
33
83
84

𝑥
−35.98
41.22
−8.06
−5.17
39.02
−4.04
−5.48
−39.88
48.25

Frontal Inf Orb L
Frontal Inf Orb R
Frontal Sup Medial L
Frontal Med Orb L
Insula R
Cingulum Ant L
Cingulum Mid L
Temporal Pole Sup L
Temporal Pole Sup R
−12 mm

−9 mm

−6 mm

−3 mm

+0 mm

+3 mm

+6 mm

+9 mm

MNI coordinates (mm)
𝑦
30.71
32.23
15.05
54.06
6.25
35.40
−14.92
15.14
14.75

𝑧
−12.11
−11.91
−11.46
−7.40
2.08
13.95
41.57
−20.18
−16.86

Figure 4: Anatomic structure of the final brain region with 𝜎 = 30.

1.2

SUVR mean (a.u.)

SUVR mean (a.u.)

1.3
1.1
1
0.9
0.8
0.7
0.6
55

R = −0.212
p = 5.39E − 04
60

65

70

75

80

Age (y)

Figure 5: Scatter plot and fitting curves between SUVR mean
formed from brain regions and age.

to 0.669), indicating that the influence of age on the regions
used to form the SUVR mean was weakened as a result of
age correction. Simultaneously, after correction, the slope was
decreased to almost 0, indicating that the influence of age
on the SUVR mean values had been eliminated. In addition,
similar changes were found in the 𝑝 values and Pearson
correlation coefficients 𝑅 in both age groups of the 252
healthy subjects after age correction (the Pearson correlation
coefficients 𝑅 declined from 0.208 to 0.063 for age group
61–70 and from 0.171 to 0.07 for age group 71–80 while the 𝑝
value rose from 0.059 to 0.573 for age group 61–70 and from
0.022 to 0.353 for age group 71–80).
3.3.3. A Qualitative Case Study. To visually demonstrate the
correction results visually, one typical subject was selected

1.6
1.5 After age correction
= −0.027
1.4 R
p = 0.669
1.3
1.2
1.1
1
0.9
0.8 Before age correction
= −0.212
0.7 R
p = 5.39E − 04
0.6
55
60
Age grade Number
61–70

80 (3)

71–80

179

65

70

Before correction
0.059
p
−0.208
R
0.022
p
−0.171
R

75

80

After correction
0.573
p
−0.063
R
0.353
p
−0.07
R

Figure 6: Scatter plot and fitting curves between SUVR mean and
age across the 262 healthy subjects before (red and dashed) and after
(green and solid) age correction. In addition, the statistical results of
the age correction in the two age groups of the 252 healthy subjects
are presented below.

from each of the two groups (healthy group and AD group)
and the age-correction model was applied on all the voxels
within the final brain region (the subject selected from the
healthy group was aged 78.3 and the other subject selected
from the AD group was aged 58.4). As shown in Figures
7(a) and 7(c) the origin anatomic structures of the final
brain region are extracted from the healthy and AD subject,
respectively. The corrected anatomic structures of the final
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−12 mm

Healthy
Age: 78.3
Mean intensity: 0.6144
SUVR mean: 0.8851
−6 mm
−9 mm

−3 mm

+0 mm

+3 mm

+9 mm

−12 mm

Healthy
Age: 78.3
Mean intensity: 0.8742
SUVR mean: 1.2098
−6 mm
−9 mm

−3 mm

+0 mm

+3 mm

+6 mm

+9 mm

(a)

(b)

−12 mm

AD
Age: 58.4
Mean intensity: 0.6180
SUVR mean: 0.8929
−6 mm
−9 mm

−3 mm

−12 mm

AD
Age: 58.4
Mean intensity: 0.8552
SUVR mean: 1.1352
−6 mm
−9 mm

−3 mm

+0 mm

+3 mm

+9 mm

+0 mm

+3 mm

+9 mm

+6 mm

+6 mm

(c)

+6 mm

(d)

Figure 7: Visual result demonstration of a qualitative case study.

brain regions extracted from the healthy and AD subject
are shown in Figures 7(b) and 7(d), respectively. The mean
intensities of these two subjects were very similar (0.6180 and
0.6144, resp.). The age correction results of the two subjects
are shown in Figures 7(b) and 7(d), and the mean intensity
of the healthy subject went beyond that of the AD subject
(0.8742 and 0.8552, resp.), indicating a healthier status after
eliminating the influence of age.
Additionally, the SUVR mean values based on the final
brain region of each subjects in both the healthy and AD
groups were calculated before and after the age correction and
the statistical significance between the two groups was measured by an independent 𝑡-test. The 𝑝 value declined from
1.706𝐸 − 08 to 1.740𝐸 − 10 after the age correction, indicating
that the difference between healthy and AD subjects became
more significant after the age correction.
3.3.4. Evaluation of the Mathematical Age-Correction Model
in AD Participants. To validate whether the age-correction
model can serve to eliminate the confusing factor of age
so as to highlight the pathological differences, the model
was applied to the dataset of 50 AD patients selected from
the ADNI database. The SUVR mean of each subject was
generated from the optimal final brain region, and age
correction for SUVR mean was then carried out. Before
and after the age correction, the partial correlation analysis

was applied between the SUVR mean and the 3 clinical
results. As is evident from Figure 8 and Table 6, the 𝑝 value
and 𝑅 coefficient were both significantly improved after age
correction. The partial correlation coefficients 𝑅 rose from
0.371 to 0.497 for MMSE, −0.422 to −0.512 for CDRSB, and
0.426 to 0.573 for FDG. During the partial analyses, the
effect of education, sex, and ApoE4 status was removed as
a set of controlled variables. The results showed that the
correlations between the SUVR means values and clinical
tests were improved after age-correction. Radiologists may
find it easier to diagnose AD by analyzing FDG PET images
after age-correction.
As shown in Table 6, we can see that, in subgroups 69–73
and 73–78, the relationship between SUVR mean and two of
the clinical results (MMSE and CDRSB for subgroup 69–73
and CDRSB and FDG for 73–78) became much stronger after
age correction. Apart from that, the relationship between
SUVR mean and FDG in subgroup 56–69 also became much
stronger after age correction.
Taken together, it can be safely concluded, with the
results of Figure 2 and Tables 3 and 6, that the effect of
normal aging becomes apparent after approximately age 50
(Figure 2 and Table 3). Meanwhile, the age of early-onset
dementia such as AD has been reported to be 60–65 years
[11, 23]. As seen from Table 6, the effect of age correction
on subgroup 69–73 and 73–78 was obvious since the 𝑝
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0.15

0.05
0
−0.05

−0.1
−4

Before age correction (red & dashed):
R = −0.422
p = 0.0014
After age correction (green & solid):
R = −0.512
p = 2.32E − 04

0.1
SUVR mean (a.u.)

SUVR mean (a.u.)

0.1

0.15
Before age correction (red & dashed):
R = 0.371
p = 0.01
After age correction (green & solid):
R = 0.497
p = 3.80E − 04

0.05
0
−0.05

−3

−2

−1

1

0

2

3

−0.1
−2.5

4

−2

−1.5

−1

−0.5

MMSE

0

0.5

1

1.5

2

2.5

CDRSB

(a)

(b)

0.15

SUVR mean (a.u.)

0.1
0.05

Before age correction (red & dashed):
R = 0.426
p = 0.0029
After age correction (green & solid):
R = 0.573
p = 2.59E − 05

0
−0.05
−0.1
−0.3 −0.25 −0.2 −0.15 −0.1 −0.05
FDG

0

0.05

0.1

0.15

0.2

(c)

Figure 8: Scatter plot and fitting curves between SUVR mean and (a) MMSE, (b) CDRSB, and (c) FDG across the 50 AD subjects before (red
dots and dashed lines) and after (green dots and solid lines) age correction.

Table 6: Statistical results of the age correction in each age group of the 50 AD subjects.
Age grade

Number

56–69

11

69–73

10

73–78

16

78–80

13

𝑝
𝑅
𝑝
𝑅
𝑝
𝑅
𝑝
𝑅

MMSE
0.419
0.272
0.037
0.663
0.12
0.404
0.014
0.663

Before correction
CDRSB
0.166
−0.449
0.04
−0.655
0.034
−0.531
0.067
−0.522

FDG
0.025
0.668
0.26
0.394
0.011
0.615
0.057
0.539

𝑝
𝑅
𝑝
𝑅
𝑝
𝑅
𝑝
𝑅

MMSE
0.158
0.456
0.025
0.699
0.091
0.436
0.015
0.658

After correction
CDRSB
0.139
−0.476
0.029
−0.685
0.02
−0.575
0.058
−0.537

FDG
0.003
0.805
0.251
0.401
0.005
0.664
0.069
0.52

Note. Age groups 69–71 and 71–73 and 73–76 and 76–78 were combined into one group, respectively, because of their insufficient quantity.

values decreases evidently after age correction. We can
conclude that the age correction is more effective for ages
69–78.
To verify whether age correction can help to improve the
diagnostic accuracy, classification for AD combining PCA
and SVM was applied to 50 healthy and 50 AD subjects. Age
correction was conducted on the final brain region of IC3 and
then the whole brain of each subject was used as the input for

the feature extraction of PCA. Leave-one-out cross validation
was used during SVM classification to achieve more reliable
results by reducing the influence of stochastic factors. As
shown in Table 7, the classification performance was achieved
with an accuracy of 79% before age correction and 90% after
age correction. Table 7 also shows the ROC curves of the
two classifications. The AUC values were 0.735 before age
correction and 0.84 after age correction.
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Table 7: Classification accuracy for AD before and after age correction.
Before age correction

ROC curves

After age correction

79%

True positive rate

Accuracy

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

90%

ROC curves

0

0.1

0.2

0.3

0.4 0.5 0.6 0.7
False positive rate

0.8

0.9

1

Before age correction
After age correction
Random chance

4. Discussion
In the present study, a data-driven analysis of brain glucose
metabolism variation across 255 healthy participants revealed
a component showing a monotone decrease with an increase
in age. According to Figure 4, the regions corresponding
to the component IC3 included left inferior and superior
frontal gyrus (AAL 15 and AAL 16), the left medial part of
superior frontal gyrus (AAL 23), the left medial orbital part
of superior frontal gyrus (AAL 25), the right insula (AAL
30), the left anterior cingulate (AAL 31), the left median
cingulate, and paracingulate gyri (AAL 33), and bilateral
superior temporal gyri (AAL 83 and AAL 84). These findings
were mostly in accordance with the typical results that have
been reported in most lifespan studies [15–22]. In addition,
a set of brain region called the resting state, or default
mode network (DMN) of the human brain, which has been
suggested by studies of functional connectivity to be relevant
to cognitive development, was reported to be significantly
related to age [23–25]. This network includes the posterior
cingulum (PCC), the precuneus, the left orbital and medial
prefrontal cortex (OPFC and MPFC L), the left orbitofrontal
cortex (OFC L), and the angular gyrus (ANG). As can be
observed, the final brain regions overlapped with regions of
DMN typically within the left MPFC, OPFC, and medial
temporal lobe, which again is in good agreement with the agerelated findings of most previous studies described above.
In addition to DMN, the final brain region also covered
other areas that have been reported to be related to AD. FDG
PET is said to have a predictive value for neurodegeneration
at a very early stage [4, 12, 13]. A network was reported to
enable FDG PET to detect abnormal metabolism reduction
both earlier and at more advanced AD stages than MRI [14].
This network encompassed hippocampal, temporal, parietal,
occipital, and posterior caudate regions. It was mostly covered

by the final brain regions identified in the present study, with
the exception of the occipital regions and right hippocampal
regions. Hence, age correction may be conducive to enhancing the conviction of predictions.
The IC value of IC3 was found to have a negative linear
correlation with age (Figure 2 and Table 3). This finding is
in good agreement with reports in the literatures of most
regions using FDG PET, where there are clear negative
correlations with age [15–22]. In addition, comparison of ICs
with the literature [7] showed a similar negative correlation
trend through other imaging modalities in GM volume, WM
volume, and FA between ages 22 and 82, indicating advanced
age-related adverse changes in the brain reflected by various
imaging modalities. The results of the comparison between
the present study and the literature are shown in Figure 9,
suggesting that the definition of IC3 in the present study is
credible.
The age-correction model was also conducted on 50
AD subjects. Before the correction, a statistically significant
positive correlation between SUVR mean and MMSE or
FDG and the negative correlation between SUVR mean and
CDRSB were in good accordance with the authors’ general
understanding of the clinical physiological indices (i.e., the
severity of AD is indicated by a lower SUVR mean, a lower
MMSE score, and a lower FDG, but a higher CDRSB score).
After the correction, these correlations remained unchanged,
and the correlation coefficient 𝑅 finally rose to 0.497 for
SUVR mean and MMSE, −0.512 for SUVR mean and CDRSB,
and 0.573 for SUVR mean and FDG, respectively. The corrected results were compared with those from other studies.
In the work by Hatashita [37], the correlation coefficients 𝑅
reached 0.46 for SUVR and MMSE and −0.44 for SUVR mean
and CDRSB, which is numerically similar to the correlations
before age correction in the present study (0.371 and −0.422).
After the age correction, however, the correlation coefficients
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Figure 9: Similar linear scatter plots of negative correlations between age and different imaging indices. (a) Results from the present study.
Correlation between SUVR mean and age. Correlations between (a) IC value (b; c; d) Results in [7]. Correlations between (b) GM volume,
(c) WM volume, and (d) FA and age.

in the present study rose to 0.497 and −0.512, respectively,
indicating a relatively stronger correlation between SUVR
and the clinical results. Note that the stronger correlation
between SUVR mean and FDG after age correction indicated
both potential age- and AD-related responses with areas of
angular, temporal, and posterior cingulate indications, which
again overlapped with the network of DMN [23–25, 38,
39]. Overall, it can be reasonably concluded that the age
correction is valid in clinical AD diagnoses.
The methodological approach used here had two advantages that were crucial in confirming this monotone decreasing component IC3 that revealed a natural decline with age.
First, no spatial, age-related, or any other prior information
was imposed on the data. Second, the presumption that the
components were non-Gaussian independently distributed
sources allowed more subtle modes to be detected with
respect to abnormal variation and coordinately dominated
by certain underlying common features across all subjects.
While explaining only a modest amount of the metabolism
variation across all 255 healthy subjects (3.7%), the IC3
revealed a strong negative relationship with age (as age
explained 51.8% of the spatial variance). Therefore, the FLICA
method is very suitable for the present study. In the work by
[32], the authors obtained 70 ICs, including IC1, that had an
extraordinary relationship with age, for which the 𝑅 square
value was 0.9 across 484 healthy participants along with 3
modals (MRI, vertexwise cortical thickness and surface area).
In addition, the authors mainly discussed a symmetrical

inverted-U IC4 with an 𝑅 square value with age that was 0.5,
indicating a mirror effect in age-related brain development.
Earlier, in the work by Groves et al. [33], 100 ICs were obtained
with a larger dataset that included the same 484 subjects and
the three modalities mentioned above, in addition to another
three modalities: FA, MD, and MO, all of which were derived
from DTI scans. It was understandable that the IC3 obtained
during the present study had a lower 𝑅 squared value due
to a relatively smaller and single-modal data size, but its
relationship with age was still significant.
In addition, the paracentral lobule (AAL 69 and AAL
70) was set during the present study as the reference region
when forming SUVR following the research by Zhang et al.
[35]. However, other regions may also be selected as reference
regions. In the work by Gardener et al. [40, 41], the whole
cerebellar or the whole brain region was used as the reference
region, and the cerebellar tonsil (AAL 105 and AAL 106) was
also reported by Zhang et al. [35] to be one of the two best
regions to be a reference, due to their improvement in the
separation of natural age-associated changes from changes
in brain metabolism. In the present study, these four regions
were taken separately as a reference region and the SUVR
mean was calculated under different values of 𝜎. As shown
in Figure 10 (all the results in Figure 10 are the average of
the 3000 times Pearson correlation between SUVR mean
and age), the relationship between age and SUVR mean was
strongest when normalized to the paracentral lobule, with
the 𝑅 value climbing up to 0.787 at 𝜎 = 30. However, its

14

Contrast Media & Molecular Imaging
Relationship between age and SUVR mean based on three different
reference regions

5. Limitations and Further Considerations

6. Conclusion

Although certain initial findings regarding brain regions
related to age in FDG PET have been explored in the present
study, some limitations still exist. First, no cognitive tests such
as MMSE or CDRSB have been conducted on subjects at
the Huashan Hospital to evaluate their cognitive condition.
Further, no partial volume correction (PVC) was performed
during the present study due to the lack of MRI data.
Both issues should be addressed in future work. Second,
the 𝑅 squared value of IC3 was only 0.518, which is far less
than for the similar monotonically decreasing IC obtained
by [32] whose 𝑅 squared value fitting with age was 0.9.
The reason for this discrepancy was likely the limitation of
the amount of the subjects’ image data, since they had a
dataset of 484 subjects. Thus, we could only define one agecorrection mathematical model during the long age-span
of 20–80 years. Without the data deficiency, we would be
able to obtain one age-correction model for each age grade,
and the effect of the age correction would then be much
more precise. Third, only a linear relationship between the
IC value and age was taken into account for the definition of
the age-correction mathematical model, since IC3 revealed a
monotone linear decrease with increasing age via assessment
with a quadratic fit (Figure 2 and Table 3). In fact, a nonlinear
relationship with age has also been reported in previous
literatures as was found in the present study (e.g., IC11).
However, a nonlinear age-correction mathematical model
was not investigated but will be studied in the near future.
Fourth, in the present study, we used the same template from
SPM during the image preprocessing steps for both datasets
from Huashan Hospital and the ADNI. However, structural

In summary, the findings of the present investigation suggest that the inferior frontal gyrus, the left medial part of
superior frontal gyrus, the left medial orbital part of superior
frontal gyrus, the right insula, the left anterior cingulate, the
left median cingulate, and paracingulate gyri, and bilateral
superior temporal gyri have a strong negative relationship
with age in 18 F-FDG PET images. An age-correction model
characterizing the rate of decline of the index SUVR mean
provides the possibility of correcting analyses for the effect of
the confounding variable, age. By applying the age correction
to AD subjects, it was determined that the correction could
effectively suppress the interference of age on the analysis and
bring disease abnormalities nearer to manifestation. Thus,
the method can be applied to patients prior to a clinical AD
diagnosis, which will help in determining the severity of the
underlying disease.

