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Cancer is one of the leading causes of death all over the
world.The research of cancer has always been amajor focus in
the medical imaging field. Modern imaging technology such
as molecular imaging has already been shown to be useful
in enhancing cancer management, including early detection,
more accurate diagnosis, better treatment planning, and
treatment monitoring in an early stage. Molecular imaging
enables in vivo visualization and measurement of biological
process at the cellular and molecular level. It allows not
only localization of tumor lesions but also visualization of
the expression and activity of specific molecules, which have
great influence on tumor behavior and response to treatment.
Many different modalities, such as MRI, SPECT, and PET,
have been developed and used for noninvasive molecular
imaging and have played a critical role in clinical oncology.
However, due to large intersubject variability and various
parameters in molecular images, it is generally infeasible to
derive a single analytic method or simple equations that can
describe the targets such as lesions and anatomies in all the
images. Hence, in order to facilitate further the application
of molecular imaging in clinical oncology, image processing
techniques have been widely applied to the detection of
cancer, characterization and segmentation of tumor lesions,
planning of cancer treatment, evaluation of the effectiveness
of treatment, prognostication of cancer, and so forth. There-
fore, advanced image processing techniques have become a
major focus in molecular imaging research, so that we can

make better use of the rich information in the molecular
image data.

The aim of this special issue is to provide a platform
for high quality works on image processing and molec-
ular imaging of cancer. Original papers and review arti-
cles focusing on the latest application of image processing
techniques in multimodality cancer molecular imaging were
submitted. The topics included pharmacokinetic modeling
approaches, computer-aided detection/diagnosis of cancer,
treatment evaluation and prognostication of cancer, seg-
mentation/delineation of tumor lesions, correlation between
molecular image data and other medical data of cancer
from a medical perspective, advantages and limitations of
existing and new imaging processing software/techniques,
the importance of molecular image processing within the
entire cycle of cancer patient management, and some other
image processing techniques applied in cancer molecular
imaging. We received a total of 16 submissions, and after
two rounds of rigorous review, 5 papers were accepted for
publications in this special issue.

In the paper “Head and Neck Cancer Tumor Segmenta-
tion Using Support Vector Machine in Dynamic Contrast-
Enhanced MRI,” W. Deng et al. proposed an automatic
method based on Support Vector Machine (SVM) and
Dynamic Contrast-Enhanced Magnetic Resonance Imaging
(DCE-MRI) to segment the tumor lesions of head and
neck cancer (HNC). They calculated five curve features and
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two principal components of the normalized time-intensity
curve (TIC) and trained three SVM classifiers. Compared to
similar studies in literature, theirmethod has achieved higher
accuracy, and the average area overlap measure (AOM) with
the testing dataset was 0.76 ± 0.08. This proposed method is
of potential in the clinical practice for HNC.

In the paper “PET Imaging of FSHR Expression in
Tumors with 68Ga-Labeled FSH1 Peptide,” D. Pan et al.
developed 68Ga labeled FSH1 peptide for imaging of FSHR
in cancers. 68Ga-NOTA-MAL-FSH1 was produced within
20min and the radiochemical purity was greater than 95%.
In vitro studies and MicroPET imaging were performed in
PC-3 prostate tumor model. It showed that 68Ga -NOTA-
MAL-FSH1 possessed FSHR binding affinities.The tracer was
stable in human serum for at least 2 hours.MicroPET imaging
revealed that the PC-3 xenografts were clearly visualized.
FSHR binding specificity was also demonstrated by reduced
tumor uptake of 68Ga-NOTA-MAL-FSH1 after coinjecting
excess unlabeled FSH1 peptide. The favorable characters of
68Ga-NOTA-MAL-FSH1 such as convenient synthesis and
specific tumor uptake warrant its further investigation for
FSHR expression imaging.

In the paper “An Individually Optimized Protocol of
Contrast Medium Injection in Enhanced CT Scan for Liver
Imaging,” S.-T. Feng et al. investigated the effectiveness of a
new individualized contrast medium injection protocol for
enhanced liver CT scan. Patients who underwent plain and
dual phase enhanced liver CT were randomly assigned to 2
groups, one with individualized contrast medium injection
protocol and the other with standard contrast medium injec-
tion. The mean contrast medium dose was statistically lower
with the individualized protocol. There were no significant
differences in CT values and ΔHU (CT value difference
between plain and enhanced CT) of liver parenchyma and
tumor-liver contrast between two groups. Two independent
radiologists were in substantial conformity in grading tumor
conspicuity. The authors concluded that using the individ-
ually optimized injection protocol might reduce contrast
medium dose without impacting on the imaging quality in
enhanced liver CT.

In the paper “Dynamic Contrast-Enhanced Magnetic
Resonance Imaging of Regional Nodal Metastasis in Na-
sopharyngeal Carcinoma: Correlation with Nodal Staging,”
B. Huang et al. determined if the perfusion parameters
by DCE-MRI of regional nodal metastasis were helpful
in characterizing nodal status and to understand the rela-
tionship with those of primary tumor of nasopharyngeal
carcinoma (NPC). 26 newly diagnosed patients with enlarged
retropharyngeal/cervical lymph nodes suggestive of nodal
disease were recruited and DCE-MRI was performed. Three
quantitative parameters, 𝐾trans, Ve, and 𝑘ep, were calculated
for the largest node in each patient and analyzed. 𝐾trans was
significantly different among the patients of N stages. There
was no significant correlation between the parameters in
nodes and primary tumors.The authors concluded thatDCE-
MRI may play a distinct role in characterizing the metastatic
cervical lymph nodes of NPC.

In the review article “Application of Deep Learning
in Automated Analysis of Molecular Images in Cancer:
A Survey,” Y. Xue et al. review the applications of deep
learning in molecular imaging in terms of tumor lesion
segmentation, tumor classification, and survival prediction.
They also outline some future directions in which researchers
may develop more powerful deep learning models for better
performance in the applications in cancermolecular imaging.
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Molecular imaging enables the visualization and quantitative analysis of the alterations of biological procedures atmolecular and/or
cellular level, which is of great significance for early detection of cancer. In recent years, deep leaning has been widely used in
medical imaging analysis, as it overcomes the limitations of visual assessment and traditional machine learning techniques by
extracting hierarchical features with powerful representation capability. Research on cancer molecular images using deep learning
techniques is also increasing dynamically. Hence, in this paper, we review the applications of deep learning in molecular imaging
in terms of tumor lesion segmentation, tumor classification, and survival prediction. We also outline some future directions in
which researchersmay developmore powerful deep learningmodels for better performance in the applications in cancermolecular
imaging.

1. Introduction

With increasing incidence and mortality, cancer has always
been a leading cause of death for many years. According to
American Cancer Society, there are around 1,685,210 new
cases and 595,690 deaths in 2016 [1]. It was reported that the
5-year survival rate for the cancer patients diagnosed in early
stage was as high as 90% [2]. In this regard, early and precise
diagnosis is critical for better prognosis of cancer.

Molecular imaging is an imaging technique to visualize,
characterize, andmeasure biological procedures at molecular
and/or cellular level [3] and has been considered as a
powerful tool for early detection of cancer. Compared with
anatomical imaging techniques, molecular imaging is more
promising in diagnosing cancer in the early stage, as it is
capable of signaling themolecular or physiological alterations
in cancer patients which may happen before the obvious

anatomical changes. Molecular imaging is also helpful in
individualized therapy as it can reflect the treatment response
at themolecular level.Therefore, molecular imaging has been
widely used in cancer management.

The current molecular imaging modalities in clinical
practice include contrast-enhanced computed tomography
(CT), contrast-enhanced magnetic resonance (MR) imaging,
MR spectroscopy, and nuclear medicine such as single pho-
ton emission computed tomography (SPECT) and positron
emission tomography (PET). Visual assessment conducted by
the radiologists is the most common way to analyze these
images. However, subtle changes in molecular images may
be difficult to detect by visual inspection as the target-to-
background ratio in these images is not that significant. In
addition, visual interpretation by clinicians not only is time-
consuming but also usually causes large variations across
interpreters due to the different experience.
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The emerging intelligent techniques are of great potential
in solving these problems by making the image interpreta-
tion automated. Machine learning-based image processing
has been widely used in the domain of medical imaging
analysis. Conventional machine learning techniques require
the artificial intervention of feature extraction and selection
and thus are still somehow subjective. In addition, the subtle
and distributed changesmay be ignored with artificial feature
calculation and selection. Fully automated techniques are
expected to integrate the local and global information for
more accurate interpretation. Deep learning as a state-of-
the-art machine learning technique may solve the challenges
aforementioned by abstracting higher level features and
improving the predictions from data with deep and complex
neural network structures [4].

1.1. Deep Learning. The deep architectures and algorithms
have been summarized [5, 6]. Compared with the conven-
tional machine learning techniques, deep learning has shown
some advantages [5, 6]. First, deep learning can automatically
acquire much richer information in a data-driven manner
and these features are usually more discriminative than
the traditional hand-crafted features. Second, deep learning
models are usually trained in an end-to-end way; thus the
feature extraction, feature selection, and classification can
be conducted and gradually improved through supervised
learning in an interactive manner [7]. Therefore, deep learn-
ing is promising in a wide variety of applications including
cancer detection and prediction based onmolecular imaging,
such as in brain tumor segmentation [8], tumor classification,
and survival prediction. Deep learning-based automated
analysis tools can greatly alleviate the heavy workload of
radiologists and physicians caused by the popularity of
molecular imaging in early diagnosis of cancer as well as
enhance the diagnostic accuracy, especially when there exist
subtle pathological changes that cannot be detected by visual
assessment.

Deep learning-based methods mainly include con-
volutional neural networks (CNN), restricted Boltzmann
machines (RBMs), autoencoder, and sparse coding [9].
Among them, CNN and autoencoder have been widely
applied in cancer molecular imaging. To our best knowl-
edge, CNN models are especially the most commonly used
methods with more powerful architecture and flexible con-
figuration to learn more discriminative features for more
accurate detection [10]. A typical CNN architecture for image
processing consists of three types of neural layers, including
the convolutional layers, the pooling layers, and the fully
connected layers. The convolutional layer contains a series of
convolution filters, which can learn the features from training
data through various kernels and generate various feature
maps. A pooling layer is generally applied to reduce the
dimension of feature maps and network parameters, and a
fully connected layer is used to combine the feature maps as
a feature vector for classification. Because the fully connected
layers require a large computational effort during the training
process, they are often replaced with convolutional layers to
accelerate the training procedure [11, 12]. On the other hand,
autoencoder is based on the reconstruction of its own inputs

and is optimized by minimizing the reconstruction error
[9].

1.2. Literature Selection and Classification. The papers on
diverse applications of deep learning in different molecu-
lar imaging of cancer published from 2014 onwards were
included. This review contains 25 papers and is organized
according to the application of deep learning in cancer
molecular imaging, including tumor lesion segmentation,
cancer classification, and prediction of patient survival.
Table 1 summarizes the 13 different studies on tumor lesion
segmentation, while Table 2 summarizes the 10 different
studies on cancer classification. Two interesting papers on
prediction of patient survival are also reviewed (Table 3). To
our best knowledge, there is no previous work making such a
comprehensive review on this issue. In this regard, we believe
this survey can present radiologists and physicians with the
application status of advanced artificial intelligent techniques
inmolecular images analysis and hence inspire more applica-
tions in clinical practice. Biomedical engineering researchers
may also benefit from this survey by acquiring the state of the
art in this field or inspiration for better models/methods in
future research.

2. Deep Learning in Tumor
Lesion Segmentation

Accurate tumor segmentation plays an essential role in treat-
ment planning and the assessment of radiotherapy treatment
efficacy. Studies have focused on tumor segmentation based
on deep learning andmolecular imaging, aiming at providing
powerful tools for clinicians to automatically and accurately
delineate lesions for better diagnosis and treatment.

Postcontrast T1W-MRI is amolecular imaging technique,
which is of great help in delineating the enhancing lesions
and necrotic regions. Indeed, deep learningmodels have been
trained with multimodality MRI data, including contrast-
enhanced T1W, to achieve better performance in brain tumor
segmentation.

Deep neural networks (DNN) were found effective for
task-specific high-level feature learning [13] and thus were
used to detect MRI brain-pathology-specific features by
integrating information frommultimodal MRI. In four brain
tumor patients, Zhou et al. [14] applied the incremental
manifold learning [15] and DNN models to predict tumor
progression, respectively. For incremental manifold learning
system, feature extraction consists of three parts: landmark
selection using statistical sampling methods, manifold skele-
ton identification from the landmarks, and inserting out-of-
bag samples into the skeleton with Locally Linear Embedding
(LLE) algorithm [16, 17]. Fisher score and Gaussian mixture
model (GMM) were employed for feature selection and
classifier training, respectively. For DNN, feature extraction,
feature selection, and classification were achieved in the same
deep model by pretraining the model in an unsupervised
way and then fine-tuning the model parameters with label.
Though the average result produced by deep neural network
models was just a little better than that of the incremental
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Table 1: Comparison of the performance of different deep learning-based segmentation methods.