R

advantage was not obvious when compared with the whole
cerebellum (𝑅 = 0.76 at 𝜎 = 1). This may be due to the
limitations inherent to the datasets, such as possible cohort
effects and selection bias, which may influence the use of this
more rational reference region to some degree. Nevertheless,
it could arguably be concluded that the paracentral lobule
can be chosen as the reference region when the age influence
needs to be discounted.

and functional differences between brains in the Chinese
and Western elderly populations exist, which may result in
various impacts of age on FDG PET scans. Thus, geographical
differences between the two datasets from Huashan Hospital
and the ADNI will be investigated in the future using different
templates. Fifth, in the present study, only FDG PET scans
were used for the FLICA. In fact, the FLICA approach can
also be used on multimodal data. In addition to FDG PET,
the others modals (i.e., other brain imaging techniques) can
be MRI, PiB-PET, DTI, and the advanced morphological
patterns extracted from these modals, such as FA, MD, and
MO from DTI [33], or vertexwise cortical thickness and
surface area measures from MRI [32]. Different brain imaging
techniques focus on different dementia disorders such as MRI
and structural atrophy, PiB-PET and amyloid deposition,
and DTI and communication amongst nerve cells in the
brain. Thus, combined multimodal analyses can definitely
help to increase the number of ICs and obtain more accurate
appraisals of brain regions as a result of more integrated
information. It is certainly worth comparing the brain regions
related to age in these different modals so as to build a
corresponding correction template. This approach can also
help in the study of differences in how diseases affect each
modal of the images. Last of all, the differences in natural
brain decline between male and female subjects need to be
studied further.

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37
𝜎
The whole brain
Paracentral lobule

Cerebellar tonsil
The whole cerebellum

Figure 10: Relationship between age and SUVR mean based on four
different reference regions: the cerebellum, the cerebellar tonsil, the
paracentral lobule, and the whole brain region.
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The identification of bone lesions is crucial in the diagnostic assessment of multiple myeloma (MM). 68 Ga-Pentixafor PET/CT
can capture the abnormal molecular expression of CXCR-4 in addition to anatomical changes. However, whole-body detection of
dozens of lesions on hybrid imaging is tedious and error prone. It is even more difficult to identify lesions with a large heterogeneity.
This study employed deep learning methods to automatically combine characteristics of PET and CT for whole-body MM bone
lesion detection in a 3D manner. Two convolutional neural networks (CNNs), V-Net and W-Net, were adopted to segment and
detect the lesions. The feasibility of deep learning for lesion detection on 68 Ga-Pentixafor PET/CT was first verified on digital
phantoms generated using realistic PET simulation methods. Then the proposed methods were evaluated on real 68 Ga-Pentixafor
PET/CT scans of MM patients. The preliminary results showed that deep learning method can leverage multimodal information
for spatial feature representation, and W-Net obtained the best result for segmentation and lesion detection. It also outperformed
traditional machine learning methods such as random forest classifier (RF), 𝑘-Nearest Neighbors (k-NN), and support vector
machine (SVM). The proof-of-concept study encourages further development of deep learning approach for MM lesion detection
in population study.

1. Introduction
Multiple myeloma (MM) is a malignancy accounting for 13%
of the hematological cases [1–3]. A characteristic hallmark of
MM is the proliferation of malignant plasma cells in the bone
marrow [4]. Common symptoms of MM are summarized as
CRAB: C for hypercalcemia, R for renal failure, A for anemia,
and B for bone lesions. Modern treatments have achieved a
5-year survival rate of 45% [5]. Nevertheless, MM remains
an incurable disease at the moment and it usually relapses
after a period of remission under therapy. The identification
of bone lesions plays an important role in the diagnostic and
therapeutic assessment of MM.

Radiographic skeletal survey (whole-body X-ray) is traditionally applied in the characterization of bone lesions of
MM. However, it can only display lesions when the trabecular
bone has already lost more than 30% around the focal, usually
leading to underestimation of lesion extent [6]. 3D computed
tomography (CT) allows the detection of smaller bone lesions
that are not detectable by conventional radiography [7].
Magnetic resonance imaging (MRI) is also more sensitive
than skeletal survey in the detection of MM lesions and it can
detect diffuse bone marrow infiltration with good soft tissue
differentiation [8, 9]. Comparable high sensitivity in the
detection of small bone lesions can be achieved using PET/CT
by combining metabolic (18 F-FDG PET) and anatomical
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(CT) information [10–13]. The lesions are usually visualized
more clearly with the guidance of hotspots in fused images,
which can potentially improve the diagnosis and prognosis
of MM [14]. Recently, the overexpression of chemokine (CX-C motif) receptor 4 (CXCR4) has been verified in a variety
of cancers, leading to the development of targeted PET tracer
such as 68 Ga-Pentixafor [15]. This emerging tracer has already
demonstrated a higher sensitivity in the visualization of MM
lesions [16, 17].
Even with advanced imaging, challenges remain in the
identification of MM bone lesions. It is commonly seen that
dozens of lesions spread across the whole body. Manual
reading of all these distributed lesions is usually tedious for
physicians and can result in large interobserver variations
[18] and may be prone to errors. Although metabolic lesion
volume is a prognostic index for the interpretation of MM
PET images [19], it is necessary to identify the lesions
before the calculation of characteristic quantities such as
the maximum of standardized uptake value within tumor
(SUVmax) and total lesion evaluation (TLE) [20, 21].
Computer-aided detection (CAD) has been developed to
assist radiologists to resolve the critical information from
complex data, which improves the accuracy and robustness
of diagnosis [22–25]. Machine learning is the engine for
typical CAD approaches. Several methods have been developed for lesion detection or tumor screening in oncological
applications [26, 27], in which lesion and nonlesion parts are
differentiated and segmented. For hybrid imaging, either is
characterized with low spatial resolution in PET or features
with low contrast in CT, and a direct detection or cosegmentation of tumors in both modalities is difficult. Based on
such concern, in [28, 29] a fuzzy locally adaptive Bayesian
algorithm has been developed for volume determination for
PET imaging and later applied in lung tumor delineation. In
[30–33] Markov Random Field (MRF) and graph-cut based
methods were integrated to encode shape and context priors
into the model. Simultaneously model delineation of regions
using random walk and object/background seed localization
method were also being employed in joint segmentation. In
[34] modality-specific visibility weighting scheme based on
a fuzzy connectedness (FC) image segmentation algorithm
was proposed to determine the boundary correspondences of
lesions in varied imaging modalities.
In order to tackle the multiple myeloma lesion detection,
classification, or other pathological analysis issues for the
bone, several methods have been developed. A virtual calcium subtraction method [35] has been adopted to evaluate
MM in the spine. The study of [36] focuses on detecting
lesions in femur cortical bones, in which a probabilistic,
spatially dependent density model has been developed to
automatically identify bone marrow infiltration in lowdose CT. In [37] a semiautomatic software was developed
to perform pixel thresholding based segmentation for the
assessment of bone marrow metabolism while automatic
quantification of bone marrow myeloma volume was conducted in [38]. A hybrid iterative reconstruction technique
was used to compare the diagnostic performance of conventional radiography (CR) and whole-body low-dose computed
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tomography (WBLDCT) with a comparable radiation dose
reconstructed for MM staging [39]. However, none of the
above-mentioned approaches can be directly transferred to
automatically detect systemic bone lesions on PET imaging.
As is shown in Figure 1, the 68 Ga-Pentixafor PET imaging has
a large variation in uptake and size even among the lesions
in the same patient. Such heterogeneity in lesion size and
tracer uptake in the complex context of various nonspecific
overexpression makes the whole-body detection of all the
lesions extremely difficult. To the best of our knowledge, no
effective CAD methods have been presented for automated
detection of MM bone lesions in the full body.
The emergence of deep learning methods largely exceeds
human perception power in extracting useful information
from large amount of data such as images and conventional
machine learning methods in many applications [26, 40,
41]. They have already demonstrated advantages in computerized diagnosis on medical images, such as abnormality
detection [42, 43]. Convolutional neural networks (CNNs)
are the driving force among many network architectures,
and the current state-of-the-art work largely relies on CNN
approaches to address the common semantic segmentation
or detection tasks [44]. The combination of convolutional and
deconvolutional layers can well extract high-level contextual
and spatial features hierarchically. CNN architecture such
as U-Net offers a 2D framework to segment biomedical
images by using a contracting path for contextual extraction
and a symmetric reversed path for object localization [45].
U-Net has been extended to a 3D version as V-Net [46]
and achieves promising results by introducing an optimized
objective function to train the model end-to-end. Similar
3D CNNs have been presented in [47] to learn intermediate
features for brain lesion segmentation. A cascaded CNN has
been developed to first segment the liver and then the liver
lesions in [48].
This paper explores the advantages of cascaded CNNs
in lesion prediction and segmentation with the aim of
detecting MM bone lesion in a full body manner. For the
first time, deep learning method is developed to combine
anatomical and molecular information of 68 Ga-Pentixafor
PET/CT imaging to support whole-body lesion identification. Besides employing V-Net, two enhanced V-Nets are
cascaded to build a W-shaped framework to learn the
volumetric feature representation of the skeleton and its
lesions from coarse to fine. The whole network requires only
minimal preprocessing and no postprocessing. We testify
the algorithm on 70 digital phantoms generated by realistic
simulation of 68 Ga-Pentixafor PET images to demonstrate the
applicability of deep learning architectures in hierarchically
extracting features and predicting the MM bone lesions.
For proof-of-concept, the methods were further evaluated
on 12 clinical PET/CT data and the results demonstrate
the potential to improve MM bone lesion detection. In
addition, we compared the proposed approach with several
traditional machine learning methods, including random
forest classifier, 𝑘-Nearest Neighbor (k-NN) classifier, and
support vector machine (SVM) algorithm, in which cases
the advantages of deep learning methods are more evidently
shown.
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Figure 1: Properties of MM lesions of an exemplary patient with 68 Ga-Pentixafor PET imaging: (a) maximum-intensity projection of 68 GaPentixafor PET; (b) histogram distribution of maximum activity of the lesions; (c) histogram distribution of mean activity of the lesions; (d)
histogram distribution of volumes of the lesions.

2. Methods and Materials
2.1. Deep Learning Methods: V-Net and W-Net. In this study,
we investigate a widely used CNN-based deep learning
architecture, V-Net, for 3D volumetric image segmentation
[46] on CT and PET images. 3D convolutions are performed
aiming to extract features from both modalities. At the end of
each stage, to reduce its resolution by using appropriate stride,
the left part of the V-Net consists of a compression path,
while the right part decompresses the signal until its original
size is reached. Convolutions are all applied with appropriate
padding. We assembled PET and CT into two channels of
combined images for lesion segmentation.
In particular, we cascaded two V-Nets to form a W-Net
architecture to improve the segmentation to bone-specific
lesions in this study. As illustrated in Figure 2, there is a
compression downward path, followed by an approximately
symmetric decompression path inside each V-Net. The former cuts the volumetric size and broadens the receptive field

along the layers, while the latter functions the opposite way
to expand the spatial support of the lower resolution feature
maps. For both contracting and expanding paths, we use the
3 × 3 × 3 kernel for convolution and a stride of two for max
pooling or upsampling. For the first V-Net, only volumetric
CT data is fed into the network in order to learn anatomical
knowledge about the bone. The outcome builds a binary
mask for the skeleton, which adaptively offers geometrical
boundary for lesion localization. The second V-Net then
adds both PET/CT and the output from the first network
as the total input, of which PET/CT provides additional
feature information to jointly predict the lesion. Since lesions
have comparatively smaller size than the bone, the deeper a
network goes, the more detailed information will vanish even
if adding concatenations from layers in the contracting path.
For the W-Net, we use five layers in the first V-Net and three
layers for the second V-Net. For the single V-Net architecture,
3 layers are adopted.
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Figure 2: Overview of a simplified W-Net architecture.

All the experiments are implemented on Theano using
Python 2.7 and all the PET/CT volumes are trained on
NVIDIA TITAN X with a GPU memory of 12 GB. We
employed 3-fold cross validation to test the prediction accuracy.
There exists high imbalance in the dataset, especially for
lesion labels with very small sizes. In order to better track tiny
lesions and balance different sizes of the bone systemically, we
also adopt a similar weight balance strategy as in [48]. For the
input CT volume 𝑉 and a given voxel 𝑖, there is a set of labels
containing two values, of which 0 denotes nonbone regions
and 1 denotes bones. As for the PET volumes in the binary
label set, 0 denotes nonmyeloma part and 1 indicates MM
lesions. We define 𝑝(𝑥𝑖 = 𝑙 ∨ 𝑉) to be the probability that
a voxel 𝑖 is being assigned a label 𝑙 given the volume 𝑉, with
the label set 𝑙 ∈ [0, 1]. Then a cross-entropy loss function 𝐿 is
defined as follows:
−1 𝑁 label
[𝑝̂𝑖 log 𝑝𝑖 + (1 − 𝑝̂𝑖 ) log (1 − 𝑝𝑖 )] .
𝐿=
∑𝜔
𝑁 𝑖=1 𝑖

(1)