Publication Type of images Proposed methods Comparison baseline
Method Results Method Results

Zhou et al. [14] Multiple MRI DNN
average = 0.864

(average of SEN, SPE
and PRE)

Manifold learning Average = 0.849

Zikic et al. [19] BRAST 2013 CNN HGG (complete):
ACC = 0.837 ± 0.094 RF HGG: ACC = 0.763 ±

0.124

Lyksborg et al. [20] Multimodal MRI CNN Dice = 0.810, PPV =
0.833, SEN = 0.825

Axially trained 2D
network

Dice = 0.744, PPV =
0.732, SEN = 0.811

Dvořák and Menze
[23] BRATS 2014 CNN HGG (complete):

Dice = 0.83 ± 0.13 — —

Pereira et al. [24] BRATS 2015 CNN

LGG (complete): DSC
= 0.86, PPV = 0.86,

SEN = 0.88
HGG (complete):
DSC = 0.87, PPV =
0.89, SEN = 0.86
Combined: DSC =

0.87, PPV = 0.89, SEN
= 0.86

— —

Pereira et al. [25] BRATS 2013 CNN DSC = 0.88, PPV =
0.88, SEN = 0.89

Tumor growth model
+ tumor shape prior +

EM

DSC = 0.88, PPV =
0.92, SEN = 0.84

Havaei et al. [27] BRAST 2013 INPUTCASCADECNN Dice = 0.88, SPE =
0.89, SEN = 0.87 RF Dice = 0.87, SPE =

0.85, SEN = 0.89

Kamnitsas et al.
[29] BRATS 2015 Multiscale 3D CNN + CRF

DSC = 0.849,
PREC = 0.853,
SEN = 0.877

— —

Yi et al. [32] BRATS 2015 3D fully CNN ACC = 0.89 GLISTR algorithm ACC = 0.88
Casamitjana et al.
[33] BRATS 2015 Three different 3D fully

connected CNNs
ACC =

0.9969/0.9971/0.9971 — —

Zhao et al. [36] BRATS 2013 3D fully CNN + CRF
Dice = 0.87,
PPV = 0.92,
SEN = 0.83

CNN
Dice = 0.88,
PPV = 0.88,
SEN = 0.89

Alex et al. [38] BRATS 2013/2015 SDAE ACC = 0.85 ±
0.04/0.73 ± 0.25 — —

Ibragimov et al.
[39]

CT, MR and PET
images CNN Dice = 0.818 — —

Notes. BRAST = multimodal brain tumor segmentation dataset, including four MRI sequences (T1W, T1-postcontrast (T1c), T2W, and FLAIR); CNN =
convolutional neural networks; HGG = high-grade gliomas; ACC = accuracy; RF = random forests; DNN = deep neural network; Average = the average
values of sensitivity, specificity, and precision; LGG = low-grade gliomas; PPV = positive predictive value; SEN = sensitivity; DSC = dice similarity coefficient;
INPUTCASCADECNN = cascaded architecture using input concatenation; EM = expectation maximization algorithm; SPE = specificity; PREC = precision;
GLISRT (glioma image segmentation and registration); CRF = conditional random fields; SDAE = stacked denoising autoencoder.

manifold learning due to the limited training samples, DNN
still demonstrated great potential for the clinical applications.

Various 2D CNN and 3D CNN models were proposed
for brain tumor segmentation and were evaluated on pub-
lic databases such as brain tumor segmentation (BRATS)
challenges [18]. The data from BRATS consists of four MRI
sequences, including T1W, T1-postcontrast (T1c), T2W, and
FLAIR.

2DCNNswere firstly applied for 3Dbrain tumor segmen-
tation with consideration of less modification to the existing
models and less computational load. Zikic et al. [19] used
a standard CNN architecture with two convolutional layers:

one followed by a max-pooling layer and the other followed
by a fully connected layer and a softmax layer. Standard inten-
sity preprocessing was used to remove scanner difference
but without any postprocessing for the CNN output. They
tested the proposed method on 20 high-grade cases from
the training set of the BRATS 2013 challenge and obtained
promising preliminary results. Actually, the 2D CNNs may
not be sufficiently powerful for 3D segmentation; thus the
information extracted axially, sagittally, and coronally should
be combined. Lyksborg et al. [20] proposed a method based
on an ensemble of 2D CNNs to fuse the segmentation from
three orthogonal planes. The GrowCut algorithm [21] was
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Table 2: Comparison of the performance of deep learning-based classification methods.

Publication Type of images Proposed methods Comparison baseline
Method Results Method Results

Reda et al. [40] DW-MRI SNCAE ACC = 1, SEN = 1, SPE =
1 𝐾

∗ ACC = 0.943, SEN =
0.943, SPE = 0.944

Reda et al. [41] DW-MRI SNCAE ACC = 1, SEN = 1, SPE =
1, AUC ≈ 1 𝐾

∗

ACC = 0.943, SEN =
0.962, SPE = 0.926,

AUC = 0.93

Zhu et al. [42] T2-weighted, DWI
and ADC SAE

SBE = 0.8990 ± 0.0423,
SEN = 0.9151 ± 0.0253,
SPE = 0.8847 ± 0.0389

HOG features

SBE = 0.8814 ±
0.0534, SEN = 0.9191
± 0.0296, SPE =
0.8696 ± 0.0563

Akkus et al. [43] T1-postcontrast (T1C)
and T2 Multiscale CNN ACC = 0.877, SEN =

0.933, SPE = 0.822 — —

Pan et al. [44] BRATS 2014 CNN SEN = 0.6667, SPE =
0.6667 NN SEN = 0.5677, SPE =

0.5677
Hirata et al. [45] FDG PET CNN ACC = 0.88 SUVmax ACC = 0.80
Hirata et al. [46] MET PET CNN ACC = 0.888 ± 0.055 SUVmax ACC = 0.66

Teramoto et al. [47] PET/CT CNN SEN = 0.901, with 4.9
FPs/case Active contour filter SEN = 0.901, with 9.8

FPs/case

Wang et al. [48] FDG PET CNN

ACC = 0.8564 ± 0.0809,
SEN = 0.8353 ± 0.1385,
SPE = 0.8775 ± 0.1030
AUC = 0.9086 ± 0.0865

AdaBoost + D13

ACC = 0.8505 ±
0.0897, SEN = 0.8565
± 0.1346, SPE =

0.8445 ± 0.1261 AUC
= 0.9143 ± 0.0751

Antropova et al.
[51] DCE-MRI CNN ConvNet AUC = 0.85 — —

Notes. DW-MRI = diffusion-weighted magnetic resonance images; SNCAE = stacked nonnegativity-constrained autoencoders; ACC = accuracy; SEN =
sensitivity; SPE = specificity; AUC = area under the receiver operating characteristic curve;𝐾∗ =𝐾-Star, a classifier implemented inWeka toolbox [59]; DWI =
diffusion-weighted imaging; ADC = apparent diffusion coefficient; SAE = stacked autoencoder; SBE = section-based evaluation; HOG = histogram of oriented
gradient; CNN= convolutional neural network; BRATS =multimodal brain tumor segmentation dataset, including fourMRI sequences (T1W, T1-postcontrast,
T2W, and FLAIR); NN = neural network; FDG = fluorodeoxyglucose; PET = positron emission tomography; SUVmax =maximum standardized uptake value;
MET = 11C-methionine; CT = computed tomography; FP = false positive; AdaBoost = adaptive boosting; D13 = 13 diagnostic features.

Table 3: Comparison of the performance of deep learning-based survival prediction methods.

Publication Type of images Proposed methods Comparison baseline
Method Results Method Results

Liu et al. [52] MRI CNN + RF ACC = 0.9545 CHF ACC = 0.9091
Paul et al. [54] Contrast-enhanced CT CNN + SUFRA + RF AUC = 0.935 TQF + DT AUC = 0.712
Notes. MRI = magnetic resonance imaging; CNN = convolutional neural network; RF = random forest; ACC = accuracy; CHF = conventional histogram
feature; CT = computer tomography; SUFRA = symmetric uncertainty feature ranking algorithm [60]; AUC = area under the receiver operating characteristic
curve; TQF = traditional quantitative features; DT = decision tree.

also applied to smooth the segmentation of the complete
tumor for postprocessing. They achieved better performance
than axially trained 2D network and the ensemble method
without GrowCut on BRATS 2014. It is worth noting that the
combination of information fromdifferent orthogonal planes
and the application of postprocessing algorithm contributed
to this enhancement.

Instead of applying a known postprocessing algorithm
such as Markov Random Fields (MRF) [22] for smoother
segmentation, useful information provided by the neighbor-
ing voxels can also be integrated through the local structure
prediction by taking the local dependencies of labels into
consideration. Dvořák and Menze [23] proposed a method

combining local structure prediction and CNN, where 𝐾-
means was used for generation of the label patch dictionary
and then CNN was used for input prediction. Both labels of
the neighboring pixels and the center pixels were taken into
account in thismethod.They obtained state-of-the-art results
on the BRATS 2014 dataset for brain tumor segmentation.

The main challenges of CNN lie in overfitting caused
by the large amount of parameters and time-consuming
training process. Some studies have applied appropriate
training strategies to solve these problems. Pereira et al. [24,
25] used a deep CNN for the segmentation of gliomas in
multisequence MRI and applied Dropout [26], leaky rectifier
linear units, and small convolutional kernels to address
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Figure 1: Framework of the proposed method. Image courtesy of Sérgio Pereira, Adriano Pinto, Victor Alves, and Carlos A. Silva, University
of Minho.

HGG

LGG

T1W T1c T2W FLAIR Segmentation

Figure 2: Example of brain tumor segmented into different tumor classes (green, edema; blue, necrosis; yellow, nonenhancing tumor; red,
enhancing tumor) by the proposed method. Image courtesy of Sérgio Pereira, Adriano Pinto, Victor Alves, and Carlos A. Silva, University of
Minho.

overfitting (Figure 1). They used different CNN architectures
for low-grade glioma (LGG) and high-grade glioma (HGG).
The convolutional layers were halved in the architecture for
LGG. Data augmentation was employed in this study and
was found useful. The examples of segmentation were shown
in Figure 2. They obtained the first place on a 2013 public
challenge dataset, and the second place in an on-site 2015
challenge. Proper structure improvement can accelerate the
training process. Havaei et al. [27] proposed a variety of CNN
models based on two-pathway and cascaded architectures,
respectively, for tackling brain tumor segmentation, incorpo-
rating both local features andmore global contextual features
simultaneously. Their CNN allowed a 40-fold speed up using
a convolutional implementation of a fully connected layer as a
final layer. In addition, a 2-phase training procedure can solve
the problem due to the imbalance of tumor labels. Compared
to the currently published state-of-the-art methods, the
results that Havaei et al. [27] reported on the 2013 BRATS
test dataset was over 30 times faster. In addition, the cascaded
method made refinement for the probability maps generated

by the base model, which made them one of the top 4 teams
in BRATS 2015 [28].

To make full use of 3D information, 3D CNNs have been
also developed in the recent two years for better segmentation
performance. With consideration of the limitations in the
existing models, a 3D CNN with a dual pathway and 11 layers
was devised by Kamnitsas et al. [29]. The computational
load of processing multimodal 3D data was also reduced
by an efficient training scheme with dense training [30].
Due to conditional random fields (CRF) with the strong
regularization ability for improving the segmentation, a 3D
fully connected CRF [31] was incorporated with the proposed
multiscale 3D CNN to remove false positive effectively.
The proposed model was employed on BRATS 2015 for
generalization testing and achieved top ranking performance.

Limited sample size is a key factor affecting the CNN
performance. Yi et al. [32] proposed a 3D fully CNN with
a modified nontrained convolutional layer that was able
to achieve the enlargement of the training data size by
incorporating information at pixel level instead of patient
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level. The proposed method was evaluated on BRATS 2013
and BRATS 2015 and achieved superior performance.

Casamitjana et al. [33] tested three different 3D fully
connected CNNs on the training datasets of BRATS 2015.
The three models were based on the VGG architecture [34],
learning deconvolution network [35], and a modification of
multiscale 3D CNN [29] presented above, respectively. All
thesemodels obtained promising preliminary results, with an
accuracy of 99.69%, 99.71%, and 99.71%, respectively.

Zhao et al. [36] proposed a method based on the integra-
tion of fully CNN and CRF [37]. In addition, this slice-by-
slice tumor segmentation method enabled the acceleration
of the segmentation process. The proposed method finally
achieved comparative performance with the combination of
FLAIR, T1c, and T2 images from BRATS 2013 and BRATS
2016 than those results on the combination of FLAIR, T1c, T1,
and T2 images, which suggested that the proposed method
was powerful and promising.

The requirement of large training database with manual
labels constrains the application of CNN-basedmodels, since
manual annotations are usually unavailable or intractable in a
large dataset.Therefore, semisupervised orweakly supervised
learning should be considered as a substitute to supervised
learning. Autoencoder-based models have shown advantage
in model training with unlabeled data. Alex et al. [38]
proposed a method based on weakly supervised stacked
denoising autoencoders to segment brain lesion as well as
reduce false positive. Due to the LGG samples in a limited
size, transfer learning was employed in this study. LGG
segmentation was achieved using a network pretrained by
large HGG data and fine-tuned by limited data from 20
LGG patients. The proposed method achieved competitive
performance on unseen BRATS 2013 and BRATS 2015 test
data.

Besides lesion detection, accurate segmentation is also
essential to radiotherapy planning. For head and neck can-
cer, Ibragimov et al. [39] proposed a classification scheme
for automated segmentation of organs-at-risk (OARs) and
tongue muscles based on deep learning and multimodal
medical images including CT, MR, and PET. The promising
results presented in this comprehensive study suggested that
deep learning has great potential in radiotherapy treatment
planning.

Regarding tumor segmentation, deep learning models
can learnmore abstract information or high-level feature rep-
resentation from images and thus achieve better performance
than those methods based on shallow structures. In addition,
the combination of deep and shallow structures is more
powerful than the single deep learning model. However, the
challenges of deep learningmodels mainly lie in how to avoid
overfitting and to accelerate the training process. Specific
techniques such as Dropout, Leaky Rectifier Linear Units,
and small convolutional kernels have been developed to
address overfitting, and proper improvements of deep learn-
ing architectures have been made to accelerate the training.
It is worth noting that the dataset used in these studies were
multimodal; thus the information provided by the molecular
imaging and anatomical imaging can be integrated effectively.
The integrated informationmay be utilized efficiently by deep

learning models and thus contribute to better segmentation
performance.

Since 2013, the dataset of BRATS benchmark was divided
into five classes according to the pathological features pre-
sented in different modalities. Each class has a specific man-
ual label, including healthy, necrosis, edema, and nonenhanc-
ing and enhanced tumor. In addition, three tumor regions
were defined as the gold standard of segmentation, including
complete tumor region (necrosis, edema, and nonenhancing
and enhanced tumor), core tumor region (necrosis and
nonenhancing and enhanced tumor), and enhancing tumor
region (enhanced tumor). Generally, deep learning mod-
els achieved best performance in HGG segmentation. The
relatively poor performance in LGG segmentation may be
caused by sample imbalance, since less LGG patients were
included in the BRATS benchmark. Besides, the inherent
class imbalance of the dataset was also likely to lead to the
poor performance in enhancing tumor region segmentation.
For example, the real proportion of five classes in BRATS
2015 is 92.42%, 0.43%, 4.87%, 1.02%, and 1.27% for healthy,
necrosis, edema, and nonenhancing and enhancing tumor,
respectively [29].

3. Deep Learning in Cancer Classification

For early detection of prostate cancer, deep learning tech-
niques such as CNN and stacked autoencoders (SAE) have
been applied on diffusion-weighted magnetic resonance
images (DW-MRI) and multiparametric MRI. Reda et al.
[40] used the cumulative distribution function (CDF) of
refined apparent diffusion coefficient (ADC) for the prostate
tissues at different 𝑏-values as global features and trained
a deep autoencoder network with stacked nonnegativity-
constrained autoencoders (SNCAE) for classification of
benign and malignant prostate tumors. Reda et al. [41] also
proposed an automated noninvasive CAD system based on
DW-MRI and SNCAE for diagnosing prostate cancer. There
were three steps for the proposed scheme: (i) localizing and
segmenting prostate with a deformable nonnegative matrix
factorization- (NMF-) based model; (ii) constructing the
CDF of estimated ADC as extracted discriminatory char-
acteristics; (iii) classifying benign and malignant prostates
with SNCAE classifier (Figure 3).The SNCAE-based method
proposed by Reda et al. [41] has achieved excellent classifica-
tion performance on the DW-MRI data from 53 subjects, but
this method still needs several preprocessing steps leveraging
hand-crafted features, which may greatly affect the compu-
tational load of the classification. Zhu et al. [42] proposed a
method based on SAE and multiple random forest classifiers
for prostate cancer detection, in which a SAE-based model
was employed to extract latent high-level feature represen-
tation from multiparametric MR images for the first step;
then multiple random forest classifiers were implemented for
refinement of prostate cancer detection results. Though the
proposed method has been proved effective on 21 prostate
cancer patients, it should still be further validated on a large
sample.

CNN has been widely used in brain tumor evaluation,
grading, and detection. The codeletion of chromosome arms
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Figure 3: Framework of the DW-MRI CAD system for prostate cancer classification. Image courtesy of Islam Reda et al.

1p/19q status prediction is clinically important for it plays
an important role in treatment planning of LGG. To find
out a potential noninvasive alternative to surgical biopsy
and histopathological analysis, Akkus et al. [43] applied
multiscale CNN to predict 1p/19q status for effective treat-
ment planning of LGG based on T1c and T2W images. The
results suggested that artificial data augmentation potentially
enhance the performance by improving generalization ability
of themultiscale CNNand avoiding overfitting. Pan et al. [44]
compared the performance of Neural Networks (NN) and
CNN for brain tumor grading.They found that CNN outper-
formed NN for grading, but the more complex structure of
CNN did not show better results in the experiment. Because
different treatment strategies are needed for glioblastoma and
primary central nervous system lymphoma, it is clinically
important to differentiate them form each other. Hirata et
al. [45] applied CNN for differentiation of brain FDG PET
between glioblastoma and primary central nervous system
lymphoma (PCNSL). The method supplemented by the
manual-drawing ROIs achieved higher overall accuracy on
both slice-based and patient-based analysis than that without
ROI masking, which suggested that CNN may be more
powerful combined with an appropriate tumor segmentation
technique. To achieve fully automated quantitative analysis
of the brain tumor metabolism based on 11C-methionine
(MET) PET, Hirata et al. [46] applied CNN to extract
the tumor slices from the whole brain images based on
MET PET and achieved better classification performance
than maximum standardized uptake value (SUVmax) based
method. With high specificity, the CNN technique has been
proven to be effective in detecting the slices with tumor
lesions on MET PET from 45 glioma patients as a slice
classifier.

CNN has been applied in computer-aided detection of
lung tumors. Teramoto et al. [47] proposed an ensemble
false positive- (FP-) reductionmethod based on conventional
shape/metabolic features and CNN technique. The proposed
method removed approximately half of the FPs in the
previous methods. Wang et al. [48] compared CNN and
four classical machine learning methods (random forests,
support vector machines, adaptive boosting, and artificial

neural network) for the classification of mediastinal lymph
nodemetastasis of non-small-cell lung cancer (NSCLC) from
18F-FDG PET/CT images. In this study, it was reported that
CNN was not significantly different from the best traditional
methods or human doctors for classifying mediastinal lymph
node metastasis of NSCLC from PET/CT images.

The training data of a small size is considered as the
main reason for the limited performance of deep learning.
Khan and Yong [49] reported that the hand-crafted features
outperformed the deep learned features in medical image
modality classification with small datasets. Cho et al. [50]
presented a study on determining howmuch training dataset
is necessary to achieve high classification accuracy. With
CNN, the accuracy of different body part (like brain, neck,
shoulder, etc.) classification based on CT images was greatly
improved as the training sample size increased from 5 to
200. CNN with deeper architecture might outperform other
approaches by increasing the training data and applying
the training strategy of transfer learning and fine-tuning
[13]. Transfer learning has been used in medical imaging
applications, as a key strategy to solving the problem of
insufficient training data. Antropova et al. [51] used the CNN
architectureConvNet pretrained byAlexNet on the ImageNet
database for breast cancer classification on dynamic contrast-
enhanced MR images (DCE-MRI) and showed that transfer
learning can enhance the predicting performance of breast
cancer malignancy. Transfer learning is commonly used
in CNN-based models for network initialization when the
training data is limited and the fine-tuning of the parameters
is usually required for the specific tasks. However, the the-
oretical understanding on why transfer learning accelerates
the learning process and improves the generalization ability
remains unknown.

Deep learning has been applied for the classification of
prostate cancer, brain tumor, lung tumor, and breast cancer
based on molecular imaging. Most studies mentioned above
have proven the better performance of deep learning, but
a few studies indicated that the results achieved by deep
learning models were not significantly better than the best
conventional methods. The various results suggested that
deep learning models with well-designed architecture have
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great potential to achieve excellent classification perfor-
mance. Besides, deep learningmodelsmay achieve better per-
formance combined with shallow structures for contextual
information integration. Sufficient training data is required
to prevent overfitting and to improve generalization ability,
which is still a challenge in many applications. In practice,
data augmentation, pretraining, and fine-tuning were often
applied to tackle these problems.

4. Deep Learning in Survival Prediction

Besides tumor segmentation and classification, deep learning
has also been employed in predicting patients’ survival. Liu
et al. [52] applied the CNN-F architecture [53] pretrained
on ILSVRC-2012 with the ImageNet dataset for predicting
survival time based on brain MR images, achieving the
highest accuracy of 95.45%. Paul et al. [54] predicted short-
and long-term survivors of non-small-cell adenocarcinoma
lung cancer on contrast CT images, with 5 postrectified linear
unit features extracted from a VGG-F pretrained CNN and
5 traditional features. They obtained an accuracy of 90%
and AUC of 0.935. With high accuracy, pretrained CNN
architectures may have potential to predict survival of cancer
patients in the future.

5. Trends and Challenges

Along with the promising performance achieved by deep
learning in molecular imaging of cancer, challenges and
inherent trends have been posed in the following aspects.

Firstly, although deep learning has outperformed other
methods based on shallow structures and achieved promising
results, the underlying theory needs to be further investi-
gated. The numbers of layers and nodes in each layer are
usually determined by experience, and the learning rate and
the regularization strength are chosen subjectively. Two key
components should be considered for devising the deep
learning model: the architecture and the depth. For model
configuration, different architectures should be evaluated for
the specific task.

Secondly, the insufficient data is a common challeng-
ing when employing deep learning techniques in many
applications. In this case, effective training schemes should
be exploited to cope with this problem. The strategies of
data augmentation, pretraining, and fine-tuning have been
applied in some studies, but the underlying mechanism of
some of these strategies still remains unclear. It is suggested
that public database of molecular imaging should be estab-
lished. In addition, integrating information frommultimodal
imaging may improve the model performance. Moreover, it
is worth noting that the sample imbalance should be avoided
during training process by keeping the balance of sample size
between the subtypes of a specific cancer.

Thirdly, as manual annotations are difficult or expen-
sive in a large dataset, semisupervised and unsupervised
learning are highly required in the future development [4].
Unsupervised learning and the generation of features layer
by layer has made the deep architecture training possible
and has improved the signal-to-noise ratio at lower levels

compared to supervised learning algorithm [55–57], while
semisupervised methods may achieve a good generalization
capability and superior performance compared to unsuper-
vised learning [14].

Finally, given that the abstract information extracted by
deep learning models is not well understood, the correlation
between the high-level feature and clinical characteristics
in molecular imaging should be established to increase
the reliability of deep learning techniques. Typically, these
clinical characteristics of molecular imaging include the
expression and activity of specific molecules (e.g., proteases
and protein kinases) and biological processes (e.g., apoptosis,
angiogenesis, and metastasis) [58]. Ideally, the relationship
between the features output in each layer and the clinical
characteristics acquired by surgical biopsy and pathological
analysis is expected to be validated. In that case, the layers
without significant correlation with clinical characteristics
can be removed, which may increase the effectiveness of the
proposed model and reduces computational resources.

6. Conclusion

We present a comprehensive review of diverse applications
of deep learning inmolecular imaging of cancer.The applica-
tions of deep learning in cancermainly included tumor lesion
segmentation, cancer classification, and survival prediction.
CNN-basedmodels aremost commonly used in these studies
andhave achieved promising results. Despite the encouraging
performance, studies are still required for further investiga-
tions about model optimization, public database establish-
ment, and unsupervised learning as well as of the correlation
between high-level features and clinical characteristics of
cancer. In order to solve these problems, clinicians and
engineers should work together by taking complementary
expertise and advantages. In conclusion, deep learning as
a promising and powerful tool will aid and improve the
application of molecular imaging in cancer diagnosis and
treatment.
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Objective. We aimed to propose an automatic method based on Support Vector Machine (SVM) and Dynamic Contrast-Enhanced
Magnetic Resonance Imaging (DCE-MRI) to segment the tumor lesions of head and neck cancer (HNC).Materials and Methods.
120 DCE-MRI samples were collected. Five curve features and two principal components of the normalized time-intensity curve
(TIC) in 80 samples were calculated as the dataset in training three SVM classifiers. The other 40 samples were used as the testing
dataset. The area overlap measure (AOM) and the corresponding ratio (CR) and percent match (PM) were calculated to evaluate
the segmentation performance. The training and testing procedure was repeated for 10 times, and the average performance was
calculated and compared with similar studies. Results. Our method has achieved higher accuracy compared to the previous results
in literature in HNC segmentation. The average AOM with the testing dataset was 0.76 ± 0.08, and the mean CR and PM were 79
± 9% and 86 ± 8%, respectively. Conclusion. With improved segmentation performance, our proposed method is of potential in
clinical practice for HNC.

1. Introduction

Head and neck cancer (HNC) is an aggressive cancer at
the head and neck region with high incidence in southern
China especially in Hong Kong and Guangdong [1]. Medical
imaging has been very important in the diagnosis and
treatment of HNC. Dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) is an imaging method in
which T1-weightedMRI scans are acquired dynamically after
injection ofMRI contrast agent, providing information about
the characteristics of the physiological procedure. DCE-MRI
tracks the diffusion of the contrast agent (a paramagnetic
substance, normally Gadolinium-based) over time into the
tissue by repeated imaging to reflect hemodynamic informa-
tion such as the formation and permeability of microvascular

in living tumor [2]. The DCE-MRI image stores the time-
intensity curve (TIC), which is different among tissues, like
cancer, normal soft tissue, bone, and so on. Compared with
the traditional MRI images and CT images, the differences
in DCE-MRI images among tissues are more characteristic
[3].

The diagnosis and treatment of HNC require accurate
tumor lesion segmentation. Regarded as the ground truth,
artificial segmentation operated by experienced radiologists
is nonetheless time-consuming, and the accuracy is limited
by the experience of radiologists. In recent years, auto-
matic segmentation has attracted much attention. Machine
learning algorithms have been applied in the segmentation
of HNC, such as supervised learning, unsupervised learn-
ing, semisupervised learning, and enhanced learning. These
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automatic segmentationmethodsmay reduce the subjectivity
and improve the quality in the segmentation tasks.