In (1), 𝑝̂𝑖 is the ground truth while 𝑝𝑖 is the probability
assigned to voxel 𝑖 when it belongs to the foreground. 𝜔𝑖label is
set to be inversely proportional to the number of voxels that
belong to a certain label.
Besides, we adopt another balance implementation,
which is patch-based balance strategy. We subsample the
training dataset to bridge the gap between the labels (bone
and lesion) and the background. For each patient, we pretrain
our network by first extracting patches of size (64 × 64 ×
64) across the whole patient volume, with an overlap of 5
voxels in all directions. We then select the top 30 patches
per patient volume based on the ratio of label to background
in each patch. These selected patches improve the total label
to background ratio for the bone label from a percentage of
12.35% to 20.16% and for the lesion label from a percentage of
2.54% to 7.01%.
With the class balancing loss function and the patches
used in V-Net, we pretrain the network for 1000 iterations.
Stochastic gradient descent with a learning rate of 0.001 and
a momentum of 0.95 is performed for every 100 iterations.
We then use the entire training set to fine-tune the network

until it converges following the same setup as is adopted in
the pretraining process. This training scheme is employed for
both bone and lesion segmentation tasks.
Dice score was calculated to estimate the segmentation
accuracy. In addition, the lesionwise detection accuracies
(sensitivity, specification, and precision) were summarized
on the segmented results based on the criteria of patch
overlapping. Patches of size 9 × 9 × 9 were generated across
the lesions with an overlap of 4 voxels being added in all
three directions. A lesion was considered as detected when
the amount of lesion labels that fell into the patch was above
10%.
We calculate precision and other relevant metrics via
patch overlapping, where the annotated ground truth patch
is considered positive if at least 10% of the total voxels in the
patch are a lesion and negative otherwise.
2.2. Test on Realistic PET Phantoms. To evaluate the performance of deep learning methods for lesion detection, we
generated realistic digital phantoms of 68 Ga-Pentixafor PET
scans. Digital phantoms using physically based simulations
provide ground truth to in-depth evaluate the performance
of algorithms [49]. Realistic PET activities extracted from
patient data were assigned to a whole-body phantom with
CT and anatomical labels such as liver, spleen, and kidney.
Bone lesions of various sizes, shapes, and uptakes at different
locations were generated randomly in skeleton of phantoms
to represent a large diversity of lesion presentations. The
CT values were modified accordingly by considering severity
of lesions. Realistic PET measurements of the phantoms
were simulated by a forward projection model following the
procedures described in [50]. This model includes object
attenuation as well as the system geometry resembling the
characteristics of a real clinical scanner (Siemens Biograph
mMR [51]). With the scanner geometry described above,
scattered events within the phantom and detectors were
simulated using GATE V6. These events were sorted out from
the GATE output and formed the expectation of scatter sinogram. In this simulation, 30% scattered and 30% uniformly
distributed random events were included considering a large
positron range of Ga-68. Poisson noise was then generated in
each sinogram bin. Finally, a set of sinograms (90 bins and
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Table 1: Experimental results of phantom study using synthetic PET/CT using V-Net, random forest (RF), 𝑘-Nearest Neighbor (k-NN), and
support vector machine (SVM).
Performance (%)
V-Net
RF with 𝑛 = 20
kNN with 𝑘 = 15
SVM with 𝐶 = 0.5

Sensitivity
89.71
99.16
98.52
98.76

Specificity
99.68
89.49
90.38
92.15

Precision
88.82
12.18
12.41
15.60

Dice
89.26
21.69
23.09
26.94

160 projections) was generated with the expectation of the
total counts to be 1 million. In total, 70 digital phantoms of
different lesions were simulated.
2.3. Test on Clinical Data. 12 patients (3 female and 9 male)
with histologically proven primary multiple myeloma disease
were referred for 68 Ga-Pentixafor PET/CT imaging (Siemens
Biograph mCT 64; Siemens Medical Solutions, Germany).
Approximately 90 to 205 MBq 68 Ga-Pentixafor was injected
intravenously 1 hour before the scan. A low-dose CT (20 mAs,
120 keV) covering the body from the base of skull to the
proximal thighs was acquired for attenuation correction. PET
emission data were acquired using a 3D mode with a 200 ×
200 matrix for 3 min emission time per bed position. PET
data were corrected for decay and scattering and iteratively
reconstructed with attenuation correction. This study was
approved by the corresponding ethics committees. Patients
were given written informed consent prior to the investigations.
The coregistration of PET and CT was visually inspected
using PMOD (PMOD Technologies Ltd., Switzerland). With
the fusion of PET and CT, all the lesions were manually
annotated under the supervision of experienced radiologist,
then each lesion was segmented by local thresholding at half
maximum.
2.4. Comparison with Traditional Machine Learning Methods.
Traditional machine learning methods [52] including random forest, 𝑘-NN, and SVM were employed in this study
for the comparison with deep learning methods. The patchbased intensity information was extracted as features for different algorithmic implementation. Multimodality features
were obtained by taking the PET and CT intensities patchwise
with a size of 3 × 3 × 3 in order that neighbor and intensity
information can be encoded. For training, a total of 2000
lesion samples (patches) and 2000 nonlesion samples for
each data volume were randomly selected and normalized
to form the feature space. Each sample in the training/test
set was represented as an intensity-based feature vector of 54
dimensions. Then the principal component analysis (PCA)
was applied to reduce the dimensionality to 15 and the grid
search with 3-fold cross validation was used to select the
parameters. For random forest, the number of trees 𝑛 was set
to 20. For k-NN, the number of neighbors 𝑘 was set to 15. For
SVM, we choose a linear kernel, and the penalty parameter of
the error term C was set to 0.5.

Figure 3: Synthetic PET data generating from digital phantom and
its corresponding CT scan.

3. Results and Discussions
An exemplary coronal slice of simulated 68 Ga-Pentixafor PET
and its corresponding CT scan are shown in Figure 3. The
simulated PET images present visual similarities to real PET
measures. The detection results of 3 slices of different body
regions in axial plane are shown in Figure 4 and the test results
on 70 of these realistic digital phantoms are listed in Table 1.
It achieves specificity as high as 99.68% and the Dice score is
also remarkable with a value of 89.26%, which confirm that
deep learning method has the potential to detect the wholebody MM lesions.
The comparisons between V-Nets and W-Net using
clinical dataset are summarized in Table 2. For the deep
learning methods, the combination of PET and CT for VNet improves the Dice score (69.49%) compared to V-Net
with CT alone (26.37%) or PET alone (28.51%). For lesionwise
accuracy, the combination of PET and CT for V-Net achieves
higher specificity (99.51%) than V-Net using CT (94.43%)
or PET (96.04%) and lower sensitivity than V-Net with CT
alone (73.18%). For V-Net, the combination of CT and PET
can improve the lesion segmentation; however, it does not
bring much benefit to the sensitivity. This is because CT
volume represents good anatomical structure and is sensitive
to abnormal structure of lesions. The mixture usage of CT and
PET in lesion detection does not increase the possibility of
capturing such feature.
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Table 2: Experimental results of V-Nets and W-Net for MM bone lesion detection. Best results are indicated in italic.

Performance (%)
V-Net + CT
V-Net + PET
V-Net + PET/CT
W-Net + PET/CT

Sensitivity
73.18
61.77
71.06
73.50

Specificity
94.43
96.04
99.51
99.59

Precision
16.08
18.53
68.00
72.46

Dice
26.37
28.51
69.49
72.98

(1) Original CT

(2) Original PET

(3) V-Net + PET/CT

True positive
False positive
False negative

Figure 4: Exemplary detection results of phantom study: (1) the original axial CT slices; (2) the corresponding PET slices; (3) MM lesion
prediction using V-Net.

W-Net, which also combines PET and CT, reaches the
highest segmentation accuracy (Dice score 72.98%) and
lesion detection accuracy (sensitivity 73.50%, specificity
99.59%, and precision 72.46%). In contrast to V-Net, WNet distinguishes the information on CT and PET, and
the extracted CT skeleton can be utilized as a type of
regularization. The maximization of information utilization
improves the segmentation and lesion detection. However,
given the expensive computation by adding an extra V-Net,
the sophisticated W-Net only slightly improves the performance (around 2% to 4%) compared to V-Net with PET/CT
input. This can be elucidated in two aspects. On one hand, the
hybrid input already contains anatomic information, which is
encoded and learnt as important features by the single V-Net.
On the other hand, the overall performance of the W-Net may
be restricted by the first V-Net. If the skeleton mask is not

correctly labeled, its segmentation error will be propagated
to the second V-Net and once again cause negative effect
on subsequent lesion detection. Further improvement of
the individual V-Net may improve the overall performance.
Besides, all the methods obtain high specificity (true negative
rate) of more than 90%, which demonstrate that the deep
learning methods can properly exclude nonlesion parts.
Exemplary detection results of 3 slices of different body
regions using deep learning methods are visualized in axial
plane in Figure 5, where the false positive and false negative
are marked out for in-depth comparison. Typically, false
negatives occur when the lesion is too small while the contrast
is not high enough to identify its presence. False positives
are highly intensity driven, which considers the nonspecific
high tracer uptake as lesion by mistake. The V-Net with
CT or PET alone predicted lesions in low accuracy with
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(1) Original CT

(2) Original PET

(3) V-Net + CT

(4) V-Net + PET

(5) V-Net + PET/CT

(6) W-Net + PET/CT

True positive
False positive
False negative

Figure 5: Exemplary detection results of V-Nets and W-Net: (1) the original axial CT slices; (2) the corresponding PET slices; (3) MM lesion
prediction using CT alone in V-Net; (4) MM lesion prediction using PET alone in V-Net; (5) MM lesion prediction using PET/CT in V-Net;
(6) MM lesion detection using W-Net.
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Figure 6: Convergence curves of different network architectures, W-Net (a) or V-Net (b).

lots of false negative and false positives. The V-Net with
hybrid PET/CT data as input is capable of learning features
from both modalities. It can generally prevent false positive
prediction to a large extent. For W-Net, the obtained binary
skeleton mask is forwarded to the second V-Net together
with PET/CT volumes. Therefore, W-Net geometrically offers
extra anatomical restrictions and reduces the probability of
assigning wrong lesion labels, which further improves the
detection performance compared to V-Net of the same input.
The convergence curves for different networks are shown in
Figure 6.
The experimental results of conventional machine learning methods (RF, 𝑘-NN, and SVM) are shown in Table 1. For
the traditional methods, all of them achieve comparable good
sensitivity and specificity. However, to the exact voxelwise
discrimination of correct classes, random forest obtains a
Dice score of 21.69%, 𝑘-NN gives a Dice score of 23.09%,
and SVM shows a Dice score of 26.94%. The outperformance
of SVM over random forest and 𝑘-NN indicates that SVM
is more capable of providing a hyperplane in distinguishing
nonlesion regions from lesion regions than the other two. For
random forest, it might be explained as that bone lesions are
in quite a small quantity compared to the rest of healthy parts
of the whole body, which results in the data to be rather sparse
and hinders its performance. This is exactly the advantage
when applying sparse data to SVM. For 𝑘-NN, the reason
behind it might be that the pure calculation of Euclidean
distance as the features to predict the closeness of testing
voxel and the training samples does not fit for bone lesions
spread over the full body.
For the first time, this study proposed a deep learning
method to automatically detect and segment the wholebody MM bone lesions on CXCR-4 PET/CT imaging. It can

efficiently leverage the potential information inside multimodal imaging instead of extracting handcrafted features that
are difficult to identify or reach an evaluation consensus.
However, the current study is restricted by small number of
patient data. Even though we tried to augment the number
of training samples by generating patches, the performance
of the deep learning methods is still hampered. Nevertheless,
this explorative study demonstrated the potential of deep
learning methods in combining multimodal information
for lesion detection. The preliminary results support the
further development of deep learning methods for wholebody lesion detection. With the evolution of CXCR-4 imaging
and therapy in clinical practice, more and more subjects will
be enrolled for the tests. The performance of deep learning
is expected to be improved with the availability of more
data volumes. Besides, we only focus on the detection of
bone lesions of multiple myeloma in this proof-of-concept
study and lesions outside the bone are not considered.
This is not realistic for multiple myeloma patients with
possible extramedullary lesions. The W-Net architecture can
be naturally extended to the detection of lesions outside
the bone by incorporating more labels of other tissue types
and lesions. However, this needs sufficient data to make the
training and test converge, which may be achieved with an
increased number of subjects.

4. Conclusion
This study proposed the first computer-aided MM bone
lesion detection approach on whole-body 68 Ga-Pentixafor
PET/CT imaging. It explored two deep learning architectures,
that is, V-Net and W-Net, for lesion segmentation and
detection. The deep learning methods can efficiently combine
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the information inside multimodal imaging and do not
require the extraction of handcrafted features that are difficult
to identify with regard to intermodality characteristics. We
demonstrate the feasibility of deep learning methods by conducting realistic digital phantom study. Traditional machine
learning methods were also compared to further confirm the
advantage of deep learning approaches in handling lesion
heterogeneities. The preliminary results based on limited
number of data support the W-Net, which incorporates
additional skeletal information as a kind of regularization for
MM bone lesion detection. Increasing the amount of data
may further enhance the performance of the proposed deep
learning method. The trial of this study makes a step further
towards developing an automated tool for the management of
multiple myeloma disease.
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Recent large-scale clinical analysis indicates that brown adipose tissue (BAT) mass levels inversely correlate with body-mass index
(BMI), suggesting that BAT is associated with metabolic disorders such as obesity and diabetes. PET imaging with 18F-FDG is the
most commonly used method for visualizing BAT. However, this method is not able to differentiate between BAT mass and BAT
activation. This task, in fact, presents a tremendous challenge with no currently existing methods to separate BAT mass and BAT
activation. Our previous results indicated that BAT could be successfully imaged in mice with near infrared fluorescent (NIRF)
curcumin analogues. However, the results from conventional NIRF imaging could not reflect what portion of the NIRF signal from
BAT activation contributed to the signal observed. To solve this problem, we used spectral unmixing to separate/unmix NIRF signal
from oil droplets in BAT, which represents its mass and NIRF signal from blood, which represents BAT activation. In this report,
results from our proof-of-concept investigation demonstrated that spectral unmixing could be used to separate NIRF signal from
BAT mass and BAT activation.

1. Introduction
Brown adipose tissue (BAT) has been considered as “good
fat,” due to its function of dissipating large amounts of
chemical/food energy as heat to maintain the energy balance
of the whole body [1–3]. Investigations of BAT have been
ongoing for decades, particularly using animals. Reportedly,
BAT has been assumed to have no physiologic relevance
in adult humans, even though it is highly abundant in
embryonic and early postnatal stages. However, this dogmatic
opinion has been overturned by large clinical studies. In 2009,
Cypess et al. reported that, by analyzing 3640 PET-CT images
of 1,972 patients, BMI (body-mass index) inversely correlated
with the amount of BAT, strongly suggesting that BAT is an
important target in obesity and diabetes [4]. The existence of
BAT in adults has been strongly endorsed by other important
investigations as well [5–11]. Moreover, since 2009 numerous
groundbreaking studies strongly support the significance

and potential benefits of BAT [12–33]. Characteristically,
BAT contains a large number of mitochondria, abundant
uncoupling protein-1 (UCP-1) expression, numerous small oil
droplets in a single cell, and significant vascularization of BAT
tissue [4, 34–37]. The above characteristics strongly imply
that BAT plays an important role in metabolism and energy
expenditure; therefore BAT is a potential target for diabetes
and obesity therapy.
The assumption that BAT is “nonexistent” in adults is
partially due to the lack of proper imaging methods to
“see” the small BAT depots in vivo, as only 3%–8% of adult
patients’ BAT depots could be clearly visualized with 18FFDG if no cold or drug stimulation is applied [38–40].
However, under stimulated conditions, PET-FDG imaging
has shown that BAT is still present in 95% health adults
in the upper chest, neck, and other locations [4, 6, 8, 34,
35]. This remarkably large difference between unstimulated
and stimulated conditions strongly indicates that PET-FDG
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imaging only reflects the activation of BAT, but not BAT mass.
Therefore, imaging probes that can consistently report BAT
mass are highly desirable.
Accurately reporting BAT mass is a tremendous challenge
for imaging scientists, due to the fact that BAT mass and
BAT activation are intertwined under various conditions.
It is obvious that there is no absolute “resting” status of
BAT, and BAT activation cannot be “zero” for a living
subject. Therefore, dissection of BAT mass and BAT activation is a remarkable challenge. However, most of the
current imaging methods often reflect the summed signal
from BAT mass and activation. Although PET-FDG imaging
has significantly contributed to the “rediscovery” of BAT
in adults, it primarily reflects BAT activation, but not BAT
mass [41]. Similarly, most of other reported imaging methods
are also BAT activation dependent [24, 41–51]. Our group
has recently reported that near infrared fluorescence (NIRF)
probe CRANAD-X (𝑋 = -2, -3, and -29) could be used
for BAT mass imaging [52], and Cerenkov luminescence
imaging with 18 F-FDG could be applied to image BAT in
mice [53]. Via conventional NIRF imaging with CRANAD29, BAT mass change in a streptozotocin-induced diabetic
mouse model and BAT activation under cold exposure could
be reported. In addition, the same method could be used
to monitor “browning” of WAT that was induced by 𝛽3adrenoceptor agonist CL316,243 [52]. However, conventional
NIRF imaging is not capable of dissecting the signal from
BAT mass and from BAT activation.
To the best of our knowledge, there is no available
imaging method for differentiating BAT mass and activation.
The key to this challenge is to dissect BAT mass measurement
from BAT physiology status (activated or suppressed). It is
well known that BAT is highly vascularized, and activation
of BAT is tightly closely associated with a significant increase
of blood flow. Therefore, the change of blood flow has been
considered to be a biomarker for BAT activation [54–56].
For a hydrophobic NIRF probe, its emission spectra are
highly dependent on its environments [57]. In a hydrophobic
environment such as in oil droplet of BAT mass, its emission
spectra would be significantly blue-shifted [57]. Therefore,
for the same NIRF probe, there will be apparent difference
between the spectra from oil droplets of BAT and the spectra
from blood flow. Previously, we have successfully utilized
spectral unmixing technique to differentiate bound and free
probe in the case of in vivo amyloid beta detection [58]. In
this report, we demonstrated that spectral unmixing could be
used to dissect NIRF signal from BAT mass and NIRF signal
from blood flow [59]. With this technique, it is feasible to
accurately report BAT mass and BAT activation/physiological
status.

2. Methods and Materials
The reagents used for the synthesis were purchased from
Aldrich and used without further purification. CRANAD29 was synthesized according to our previously reported
procedures [52]. All animal experimental procedures were
approved by the Institutional Animal Care and Use Committee (IACUC) at Massachusetts General Hospital and carried
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out in accordance with the approved guidelines. In vivo
NIRF imaging was performed using the IVIS Spectrum
animal imaging system (Caliper Life Sciences, Perkin Elmer,
Hopkinton, MA), and data analysis was conducted using
Living Image 4.2.1 software. Mice were anesthetized with
isoflurane balanced with oxygen during image acquisition
(less than 5 minutes for each imaging session).
2.1. Ex Vivo Spectral Unmixing with Dissected BAT and Blood.
A two-month-old balb/c mouse was injected intravenously
with 100 𝜇L CRANAD-29 (0.4 mg/kg, 15% DMSO, 15% Cremophor EL, and 70% PBS pH 7.4). The mouse was sacrificed at 4 hours after the injection. BAT was dissected and
0.1 mL blood was collected. Sequence images were acquired
with the following parameters: Ex/Em pairs: 605/660 nm,
640/680 nm, 640/700, 640/720 nm, 675/740 nm, 675/760 nm,
and 675/780 nm. Exposure time is auto, FOV = B. Spectral
unmixing was performed with Living Image 4.2.1 software,
and manual unmixing method was selected. The generated
spectra for autofluorescence, BAT, and blood were saved as a
spectral library for CRANAD-29.
2.2. In Vivo Spectral Unmixing of CRANAD-29 in Mice.
A two-month-old balb/c mouse was injected intravenously
with 100 𝜇L CRANAD-29 (0.4 mg/kg, 15% DMSO, 15% Cremophor EL, and 70% PBS pH 7.4) in a 25∘ C room. Sequence
images were captured at 4 hours after CRANAD-29 injection
with the following parameters: Ex/Em pairs: 605/660 nm,
640/680 nm, 640/700, 640/720 nm, 675/740 nm, 675/760 nm,
and 675/780 nm. Exposure time is auto, FOV = D. Spectral
unmixing was performed with Living Image 4.2.1 software,
and Library Unmixing Method was selected.
2.3. In Vivo Spectral Unmixing of CRANAD-29 in Mice under
Short Cold Exposure. Two-month-old balb/c mice (𝑛 = 5)
were placed in a 4∘ C cold room for 2 hours before intravenous
injection of CRANAD-29. After CRANAD-29 was totally
washed out (about 10 days because of the slow clearance
of CRANAD-29), the same group of mice were used as
the control group (𝑛 = 5) and were placed in a 25∘ C
room. Sequence images were acquired at 4 hours after probe
injection with the same parameters as above in vivo imaging.
For the cold exposure group, the mice were maintained at
4∘ C for 4 hours after probe injection. Spectral unmixing was
performed with Living Image 4.2.1 software, and Library
Unmixing Method was selected. ROIs were manually drawn
around the BAT area.

3. Results and Discussions
In our previous report, with conventional NIRF imaging, we
demonstrated that CRANAD-29 had significant selectivity
for BAT over WAT and could be used to monitor BAT
activation and BAT mass changes [52]. For a NIRF probe,
its residing environments have significant impact on its fluorescence properties, including intensity, emission spectrum,
and lifetime. We hypothesized that the emission spectra of
the same NIRF probe were different from oil droplets in BAT
mass and from blood flow, due to their different residing
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Figure 1: Spectral unmixing with CRANAD-29 for ex vivo BAT and blood. (a) Unmixed #1 represents autofluorescence signal and is
corresponding to green line spectrum in (e). (b) Unmixed #1 represents NIRF signal from BAT mass and is corresponding to blue line
spectrum in (e). (c) Unmixed #2 is for NIRF from blood and red line spectrum in (e). (d) Merged image of unmixed #1, #2, and #3. (e) Ex
vivo unmixed spectra for autofluorescence (green), BAT mass (blue), and blood flow (red).

environments, and the spectral difference could be used for
spectral unmixing.
To validate our hypothesis, we first conducted spectral
unmixing imaging with ex vivo BAT tissue and blood from

a mouse injected with CRANAD-29. Sequence images were
acquired with seven Ex/Em pairs, and spectral unmixing was
conducted with Living Image 4.2.1 software. As expected,
we were able to differentiate BAT and blood, as evidenced
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by the well-separated images (Figures 1(a)–1(d)) and spectra
from BAT and blood (Figure 1(e)). The spectra generated
from this ex vivo unmixing were saved as a spectral library
of CRANAD-29, which can be used for in vivo unmixing
investigation.
To further validate the feasibility of spectral unmixing for
in vivo studies, we acquired sequence images with the same
parameters as the above ex vivo experiment with a mouse
that was injected CRANAD-29. We used the spectral library
of CRANAD-29 to conduct the spectral unmixing. As shown
in Figure 2, the autofluorescence, signal of BAT, and blood
stream could be well-separated, suggesting that the spectral
unmixing is feasible for in vivo imaging.

To investigate spectral unmixing which could be used to
dissect the signals from BAT mass and BAT activation, we
conducted proof-of-concept experiment with the same group
of mice with and without short cold exposure. The group
of mice (𝑛 = 5) were treated with a short cold exposure
(2 hours) and injected with CRANAD-29. After 4 hours of
the injection. Sequence images were captured with the same
parameters as above. After CRANAD-29 totally washing out,
the same mice without the cold treatment were imaged again
with the probe. We compared the unmixed NIRF signals
from BAT and blood flow under cold treatment and without
cold exposure. Obviously, with such a short cold exposure,
the BAT mass would not change, but the blood flow was
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expected to significantly increase under the cold treatment.
Indeed, we found that there was no significant NIRF signal
difference from BAT mass (Figures 3(a) and 3(c), 𝑝 = 0.975),
but an apparent increase of NIRF signal from blood flow
from the cold exposure condition, and the increase was about
1.66-fold (Figures 3(b) and 3(d), 𝑝 = 0.005). These results
indicated that our method was reliable. Taken together, the
above in vitro and in vivo data strongly indicated that spectral
unmixing could be used to separate NIRF signal from BAT
mass and BAT activation.

4. Conclusion
In this report, we developed a spectral unmixing method that
could be, for the first time, to differentiate BAT mass and
BAT activation. We believe that our method has the feasibility
to reliably report BAT mass changes under different genetic
manipulation and drug treatment in preclinical studies. Our
cost-efficient NIRF imaging has a potential impact on preclinical animal studies and will greatly assist drug discovery
and basic research related to BAT.
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Our purpose was to analyze associations between positron emission tomography (PET), diffusion weighted imaging (DWI), and
dynamic contrast-enhanced (DCE) imaging in patients with head and neck squamous cell carcinoma (HNSCC). The study involved
34 patients (9 women, 25 men, mean age: 56.7 ± 10.2 years). In all patients a simultaneous 18 F-FDG-PET/MR was performed. DWI
was obtained by using of an axial EPI sequence. Minimal ADC values (ADCmin ), mean ADC values (ADCmean ), and maximal ADC
values (ADCmax ) were estimated. DCE MRI was performed by using dynamic T1w DCE sequence. The following parameters were
estimated: 𝐾trans , 𝑉𝑒 , and 𝐾ep . Spearman’s correlation coefficient was used to analyze associations between investigated parameters.
In overall sample, ADCmean correlated significantly with 𝑉𝑒 and 𝐾trans , ADCmin correlated with 𝑉𝑒 , and ADCmax correlated with 𝐾trans
and 𝑉𝑒 . SUVmean tended to correlate slightly with 𝐾trans . In G1/2 tumors, only 𝐾trans correlated well with ADCmax and SUVmean . In
G3 tumors, 𝐾trans correlated well with 𝐾ep and 𝑉𝑒 . 𝑉𝑒 showed significant correlations with ADCmean and ADCmax . 𝐾trans correlated
with ADCmax . 𝐾ep was higher in cancers with N2/3 stages. Tumor metabolism, water diffusion, and tumor perfusion have complex
relationships in HNSCC. Furthermore, these associations depend on tumor grading. 𝐾ep may predict lymphonodal metastasizing.

1. Introduction
Head and neck squamous cell carcinoma (HNSCC) is the
most frequent malignancy of the upper aerodigestive tract in
humans [1].
Contrast-enhanced computed tomography (CT) and
magnetic resonance imaging (MRI) provide the mainstay
of imaging for diagnosis, staging, and treatment response
assessment in HNSCC [2]. Functional imaging such as
positron emission tomography (PET), diffusion weighted
imaging (DWI), and dynamic contrast-enhanced (DCE)
MRI provide complementary information on the underlying
biology such as metabolic activity, cellularity, vascularity, and
oxygenation [2, 3].

It has been shown that HNSCC lesions had high standardized uptake values (SUV) and low apparent diffusion
coefficient (ADC) values [4, 5]. Furthermore, malignant
tumors showed also high perfusion parameters in comparison to benign lesions [6].
Some authors performed multiparametric investigation
of HNSCC including 18 F fluorodeoxyglucose PET (18 F-FDGPET), DWI, and DCE and attempted to characterize complexity of imaging findings reflecting tumor biology [3, 7, 8].
The reported data, however, were inconsistent. Some authors
found significant correlations between analyzed parameters
and, therefore, suggested complex interactions among tumor
biologic characteristics [7–10]. Thereby, DWI, PET, and
DCE parameters were reported to have similar potential to
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characterize HNSCC [10]. For example, Nakajo et al. showed
that both SUV and ADC values correlated well together and
could similarly predict disease-free survival or disease events
in HNSCC [10].
However, in other studies, no significant correlations
between these parameters were identified [11–13]. Therefore,
it has been mentioned that parameters derived from PET,
DWI, and DCE are independent biomarkers and complement
one another [11–15].
This discrepancy of reported data questions the possibility of using multiparametric imaging findings as surrogate
markers of tumor consistency in HNSCC.
The analysis of possible relationships between microcirculation, cellularity, and glucose metabolism has not only
scientific importance but also clinical significance. As mentioned previously, an understanding of such complexities
could expand the knowledge of tumor characteristics and
have clinical implications such as in guidance for treatment
planning, early prediction of treatment responses, and evaluation of treatment outcome [3].
The purpose of this study was to analyze possible
associations between multiparametric imaging findings of
simultaneous 18 F-FDG-PET/MR including DWI and DCE in
patients with HNSCC.

2. Materials and Methods
This prospective study was approved by the institutional
review board of the University of Leipzig and all patients gave
their written informed consent. All methods were performed
in accordance with the relevant guidelines and regulations.
2.1. Patients. Overall, 34 patients with primary HNSCC of
different localizations were involved in the study (Table 1).
There were 9 (26%) women and 25 (74%) men with a mean
age of 56.7 ± 10.2 years, range 33–77 years. At initial presentation, the tumors were localized in the tonsil (23.6%), followed
by oropharynx (20.6%) and tongue (20.6%), hypopharynx
(17.6%), larynx (14.6%), and epipharynx (2.9%). In most cases,
high grade lesions (51.8%) were diagnosed. Furthermore,
most frequently, the identified lesions were staged as T3
(29.4%) or T4 tumors (47.1%) with additional nodal (91.2%)
metastases (Table 1).
2.2. Imaging
2.2.1. Simultaneous PET/MR. In all patients a simultaneous
18
F-FDG-PET/MR (Magnetom Biograph mMR-Biograph,
Siemens Healthcare Sector, Erlangen, Germany) was performed from the upper thigh to the skull after a fasting
period of at least 6 hours. Application of 18 F-FDG was
performed intravenously with a body weight-adapted dose
(4 MBq/kg, range: 168–427 MBq, and mean ± SD: 279 ±
60 MBq). PET/MR image acquisition started on average 170
minutes (range 60–300 minutes) after 18 F-FDG application.
In 28/34 patients a PET/CT scan was performed prior to
PET/MRI, which explains the later PET/MRI image acquisition time in these patients. For attenuation correction of
the PET data a coronal 3D-encoded gradient-echo sequence
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Table 1: Localization and stage of the identified tumors.
𝑛 (%)
Diagnosis
Carcinoma of epipharynx
Carcinoma of oropharynx
Carcinoma of hypopharynx
Carcinoma of larynx
Carcinoma of tongue
Tonsillar carcinoma
Tumor stage
T stage
T1
T2
T3
T4
N stage
N0
N1
N2
N3
M stage
M0
M1
Tumor grading
G1
G2
G3

1 (2.9)
7 (20.6)
6 (17.6)
5 (14.7)
7 (20.6)
8 (23.6)

1 (2.9)
7 (20.6)
10 (29.4)
16 (47.1)
3 (8.8)
6 (17.7)
22 (64.7)
3 (8.8)
30 (88.2)
4 (11.8)
1 (2.9)
12 (35.3)
21 (51.8)

(Dixon-VIBE) was used. For each tumor, maximum and
mean SUV (SUVmax ; SUVmean ) were determined.
PET images were analyzed by one nuclear medicine
physician (S. P.) with 7 years of experience.
2.3. Image Interpretation. PET/MR datasets were evaluated
by a board certified nuclear medicine and a board certified
radiologist with substantial PET/MR experience in oncological image interpretation. PET/MR image analysis was
performed on the dedicated workstation of Hermes Medical
Solutions, Sweden.
Tumor margins of the HNSCC were identified on MR
images (T1-sequence) and a polygonal volume of interest
(VOI) was placed in the fused PET/MR dataset (SUVmax
threshold 40%) (Figure 1(a)).
2.4. DWI. DWI was obtained by using an axial EPI (echo
planar imaging) sequence with 𝑏-values of 0 and 800 s/mm2
(TR/TE: 8620/73 ms, slice thickness 4 mm, and voxel size 3.2
× 2.6 × 4.0 mm). ADC maps were automatically generated by
the implemented software. DWI images were analyzed by one
radiologist (L. L., 2 years of general radiological experience).
Polygonal regions of interest (ROI) were manually drawn on
the ADC maps along the contours of the tumor on each slice
(Figure 1(b)). In all lesions minimal ADC values (ADCmin ),
mean ADC values (ADCmean ), and maximal ADC values
(ADCmax ) were estimated (Figure 1(b)).
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Figure 1: Imaging findings in a 58-year-old man with squamous cell carcinoma of the tongue (G1, T4 N2 M0). (a) 18 F-FDG-PET imaging
(fused image) showing a right sided large lesion of the tongue; SUVmax = 24.11. (b) ADC map. The ADC values (×10−3 mm2 s−1 ) of the lesion
are as follows: ADCmin = 0.68, ADCmean = 0.97, and ADCmax = 2.1. (c–e) DCE imaging findings. Estimated DCE parameters are as follows:
𝐾trans = 0.53 min−1 (c), 𝑉𝑒 = 0.68% (d), and 𝐾ep = 0.75 min−1 (e).

2.5. DCE. In 31 patients, DCE MRI was performed by using
dynamic T1w DCE sequence (TR/TE 2.47/0.97 ms, slice
thickness 5 mm, flip angle 8∘ , and voxel size 1.2 × 1.0 ×
5.0 mm) after intravenous application of contrast medium
(0.1 mmol Gadobutrol per kg of body weight) (Gadovist,
Bayer Healthcare, Leverkusen, Germany) as reported previously [8, 15]. The acquired images were transferred to a
software module for tissue perfusion estimation (Tissue 4D,
Siemens Medical Systems, Erlangen, Germany). The software
offers a population based approach for the arterial input
function (AIF) and the best of three available AIF-options
was chosen according to the result of the chi2-parameter,
which serves as an error measure for the model fit [7, 8].
The AIF was scaled in relation to the gadolinium dose and
modelled according to the biexponential model of Tofts and
Kermode [16]. The following pharmacokinetic parameters
[7, 8, 15] were automatically calculated for whole lesion in
every case (Figures 1(c)–1(e)):
(i) 𝐾trans : volume transfer constant, which estimates
the diffusion of contrast medium from the plasma

through the vessel wall into the interstitial space,
representing vessel permeability
(ii) 𝑉𝑒 : volume of the extravascular extracellular leakage
space (EES)
(iii) 𝐾ep : parameter for diffusion of contrast medium from
the EES back to the plasma. It is in close relation with
𝐾trans and 𝑉𝑒 and is calculated by the formula 𝑘ep =
𝐾trans × 𝑉𝑒 −1 .
DCE images were analyzed by one radiologist (L. L., 2 years
of general radiological experience).
2.6. Statistical Analysis. Statistical analysis and graphics creation were performed using SPSS 20 (IBM SPSS Statistics,
Armonk, New York, USA). Collected data were evaluated
by means of descriptive statistics (absolute and relative
frequencies). Spearman’s correlation coefficient (𝑝) was used
to analyze associations between investigated parameters. 𝑃
values < 0.05 were taken to indicate statistical significance.
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Table 2: DWI, PET, and DCE parameters of HNSCC.