Among these methods, Support Vector Machine (SVM),
a supervised learning algorithm, has showed great superiority
with small sample size of data [4]. In this study we aimed to
develop an automatic segmentation method for HNC based
on DCE-MRI by using SVM.

2. Materials and Methods

2.1. DCE-MRI Data. In our study, all subjects were recruited
from The First Affiliated Hospital, Sun Yat-sen University.
DCE-MRI was performed on a 3.0-T system (Magnetom
Trio, Siemens) with field of view (FOV) of 22 × 22 ×
6 cm (AP × RL × FH), a flip angle of 15∘, and scanning
time of 6 minute 47 seconds with 65 dynamic scans, 5.9
seconds per scan. The contrast agent gadodiamide Gd-
DTPA (Omniscan; Nycomed, Oslo, Norway) was injected
intravenously as a bolus into the blood at around the 8th
dynamic acquisition using a power injector system (Spectris;
Medrad, Indianola, Pennsylvania), immediately followed by
a 25-mL saline flush at a rate of 3.5mL per second. The dose
of Gd-DTPAwas 0.1mmol/(kg body weight) for each patient.
The reconstructed DCE-MRI images were a 4D matrix (144
× 144 × 20 × 65) with 20 slices.

One hundred and twenty samples of DCE-MRI images
containing theHNC tumor lesions were used as our database.
Each sample was the DCE-MRI time series of a slice and thus
was a 144 × 144 × 65 matrix. Eighty samples were selected
randomly as the training dataset while the remaining 40
samples were the testing dataset to verify the accuracy of
segmentation.

2.2. Feature Extraction. Before extracting the features from
the TIC in the DCE-MRI images, we performed the normal-
ization as [8]

𝑖real (𝑡) =
𝑖𝑛 (𝑡) − 𝑖 (pre)
𝑖 (pre)

, (1)

where 𝑖real(𝑡) denotes the final normalized TIC, 𝑖𝑛(𝑡) denotes
the original TIC, and 𝑖(pre) denotes the average intensity in
the first eight scans (before the injection of contrast agent) of
𝑖𝑛(𝑡).

In several studies some features had already been
extracted from DCE-MRI images and successfully applied
to classify the tumors from the surrounding tissue [8, 9]. In
our study, with the normalized TIC (𝑖real(𝑡)), the same TIC
features were calculated. The maximum intensity was cal-
culated as

𝑖max = max (𝑖real (𝑡)) . (2)

The time of reaching the maximum intensity, namely, time to
peak, was calculated as

𝑖real (𝑡peak) = max (𝑖real (𝑡)) . (3)

The onset time was defined as the time to reach 10% of the
maximum signal intensity after the 8th time point:

𝑡onset = 𝑡10% − 𝑡8,

𝑖 (𝑡10%) = 𝑖max ∗ 10%.
(4)

The wash-in rate was defined as the mean gradient between
the two time points of 𝑡onset and the maximum intensity:

Δwashin =
(𝑖real (𝑡peak) − 𝑖real (𝑡onset))

(𝑡peak − 𝑡onset)
. (5)

The wash-out rate was defined as the mean gradient between
𝑡peak and the 65th time point:

Δwashout =
(𝑖real (𝑡peak) − 𝑖real (𝑡65))

(𝑡65 − 𝑡peak)
. (6)

Besides, we also used Principal Component Analysis
(PCA) [10] in this study to extract the principal components
of the TIC. We chose the first two components (the eigen-
vector with the two highest eigenvalues) from PCA results
and then multiplied them by the original data to produce
two features. These two new features were used in the seg-
mentation tasks.

2.3. SVM Training and Testing

2.3.1. SVM Training. For the training dataset of 80 samples,
we firstly carefully drew some rectangular regions of interest
(ROIs) for 4 regions, namely, the tumor lesions, the vessels,
the normal tissue, and the cavity. This was done by an
experienced radiologist (Dr. Wei Deng, 12 years’ experience
in Radiology) in ImageJ (National Institutes of Health,
Bethesda, MD) and double-checked by another experienced
radiologist with 14 years’ experience who were blind to our
study. We then calculated the mean TIC curve for the four
regions, respectively, in the 80 samples as

𝑖aver (𝑡, 𝑗) =
∑𝑘𝑗=1 𝑖 (𝑡, 𝑗)
𝑘
, 𝑡 = 1, . . . , 65, (7)

where 𝑖aver(𝑡, 𝑗) denotes the mean TIC in this ROI, 𝑖(𝑡, 𝑗)
denotes the TIC of a voxel, and 𝑘 denotes the total number
of voxels. Thus, with 80 samples, we obtained 80 × 4 average
TICs.We then calculated the 7 features (5 TIC characteristics,
and 2 by PCA) for all the 320 TICs. We labeled these features
with their corresponding type (tumor, vessel, normal tissue,
and cavity). These features and labels formed our training
dataset.

For SVM training, we used the MATLAB toolbox lib-
svm 3.17 (http://www.csie.ntu.edu.tw/∼cjlin/libsvm/). After
normalized across different samples, the training dataset was
used to train three SVM classifiers. We tried and compared
between the five curve features and the two PCA features and
selected the PCA features in training the SVM classifier for
classifying between cavity and the other three tissues, the 5
TIC features in classifying the normal tissue and blood vessels

http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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Figure 1: The time-intensity curve (TIC) of four regions before and after normalization.

from the other tissues.The radial basis function (RBF) kernel
was used in libsvm. The parameters of 𝐶 and 𝑔 in libsvm
3.17 were selected by cross-validation and the grid-search
technique.

2.3.2. SVM Testing. Before segmentation, a rectangular ROI
was roughly drawn in each of the 40 testing samples. We
then applied the three trained classifiers to these ROIs for
voxel-by-voxel classification. First, the voxels of vessels were
classified by the first classifier. Then the voxels in cavity were
also classified by the second classifier. Finally, the voxels in
normal tissues were also classified. We removed all the voxels
classified above, and thus the tumor lesions were ultimately
segmented.

To evaluate the segmentation performance of our
method, we compared the automated segmentation results
with the ground truth and calculated the area overlap mea-
sure (AOM) as

AOM = 𝐴𝑅 ∩ 𝐴𝐺
𝐴𝑅 ∪ 𝐴𝐺

, (8)

where 𝐴𝑅 is the segmentation results and 𝐴𝐺 is the ground
truth. Again, the ground truth for the tumor lesions in these
40 testing samples was manually drawn by an experienced
radiologist (Dr. Wei Deng) and double-checked by another
experienced radiologist with 14 years’ experience who was
blind to our study.

To evaluate the superiority of our proposed method to
other studies, the corresponding ratio (CR) and percent
match (PM) were also calculated as

CR = TP − 0.5 × FP
GT

× 100%,

PM = TP
GT
× 100%,

(9)

where true positive (TP) denotes the correctly identified
tumor region, false positive (FP) denotes the tumor lesion
that was incorrectly predicted as nontumor tissue, and the

ground truth (GT) denotes the correct tumor region drawn
by the radiologist.We repeated the above training and testing
for 10 times in order to calculate themean value of AOM, CR,
and PM.

3. Results

The unnormalized and normalized TICs of four different
regions of one sample were shown in Figure 1. As shown,
after normalization, the TICs of different regions were well
distinguished between each other. Figure 2(a) shows the
average original TICs of different regions in a typical training
sample, and Figure 2(b) shows the two components selected
by PCA.

HNC tumor segmentation by using the proposedmethod
was successfully performed on the 40 testing samples. The
mean AOM was 0.76 with standard deviation of 0.08. Fig-
ure 3 shows four typical cases of HNC lesion segmentation,
including the ground truth in Figure 3(a) and the automated
segmentation results in Figures 3(b)–3(e).

The comparison of segmentation performance between
our method and the similar studies is summarized in Table 1.
By our method, the mean CR was 79 ± 9%, and the mean
PM was 86 ± 8%, which were both higher than those in the
previous studies.

4. Discussion

In this study, a SVM-based method for tumor segmentation
in DCE-MRI images of HNC was proposed. Experimental
results indicated that this proposed method could effectively
segment HNC lesions with high accuracy. We achieved an
average AOM of 0.76 ± 0.08. Compared with the SVM-based
method proposed in the previous studies [7], the CR value of
79 ± 9% (72 ± 6%) and the PM value 86 ± 8% (79 ± 7%) in our
study were both higher. Compared with othermethods about
HNC tumor segmentation [5–7], our method also showed
higher CR and PM values.

There may be several reasons for better performance
of our method. Firstly, the normalized TICs makes the
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Figure 2: The average original time-intensity curves (TICs) of different subregions in a region of interest (ROI) and the two components
extracted by using Principal Component Analysis (PCA). (a)The average TICs of different regions. (b)The two components selected by PCA
of the normalized TIC.

(a) (b) (c) (d) (e)

Figure 3: Examples of tumor segmentation results from four patients versus the ground truth. Row-wise, from top to bottom, corresponding
to 4 typical samples with AOM of 0.89, 0.79, 0.67, and 0.71, respectively. (a) Ground truth of the tumor drawn by an experienced radiologist
(in red); (b) the blood vessels identified by the first classifier (in white); (c) the cavity identified by the second classifier (in white); (d) the
normal tissue identified by the third classifier (in white); (e) the tumor region (in white) segmented by removing the voxels identified in (b),
(c), and (d) from the region of interest (ROI).

data dimensionless and comparable. As shown in Figure 1,
before normalization, the TICs of different tissues especially
blood vessel and tumor region are similar, while, after
normalization, they arewell distinguished andmeanwhile the
differences of TIC are more obvious.

In addition, the extraction and selection of features are
essential in segmentation tasks. We chose the features by

using PCA and the features of TIC change for the three
classifiers. On the one hand, we found that the classification
performance of the PCA features in cavity was more obvious.
As shown in Figure 2, by PCA, although only two principal
components are shown, the differences in curve variation are
still obvious and the computational expense is reduced. On
the other hand, we believed that the combination of different
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Table 1: Comparisons of PM and CR between the segmentation performance obtained by the proposed SVMmethod and other methods in
literature.

Studies Algorithm CRa PMb

Huang et al. [5] HMRFc 0.72 0.85
Ritthipravat et al. [6] Probabilistic Function 0.52 0.85
Zhou et al. [7] SVMd 0.72 ± 0.06 0.79 ± 0.07
Our proposed method SVM 0.79 ± 0.09 0.86 ± 0.08
aCorresponding ratio. bPercent match. cHidden Markov random field. dSupport vector machine.

SVM classifiers with different features improves the accuracy
of segmentation. In our method with three SVM classifiers,
blood vessel, cavity, and normal tissue have been classified
independently and successively (as shown in Figure 3). As
a supervised learning algorithm, SVM has shown a strong
learning ability [4]; thus, with more training samples, the
classification performance can be better.

Our study has several limitations. In fact, there is a thin
layer of mucosa membrane around the HNC tumor. This
tissue might be an obstacle while designing the algorithm
based on TIC features, because the TIC is quite similar to the
HNC tumor. In the future, we intend to incorporate the high-
resolutionMRI images for better classification between these
two. Another way to improve our method may be the deep
learning-based approaches, with which we may obtain more
discriminative features and yield improved performance [11].

5. Conclusion

We successfully proposed an automatic segmentation
method based on SVM for HNC. The results of this study
showed that the segmentation performance was superior to
previous studies. Our method, if was further verified with
more data, is of potential in the clinical practice of HNC
patient management.
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FSHR is an appealing target for cancer theranostics. Radiolabeled FSH1 and its derivatives have shown potential to in vivo detect
FSHR expression. However, moderate labeling yields (∼50% nondecay-corrected) may partially limit their wide use. 68Ga is an
excellent PET nuclide due to availability, nearly quantitative reaction, and short physical half-life. In this study, 68Ga labeled FSH1
peptide was developed for imaging of FSHR in cancers. In vitro studies and MicroPET imaging were performed in PC-3 prostate
tumor model. [68Ga] Ga-NOTA-MAL-FSH1 can be produced within 20 min with 93.2 ± 2.1% yield and the radiochemical purity
was greater than 95%. It showed that [68Ga] Ga-NOTA-MAL-FSH1 possessed FSHR binding affinities.The tracer was stable in PBS
and human serum for at least 2 hours. MicroPET imaging revealed that the PC-3 xenografts were clearly visualized and the tumor
uptakes were 1.87±0.10, 1.26±0.06, and 0.71±0.10% ID/g at 0.5, 1 h, and 2 h postinjection.The corresponding tumor to blood and
tumor to muscle ratios were 1.77 ± 0.70, 7.94 ± 1.35, and 10.37 ± 1.16 and 7.42 ± 0.46, 26.13 ± 2.99, and 36.40 ± 2.54, respectively.
FSHR binding specificity was also demonstrated by reduced tumor uptake of [68Ga] Ga-NOTA-MAL-FSH1 after coinjecting excess
unlabeled FSH1 peptide.The favorable characters of [68Ga] Ga-NOTA-MAL-FSH1 such as convenient synthesis and specific tumor
uptake warrant its further investigation for FSHR expression imaging.

1. Introduction

Follicle-stimulating hormone (FSH) is a central hormone in
mammalian reproductive biology. It promotes the mature
spermatogenesis for men and follicular maturation for
women, respectively. FSH receptor (FSHR) is a glycosylated
transmembrane protein belonging to the family of G-protein-
coupled receptors. In adult humans and animals, low levels of
FSHR were expressed only in endothelial cells of ovary and
testis [1–4].