Parameters
SUVmax
SUVmean
ADCmean × 10−3 mm2 s−1
ADCmin × 10−3 mm2 s−1
ADCmax × 10−3 mm2 s−1
𝐾trans
𝐾ep
𝑉𝑒

M ± SD
19.01 ± 9.81
8.19 ± 3.55
1.14 ± 0.21
0.71 ± 0.23
1.77 ± 0.30
0.20 ± 0.12
0.58 ± 0.69
0.51 ± 0.18

Range
5.81–48.00
3.76–17.70
0.78–1.68
0.17–1.24
1.35–2.39
0.01–0.53
0.16–3.37
0.05–0.79

3. Results
A complete overview of the results including mean values,
standard deviation, and ranges is shown in Table 2.
borrelation analysis identified the following: in overall
sample, ADCmean correlated significantly well with 𝑉𝑒 (𝑃 =
0.0002) and slightly with 𝐾trans (0.04), ADCmin correlated
with 𝑉𝑒 (𝑃 = 0.0007), and ADCmax correlated with 𝐾trans
(0.0032) and 𝑉𝑒 (0.045) (Table 3). 𝐾trans correlated well with
𝐾ep (𝑃 = 0.0017) and 𝑉𝑒 (𝑃 = 0.0002).
In addition, SUVmax tended to correlate slightly inversely
with ADCmin (𝑃 = 0.08) and SUVmean had a tendency to correlate with 𝐾trans (𝑃 = 0.08).
On the next step, the estimated parameters were correlated in different tumor subgroups. In G1/2 tumors, 𝐾trans
correlated well with ADCmax and SUVmean (Table 4). No
other significant correlations were identified. SUVmax tended
to correlate inversely with ADCmin (𝑃 = 0.09). 𝑉𝑒 had a
tendency to correlate with ADCmean and ADCmin (in both
cases, 𝑃 = 0.08). In addition, DCE parameters did not
correlate together.
However, in G3 tumors, 𝐾trans correlated well with 𝐾ep
(𝑃 = 0.015) and 𝑉𝑒 (𝑃 = 0.003) (Table 5). 𝑉𝑒 showed
significant strong correlations with ADCmean (𝑃 = 0.0014)
and ADCmin (𝑃 = 0.01). 𝐾trans correlated moderately with
ADCmax (𝑃 = 0.04). Finally, SUV values did not correlate
with ADC and perfusion parameters.
No significant differences were identified in the analyzed
parameters between poorly and moderately/well differentiated tumors (Table 6).
There were no significant differences of the analyzed
parameters between several tumor stages (Tables 7(a)–7(c)).
Only 𝐾ep was higher in cancers with N2/3 stages versus N0/1
stages (Table 7(b)).

4. Discussion
Our study identified several significant associations between
PET, DWI, and DCE parameters in primary HNSCC in a
complex investigation.
The analysis of previous studies regarding multiparametric imaging findings in HNSCC shows that the reported
results are controversial. This applies both comparisons of
the investigated parameters in different tumor stages and
correlation between the variables. For example, FruehwaldPallamar et al. analyzed sequentially acquired 18 F-FDG-PET

and MR images of 31 HNSCC patients and did not observe
significant differences in ADC values and SUVmax between
various T stages of the investigated tumors [11]. However, Kim
et al. found that T3/4 tumors had higher SUVmax values than
T1/2 lesions [17]. In addition, N positive tumors showed also
higher SUVmax values [17]. According to Zhang et al., T3/4
tumors showed statistically significant higher ADC values in
comparison to T1/2 lesions [18]. It has also been reported
that DCE parameters correlated well with tumor stage in
nasopharyngeal carcinoma [19].
In the present study, we also identified significant differences in analyzed parameters between several tumor
stages. Firstly, advanced carcinomas had higher SUVmax
values. However, there were no significant differences in
other investigated parameters between T1/2 and T3/4 tumors.
This finding suggests that advanced tumors have higher
metabolic activity but not higher cell density or perfusion.
Secondly, 𝐾ep was higher in N2 tumors. Previously, strong
correlations between 𝐾ep and microvessel density in HNSCC
were reported [15]. Therefore, our findings may indicate
that tumor microvessel density might influence lymphatic
metastatic spread in HNSCC.
To the best of our knowledge, previously, only two studies investigated associations between imaging findings and
tumor grading in HNSCC [11, 12]. So, Choi et al. mentioned
that poorly differentiated tumors had statistically significant
lower ADC values and higher SUV values than G1/G2
tumors [12]. Other authors, however, reported that SUV and
ADC values could not distinguish tumor stages [11]. Also in
the present study no significant differences were identified
between well/moderately and poorly differentiated carcinomas. Grading system of HNSCC includes the following
parameters: degree of keratinization, nuclear pleomorphism,
number of mitoses, pattern of invasion, and presence or
absence of inflammatory infiltrates [20, 21]. However, this
system does not include parameters, such as cell count, cell
size, extracellular space, and microvessel density, which are
known to influence water diffusion, glucose metabolism, and
perfusion. This may explain our negative results regarding
associations between tumor grading and multiparametric
imaging findings.
According to previous reports, several parameters of
tumor perfusion, diffusion, and glucose metabolism were
associated together [7–10]. So Bisdas et al. identified significant correlations between SUV values and 𝑉𝑒 (𝑝 = 0.42,
𝑃 = 0.03) [7]. Furthermore, analyzed perfusions parameter
(𝐾trans , 𝑉𝑒 , and 𝐾ep ) also correlated well together [7]. In
the study of Nakajo et al., a statistically significant inverse
correlation between SUVmax and ADCmean (𝑝 = −0.566,
𝑃 = 0.005) was found [10]. Additionally, according to Covello
et al., ADCmean correlated inversely with Ktrans (𝑝 = −0.42,
𝑃 = 0.04) [9].
However, other authors did not identify significant correlations between analyzed parameters [11–13]. For instance,
Rasmussen et al. could not find significant associations
between SUV and ADC values [13]. Similar results were also
reported in other researches [11, 12, 14]. Furthermore, Han
et al. detected no significant associations between DCE and
glucose metabolism parameters in HNSCC [3].
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Table 3: Correlations between DCE, DWI, and PET parameters in all tumors.
Parameters
SUVmax

SUVmax
—

SUVmean
p = 0.86
P < 0.0001
—

SUVmean

ADCmean
𝑝 = −0.25
𝑃 = 0.15
𝑝 = −0.08
𝑃 = 0.67
—

ADCmean

ADCmin
𝑝 = −0.30
𝑃 = 0.08
𝑝 = −0.15
𝑃 = 0.39
p = 0.88
P < 0.0001
—

ADCmin

ADCmax
𝑝 = 0.18
𝑃 = 0.32
𝑝 = 0.22
𝑃 = 0.22
p = 0.54
P = 0.0009
𝑝 = 0.27
𝑃 = 0.12

ADCmax

𝐾trans
𝑝 = 0.09
𝑃 = 0.63
𝑝 = 0.32
𝑃 = 0.08
p = 0.37
P = 0.04
𝑝 = 0.26
𝑃 = 0.16
p = 0.51
P = 0.003

𝐾ep
𝑝 = 0.10
𝑃 = 0.59
𝑝 = 0.26
𝑃 = 0.16
𝑝 = −0.10
𝑃 = 0.847
𝑝 = −0.08
𝑃 = 0.65
𝑝 = 0.12
𝑃 = 0.52
p = 0.54
P = 0.0017

—

—

𝐾trans
𝐾ep
𝑉𝑒

𝑉𝑒
𝑝 = −0.07
𝑃 = 0.70
𝑝 = 0.13
𝑃 = 0.49
p = 0.62
P = 0.0002
p = 0.58
P = 0.0007
p = 0.36
P = 0.0445
p = 0.62
P = 0.0002
𝑝 = −0.12
𝑃 = 0.51
—

Significant correlations are highlighted in bold.

Table 4: Correlations between DCE, DWI, and PET parameters in G1 and 2 tumors.
Parameters
SUVmax

SUVmax
—

SUVmean
p = 0.74
P = 0.0041
—

SUVmean

ADCmean
𝑝 = −0.47
𝑃 = 0.10
𝑝 = −0.23
𝑃 = 0.45
—

ADCmean

ADCmin
𝑝 = −0.49
𝑃 = 0.09
𝑝 = −0.29
𝑃 = 0.34
p = 0.68
P = 0.01
—

ADCmin

ADCmax
𝑝 = 0.10
𝑃 = 0.75
𝑝 = 0.31
𝑃 = 0.30
p = 0.56
P = 0.046
𝑝 = −0.08
𝑃 = 0.79

ADCmax

𝐾trans
𝑝 = 0.27
𝑃 = 0.42
p = 0.65
P = 0.03
𝑝 = 0.44
𝑃 = 0.18
𝑝 = 0.22
𝑃 = 0.52
p = 0.65
P = 0.03

𝐾trans

𝐾ep
𝑝 = 0.16
𝑃 = 0.63
𝑝 = 0.24
𝑃 = 0.48
𝑝 = −0.10
𝑃 = 0.77
𝑝 = 0.11
𝑃 = 0.75
𝑝 = 0.09
𝑃 = 0.79
𝑝 = 0.36
𝑃 = 0.27

𝐾ep
𝑉𝑒

𝑉𝑒
𝑝 = 0.14
𝑃 = 0.69
𝑝 = 0.34
𝑃 = 0.31
𝑝 = 0.55
𝑃 = 0.08
𝑝 = 0.55
𝑃 = 0.08
𝑝 = 0.25
𝑃 = 0.45
𝑝 = 0.500
𝑃 = 0.12
𝑝 = −0.37
𝑃 = 0.26

Significant correlations are highlighted in bold.

Table 5: Correlations between DCE, DWI, and PET parameters in G3 tumors.
Parameters
SUVmax
SUVmean

SUVmax
—

SUVmean
p = 0.85
P < 0.0001
—

ADCmean
ADCmin
ADCmax
𝐾trans
𝐾ep
𝑉𝑒
Significant correlations are highlighted in bold.

ADCmean
𝑝 = −0.25
𝑃 = 0.28
𝑝 = −0.11
𝑃 = 0.63
—

ADCmin
𝑝 = −0.26
𝑃 = 0.27
𝑝 = −0.09
𝑃 = 0.71
p = 0.94
P < 0.0001
—

ADCmax
𝑝 = 0.11
𝑃 = 0.65
𝑝 = 0.05
𝑃 = 0.82
p = 0.60
P = 0.005
p = 0.47
P = 0.04
—

𝐾trans
𝑝 = 0.02
𝑃 = 0.95
𝑝 = 0.10
𝑃 = 0.69
𝑝 = 0.33
𝑃 = 0.17
𝑝 = 0.18
𝑃 = 0.45
p = 0.48
P = 0.04
—

𝐾ep
𝑝 = 0.15
𝑃 = 0.54
𝑝 = 0.34
𝑃 = 0.16
𝑝 = −0.15
𝑃 = 0.55
𝑝 = −0.16
𝑃 = 0.52
𝑝 = 0.16
𝑃 = 0.51
p = 0.55
P = 0.015
—

𝑉𝑒
𝑝 = −0.24
𝑃 = 0.33
𝑝 = −0.12
𝑃 = 0.63
p = 0.68
P = 0.0014
p = 0.57
P = 0.01
𝑝 = 0.37
𝑃 = 0.12
p = 0.65
P = 0.003
𝑝 = −0.06
𝑃 = 0.79
—
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Table 6: Comparison of PET and DWI values between different tumor grades.

Parameters
SUVmax
SUVmean
ADCmin × 10−3 mm2 s−1
ADCmean × 10−3 mm2 s−1
ADCmax × 10−3 mm2 s−1
𝐾trans
𝐾ep
𝑉𝑒

G1 + 2
Mean ± SD
21.11 ± 8.37
8.92 ± 3.92
0.74 ± 0.15
1.16 ± 0.14
1.75 ± 0.25
0.20 ± 0.13
0.39 ± 0.16
0.55 ± 0.19

G3 + 4
Mean ± SD
17.79 ± 9.86
7.75 ± 3.40
0.69 ± 0.28
1.13 ± 0.25
1.79 ± 0.34
0.20± 0.12
0.70 ± 0.85
0.49 ± 0.17

Mann–Whitney 𝑈
𝑝 values
0.20
0.28
0.65
0.47
0.96
0.93
0.22
0.37

Table 7
(a) Comparison of PET and DWI values between different tumor T stages

Parameters
SUVmax
SUVmean
ADCmin × 10−3 mm2 s−1
ADCmean × 10−3 mm2 s−1
ADCmax × 10−3 mm2 s−1
𝐾trans
𝐾ep
𝑉𝑒

T1/2 (mean ± SD)

T3/4 (mean ± SD)

14.98 ± 7.88
6.46 ± 1.60
0.64 ± 0.23
1.09 ± 0.17
1.73 ± 0.33
0.17 ± 0.13
1.05 ± 1.25
0.41 ± 0.22

20.25 ± 9.34
8.73 ± 3.83
0.73 ± 0.23
1.16 ± 0.21
1.78 ± 0.30
0.21 ± 0.11
0.42 ± 0.17
0.55 ± 0.15

Mann–Whitney 𝑈
(𝑝 values)
0.19
0.17
0.41
0.56
0.58
0.27
0.37
0.25

(b) Comparison of PET and DWI values between different tumor N stages

Parameters
SUVmax
SUVmean
ADCmin × 10−3 mm2 s−1
ADCmean × 10−3 mm2 s−1
ADCmax × 10−3 mm2 s−1
𝐾trans
𝐾ep
𝑉𝑒

N 0/1 (mean ± SD)

N 2 (mean ± SD)

19.72 ± 7.99
8.50 ± 3.88
0.78 ± 0.24
1.18 ± 0.24
1.78 ± 0.29
0.16 ± 0.08
0.32 ± 0.11
0.52 ± 0.18

18.75 ± 9.72
8.08 ± 3.50
0.69 ± 023
1.13 ± 0.20
1.77 ± 0.31
0.22 ± 0.13
0.68 ± 0.79
0.50 ± 0.18

Mann–Whitney 𝑈
(𝑝 values)
0.78
0.97
0.75
0.64
0.88
0.25
0.0477
0.88

(c) Comparison of PET and DWI values between different tumor M stages

Parameters
SUVmax
SUVmean
ADCmin
ADCmean
ADCmax
𝐾trans
𝐾ep
𝑉𝑒

M0 (mean ± SD)

M1 (mean ± SD)

18.98 ± 9.14
8.01 ± 3.40
0.68 ± 0.22
1.12 ± 0.19
1.76 ± 0.30
0.21 ± 0.12
0.62 ± 0.72
0.50 ± 0.19

16.49 ± 10.06
6.87 ± 1.50
0.89 ± 0.28
1.28 ± 0.30
1.89 ± 0.37
0.14 ± 0.08
0.28 ± 0.17
0.55 ± 0.10

It is still unclear why some authors found significant
correlations between water diffusion, glucose metabolism,
and perfusion parameters in HNSCC while others did not.
Presumably, tumor heterogeneity may play a role here. For
example, well, moderately, and poorly differentiated tumors

Mann–Whitney 𝑈
(𝑝 values)
0.56
0.60
0.21
0.33
0.46
0.47
0.16
0.78

might show also different associations of imaging parameters.
In fact, our results confirmed this hypothesis.
In the present study, no significant correlations between
different ADC parameters and SUV values were identified
in overall sample. Furthermore, SUVmax tended to correlate
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slightly with 𝐾trans and ADCmin . All ADC parameters showed
significant associations with 𝑉𝑒 . In addition, 𝐾trans correlated
slightly with ADCmean and moderately with ADCmax and 𝐾ep
and well with 𝑉𝑒 .
Separate correlation analyses in the G1/2 and G3 tumors
showed, however, other associations between the investigated
parameters. As seen, perfusion parameters 𝐾trans , 𝑉𝑒 , and 𝐾ep
did not significantly correlate together in well and moderately
differentiated tumors. However, they correlated well in high
grade carcinomas. Additionally, 𝐾trans correlated well with
SUVmean in G1/2 lesions but not in G3 tumors. Finally, 𝑉𝑒
correlated well with ADCmean and ADCmin in G3 tumors, but
not in G1/2 lesions.
Our data suggest that tumor metabolism, cellularity, and
perfusion show complex relationships in HNSCC. Furthermore, these associations depend on tumor grading. Previously, it has been shown that SUV and ADC values as well
as perfusion parameters correlated with different histopathological features in HNSCC [14, 15]. We hypothesize on the
basis of our findings that tumors with different grading may
have also different relationships between cell count, stroma,
and microvessel density, that is, different tumor architecture.
Furthermore, our data suggest that tissue architecture plays
a great role in tumor characteristic. Our findings may also
explain controversial data of previous reports. Presumably,
previous studies might contain well, moderately, and poorly
differentiated lesions in several proportions that may result in
different associations between the analyzed parameters.
In conclusion, multiparameter imaging provides information regarding tumor composition. Our study shows that
tumor metabolism, water diffusion, and tumor perfusion
have complex relationships in HNSCC. Furthermore, these
associations depend on tumor grading. Perfusion parameter
𝐾ep may predict lymphonodal metastasizing.
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The purpose of this study was to investigate if a novel parameter, the stress-to-rest ratio of the signal-to-noise ratio (RSNR) obtained
with a cadmium zinc telluride (CZT) SPECT scanner, could be used to distinguish triple-vessel disease (TVD) patients. Methods.
One hundred and two patients with suspected coronary artery disease were retrospectively involved. Each subject underwent a
Tl-201 SPECT scan and subsequent coronary angiography. Subjects were separated into TVD (𝑛 = 41) and control (𝑛 = 61) groups
based on coronary angiography results using 50% as the stenosis cutoff. The RSNR was calculated by dividing the stress signalto-noise ratio (SNR) by the rest SNR. Summed scores were calculated using quantitative perfusion SPECT (QPS) for all subjects.
Results. The RSNR in the TVD group was found to be significantly lower than that in the control group (0.83 ± 0.15 and 1.06 ± 0.17,
resp.; 𝑃 < 0.01). Receiver-operating characteristic (ROC) analysis showed that RSNR can detect TVD more accurately than the
summed difference score with higher sensitivity (85% versus 68%), higher specificity (90% versus 72%), and higher accuracy (88%
versus 71%). Conclusion. The RSNR may serve as a useful index to assist the diagnosis of TVD when a fully automatic quantification
method is used in CZT-based SPECT studies.

1. Introduction
Single-photon emission computed tomography (SPECT)
myocardial perfusion imaging (MPI) is the most common
noninvasive imaging modality used to evaluate myocardial
perfusion, with approximately 5 million examinations performed annually in the USA alone [1]. Using perfusion
tracers such as Tl-201 and 99m Tc-sestamibi, SPECT MPI is
easy to perform at reasonable cost and with satisfactory
image quality. However, SPECT MPI has limited ability to
detect triple-vessel disease (TVD) [2, 3]. TVD is a highrisk condition found in 5%–10% of patients of coronary

artery disease and often requires immediate intervention with
stenting or bypass surgery [4–6]. Tracer uptake is globally
and uniformly reduced in patients with TVD and balanced
ischemia, leading to a seemingly homogeneous and normal
distribution of the tracer in the myocardium, which presents
a challenge for visual interpretation. Previous studies of
the visual interpretation of SPECT MPI for detecting TVD
have reported high false-positive rates in the range of 25%
to 35% [7–10]. Currently, summed scores calculated using
quantitative perfusion SPECT (QPS) are the most commonly
used quantitative parameters in routine SPECT MPI studies.
However, reports have also shown that QPS scores perform
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only modestly in the diagnosis of TVD. For example, in a
recent report by Gimelli et al., it was found that the summed
stress score and summed difference score provided areas
under the curve (AUCs) of 0.79 and 0.69, respectively, using
cadmium zinc telluride- (CZT-) based SPECT cameras [11].
Similar studies have reported QPS scores to have variable
and unsatisfactory sensitivity values of 46%–75% [12–14].
Such findings seem reasonable given that QPS computes the
summed scores based on a comparison between a specific
patient study and a population average. If the tracer uptake
appears uniform in the myocardium as often seen in TVD
patients, QPS scores would tend to be in the normal range,
which would make it difficult to discriminate TVD.
In recent years, CZT has been widely adopted as a
scintillation material for SPECT cameras. Use of CZT-based
cameras is rapidly expanding because of their unique advantages in terms of sensitivity and because they can significantly
reduce the tracer dose and scanning time required. Novel
CZT-based cameras dedicated for cardiac applications often
have a stationary detector design without moving heads
[15, 16], consequently allowing new acquisition modes, such
as dynamic acquisition. The dynamic capabilities of CZTbased cameras have been tested for absolute quantification
of myocardial blood flow and coronary flow reserve. The
SPECT-measured coronary flow reserve has been applied to
detect TVD in a recent study, showing improved performance
(86% sensitivity, 78% specificity) [13]. However, SPECTbased flow quantification is still under investigation and
requires more data to verify its clinical performance. Moreover, current protocols for quantitative SPECT rest/stress
studies are quite time-consuming because the tracer injection
must be performed on table, which offsets the time-saving
advantage of CZT-based cameras. As a result, although
several reports have shown the accuracy of measurement
of coronary flow reserve with SPECT, the nuclear medicine
community may still need some time to adopt such methods
for routine studies, hence limiting its contribution in the
diagnosis of TVD.
In this study, we took the advantage of the stationary
detector design of CZT-based cameras by assuming that such
a design would allow us to correlate the local signal-tonoise ratio (SNR) with the amount of acquired counts. In
tomographic image reconstruction, the relationship between
the local SNR and counts on positron emission tomography
has been established [17, 18]. In general, the more the
counts that are acquired, the higher the local SNR that can
be expected from an area of uniform tracer uptake. On
the other hand, for SPECT cameras with rotating heads,
counts have been dependent on the rotating mechanism and
positions of the camera heads. Therefore, it was traditionally
assumed that the SNR cannot be directly correlated with the
acquired counts for SPECT. Now that the dedicated CZTcased cameras have a stationary detector arrangement, it is
in theory possible to use the local SNR to reflect the counts
acquired. Conceptually, the ratio of the stress SNR to the rest
SNR should be correlated with the ratio of counts acquired
from stress and rest studies. Since the tracer uptake during
a stress study is roughly halved in patients with TVD when
compared with controls, it may be hypothesized that the SNR
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during the stress acquisition would be significantly lower in
patients with TVD and therefore own the potential to be
a discriminative marker. Accordingly, we hypothesized that
the stress-to-rest ratio of the SNR (RSNR) would reflect the
difference in myocardial blood flow between the rest and
stress conditions and be potentially useful for diagnosis of
TVD. To investigate this hypothesis, we used a fully automatic
segmentation method to delineate the left ventricle (LV) and
calculated the RSNR in control subjects and patients with
TVD from their Tl-201 scans. Performance of the calculated
parameter was evaluated against the reference from coronary
angiography (CAG) findings.

2. Material and Methods
2.1. Acquisition of Clinical Data. This retrospective study
was approved by the Institutional Review Board of Chang
Gung Memorial Hospital, Linkou, Taiwan. We retrospectively
collected clinical data from 102 consecutive subjects. All
subjects signed the informed consent for the imaging studies.
Due to suspected or preexisting coronary artery disease,
these subjects underwent SPECT MPI followed by CAG no
later than two months after the initial SPECT scans. The
inclusion criterion for the TVD group was at least 50%
stenosis in all three major coronary branches or 50% stenosis
in the left main stem based on CAG findings [7, 19]. The
inclusion criterion for the control group was no more than
50% stenosis in any of the three major coronary branches
or in the left main stem. Subjects with previous coronary
stenting and those who had previously undergone coronary
bypass surgeries were excluded from this cohort. Using these
criteria, 61 subjects were allocated to the control group and
41 to the TVD group. The clinical information, including age,
gender, New York Heart Association (NYHA) classification,
ECG findings, and lab results, was collected for each subject.
Left ventricular ejection fraction (LVEF) was measured with
echocardiography for all subjects except for one.
SPECT MPI was performed according to the standard
stress/rest protocol [20]. Each subject was pharmaceutically
stressed with dipyridamole 0.142 mg/kg/min infused slowly
over 4 minutes, after which an intravenous injection of 2 mCi
of Tl-201 was administered. Five to 10 minutes after injection
of the tracer, the subject was scanned using a CZT-based
SPECT camera (Discovery NM 530c, GE Healthcare, Little
Chalfont, UK) in the supine position. Before starting data
acquisition, the technician would use the real-time scintillation images to position the heart as close as possible to the
center of the field of view. Once positioning was completed, a
gated stress acquisition was started to acquire list-mode data
over 5 minutes. The images were reconstructed using threedimensional iterative Bayesian reconstruction algorithm [21,
22] in a 70 × 70 matrix with 50 slices. The pixel size was set to
4 mm in all three directions. As our SPECT is not equipped
with computed tomography, attenuation correction was not
performed. Four hours later, the subject was scanned again
for acquisition of data at rest. After manually reorienting
the images into long-axis and short-axis views, a boardcertified nuclear physician used QPS to calculate the summed
rest score (SRS), summed stress score (SSS), and summed
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fact that the patient’s position may be different between the
rest and stress acquisitions.

Figure 1: Template images generated from ten male subjects.

difference score (SDS) using the built-in software (Myovation
for Alcyone, GE Healthcare) [23].
2.2. Segmentation of the LV Myocardium. We used a segmentation method based on spatial normalization that we have
described previously [24]. In brief, this approach spatially
normalizes the image volume of an individual to a “template”
image set precalculated from cohort data. After the transformation relationship is found, the inverse transformation is
applied to the predefined LV mask to find the corresponding
mask location over the original image volume for the same
individual. In this study, we generated the template using
the following procedure. The spatial template was generated
from images acquired under resting conditions using the
same scanner in 20 subjects separate from the study cohort.
Average age of them was 63.8 ± 8.9, 61.8 ± 8.2, and 62.8 ±
8.4 for female, male, and all subjects, respectively. BMI was
25.0 ± 6.0, 30.8 ± 4.0, and 27.9 ± 5.8 for female, male, and
all subjects, respectively. These subjects were with negative
findings from the SPECT MPI. As none of them underwent
further CAG exams, they were not included in the control
group of this study. Template images were created separately
for men (𝑛 = 10) and women (𝑛 = 10). To generate the
template for men, one of the ten male subjects was chosen.
The images for the other nine subjects were then spatially
normalized to this one subject with the software package
Statistical Parametric Mapping (SPM, version 8) [25] under
MATLAB R2015a (MathWorks Inc., Natick, Massachusetts).
The final template for men was generated by averaging all
these spatially normalized images, as shown in Figure 1.
The template for women was created in the same fashion,
using the other ten female subjects. The LV mask was
delineated over the template images using the Otsu method
[26] separately for male and female subjects.
Segmentation of the LV myocardium for a specific subject
was performed as follows. First, the image volume for a
specific subject was spatially normalized to the template
image for the corresponding sex. The transformation was
individually calculated for each subject. Second, this transformation was used to inversely transform the LV mask over the
template image into an individual LV mask over the image
volume of the specific subject. This inversely transformed
LV mask was regarded as the volume of interest (VOI) in
the LV myocardium of that subject. All segmentation steps
were executed automatically without requiring any manual
intervention. The rest and stress images for each subject were
segmented to form separate LV VOIs to take into account the

2.3. Computation of the RSNR. The RSNR was calculated after
the LV myocardial masks were segmented for the rest and
stress studies. First, the voxel intensities within the LV VOI of
the rest acquisition were taken and used to calculate a mean
and standard deviation (SD). SNRrest was then calculated as
the mean divided by the SD. SNRstress was calculated in the
same way, using the stress acquisition and the segmented
LV VOI over the stress acquisition. RSNR was calculating
by dividing SNRstress by SNRrest . These procedures were
performed independently and automatically for all subjects.
2.4. Statistical Analysis. As described earlier in this section,
the subjects were allocated to the control group or the
TVD group groups using the CAG reference criteria for
stenosis. The mean (±SD) RSNR was calculated for each
group. Student’s t-test was performed to determine if there
was a significant difference in the RSNR between the two
groups. Receiver-operating characteristic (ROC) analysis was
performed to evaluate the diagnostic performance of RSNR.
AUC, accuracy, sensitivity, specificity, and optimal cutoff
values were calculated from the ROC curves. A similar
statistical analysis was performed for SNRrest , SNRstress , and
the QPS-derived SRS, SSS, and SDS, with mean and SD
values calculated for the control group and the TVD groups.
ROC analyses were performed for the six parameters (SRS,
SSS, SDS, SNRrest , SNRstress , and RSRN) independent of each
other. The parameter (among SRS, SSS, and SDS) with the
highest diagnostic accuracy was selected for comparison
against the diagnostic performance of RSNR. The sensitivity
and specificity of the RSNR and the best-performing score
parameter were compared using McNemar’s test. A 𝑃 value <
0.05 was considered to indicate a statistically significant difference between these indices. Univariate logistic regression
analysis was used to evaluate how these parameters correlate
to disease state (without or with TVD). The statistical analysis
was performed with SPSS version 21 (IBM, Armonk, NY).
We also evaluated how age, gender, and body mass index
(BMI) affect the diagnostic performances of the SNR-based
parameters (SNRrest , SNRstress , and RSRN) and QPS-based
parameters (SRS, SSS, and SDS). To evaluate the effect of age,
the subjects were divided into two groups: those with ages less
than median age and those with ages greater than or equal to
the median age. Using the cutoff values determined from the
ROC analysis, we examined what the sensitivity, specificity,
and accuracy were obtained from those two age groups. The
similar analysis was repeated for the male and female subjects,
respectively. Lastly, this analysis was performed using BMI as
the grouping criterion which separates the subjects into two
groups with the median BMI.

3. Results
In this retrospective study, a total of 102 subjects were
involved. 41 subjects were placed in the TVD group, whereas
the other 61 subjects were placed in the control group.
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Table 1: Demographic characteristics of study participants (𝑛 =
102).
Characteristic
All
𝑛
102
Age (yr)
62.6 ± 12.5
Female sex
37
Hypertension
78
Body mass index (kg/m2 ) 25.9 ± 4.9
Dyslipidemia
48
Diabetes
39
Tobacco use
25
Angina
74
LVEF (%)
57.4 ± 17.2
Arrhythmia
22
ECG ST change
33
NYHA class
I
76
II
17
III
6
IV
3

Control
61
60.3 ± 13.3
19
39
26.5 ± 5.2
24
15
18
44
55.7 ± 18.2
16
17

TVD
41
66.0 ± 10.5∗
18
39
25.1 ± 4.4
24
24
7
30
59.9 ± 15.4
6
16

41
14
5
1

35
3
1
2

TVD, triple-vessel disease; LVEF, left ventricular ejection fraction; ECG,
electrocardiography; NYHA, New York Heart Association; ∗ denotes a
statistical significance in the mean difference between the control and TVD
subjects (𝑃 < 0.05).