Immunostaining showed that FSHRwas overexpressed in
the vasculatures of various solid tumors including prostate,
breast, lung, and ovarian cancer. On the contrary, healthy
and nonmalignant inflammatory tissues were always FSHR

negative [5]. These findings imply that the receptor may be a
target for cancer detection and image guided cancer surgery.
Moreover, the expression level of FSHR correlates strongly
with the response of tumors to antiangiogenic therapies.
One clinical study in patients found that the FSHR levels
in the primary tumors correlated well with the response
to antiangiogenic tyrosine kinase inhibitors (sunitinib) [6].
The percentage of FSHR stained vessels of the responsive
patients (∼60%) was significantly higher than those in the
stable or nonresponsive group (∼10% and ∼7%, resp.). These
characteristics render FSHR an attractive choice for tumor
theranostics. Using the FSHR-targeting strategy, paclitaxel
attached to FSH peptide was loaded into nanoparticles and
the compound displayed antitumor effects [7]. Meanwhile,
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Figure 1: Schemes for radiosynthesis of [68Ga] Ga-NOTA-MAL-FSH1.

a nanographene oxide conjugated to a monoclonal antibody
against FSHR was successfully developed for targeting deliv-
ery of therapeutics [8].

Besides therapy, noninvasive imaging of FSHR is of
benefit tomonitor biochemical changes and target abundance
within a testing subject. Radiolabeled peptides toward recep-
tors have attracted considerable interest for cancer imaging
due to fast clearance, high specificity, excellent tissue pene-
tration, and low immunogenicity [9–13]. Preliminary studies
revealed that 18FAl labeled FSH1 and its derivatives (FSH2)
possessed FSHR binding specificity and might be potential
probes to in vivo detect FSHR expression [13, 14]. However,
moderate labeling yields (∼50% nondecay-corrected) may
partially limit their wide use.

Compared with 18F, a metallic positron emitter, 68Ga,
can be conveniently obtained from an in-house 68Ge/68Ga
generator and independent of an onsite cyclotron. With a
half-life of 68min, it is also suitable for the pharmacokinetics
of many peptides. In addition, biomolecules can be labeled

with 68Ga by nearly quantitative reaction with macrocyclic
chelators. It allows possible kit formulation and accelerated
the application of the probes [15].

Previous studies showed that the uptake of 18FAl labeled
FSH1 in FSHR positive PC-3 xenograft was significantly
higher than those of FSH2 counterpart at 1 h postinjection
(2.64 ± 0.25% ID/g versus 1.88 ± 0.02% ID/g, resp.). FSH1
peptide may be more suitable for tumor imaging than FSH2
[13, 14]. In this study, FSH1 conjugated to maleimide-NOTA,
NOTA-MAL-FSH1, was labeled with 68Ga (Figure 1). The in
vitro affinity and the in vivo tumor targeting properties of
[68Ga] Ga-NOTA-MAL-FSH1 were also determined in PC-3
tumor models.

2. Materials and Methods

All commercial reagents were of analytical grade. FSH1
peptide was custom made by Apeptide Co., Ltd., (Shanghai,
China). NOTA-MAL-FSH1 was synthesized according to the
literature and the purity was greater than 95% [13].
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The conditions for HPLC system are as follows [16]: A
Waters high-performance liquid chromatography (HPLC)
system with a Waters 2998 photodiode array detector (PDA)
and a preparative C18 HPLC column (5𝜇m, 250 × 10mm,
Phenomenex) was used for peptide conjugated purification.
Theflow is 5ml/min, and themobile phase changed from95%
solvent 𝐴 (0.1% trifluoroacetic acid in water) and 5% solvent
𝐵 (0.1% trifluoroacetic acid in acetonitrile) (0–2min) to 35%
solvent 𝐴 and 65% solvent 𝐵 at 35min. The UV absorbance
was monitored at 218 nm.

The purities of compounds were analyzed by RP-HPLC
on a Waters Breeze system equipped with a Radiomatic
610TR flow scintillation analyzer (PerkinElmer) and aWaters
2487 dual 𝜆 absorbance detector. A Luna C18 column (5𝜇m,
250 × 4.6mm, Phenomenex) was used at a flow rate of
1ml/min with the following buffer system: buffer 𝐴, 0.1% v/v
trifluoroacetic acid in water; buffer 𝐵, 0.1% v/v trifluoroacetic
acid (TFA) in acetonitrile (ACN); and a gradient of 95%buffer
𝐴 at 0–2min to 35% buffer 𝐴 at 35min.

The HPLC chromatogram and MS spectrum of NOTA-
MAL-FSH1 were listed in Figure 2. MS measured 𝑚/𝑧
2968.5 for [M + H]+ (C133H210N36O39S, calculated molec-
ular weight, 2968.1) [13]; [68Ga] GaCl3 was eluted from a
68Ge/68Ga-generator (ITG, Germany) with 0.05MHCl. The
PC-3 humanprostate cancer cell linewas purchased fromCell
Bank of Shanghai Institutes for Biological Sciences.

2.1. Preparation of 68Ga-NOTA-MAL-FSH1. The fresh [68Ga]
GaCl3 (185MBq) was added to 300 𝜇L 1M HEPES buffer
and followed 20 𝜇g of NOTA-MAL-FSH1 (6.7 nmol) in 10 𝜇L
0.2M sodium acetate buffer (pH = 4). The mixture was
incubated at 100∘C for 10min. After being diluted with
10mL of deionized water, the complex was loaded into a
Varian BOND ELUT C18 column. The labeled peptide was
eluted with 200𝜇L 10mM HCl in ethanol. The product was
reconstituted in 3ml saline and passed through a 0.22 𝜇m
Millipore filter into a sterile vial. Radiochemical purity was
checked with the HPLC system.The retention time for 68Ga-
NOTA-MAL-FSH1 was 14.2min (Figure 3(a)).

2.2. Octanol/PBS Partition Coefficient. To an Eppendorf tube
filledwith 0.5mLof the radiolabeled peptide (10 𝜇L, 370KBq)
in phosphate-buffered saline (pH 7.4), 0.5mL of octanol was
added. After stirring for 2min at room temperature, the
two layers were separated by centrifugation. Radioactivity in
100 𝜇L of each layer was measured in a 𝛾-counter (Perkin-
Elmer), and log𝐷 values were calculated [17]. Experiments
were performed in triplicate.

2.3. Stability Studies. 10 𝜇L 370KBq [68Ga] Ga-NOTA-MAL-
FSH1 in saline was incubated in 200 𝜇L PBS or 200𝜇L human
serum for 30, 60, and 120min at 37∘C, respectively. The
stability of the labeled peptide in PBS was determined by
directly injecting an aliquot of the solution into the HPLC at
the preselected time points.

The serum was first mixed with 200 𝜇L acetonitrile to
precipitate the proteins. Subsequently, after centrifugation,
supernatant was collected and analyzed by radio-HPLC
[18]. Protein-binding fraction was calculated by dividing the

radioactivity of the precipitation layer by the total activity
used.

2.4. Cell Lines and Animal Models. PC-3 cells were cultured
and grown in F-12 nutrient (Thermo Fisher) mixture sup-
plemented with 10% (v/v) fetal bovine serum at 37∘C in an
atmosphere containing 5% CO2.

The PC-3 tumor model was generated by subcutaneous
injection of 5 × 106 cells into the right front flank of male
athymic nude mice (4 weeks old, SLAC Laboratory Animal
Co., Ltd., China).

The mice were used for MicroPET studies when the
tumor volume reached 100–300mm3, which took about 2
weeks. The animal experiments were conducted in compli-
ance with the national regulations and approved by local
animal welfare committee.

2.5. Competitive Cell-BindingAssay. Toobtain a homogenous
mixture, equivalent of natGaCl3 was added to [68Ga] Ga-
NOTA-MAL-FSH1 and the final solution incubated again for
10min. Binding affinities toward the FSHR for [68Ga] Ga-
NOTA-MAL-FSH1were determined in a competitive binding
assay onPC-3 tumor cells using FSH1 as a receptor ligand [19].
PC-3 cells in 6-well plates (2× 105 cells perwell) were cultured
until confluency. On the day of assay, cells were washed
with binding buffer (RPMI, 0.5% bovine serum albumin). A
range of 1 to 5000 nM FSH1 in binding buffer and 370KBq
[68/natGa] Ga-NOTA-MAL-FSH1 were added to each well.
After incubating at 37∘C for 2 h, medium was removed.
Then, cells were washed with binding buffer and extracted
from the wells by 0.1M NaOH. Cell-associated radioactivity
was determined in a 𝛾-counter (PerkinElmer). Experiments
were performed in triplicate. Inhibitory concentration of 50%
(IC50) values was determined by GraphPad Prism software
(version 5.0).

2.6. Cell Uptakes. PC-3 cells were suspended in 500𝜇L RPMI
1640 and seeded in 24-well tissues culture plates (1 × 105 cells
per well) for overnight incubation. After washing with PBS,
the cells were incubated with 370KBq [68Ga] Ga-NOTA-
MAL-FSH1 in the presence or absence of unlabeled FSH1
(to a final concentration of 1𝜇M) at 37∘C for 15, 30, 60, and
120min, respectively. The cells were washed 3 times with ice-
cold PBS and lysed in 0.5mL of 1.0M NaOH.The remaining
radioactivity was measured in the 𝛾-counter. Cell uptakes
were expressed as the percentage of added radioactive dose
(% AD). Experiments were performed in triplicate.

2.7.MicroPET Imaging. Mice was injected intravenously with
100 𝜇L 3.7MBq [68Ga]Ga-NOTA-MAL-FSH1 in saline under
isoflurane anesthesia and subjected to MicroPET imaging.
The breathing and body temperature of the mice were
monitored by BioVet CT1 system (M2M Imaging Corp.). For
the blocking experiment, unlabeled peptide (10mg/kg body
weight) and 3.7MBq [68Ga] Ga-NOTA-MAL-FSH1 were
coinjected into five mice. Static PET images were acquired
for 5min using an Inveon MicroPET/CT scanner (Siemens
Medical Solutions) at 30min, 1 h, and 2 h postinjection. The
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Figure 2: HPLC chromatogram (a) and MS spectrum (b) of NOTA-MAL-FSH1.
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Figure 3: HPLC radiochromatogram for (a) purified [68Ga]Ga-NOTA-MAL-FSH1 and (b) [68Ga]Ga-NOTA-MAL-FSH1 after 2 h incubation
in PBS and (c) [68Ga] Ga-NOTA-MAL-FSH1 after 2 h incubation in human serum.

quantification analysis of PET images was performed using
the same method as previously reported [13].

2.8. Biodistribution Studies. A number of twenty tumor bear-
ing mice were euthanized with isoflurane (inhalation excess)
and dissected at 0.5 h, 1 h, and 2 h (5 mice per time-point)
after administrating 740KBq [68Ga] Ga-NOTA-MAL-FSH1.
To determine the specific uptake, mice were coinjected with

the probe with 100 𝜇g of unmodified peptide and sacrificed
at 1 h p.i. Normal organs and tumors were collected and
weighed. The radioactivity was measured by the 𝛾-counter
and the percentage of injected dose per gram of tissue (%
ID/g) was determined.

2.9. Statistical Analysis. Statistical analyses were performed
using GraphPad Prism (version 5.0). Data were analyzed
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Table 1: Radiochemical purity (%) of [68Ga] Ga-NOTA-MAL-
FSH1 after 0.5, 1, and 2 h incubation in PBS and human serum,
respectively.

Medium Time (h)
0.5 1 2

PBS 96.7 ± 1.3 97.3 ± 1.2 97.9 ± 1.5

Serum 97.8 ± 0.9 96.9 ± 1.6 96.6 ± 1.1

using the unpaired, 2-tailed Student’s 𝑡-test. Differences at
the 95% confidence level (𝑝 < 0.05) were considered to be
statistically significant.

3. Results

3.1. Chemistry and Radiochemistry. The labeling was per-
formed within 20min, with a decay-corrected yield of 93.2 ±
2.1% (𝑛 = 5) and a radiochemical purity of more than
95%. The specific activity was determined to be at least
25GBq/𝜇mol.

3.2. In Vitro Characterization. The in vitro stability of the
68Ga labeled tracer was evaluated by incubating in PBS or
human serum at 37∘C, respectively. Protein-binding fraction
was determined to be 16.5±2.5%.Theprobe displayed high in
vitro stability and showed no degradation products or release
of 68Ga whether in PBS or human serum (Figures 3(b) and
3(c)). The radiochemical purities of [68Ga] Ga-NOTA-MAL-
FSH1 were greater than 95% after 2 h in vitro incubation
(Table 1).

The partition coefficient (log𝐷) of [68Ga] Ga-NOTA-
MAL-FSH1 was determined to be −3.12 ± 0.05.

3.3. Cell-Binding Assay. Thebinding of [68/natGa] Ga-NOTA-
MAL-FSH1 to the FSHR on PC-3 tumors was inhibited by
various concentrations of nonlabeled FSH1, and the IC50
values were 123.7 ± 1.21 nM (Figure 4).

3.4. Cell Uptake. As shown in Figure 5, [68Ga] Ga-NOTA-
MAL-FSH1 uptakes in PC-3 cells were 1.10±0.15, 1.39±0.20,
1.51 ± 0.19, and 1.52 ± 0.21% AD for incubating at 15, 30, 60,
and 120min at 37∘C, respectively. In the presence of blocking
agent, the cell uptakes were significantly reduced to 0.30 ±
0.07% AD after incubating at 60min, indicating the receptor
targeting specificity of the probe.