Their demographics and cardiac function parameters were
summarized in Table 1. Among these parameters, age was
the only parameter that showed a significant difference (𝑃 <
0.05) between the control and TVD groups. As age was not a
specific inclusion or exclusion criterion, this difference might
simply be due to the relatively small size of study cohort
(𝑛 = 102).
Using the segmentation method described above, LV
VOIs were delineated from the rest and stress acquisitions
for all subjects. We confirmed visually that the automatic
segmentation appropriately delineated the LV myocardium
in all subjects, including those with obvious ischemic defects
or dilated myocardium. Figures 2 and 3 showed the segmentation results of two representative cases. The QPS-derived
SRS, SSS, and SDS and the proposed SNRrest , SNRstress , and
RSNR were calculated from rest/stress Tl-201 images for all
subjects in both study groups. The statistics and ROC results
of the QPS-derived parameters were summarized in Table 2.
The statistics and ROC results of SNR-based parameters were
summarized in Table 3. The SSS, SDS, SNRstress , and RSNR
values were found to be significantly different between the
two study groups (𝑃 < 10−5 ). Those four parameters also
showed a significant predicting power for TVD subjects (𝑃 <
10−3 ) in the simple logistic regression analysis results shown
in Table 4. RSNR was lower in patients with TVD (0.83 ± 0.15)
than in control subjects (1.06 ± 0.17) as expected because of
the reduced uptake during the stress acquisition for patients
with TVD. This reduction seemed to be mainly due to the
reduction of SNRstress since SNRrest did not show a significant
difference between the control and TVD groups.
After we evaluated the statistics of computed parameters,
we applied the QPS-based and SNR-based parameters to

Original
images
Segmented
images
Stress

Rest

Polar maps

Figure 2: The MPI images of a representative TVD case, a 55year-old man, which showed obvious ischemic deficits. From top
to down, the original axial views of the stress acquisition, the
segmented axial views of the stress acquisition, and the polar maps
were shown. SSS, SRS, and SDS are 14, 0, and 14, respectively.
Although the images show ischemic defects in the LAD and LCX,
the segmentation was successful to delineate the LV. The SDS was 14
and the RSNR was 0.71. CAG found stenosis of 86% in the LAD, 82%
in the LCX, and 68% in the RCA. CAG, coronary angiography; LAD,
left anterior descending; LCX, left circumflex; RCA, right coronary
artery; RSNR, stress-to-rest ratio of the signal-to-noise ratio; SDS,
summed difference score.

discriminate the TVD patients from control subjects. In
the results of the ROC analysis shown in Tables 2 and 3,
RSNR performed the best in discriminating subjects with and
without TVD, with a sensitivity of 85%, a specificity of 90%,
an accuracy of 88%, and an AUC of 0.88. The cutoff value for
RSNR was found to be 0.94. For QPS scores, the accuracy of
the SRS, SSS, and SDS was 59%, 70%, and 71%, respectively.
The SDS was found to be the best-performing QPS parameter.
McNemar’s test showed that, compared to SDS, RSNR had
significantly better sensitivity (85% versus 68%, 𝑃 < 0.05) and
significantly better specificity (90% versus 72%, 𝑃 < 0.05).
The ROC curves for RSNR and SDS are plotted in Figure 4.
We applied the cutoff determined from the ROC analysis
to the age-, gender-, and BMI-specific discrimination of the
TVD subjects for the QPS-based and SNR-based parameters.
The performances in terms of the sensitivity, specificity, and
accuracy were summarized in Table 5. For RSNR, age, gender,
and BMI did not make much differences in the discrimination performances, in general. Discrimination accuracy with
RSNR remained between 86% and 90%. However, we did find
that diagnostic sensitivity was lower (75%) in the high-BMI
group than the low BMI group (95%).

4. Discussion
In this study, we aimed to address the challenge of detecting
multivessel disease using SPECT MPI. The literature indicates
that visual interpretation on SPECT may lead to a high falsenegative rate and therefore has unsatisfactory sensitivity in
detecting TVD. Quantification of absolute flow and flow
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Table 2: Statistics and the ROC results of the QPS scores.
Parameter
Mean
SD
Sensitivity
Specificity
Accuracy
AUC
Cutoff
𝑃 value

All
2.12
2.67

SRS
Control
2.07
2.6
34
75
59
0.49
2.5
0.81

TVD
2.2
2.81

All
5.44
5.24

SSS
Control
3.52
3.78
78
64
70
0.77
3.5
𝑃 < 10−5

TVD
8.29
5.83

All
3.28
4.62

SDS
Control
1.46
2.38
68
72
71
0.75
2.5
𝑃 < 10−5

TVD
6.00
5.72

𝑃 value is derived from the 𝑡-test of the control versus TVD subjects. ROC, receiver-operating characteristic; QPS, quantitative perfusion single-photon
emission computed tomography; SRS, summed rest scores; SSS, summed stress scores; SDS, summed difference scores; AUC, area under the curve.

Table 3: Statistics and the ROC results of the image-derived SNR at rest and stress and the ratio of the SNRstress , SNRrest , and RSNR.
Parameter
Mean
SD
Sensitivity
Specificity
Accuracy
AUC
Cutoff
𝑃 value

All
4.09
0.70

SNRrest
Control
4.03
0.73
83
43
59
0.57
3.74
0.26

TVD
4.18
0.66

All
3.92
0.85

SNRstress
Control
4.24
0.83
76
75
75
0.78
3.7
𝑃 < 10−5

TVD
3.44
0.65

All
0.97
0.2

RSNR
Control
1.06
0.17
85
90
88
0.88
0.94
𝑃 < 10−5

TVD
0.83
0.15

𝑃 value is derived from the 𝑡-test of the control versus TVD subjects. SNR, signal-to-noise ratio; SNRrest , signal-to-noise ratio at the rest study; SNRstress ,
signal-to-noise ratio at the stress study; RSNR, stress-to-rest ratio of the signal-to-noise ratio.

Table 4: Univariate logistic regression results of selected parameters.
Variable
Age
Sex
BMI
SRS
SSS
SDS
SNRrest
SNRstress §
RSNR§

Odds ratio
1.04
1.73
0.94
1.02
1.24
1.40
1.39
4.48
33432.17

𝑃 value
0.03
0.19
0.19
0.81
<0.001
<0.001
0.26
<0.001
<0.001

95% CI
1.00–1.08
0.76–3.93
0.87–1.03
0.88–1.18
1.12–1.38
1.19–1.65
0.78–2.46
2.21–9.11
469.91–2378545.76

§
For SNRstress and RSNR, since their mean is lower in the TVD group, the
logistic regression was performed using (SNRstress ) and (RSNR) against the
TVD status.

reserve has been shown to be useful in assisting the diagnosis
of TVD with positron emission tomography [27, 28] and
magnetic resonance imaging [3, 29]. Although SPECT-based
quantification of flow has also been investigated in recent
years [13, 19, 30–34], its adoption for routine studies is still
limited due to the prolonged acquisition time and other technical difficulties. In the present study, we tested our hypothesis that TVD may be detected with a simple parameter, that is,
the ratio between local SNRs in the LV myocardium from the

rest and stress studies. We used Tl-201 images acquired from
102 subjects to evaluate this hypothesis. Our current data
support our working hypothesis concerning the usefulness
of RSNR. Using our proposed data processing scheme, the
RSNR can be calculated automatically with 85% sensitivity,
90% specificity, and 88% accuracy when used to detect TVD.
By way of comparison, the SDS was found to be the most
accurate parameter among the three summed scores in our
data, but even SDS could only discriminate patients with
TVD from controls with 68% sensitivity, 72% specificity, and
71% accuracy, which is similar to the performance previously
reported for QPS-derived scores [11–14]. Comparing the
diagnostic performance of the two parameters, our data show
that the proposed RSNR, calculated with a fully automatic
procedure, has the potential to advance the sensitivity and
accuracy in the diagnosis of TVD.
We have also evaluated whether age, gender, and BMI
would affect the diagnostic performances of RSNR. We found
that age does not seem to affect the diagnostic performances
with the sensitivity/specificity/accuracy being 81/91/88 (%)
in the lower age group and 88/88/88 (%) in the higher age
group. Similarly, the same pattern was observed in the two
gender groups. The BMI groups, on the other hand, did show
a slightly different pattern than age or gender. We found
that, with the median BMI of 25.3 as the cutoff to separate
the subjects, the sensitivity/specificity/accuracy was found
to be 95/87/90 (%) for the lower BMI group and 75/94/86

6

Contrast Media & Molecular Imaging
Table 5: Diagnostic performances of QPS scores and SNR parameters in specific age, gender, and BMI groups.

Variable
Age
<62.5
≥62.5
Sex
Male
Female
BMI
<25.3
≥25.3

𝑛

SRS

SSS

SDS

SNRrest

SNRstress

RSNR

51
51

25/74/59
40/71/59

69/63/65
84/65/75

75/74/75
64/69/67

81/43/55
84/42/63

69/83/78
80/66/73

81/91/88
88/88/88

65
37

35/76/62
33/74/54

83/64/71
72/63/68

65/71/69
72/74/73

87/29/49
78/74/76

74/86/82
78/53/65

87/90/89
83/89/86

51
51

29/70/53
40/81/65

81/63/71
75/65/69

62/73/69
75/71/73

86/43/61
80/42/57

71/83/78
80/68/73

95/87/90
75/94/86

Numbers are presented as percentages of sensitivity/specificity/accuracy; for age and BMI, the cutoff for grouping was determined from their medians.
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Figure 3: The stress MPI images of a representative TVD case, a
64-year-old woman, which showed uniform tracer uptake in the
myocardium. From top to down, the original axial views of the stress
acquisition, the segmented axial views of the stress acquisition, and
the polar maps were shown. SSS, SRS, and SDS are 2, 0, and 2,
respectively. The RSNR was 0.91, indicating a low tracer uptake in the
stress study and high possibility of present TVD. The CAG identified
stenosis of 61% in the LAD, 69% in the LCX, and 62% in the RCA.

(%) for the higher BMI group. Although the accuracy and
specificity were not much different than those from the whole
study population, there was an obvious drop of sensitivity to
75% in the higher BMI group. We presume that this drop
might be due to the lack of attenuation correction in our
study. Since the attenuation is dependent on the patient size,
BMI may have a nonnegligible effect over the RSNR values.
One potential remedy for this is to establish different RSNR
cutoff values for low- and high-BMI groups separately, if a
larger cohort may be obtained in the future. Alternatively, if
computed tomography is available on the SPECT scanner, it
would be useful to evaluate how attenuation correction affects
the RSNR values and how RSNR performs in diagnosing
TVD when attenuation correction is involved in the image
reconstruction.
Although our data seem promising, the proposed method
still requires further evaluation before it can become a routine
diagnostic tool. The study cohort (𝑛 = 102) was only

0

0.2

0.4
0.6
1 − sＪ？＝Ｃfi＝ＣＮＳ

0.8

1

RSNR
SDS

Figure 4: ROC analysis. The ROC curves for the proposed parameter RSNR and SDS are shown on the same plot. RSNR provides
a better diagnostic performance than the SDS, with AUC of 0.88
versus 0.75. AUC, area under the curve; ROC, receiver-operating
characteristic; RSNR, stress-to-rest ratio of the signal-to-noise ratio;
SDS, summed difference score.

of a modest size in this work. Data from a larger cohort
will be useful to confirm the diagnostic performance of
this method. Further, a multicenter trial will be helpful in
determining the extent to which the RSNR is dependent on
the scanners, protocols, and reconstruction parameters used.
The RSNR cutoff for different tracers may also differ and
requires further validation. Myocardial segmentation may be
conducted differently using other automatic LV segmentation
techniques [35–37], so the effects of different segmentation
methods also need to be investigated. In the present study, the
RSNR cutoff was the same for both sexes in our current study.
How RSNR values vary according to race, ethnicity, sex, and
age requires more comprehensive evaluation in the future.
Lastly, because there is no computed tomography in our
SPECT camera, attenuation correction was not performed.
Scatter correction was not performed either, as it was not
provided by the scanner vendor. A previous report on the
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CZT camera performances has shown that the CZT SPECT
has a roughly twofold increase in energy resolution that is
capable of a better scatter rejection than conventional SPECT
cameras [22]. The exact effects of attenuation and scatter
correction on the RSNR remain to be studied in the future.

5. Conclusion
A novel parameter based on the stress-to-rest ratio of the
SNR, namely, RSNR, has been proposed and shown to be a
potentially useful parameter for detecting TVD with CZTbased SPECT MPI. According to our data, this fully automatic
method provides a high sensitivity of 85% and high specificity
of 90% in discriminating TVD. Patient size does seem to
cause a drop in the detection sensitivity with RSNR to 75%
in the high-BMI group, but the discrimination accuracy is
generally independent of the patient size, age, or gender.
Although further studies are required to evaluate the clinical
value of RSNR, it points to a robust and quantitative way to
assist the diagnosis of TVD with SPECT MPI.

Conflicts of Interest
The authors declare that there are no conflicts of interest
regarding the publication of this paper.

Authors’ Contributions
Yu-Hua Dean Fang and Tzu-Pei Su contributed equally to this
work.

Acknowledgments
This work was financially supported by Ministry of Science
and Technology, Taiwan, Research Grant 104-2221-E-006271-MY2.

References
[1] E. J. McNulty, Y.-Y. Hung, L. M. Almers, A. S. Go, and R. W.
Yeh, “Population trends from 2000-2011 in nuclear myocardial
perfusion imaging use,” JAMA - Journal of the American Medical
Association, vol. 311, no. 12, pp. 1248-1249, 2014.
[2] N. Mahajan, L. Polavaram, H. Vankayala et al., “Diagnostic
accuracy of myocardial perfusion imaging and stress echocardiography for the diagnosis of left main and triple vessel
coronary artery disease: A comparative meta-analysis,” Heart,
vol. 96, no. 12, pp. 956–966, 2010.
[3] S.-Y. Chung, K.-Y. Lee, E. J. Chun et al., “Comparison of stress
perfusion MRI and SPECT for detection of myocardial ischemia
in patients with angiographically proven three-vessel coronary
artery disease,” American Journal of Roentgenology, vol. 195, no.
2, pp. 356–362, 2010.
[4] “Myocardial Infarction and Mortality in the Coronary Artery
Surgery Study (CASS) Randomized Trial,” New England Journal
of Medicine, vol. 310, no. 12, pp. 750–758, 1984.
[5] E. Varnauskas, S. B. Olsson, and E. Carlstrom, “Long-term
results of prospective randomised study of coronary artery

7
bypass surgery in stable angina pectoris,” Lancet, vol. 2, no. 8309,
pp. 1173–1180, 1982.
[6] J. P. Greenwood, N. Maredia, J. F. Younger et al., “Cardiovascular
magnetic resonance and single-photon emission computed
tomography for diagnosis of coronary heart disease (CEMARC): a prospective trial,” The Lancet, vol. 379, no. 9814, pp.
453–460, 2012.
[7] R. S. Khattar, R. Senior, and A. Lahiri, “Assessment of myocardial perfusion and contractile function by inotropic stress
Tc-99m sestamibi SPECT imaging and echocardiography for
optimal detection of multivessel coronary artery disease,” Heart,
vol. 79, no. 3, pp. 274–280, 1998.
[8] M. Ragosta, A. H. Bishop, L. C. Lipson et al., “Comparison
Between Angiography and Fractional Flow Reserve Versus
Single-Photon Emission Computed Tomographic Myocardial
Perfusion Imaging for Determining Lesion Significance in
Patients With Multivessel Coronary Disease,” American Journal
of Cardiology, vol. 99, no. 7, pp. 896–902, 2007.
[9] N. Melikian, P. De Bondt, P. Tonino et al., “Fractional Flow
Reserve and Myocardial Perfusion Imaging in Patients With
Angiographic Multivessel Coronary Artery Disease,” JACC:
Cardiovascular Interventions, vol. 3, no. 3, pp. 307–314, 2010.
[10] S. M. Zaacks, A. Ali, J. E. Parrillo, and J. T. Barron, “How
well does radionuclide dipyridamole stress testing detect threevessel coronary artery disease and ischemia in the region
supplied by the most stenotic vessel?” Clinical Nuclear Medicine,
vol. 24, no. 1, pp. 35–41, 1999.
[11] A. Gimelli, R. Liga, V. Duce, A. Kusch, A. Clemente, and
P. Marzullo, “Accuracy of myocardial perfusion imaging in
detecting multivessel coronary artery disease: A cardiac CZT
study,” Journal of Nuclear Cardiology, pp. 1–9, 2016.
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We have previously demonstrated that 111 In-labeled autologous leukocyte scintigraphy is able to detect osteomyelitis in living
juvenile pigs. In animal research studies, it may well be an advantage if the animals could be scanned after euthanasia. Applying
traditional scanning of living animals to euthanized animals will render anaesthesia unnecessary and be ideal for obtaining good
and reliable scans for the correct interpretation of imaging afterwards, since the animals do not move. The autologous leukocytes
of the pigs were collected, marked with 111 In, and reinjected into the pigs and allowed for homing to the site of infections as usual
while the pigs were alive. In this study, we demonstrate that it is possible to perform SPECT/CT with 111 In-labelled autologous
leukocytes almost 24 hrs after euthanasia with the same detectability of osteomyelitic lesions as in living pigs (78% versus 79%).
The pigs in this study had exactly the same experimental conditions as the living pigs and were examined in parallel with the living
pigs except for euthanasia prior to the leukocyte scan and that no PET/CT scans were performed.