3.5. MicroPET Imaging. Representative coronal MicroPET
images of PC-3 tumor bearing mice (𝑛 = 5 per group) at dif-
ferent times after intravenous injection of 3.7MBq [68Ga]Ga-
NOTA-MAL-FSH1 are shown in Figure 6. PC-3 xenografts
were visible with high tumor-to-background contrast. The
tumor uptake of [68Ga] Ga-NOTA-MAL-FSH1 was deter-
mined to be 1.87 ± 0.10, 1.26 ± 0.06, and 0.71 ± 0.10% ID/g at
30, 60, and 120min (Table 2).

High activity accumulation was also observed in the
kidney (21.10 ± 3.64% ID/g at 1 h p.i.) which indicated that
68Ga labeled peptide was mainly cleared via the urinary
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Figure 5: Competition of specific bindings of [68Ga] Ga-NOTA-
MAL-FSH1 with FSH1.

system. The in vivo FSHR binding property of [68Ga] Ga-
NOTA-MAL-FSH1 was also confirmed by blocking studies.
Injection of a large excess of unlabeled FSH1 decreased PC-3
tumor uptakes to 0.31 ± 0.04% ID/g at 1 h postinjection.

3.6. Biodistribution Studies. The results of the biodistribution
studies are summarized in Table 3. The tumor uptake of
[68Ga] Ga-NOTA-MAL-FSH1 was significantly higher than
those in the blood and normal organs such as heart, liver,
spleen, bone, muscle, and testis at 0.5 h, 1 h, and 2 h postin-
jection (𝑝 < 0.01). Due to longer retention of the tracer in
tumor, the tumor to blood and tumor to muscle uptake ratios
were 1.77±0.70, 7.94±1.35, and 10.37±1.16 and 7.42±0.46,
26.13 ± 2.99, and 36.40 ± 2.54, respectively.
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Figure 6: In vivo PET imaging of PC-3 xenograftedmicewith [68Ga]Ga-NOTA-MAL-FSH1.Decay-correctedwhole-body coronalMicroPET
images of PC-3 tumor bearing mice at 30, 60, and 120min after injection of 3.7MBq [68Ga] Ga-NOTA-MAL-FSH1 without (a) and with (c)
blocking dose. Tumors are indicated by arrows. Quantification of [68Ga] Ga-NOTA-MAL-FSH1 in PC-3 tumor, liver, kidneys, and muscle
without (b) and with (d) blocking dose. ROIs are shown as mean % ID/g ± SD.

Table 2: Radioactivity accumulation (data obtained from MicroPET) in selected organs of PC-3 tumor bearing nude mice after injection of
[68Ga] Ga-NOTA-MAL-FSH1 at different time points (𝑛 = 5/group, mean ± SD).

Uptake (% ID/g) [68Ga] Ga-NOTA-MAL-FSH1 [68Ga] Ga-NOTA-MAL-FSH1 block
0.5 h 1 h 2 h 0.5 h 1 h 2 h

Tumor 1.87 ± 0.10 1.26 ± 0.06 0.71 ± 0.10 0.36 ± 0.08 0.31 ± 0.04 0.15 ± 0.03

Muscle 0.25 ± 0.02 0.21 ± 0.04 0.13 ± 0.03 0.28 ± 0.09 0.24 ± 0.03 0.11 ± 0.01

Liver 0.80 ± 0.07 0.44 ± 0.06 0.57 ± 0.12 0.23 ± 0.07 0.15 ± 0.03 0.12 ± 0.06

Kidney 18.69 ± 3.44 21.10 ± 3.64 14.05 ± 2.76 15.27 ± 2.89 14.10 ± 3.01 13.78 ± 1.96
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Table 3: Biodistribution of [68Ga] Ga-NOTA-MAL-FSH1 in PC-3 tumor bearing mice at various times after injection (𝑛 = 5).

Parameter 30min 60min 120min 60min block
% ID/g in

Blood 0.95 ± 0.01 0.17 ± 0.02 0.13 ± 0.06 0.19 ± 0.30

Brain 0.07 ± 0.01 0.03 ± 0.01 0.02 ± 0.01 0.03 ± 0.01

Heart 0.35 ± 0.18 0.14 ± 0.05 0.05 ± 0.03 0.14 ± 0.05

Liver 0.93 ± 0.28 0.56 ± 0.04 0.37 ± 0.05 0.12 ± 0.02

Spleen 0.33 ± 0.03 0.26 ± 0.08 0.11 ± 0.05 0.15 ± 0.13

Lung 0.67 ± 0.07 0.14 ± 0.01 0.10 ± 0.01 0.17 ± 0.05

Kidney 24.98 ± 1.77 18.18 ± 2.81 13.91 ± 0.83 15.26 ± 1.20

Stomach 0.40 ± 0.17 0.16 ± 0.06 0.04 ± 0.01 0.18 ± 0.08

Intestine 0.32 ± 0.06 0.15 ± 0.03 0.05 ± 0.02 0.20 ± 0.02

Muscle 0.26 ± 0.01 0.07 ± 0.01 0.04 ± 0.02 0.10 ± 0.02

Pancreas 0.94 ± 0.13 0.11 ± 0.03 0.04 ± 0.02 0.19 ± 0.04

Testis 0.24 ± 0.02 0.08 ± 0.01 0.03 ± 0.01 0.06 ± 0.00

Fat 0.40 ± 0.01 0.13 ± 0.06 0.04 ± 0.00 0.17 ± 0.15

Bone 0.34 ± 0.06 0.15 ± 0.07 0.06 ± 0.02 0.16 ± 0.07

Tumor 1.97 ± 0.17 1.20 ± 0.27 0.97 ± 0.15 0.35 ± 0.12

Ratio of tumor to
Blood 1.77 ± 0.70 7.94 ± 1.35 10.37 ± 1.16 1.54 ± 0.07

Muscle 7.42 ± 0.46 26.13 ± 2.99 36.40 ± 2.54 1.95 ± 0.23

Liver 2.67 ± 0.50 3.10 ± 0.40 2.84 ± 0.90 3.09 ± 0.24

Intestine 6.68 ± 1.41 11.21 ± 2.42 14.17 ± 1.47 1.74 ± 0.09

Kidney 0.07 ± 0.01 0.10 ± 0.02 0.06 ± 0.00 0.02 ± 0.01

Coinjection of excess FSH1 along with [68Ga] Ga-NOTA-
MAL-FSH1 resulted in significantly reduced radioactivity
accumulation in tumor from 1.20±0.27%ID/g to 0.35±0.12%
ID/g at 1 h postinjection.

4. Discussion

The recent introduction of 68Ga PET imaging into clinical
practice represents a landmark in the ongoing developments
in functional and metabolic imaging that is independent of
the availability of a cyclotron [20]. Site-specific labeling is
important as it provides chemically uniform radioconjugates
with well-defined in vivo properties. Maleimide-NOTA is a
NOTA-derivatized chelating system, which has specific reac-
tivity toward thiol group [20]. In this study, NOTA-MAL was
conjugated to the cysteine residue of FSH1 for site-specific
labeling.

Previous studies have documented the overexpression
of FSHR in human prostate cancer tissues, particularly in
relation to hormone-resistant prostate tumors [9]. Human
prostate cancer PC-3 is a hormone-resistant prostate tumor.
Thus the characteristics of [68Ga] Ga-NOTA-MAL-FSH1
were preliminary investigated in a PC-3 tumor model.

[68Ga] Ga-NOTA-MAL-FSH1 could be achieved in about
20min through solid-phase extraction with satisfactory
radiochemical purity. Our previous studies showed that the
radiolabeling yields of 18FAl labeled FSH1 and its deriva-
tives, FSH2, were 48.6 ± 2.1% and 41.46± 10.36% (nondecay-
corrected), respectively, after 30min preparation. After
decay-corrected determination, the labeling yield of 18FAl

labeled FSH1 and its derivatives was 58.6 ± 2.5% and 50.5 ±
11.2%, respectively. Compared with them, the decay-cor-
rected labeling yield (∼90%) of 68Ga-NOTA-MAL-FSH1 was
significantly higher than those of 18FAl labeled counter-
part [13, 14].

The radiolabeled NOTA-MAL-FSH1 was hydrophilic as
indicated by the negative partition coefficients, which is
similar to those of 18FAl labeled FSH1 (−3.12 ± 0.05 versus
−3.05 ± 0.16, resp.). [68Ga] Ga-NOTA-MAL-FSH1 showed in
vitro stability in human serum and PBS for at least 2 hours.

The IC50 values of displacement [68Ga]Ga-NOTA-MAL-
FSH1 with FSHR antagonist, FSH1, were similar to 18FAl
labeled counterparts, which primarily indicated the affinity
of the tracer for FSHR was retained (123 nM versus 252 nM,
resp.). In vitro cell uptake assays also showed that coincuba-
tion with excess unlabeled FSH1 significantly blocked tumor
uptake demonstrating the receptor binding specificity of the
PET probe.

After labeling with 68Ga, we first performed MicroPET
scans for [68Ga] Ga-NOTA-MAL-FSH1 in the PC-3 prostate
tumor xenograft model. The tracer showed prominent
uptakes in the tumor compared with normal tissues such as
heart, brain muscle, and livers except kidneys. It was also
noted that the uptake values in PC-3 xenografts were slightly
lower than those of 18FAl labeled FSH1 (1.26 ± 0.06% ID/g
versus 2.53 ± 0.20% ID/g at 60min p.i., resp., 𝑝 < 0.05) [13].
The detailed mechanism was under investigation.

The results of the biodistribution study were consistent
with the findings of PET imaging. It showed clear reduction
of the radioactivity in the normal organs.Themuscle uptakes
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of the probe were slightly lower than those of 18FAl-NOTA-
MAL-FSH1 (0.07 ± 0.01 versus 0.15 ± 0.04% ID/g at 1 h
p.i., resp.). The resulting tumor to muscle uptake ratio of
the probe was more favorable than those of 18FAl labeled
FSH1 peptides (26.13 ± 2.99 versus 16.17 ± 3.29 at 1 h p.i.,
resp.) [13]. It indicated that 68Ga labeled agent might be an
alternative to 18FAl labeled compounds for PET imaging of
FSHR expression where a cyclotron is of limited to access.

The FSHR specificity of [68Ga] Ga-NOTA-MAL-FSH1
was also confirmed by effective tumor uptake inhibition in
the presence of excess FSH1 in both noninvasive PET imaging
and biodistribution studies. The blocking study suggested
that the tumor uptake of the tracer was specific to FSHR.

5. Conclusion

In summary, we have successfully developed a radiolabeled
tracer, [68Ga] Ga-NOTA-MAL-FSH1 with high yield and
purity. Preclinical data indicates that [68Ga] Ga-NOTA-
MAL-FSH1 is promising for noninvasive visualization of
FSHR expression in vivo. Further investigation of this novel
radiotracer for detection of other FSHR tumor models such
as breast and ovarian cancers is currently underway.
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Objective. To investigate the effectiveness of a new individualized contrast medium injection protocol for enhanced liver CT scan.
Methods. 324 patients who underwent plain and dual phase enhanced liver CT were randomly assigned to 2 groups: G1 (𝑛 = 224,
individualized contrast medium injection protocol); G2 (𝑛 = 100, standard contrast medium injection with a dose of 1.5ml/kg). CT
values andΔHU (CT values difference between plain and enhancedCT) of liver parenchyma and tumor-liver contrast (TLC) during
hepatic arterial phase (HAP) and portal venous phase (PVP) and contrast medium dose were measured. The tumor conspicuity of
hepatocellular carcinoma (HCC) between two groups was independently evaluated by two radiologists. Results. The mean contrast
mediumdose ofG1was statistically lower than that of G2.Therewere no significantly statistical differences inCT values andΔHUof
liver parenchyma duringHAP, TLC values duringHAP, and PVP between two groups.TheCT values andΔHUof liver parenchyma
during PVP of G2 were significantly higher than those of G1. Two independent radiologists were both in substantial conformity in
grading tumor conspicuity. Conclusion. Using the individually optimized injection protocol might reduce contrast medium dose
without impacting on the imaging quality in enhanced liver CT.

1. Introduction

The use of contrast enhanced computed tomography (CT)
with iodinated contrast medium (ICM) has significantly
improved the accuracy of imaging diagnosis. The rapid
development of CT technologies has led to an increase in
world-wide usage of ICM. This also results in an increase
in its associated adverse reactions, where contrast-induced
nephropathy (CIN) is one of the most concerning adverse
effects by far. As early as 2001,M.M.Waybill and P.N.Waybill
[1] reported that CIN had become the third leading cause
of all hospital-acquired renal insufficiency. Since kidney is
the primary organ where ICM is metabolized, higher dose
of ICM may cause greater damage to the kidney, hence
resulting in higher incidence of CIN [2]. Davidson et al. [3]
reported that incidence of CIN proportionally correlates with
the contrast medium dose used especially amongst high-risk

populations with preexisting renal insufficiency or diabetic
neuropathy.

Therefore, on the premise of ensuring the quality and
display capability of CT images, reasonable reduction in
contrast medium dose may effectively prevent and reduce
the incidence of adverse effects associated with enhanced
CT scans. Various methods had been previously proposed to
reduce the contrast medium dose, including individualized
weight-based protocols [4–8], adjustment on the injection
time or flow rate of contrast administration [9–11], and the
use of additional saline flush [12–14]. Out of the various
options, previous reports had demonstrated that personal-
ized weight-based contrast medium injection protocol is an
ideal method to reasonably reduce the injection dose of
contrast medium [8].

Personalized patient protocol technology abdomenmod-
ule is a new intelligent platform, which enables the generation
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of individualized contrast medium injection protocol based
on patient characteristics (such as weight), contrast medium
properties (such as iodine content), and other procedure
parameters (such as scan timing). P3T� (Bayer Healthcare,
Berlin, Germany) is designed as an individualized contrast
medium injection protocol software adapting the iodine
delivery rate and total iodine load based upon a nonlinear
relationship between patient weight and scan duration in
order to achieve diagnostic attenuation. By using patient
weight, scan duration, contrast medium concentration, and
timing attributes of a test bolus scan, P3T facilitates cus-
tomizing injection protocol for each patient and procedure.
Previous studies have shown that this customized injection
software could lead to diagnostic and comparable attenuation
values in the coronary CTA for every individual patient and a
more efficient use of contrast medium dose [15, 16]. However,
the application of this individually optimized protocol of
contrast medium injection in liver imaging has not been
evaluated previously.

In this study, we aimed to evaluate whether this new
contrast medium injection protocol can reduce the contrast
medium dose used in enhanced CT scan for liver imaging
without limiting the quality of the images.

2. Materials and Methods

2.1. Patients. This prospective study was conducted in accor-
dance with ethical guidelines for human research and
was compliant with the Health Insurance Portability and
Accountability Act (HIPAA). The study has been approved
by the Institutional Review Board (IRB) or ethical committee.
Written informed consent was obtained from all patients in
the study.

All patients who underwent liver CT scan in our hospital
between January 2013 and December 2015 were included in
this study. Exclusion criteria were large liver lesions (diameter
> 5 cm), diffuse liver diseases such as cirrhosis (suggestive CT
findings include abnormal size and shape of liver and spleen,
inhomogeneous liver appearance with regenerating nodules
and/or signs of portal vein hypertension [17]) and multiple
metastases, postliver resection, severe fatty liver (liver density
lower than spleen in unenhanced CT), cardiac insufficiency
(Grades II, III, and IV, NYHA), liver insufficiency (liver func-
tion Child-Pugh B and C), renal failure (1–5 stages, chronic
kidney disease (CKD)), and known allergies to contrast
medium. In the end, a total of 324 cases were included.

All patients were randomly assigned to either Group 1
(G1) or Group 2 (G2). 224 patients were randomized into G1,
with mean age of 47.7 ± 11.7 years and mean weight of 59.8
± 10.9 kg; 100 patients were randomized into G2, with mean
age of 53.9 ± 12.0 years and mean weight of 61.8 ± 10.4 kg.
There were no statistical differences in patient age and weight
between G1 and G2 (𝑃 > 0.05). A total of 38 patients with
histopathologically proven hepatocellular carcinoma (HCC)
were included in the study. 23 patients (18 male and 5 female;
mean age of 63.4 years) were randomized to G1 and 15
patients (13 male and 2 female; mean age of 58.3 years) to
G2.

2.2. CT Scan Protocols. All patients were scanned using a
64-detector row CT machine (Aquilion 64, Toshiba Medical
System, Tokyo, Japan) using same scanning parameters as
follows: tube voltage, 120 kV; tube current, 250mAs; rotation
time, 0.358 s; field of view, 400mm; reconstruction interval,
1mm; slice thickness, 0.8mm. All patients underwent both
unenhanced and enhanced CT scans during hepatic arterial
phase (HAP) and portal venous phase (PVP). According to
Mihl et al. and Tu et al. [16, 17], all the enhanced CT scans
during HAP and PVP in the present study started at 35 s and
65 s, respectively, after the contrast injection, from the level
of diaphragm to inferior hepatic edge. Both groups received
the same contrast medium with an iopromide concentration
of 300mgI/mL (Ultravist, Bayer, Germany) injected at a flow
rate of 3mL/s. G1 adopted an individually optimized protocol
(P3T abdomen module, Medrad Inc.) of the platform, which
automatically calculates the contrast medium dose based on
the weight of each patient by using weight factor dosing
method calculated from the following formula:

Contrast volume (ml)

=
Weight Factor (gI/kg) ∗ patient Weight (kg)
Contrast Concentration (mg/ml) ∗ 1000

.
(1)

Theweight factor is expressed in grams of iodine per kilo-
gram of patient weight and specified as 0.4 gI/kg. Contrast
medium concentration is 300mgI/kg. The formula uses both
patient weight and contrast concentration for determining
an individualized contrast dose. This module automates the
calculation of individualized contrast injection protocols. By
providing the patients’ weight, iodine concentration, and
either the flow rate or duration for the contrast injection
protocol, P3T Abdomen will generate a protocol specifi-
cally tailor to the patient by delivering customized contrast
through weight-based calculation.

According toMegibow et al. [7], acceptable image quality
can be obtained for most patients by using low osmolar
contrast medium with an iodine concentration of 300mg/ml
given at a dose of 1.5ml/kg based on body weight. Therefore,
in this study, G2 candidates received a standard contrast
medium injection protocol with a contrast medium to weight
dose of 1.5ml/kg.

2.3. Quantitative Image Analysis. Quantitative analysis was
later performed on the workstation (HP Workstation
XW8200, Vitrea 2, Version 3.7). CT values of unenhanced
liver parenchyma, CT values of liver parenchyma during
HAP and PVP, and CT values of the portal vein during PVP
were measured via regions of interest (ROIs) on the axial
images. The CT values of liver parenchyma were measured
in three liver sections (right anterior, right posterior, and
left lateral segments) and the mean values were calculated.
The ROI was circular with a fixed area of 0.5 cm2. Caution
was taken during measurement to avoid the interference of
vessels, edges, bile duct, intestine, and so on ROI was placed
at the portal vein trunk, and the edges of ROI should be as
close as possible to the edge of the vessel wall on both sides
of the portal veins.The liver parenchyma enhancement ΔHU
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Table 1: Results of CT values of liver parenchyma and liver parenchyma ΔHU during HAP and PVP, CT values of portal vein during PVP,
and contrast medium dose in G1 and G2.

CT values of
liver

parenchyma
during HAP

(HU)

CT values of
liver

parenchyma
during PVP

(HU)

CT values of
portal vein
during PVP

(HU)

Liver
parenchyma
ΔHU during
HAP (HU)

Liver
parenchyma
ΔHU during
PVP (HU)

Contrast
medium dose

(ml)

G1 77.3 ± 11.9 102.6 ± 9.5 147.0 ± 15.4 21.1 ± 11.0 46.4 ± 9.5 78.2 ± 12.8

G2 76.0 ± 11.5 106.4 ± 11.3 159.7 ± 18.4 18.5 ± 10.7 49.0 ± 10.2 93.0 ± 15.0

𝑃 0.367 0.001 <0.001 0.059 0.021 <0.001

during HAP and PVP was defined as the difference in CT
values of liver parenchyma during HAP and PVP compared
to unenhanced CT values, respectively.

Tumor-liver contrast (TLC) was used to represent the
tumor conspicuity of lesions during HAP and PVP. TLC
was previously defined by Baron [18] as the conspicuity
of a hepatic tumor expressed by the attenuation difference
between the tumor and the hepatic parenchyma. According
to Yanaga et al. [19], an attempt was made to maintain a
constant ROI area of approximately 2 cm2 within the range
of 0.8–2.0 cm2. In the patients with less than three lesions,
the mean TLC values were obtained and calculated from all
the lesions; in patients with three or more lesions, the mean
TLC values was obtained from the average of the three largest
lesions.

2.4. Qualitative Image Analysis. CT examinations were per-
formed in both G1 and G2 patients which contained 23 and
15 cases, respectively, of histopathologically provenHCC.The
cases were randomly evaluated by two radiologists indepen-
dently, both with a minimum experience of 15 years spe-
cializing in abdominal imaging, both blinded to the clinical
data. A three-level grading systemwas utilized for evaluation:
Grade 1, poor (tumor barely shown); Grade 2, fair (tumor is
shown but not as clear as Grade 3); and Grade 3, excellent
(tumor clearly shown and presence of tumor can be described
with confidence). Each case was reviewed independently
and image quality grading was assigned accordingly by the
consensus of the two radiologists [19].

2.5. Statistical Analysis. Analysis was performed using SPSS
(SPSS, Version 13.0, Chicago, IL, USA).The contrast medium
dose, the CT values of liver parenchyma during HAP and
PVP, the CT values of portal vein during PVP, TLC values,
and liver parenchyma ΔHU during HAP and PVP in G1 and
G2 were presented as mean ± standard deviation (SD).These
values were further analyzed by two independent samples 𝑡-
test or Wilcoxon rank sum test, depending on the adherence
to normal distribution. If statistically significant differences
were observed in the contrast medium dose between G1 and
G2, the patients in both groups would be further divided
into three subgroups based on patient body weight (≦50 kg,
>50 kg and <65 kg, and ≧65 kg) where the mean values were
further compared between G1 and G2 corresponding sub-
groups.The Pearson product-moment correlation coefficient
or Spearman rank correlation, depending on the adherence

to normal distribution, was used to assess whether linear
correlation can be extracted between the contrast medium
dose and the liver parenchyma during HAP and PVP and
between CT values of the portal vein during PVP between
the two groups.

The conformity assessment of visual grade by the two
radiologists was subsequently evaluated for interobserver
variability using kappa test. The scale of conformity for
interobserver agreement according to kappa coefficient was
as follows: less than 0.20, poor; 0.21–0.40, fair; 0.41–0.60,
moderate; 0.61–0.80, substantial; and 0.81–1.00, almost per-
fect [20].

3. Results

Normality test showed that the distribution of these data
was all skew in G1 and G2, including CT values of liver
parenchyma during HAP and PVP, CT values of portal vein
during PVP, liver parenchyma ΔHU during HAP and PVP,
and contrast medium dose. Thus, Spearman correlation test
was used to compare the differences between the two groups.

The anatomical structure of liver (liver parenchyma,
blood vessels, etc.) was clearly displayed in G1. No obvious
difference was observed in the anatomical structure of liver
during HAP and PVP between G1 and G2 through initial
visual assessment (Figure 1).

The quantitative measurement of CT values of liver
parenchyma during HAP and PVP, CT values of portal
vein during PVP, liver parenchyma ΔHU during HAP and
PVP, and the contrast medium dose is shown in Table 1.
There were no statistical differences in the CT values of
liver parenchyma and liver parenchyma ΔHU during HAP
between the two groups. However, there were statistically
significant differences in CT values of liver parenchyma
during PVP, CT values of portal vein during PVP, liver
parenchyma ΔHU during PVP, and contrast medium dose
required between the two groups (Table 1). The contrast
medium dose used in G1 was reduced by an average of 14.8ml
when compared to G2.

The mean contrast medium doses used in the three
weight-based subgroups (≦50 kg, >50 kg and <65 kg, and
≧65 kg) were 62.87, 77.17, and 94.05ml, respectively, for G1,
and 71.38, 88.03, and 106.92ml, respectively, forG2 (Figure 2).
Statistical significant differences were observed between the
corresponding subgroups of the same weight range in G1 and
G2. The contrast medium doses of the three subgroups in G1
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Table 2: Analysis on the correlation of contrast medium dose with body weight and CT values of liver parenchyma during HAP and PVP in
G1 and G2.

Body weight
CT values of liver

parenchyma
during HAP

CT values of liver
parenchyma
during PVP

Contrast medium
dose for G1

𝑟 value 0.974 −0.517 −0.119

𝑃 value <0.001 <0.001 0.079

Contrast medium
dose for G2

𝑟 value 0.983 −0.406 −0.11

𝑃 value <0.001 <0.001 0.295

(a) (b)

(c) (d)

Figure 1:The follow-up CT image pairs of a 63-year-oldmale patient with a body weight of 47 kg after insulin tumor resection. Images (a) and
(b) were scanned with injection protocol in G1 (contrast medium dose: 78ml). The liver parenchyma CT values during HAP and PVP, portal
vein CT value during PVP, and liver parenchyma ΔHU during HAP and PVP were 75 HU, 106 UH, 136 HU, 35 HU, and 66 HU, respectively.
Images (c) and (d) were scanned with injection protocol in G2 (contrast medium dose: 87ml). The liver parenchyma CT values during HAP
and PVP, portal vein CT value during PVP, and liver parenchyma ΔHU during HAP and PVP were 77 HU, 115 HU, 153 HU, 37 HU, and 75
HU, respectively. The liver anatomical structures of the two pairs of images were both visualized clearly.

were reduced by 8.51, 10.86, and 11.95ml, respectively, when
compared to the corresponding subgroups in G2.

Spearman correlation analysis was adopted to evaluate
the correlation of contrast medium dose with CT values of
liver parenchyma during HAP and PVP. In G1 and G2, the
contrast medium dose was positively correlated with patient
weight and CT values of liver parenchyma during HAP (all 𝑃
values were <0.001). On the other hand, no clear correlation
was identified between the contrast medium dose and the CT
values of liver parenchyma during PVP (G1, 𝑃 = 0.079; G2,
𝑃 = 0.295) (Table 2).