1. Introduction
Chronic osteomyelitis is a progressive inflammatory process
caused most often by Staphylococcus aureus (S. aureus),
resulting in bone destruction and sequestrum formation,
which may maintain the infection. The “gold standard” for
the diagnosis of chronic osteomyelitis is the presence of
positive bone cultures and histopathologic examination of the
bone, but noninvasive diagnostic imaging is preferred in
humans. We have thus previously refined a pig-model for haematogenous spread of osteomyelitis [1, 2] and used this for
examining suitable tracers for better noninvasive imaging
[3–5]. In the model, we injected S. aureus unilaterally into
the femoral artery of female juvenile domestic pigs and
tested various radioactive tracers to identify the most useful
diagnostic imaging protocol for bone infections. This aim

necessitated a rather busy scanning protocol and prolonged
anaesthesia, and due to biological variance and experiment
planning we had to infect more pigs that finally were anaesthetized and scanned; the surplus of pigs was euthanized
prior to the scans. We, therefore, were curious to see if it
was possible to do post mortem scintigraphy of the extra pigs
using a tracer with a long half-life injected before euthanasia,
thus leaving no pig unused and delaying the scintigraphy to a
later and more convenient time.
Naturally occurring S. aureus infection in pigs usually
manifests as sepsis, which includes development of osteomyelitis. Johansen et al. [6] demonstrated that as in children
circulating microorganisms tend to start infections in the
metaphyseal ends of the long bones in juvenile pigs. This is
probably due to seeding of a septic embolus aided by the
slow circulation in the capillary loops in the metaphyseal

2
growth zone making juvenile pigs particularly susceptible to
epiphyseal spread and arthritis of the adjacent joint.
111
In-leukocyte scintigraphy is a diagnostic imaging tool
that displays the distribution of radiolabelled autologous
leukocytes in the body. Regional or whole-body planar and/or
single photon emission computed tomography (SPECT) scintigraphy perhaps combined with computed tomography
(CT) of specific anatomic regions can be obtained for
suspected infection/inflammation. Leukocytes are separated
from plasma for labelling with 111 In. 111 In decays by electron
capture emitting two gamma photons of 173 keV and 247 keV.
The physical half-life is 67 hrs. 111 In is bound to a lipid-soluble complex that chelates metal ions. The 111 Indium oxine
complex diffuses through the cell membrane and once intracellular, the complex dissociates, and 111 Indium binds nuclear
and cytoplasmic proteins. After labelling and reinjection
radiolabelled leukocytes of humans are distributed to the
blood pool, lungs, and the reticuloendothelial system of the
liver, spleen, bone marrow, and major blood vessels. Imaging
is performed 18–24 hrs after injection when lung, blood pool,
bowel, and bladder activity are not normally seen.
We have previously demonstrated by SPECT/CT of living
pigs that it is possible to mark porcine leukocytes with 111 In,
that the marked porcine leukocytes were capable of homing
to sites of osteomyelitic lesions, and that the biodistribution
is comparable to the human biodistribution [5]. The major
difference was the accumulation of activity in the lungs
of juvenile pigs, which is only a transient phenomenon in
healthy human lungs. The reason for this difference is that the
lungs of the pigs are part of the reticuloendothelial system.

2. Materials and Methods
2.1. Pigs and the S. aureus Model. Five pigs, all clinically
healthy, specific pathogen-free Danish landrace-Yorkshire
cross-breed female pigs (approximately 20 kg) aged 8-9
weeks, were purchased from a local commercial pig farmer.
All pigs received a restricted pellet diet (DIA plus FI, DLG,
Denmark). The environmental conditions were 20∘ C, 51%
relative humidity, 12 : 12 hours light cycles, and 8 air exchanges
hourly. The pigs were fasted for 16 h prior to anaesthesia but
had free access to tap water. After one week of acclimatization
the pigs were, under propofol anaesthesia, inoculated with
a suspension of the porcine strain S54F9 [7] of S. aureus
(105 colony forming units per kg in 1.0 to 1.5 mL) into the
femoral artery of the right hind limb to induce osteomyelitis,
as described elsewhere [1, 2].
We have previously reported that some pigs in this osteomyelitis model will develop haematogenous dissemination of
S. aureus leading to, for example, embolic pneumonia [3, 4].
In order to reduce the frequency of these additional lesions
we used animals aged 8-9 weeks and administered procaine
benzyl penicillin intramuscularly as described by Alstrup et
al. [2]; after onset of clinical signs, for example, limping of the
right hind limb, which occurred in all pigs, the pigs were thus
once injected with a single intramuscular (IM) procaine benzyl penicillin 10,000 IE/kg (Penovet, Boehringer Ingelheim,
Copenhagen, Denmark). Buprenorphine (45 𝜇g/kg Temgesic
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(Reckitt Benckiser, Berkshire, England)) was given three
times daily (7 AM, 3 PM, and 11 PM) from time of inoculation
until euthanasia. One week after inoculation, the pigs had
obtained a body weight of 21-22 kg (Table 1); then anaesthesia
was induced, labelling of leukocytes was performed, and
then the Indium-111 labelled leukocytes were reinjected. After
a various time (Table 1), the pigs were euthanized with an
overdose of pentobarbital (100 mg/kg IV), and finally the pigs
were scanned at convenient time points (Table 1).
The study was approved by the Danish Animal Experimentation Board (number 2012-15-2934-000123). All facilities were approved by the Danish Occupational Health
Surveillance.
2.2. Imaging
2.2.1. Computed Tomography. All examinations at the Positron Emission Centre of Aarhus University Hospital were
performed with an integrated PET/computed tomography
(CT) system (Siemens Biograph True point 64 PET/CT,
Siemens, Erlangen, Germany), one bed position spanning
21 cm. The pigs were anaesthetized with propofol, intubated
(for mechanical ventilation), and placed in dorsal recumbence as described by Alstrup and Winterdahl [8]. Initially, a
scout view was obtained to secure body coverage from snout
to tail.
2.2.2. 111 In-Labeled Autologous Leukocytes. After the CT-scan,
In oxine labelled leukocytes were prepared according
to the instructions given by the manufacturer, Mallinckrodt, Pharmaceutical, Copenhagen, Denmark. The 111 Inlabelling of leukocytes included isolation of the leukocyte
fraction from autologous full blood using sedimentation
and centrifugation [9]. Visual inspection of the preparation
searching for clumps, clots, fibrin, and platelet aggregates
was performed throughout the procedure and in particular
after resuspension of the pellet of cells after centrifugation.
A labelling efficiency between 50% and 80% is expected in
human cells in accordance with the European guidelines [9].
We have previously demonstrated that the labelling efficacy
of pig leukocytes is similar [5]. Microscopic inspection and
trypan blue exclusion test for cell viability were planned if
the labelling efficiency was below 50%. The labelling of the
leukocyte preparations and the reinjection were performed
on day 6 after inoculation (PI), that is, approximately one
day before the SPECT and PET scans (day 7 PI). The injected
activity of 111 In-labeled leukocytes was 18.1–24.7 MBq.
111

2.2.3. Scintigraphy. In almost all cases the pigs were euthanized in the morning on the day after reinjection of
labelled leukocytes and placed in cold environments waiting
for the transport together with the living pigs to Aalborg
University Hospital as reported previously by [5]. Wholebody planar gamma imaging was then acquired by a dualheaded gamma camera in Aalborg with a medium-energy
parallel-hole collimator and using the 2 energy peaks of 111 In:
172 and 245 keV, 15% symmetrical windows, and simultaneous two-plane anterior and posterior whole-body acquisition (500.000 counts in a 256 × 256 matrix for regional and a
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Table 1: Pig characteristics and time points of scans.

Pig Body weight
(kg)
a
b
c
d
e
∗

21
22
22
21
21.5

Time of CT
scan the
previous day
Living pig

Labelling
percent (%)

Injected
activity
(MBq)

Time points
111
Ininjection the
previous day

15:26
14:57
13:14
9:47
15:05

76.8%
64.7%
78.8%
74.6%
73.8%

21.8
18.1
24.7
24.5
24.4

16:55
16:20
16:28
16:26
17:50

Injection to
Time points
death interval
of death
(h)
20:40∗
9:00
9:30
16:00
15:40

3.75
16.67
17.03
23.57
21.83

Time points
Death to scan
of post
interval (h)
mortem
SPECT/CT
17:55
16:49
16:31
16:56
16:13

20.25
7.82
7.02
0.93
0.55

The previous day.

Table 2: Number of lesions defined by gross pathology, histopathology, microbiology, and/or CT in 5 juvenile euthanized pigs with
haematogenous spread of S. aureus osteomyelitis. S. aureus culture or immunohistochemistry confirmed at necropsy is summarized in the
lower two rows.
CT lesion
Osteomyelitis
Sequesters
Osteolysis of adjacent cortical bone
Contiguous periosteal abscess
Arthritis
Hematoma/abscess at inoculation site
Lymph node enlargement

a
2
3
2
1
12
0
2

b
4
5
4
3

Pig
c1
3
6
6
2

0
2

1
1

d
3
4
5
2
0
0
2

e
6
4
4
2
0
2

1

Increased leukocyte accumulation in the growth zone of the left proximal calcaneus area (noninoculated limb). 2 Acute fibrinous arthritis in the right hock
joint.

256 × 1024 matrix for whole body, zoom 1.0) and supplied with
single photon emission computed tomography/high dose co
mputed tomography SPECT/CT using a Symbia T16 SPECT/
CT (Siemens Medical Solutions, Hoffman Estates, Illinois,
USA). The data were analysed using Philips Medical Systems
DICOM Brilliance TM Workspaces, Koninklijke Philips Electronics NV 2007, DA Best, Netherlands. One day prior to the
SPECT/CT high dose CT was performed in the PET-Centre
of Aarhus with an integrated PET/computed tomography
(CT) system (Siemens Biograph True point 64 PET/CT,
Siemens, Erlangen, Germany), one bed position spanning
21 cm. The pigs were placed in dorsal recumbence. Initially, a
scout view was obtained to secure body coverage from snout
to tail.
2.2.4. Images and Interpretation. All images were evaluated
by an experienced senior specialist in nuclear medicine and
computed tomography. The pigs were inoculated in the right
hind limb and the left hind limb served as a healthy control.
The lesions seen on CT were registered and counted (Table 2)
and examined for leukocyte accumulation as summarized in
Table 3. The percentage of osteomyelitic lesions accumulating
111
In-labelled leukocytes was calculated. Focal 111 In leukocyte accumulation that was greater than adjacent or contralateral background activity and corresponded to a bone site,
or more specifically to a site of increased bone radiopharmaceutical accumulation (but did not have to be of
the same intensity), was registered. Very discrete leukocyte

accumulation was seen in some soft tissues and is indicated by
an additional number in a parenthesis but was not accepted
as an accumulation. All the OM lesions were confirmed by
autopsy the following day and supplied with microbiological,
immunohistochemistry, and/or microscopy later on.

3. Results
The pigs were scanned 0.55–20.25 hours after euthanasia
(Table 1). Diffuse leukocyte accumulation was seen in lungs,
liver, and spleen. Prolonged clearance of activity from labelled
leukocytes from liver and spleen was in accordance with
previous results in living pigs [5]; however, the activity in
the liver was lesser when scanning post mortem. As in living
pigs, low excretion activity was seen in both faeces and
urine. On post mortem CT the lungs were characterized by
pulmonary oedema and gas effusion of variable extent was
seen in parenchymal organs which are ascribed to the
scintigraphy being performed post mortem. The pigs had
developed foci of osteomyelitis in the inoculated limbs with
insignificant signs of further spread to internal organs
(Table 2). An example of 111 In-marked autologous leukocyte
accumulation in an osteomyelitic lesion visualized on post
mortem scintigraphy and CT is shown in Figure 1. At autopsy,
no extra osteomyelitic lesions apart from the lesions seen on
CT were found.
In general, the activity of 111 In was diffusely increased in
the affected hind limb. 111 In-labeled autologous leukocytes
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Table 3: 111 In-labeled leukocyte accumulation in lesions in the pelvic and right hind limb regions in 5 juvenile pigs with haematogenous S.
aureus osteomyelitis leukocyte-scanned post mortem.
Pig

a

b

c

d

c

Total

Lesion
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma//abscess at inoculation site
Lymph node enlargement
Diffusely increased accumulation in the left limb
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma//abscess at inoculation site
Lymph node enlargement
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma/abscess at inoculation site
Lymph node enlargement
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma/abscess at inoculation site
Lymph node enlargement
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma/abscess at inoculation site
Lymph node enlargement
Osteomyelitic foci
Contiguous periosteal abscess
Hematoma/abscess at inoculation site
Lymph node enlargement

accumulated in 78% of the osteomyelitic lesions of the dead
pigs (Table 3) which was comparable to the 79% detectability
that we previously found in the living juvenile pigs [5].

4. Discussion
The “gold standard” for the diagnosis of chronic osteomyelitis
demands invasive procedures confirming the presence of
positive bone cultures and histopathologic examination of
the bone, but noninvasive diagnostic imaging is preferred in
humans. Animal studies can test potential treatments without
confounding factors, such as prior drug use and other
experiences that complicate human studies. The post mortem
examination is possible and important giving a unique
opportunity for confirming, for example, assumed noninvasive examination results, as imaging with potential new
tracers. Our animal studies address examination of more
suitable tracers for noninvasive imaging. At the end of our
experiments, all animals are euthanized and the osteomyelitic
foci are confirmed at autopsy, microscopically examination,
and histopathological examination. We are concerned about
the welfare of our research subjects. We constantly strive to
minimize the risk to them; however, a surplus of animals
inoculated with S. aureus was inevitable in our previous
studies since biological models are often unpredictable and it

Total number
2
1
0
2
−
4
3
0
2
3
2
1
1
3
2
0
2
6
3
0
2
18
13
1
9

111

In-leukocytes
1
1
0
0
+
3
0
−
0
3
0
0
0
3
(1)
−
(1)
4
3
−
0
14
4 (5)
0
(1)

was a necessity for us to have two animals with osteomyelitis
available for the long scanning protocol. Thus, we inoculated
three pigs at a time but on a few occasions experienced that
none of the pigs developed osteomyelitis. In most cases, we
did, however, succeed to induce two animals with osteomyelitis; sometimes even all three pigs developed lesions, and
we were reluctant to “waste” one of the pigs. In this study,
we demonstrated that it was possible to perform SPECT/CT
with 111 In-labelled autologous leukocytes almost 24 hrs after
euthanasia with the same detectability of the osteomyelitic
lesions as in the living pigs (78% versus 79%) by a simple count of 111 In-labelled leukocyte accumulation in the
osteomyelitic bone lesions seen on CT. Interpretation of CT,
however, still requires careful scrutiny, experience, and time
to detect especially small lesions.
Post mortem examination has several advantages, including that it may increase the capacity of trials with many
pigs and only a single SPECT scanner is available. Also, the
pigs can be euthanized at the scheduled time point and then
subsequently scanned at a later time. Furthermore, it opens
the possibility of comparing different scanning methods as
the pigs can be euthanized immediately after the test scan
without risk of continuous changes in pathology. It can also
be an animal welfare advantage to scan euthanized pigs, and
it does not require staff with experience in anaesthesia and
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(a)

(b)

734
550
367
183
0
1268
768
268
−232
−732

(c)

(d)

Figure 1: Post mortem 111 In-leukocyte SPECT (a), 111 In-leukocyte scintigraphy in dorsoventral projection (b), CT-scan (c) (bone window),
and fused images (d) of a juvenile pig (pig c) demonstrating increased leukocyte accumulation in an osteomyelitic lesion in the proximal tibia,
indicated by arrows, in the right hind limb. In figure (a), leukocyte accumulation is also seen in the distal femur, and the distal metatarsal
bones III and IV.

monitoring of pigs. Finally, it is also an advantage that there
are no motion artefacts when the pig is euthanized prior to
scanning.
In short, it is possible to perform SPECT/CT with 111 Inlabelled autologous leukocytes at least up to 20 hrs after euthanasia with the same detectability of osteomyelitic lesions
as in living pigs. Scanning post mortem will not hinder
imaging and will result in better animal welfare since shorter
anaesthesia is needed. It also makes eventual transportation
easier, and more pigs can be handled at a time.
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