A total of 31 lesionswere detected in 23 patients withHCC
in G1 with 3 being the highest number of lesions identified in

one single patient. A total of 27 lesions were detected in the 15
patients with confirmed HCC in G2, with 4 being the highest
number of lesions identified in one single patient. The TLC
values during HAP in G1 and G2 were 20.9 ± 11.8 HU and
19.5±13.2HU, respectively, and −14.7±14.7HU and −15.3±
16.8 HU, respectively, during PVP (Figure 3). Between the
two groups, there were no statistical significant differences
demonstrated in the TLC values measured during HAP and
PVP (Figure 4). The mean scores of tumor conspicuity of
HCC lesions during HAP for G1 and G2 were 2.61 and
2.57, respectively, measured by one radiologist, and 2.47 and
2.53, respectively, measured by the other. The scores given
during PVP for G1 and G2 were 2.13 and 2.17, respectively, by
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Figure 2:Themean contrast mediumdose used in the three weight-
based subgroups (≦50 kg, >50 kg and <65 kg, and ≧65 kg) were
62.87, 77.17, and 94.05ml, respectively, in G1 and 71.38, 88.03,
and 106.92ml, respectively, in G2. There was statistical difference
between the subgroups of the same weight range in G1 and G2.

one radiologist and 2.33 and 2.17, respectively, by the other.
The two radiologists were both in substantial conformity in
grading the tumor conspicuity (G1: 𝜅 0.693, 𝑃 < 0.001; G2: 𝜅
0.734, 𝑃 < 0.001).

4. Discussion

Previous studies have evaluated the image quality of mul-
tiphase dynamic enhanced CT of liver using different con-
trast concentrations [21, 22]. It has been demonstrated by
researchers that higher contrast concentrations resulted in
better enhancement of liver, where lesions can be more easily
identified.However, higher contrast concentrationmay result
in higher osmotic pressure, which can increase the risk of
adverse reactions such as contrast-induced nephrotoxicity
[23]. Scholars have previously proposed and explored various
protocols using fixed abdominal concentration by adjusting
contrast medium dose based on body weight. Yamashita
et al. [24] used the contrast medium dose of 1.5, 2.0, or
2.5mL/kg or a fixed dose of 100mL of iopamidol 300 to
determine the optimal contrast dose for helical CT of the
abdomen based on patient weight. They found the use of
2.0–2.5mL/kg of intravenous contrast medium produced
best resultswhen compared to 1.5mL/kg group andfixed dose
group. Arana et al. [25] compared 1.75ml/kg dosing regime
and a fixed dose of 120ml using the same nonionic contrast
medium (320mgI/ml) and found that an injection volume
of 1.75ml/kg offered a more optimal diagnostic quality.
Compared to these previous studies, a lower the contrast
medium dose was adapted for the injection protocol in this
current study.

The individualized contrast injection protocol used in
this study offers flexibility by providing the option of three
dosing methods: weight factor, volume factor, and iodine
load. The primary difference between these dosing methods

lies in the variables (patient weight and concentration) used
for calculating individualized contrast medium dose. Weight
factor method was used in the present study, in which both
patient weight and concentration were used to determine an
individualized contrast medium dose. A fixed weight factor
and concentration were set as default value for all patients;
weight was the only variable required where the platform
would then generate an individualized contrast medium
injection protocol. Due to its easy-to-use characteristics, this
unique optimized contrast medium dosing method provides
individualized contrast medium injection protocol for each
patient even under special clinical and research requirements.

It is well known that the liver uniquely receives a dual
blood supply from the hepatic artery and the portal vein,
which approximately contributes 25% and 75% of the total
blood supply respectively. The arterial and portal blood
mixes within the hepatic sinusoids before draining into
the hepatic venous system [26]. Immediately after contrast
medium injection, the contrast enhancement of the liver
parenchyma is completely provided by the hepatic artery
during the early HAP, and then the portal vein becomes
involved in the lateHAP andwill be themajor source of blood
supply during PVP. Ichikawa et al. [27] reported that, during
HAP, the amplitude of the contrast enhancement of well-
arterial-perfused organs such as focal hypervascular hepatic
lesions was dependent on the injection speed of contrast
medium. Furthermore, the injection dose was one of the
most important factors in determining the amplitude of the
contrast enhancement of poorly arterial-perfused organs,
such as the portal vein or liver parenchyma. Although the
contrast medium injection dose of the two groups uses
different weight-based protocols in this study, the contrast
medium injection rate and contrast medium concentration
remained fixed and therefore do not contribute to the
differences in CT values of liver parenchyma during HAP.
Hence, as the body weight increases, there would be a
negative correlation between the contrast dose and the CT
values of liver parenchyma during HAP in both groups.
Moreover, George et al. [8] used 98ml iodinated contrast
medium (300mgI/ml) delivered at 3ml/s with the patient
being scanned at 60 seconds, and they found statistically
significant negative correlation between patient weight and
radiodensity at the portal vein, aorta, spleen, and liver.
This finding indicated that, as patient weight increases, the
degree of enhancement will decrease during PVP when fixed
contrast medium dosing regime was applied. However, in
the current study, same fixed weight factor (0.4mgI/kg) and
volume factor (1.5ml/kg) were applied to patients from both
groups.Therefore, there was no negative correlation between
the contrast dose and the CT values of liver parenchyma
during PVP.

Moreover, the liver parenchyma ΔHU (CT value differ-
ence between plain and enhanced CT) during PVP decreased
with higher body weight, especially in obese patients in this
study.However, the liver parenchymaΔHUduringHAPofG1
and G2 did not demonstrate statistical significant differences.
As most HCC are supplied by the hepatic arteries, the mass
density of HCC lesions generally shows vivid enhancement
duringHAP.These lesions then becomehypodense compared
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(a) (b) (c)

Figure 3: A 48-year-old male patient of G1 with HCC lesions was found liver occupied by ultrasound in physical examination. Unenhanced
CT scans (a) revealed a liver S7 low-density round mass with clear boundary. Enhanced CT scans revealed significantly enhanced
heterogeneous mass during HAP (b), the density of which was higher than the liver parenchyma of the same slice, and TLC value was 38 HU;
the mass density in PVP (c) was lower than liver parenchyma and was enhanced during HAP and hypodense during PVP, and TLC value was
−12 HU.
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Figure 4: No statistical differences were found in the TLC values
during HAP and during PVP between the two groups. The TLC
values during HAP in G1 and G2 were 20.9 ± 11.8 HU and 19.5 ±
13.2 HU, respectively, while the TLC values during PVP in G1 and
G2 were −14.7 ± 14.7 HU and −15.3 ± 16.8 HU, respectively.

to the rest of the normal hepatic parenchyma while the blood
was washed out during PVP. Guerrisi et al. [28] founded that,
compared to an iodine concentration of 320mgI/ml, contrast
medium with an iodine concentration of 400mgI/ml would
significantly increase the conspicuity of HCC during HAP.
Furthermore, Fujigai et al. [29] demonstrated hypervascular
HCC could be better depicted during HAP with sufficient
hepatic enhancement of 50 HU during delayed phase when
a fixed concentration of 320mgI/ml iodine with the injection
plan of 630mgI/kg was used instead of the contrast medium
injection protocol of 525mgI/kg. In this study, fixed injection
speed and optimized contrast medium concentration were
used. The scores of tumor conspicuity of HCC during HAP

remained excellent in both groups. Although the contrast
medium dose was lower in G1, there were no statistical
differences in the CT values of normal liver parenchyma
during HAP between the two groups. Furthermore, the TLC
values and scores of tumor conspicuity of HCC were also
comparable between the two groups. These findings suggest
that individualized contrast medium injection protocol has
the advantage of reducing contrast dose without signifi-
cantly affecting the degree of enhancement of normal liver
parenchyma andHCC lesions.The enhancement during PVP
is also important for the diagnosis and differential diagnosis
of liver diseases, especially for certain pathologies which
are dependent on portal venous blood supply. As only the
cases with normal liver or HCC were enrolled, whether the
decrease in the degree of hepatic enhancement during PVP
could impact on the diagnosis and differential diagnosis for
liver diseases other than HCC remains uncertain. In order
to avoid these possible limitations, we suggest incremental
increase to the weight factor for obese patients to maintain
a steady enhancement effect. However, further studies are
required to identify the optimal method in adjusting weight
factor safely and efficiently for this group of patients.

There are limitations to the study. Firstly, although body
weight is the most important factor affecting the degree of
contrast enhancement in liver, others such as heart rate and
vascular conditions are also important factors. Therefore,
multiple linear regression models should be used in future
studies to establish the correlation of CT values of liver
parenchyma in dual phases with the contrast medium dose
and cardiac output. This will help to evaluate and predict
the function and influence of various factors on the contrast
enhancement of liver after adjusted contrast medium doses
based on body weight are applied. Secondly, patients with
diffuse liver disease such as cirrhosis were excluded out in
our study. Liver cirrhosis can influence haemodynamics of
the liver where the enhancement of the hepatic parenchyma
in dynamic CT is different from the normal liver, and the
use of individualized contrast medium injection protocol in
patient liver cirrhosis becomes difficult to evaluate.Therefore,
patients with liver cirrhosis were excluded from this study
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to achieve good repeatability and controllability of results.
Further studies are required to explore the optimal individual
contrast medium injection protocol to improve the imaging
quality with reasonable contrast medium dose in patients
with liver cirrhosis.

5. Conclusion

In enhanced CT scan for liver imaging, individualizing
the contrast dose based on the patient weight via contrast
medium injection protocol can effectively reduce contrast
medium dose without affecting the image quality.
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Objective. To determine if the perfusion parameters by dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) of
regional nodal metastasis are helpful in characterizing nodal status and to understand the relationship with those of primary tumor
of nasopharyngeal carcinoma (NPC).Materials and Methods. Newly diagnosed patients imaged between August 2010 and January
2014 and who were found to have enlarged retropharyngeal/cervical lymph nodes suggestive of nodal disease were recruited. DCE-
MRI was performed.Three quantitative parameters,𝐾trans, Ve, and 𝑘ep, were calculated for the largest node in each patient. Kruskal-
Wallis test was used to evaluate the difference in the parameters of the selected nodes of different N stages. Spearman’s correlation
was used to evaluate the relationship between the DCE-MRI parameters in nodes and in primary tumors. Results. Twenty-six
patients (7 females; 25∼67 years old) were enrolled. 𝐾trans was significantly different among the patients of N stages (N1, 𝑛 = 3;
N2, 𝑛 = 17; N3, 𝑛 = 6), 𝑃 = 0.015. Median values (range) for N1, N2, and N3 were 0.24min−1 (0.17∼0.26min−1), 0.29min−1
(0.17∼0.46min−1), and 0.46min−1 (0.29∼0.70min−1), respectively. There was no significant correlation between the parameters in
nodes and primary tumors. Conclusion. DCE-MRI may play a distinct role in characterizing the metastatic cervical lymph nodes
of NPC.

1. Introduction

Nasopharyngeal carcinoma (NPC) is an aggressive head
and neck cancer with a high incidence in Southern China
including Hong Kong. Accurate staging using the Interna-
tional Union Against Cancer (UICC) tumor-node-metastasis
(TNM) staging system is critical for treatment planning and
the prediction of patient outcome [1–3]. Regardless of the
status of the primary lesion, nodal metastasis is a signifi-
cant prognostic factor for survival [4]. Hence the accurate

detection and the characterization of metastatic nodes are of
paramount importance in NPC patient management.

DCE-MRI is a functional imaging modality that has the
potential to characterize perfusion andmicrocirculation and,
thus, may have a role to play as a noninvasive biomarker
of cancer. The three quantitative parameters 𝐾trans, Ve, and
𝑘ep derived by DCE-MRI are frequently used. 𝐾trans (in
minute−1) is the volume transfer constant of contrast agent
from blood plasma to extravascular extracellular space (EES)
reflecting both blood plasma flow and permeability, Ve is
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the volume of EES per unit volume of tissue, and 𝑘ep (in
minute−1) is the flux rate constant of contrast agent from
EES to plasma and equal to 𝐾trans/Ve [5]. Studies have found
DCE-MRI to be useful in differentiating diseased nodes from
normal nodes in head and neck squamous cell cancer, breast
cancer, and cervical cancer [6–8]. In these studies, it has been
shown that, in malignant nodes, microvascular permeability
and the extravascular extracellular space are increased.

In our previous study we have reported the feasibility of
applying DCE-MRI in NPC [9]. Our findings suggest that
the evaluation of DCE-MRI by both semiquantitative and
quantitative methods is useful in characterizing the neovas-
culature and permeability of NPC tumors. However only pri-
maryNPC tumors were studied. In the present study, we have
included the evaluation of regional metastatic nodes using
DCE-MRI. Since previous studies have reported increased
microvascular permeability in tumors or diseased nodes
(Padhani et al., 2000; Yao et al., 2011; Chang et al., 2008),
we hypothesized that nodal DCE-MRI parameters, which
reflect the microvascular permeability in regional metastatic
lymph nodes, correlate with nodal stage and the DCE-MRI
parameters in the primary tumor which is an indicator of
tumor aggressiveness.

2. Materials and Methods

2.1. Patients. This study was approved by the Institutional
Review Board of The University of Hong Kong/Hospital
Authority Hong Kong West Cluster. All consecutive newly
diagnosed NPC patients referred to the MRI Unit at The
University of Hong Kong between August 2010 and January
2014 were prospectively included. Patients with presumed
metastatic regional lymph nodes, based on enlarged lymph
nodes (>1 cm short axis diameter) on MRI, and supported
by increased metabolic activity on 18F-FDG PET-CT scans
(nodal SUVmax> 2.5) performedwithin oneweek of theMRI
scans, were included.The final diagnosis of metastatic lymph
nodes and the N stage were achieved by both the imaging
findings (MRI and PET-CT) and histological results. Written
informed consent was obtained for all patients. TNM staging
was performed according to the Joint Committee on Cancer
(AJCC) staging system [10].

2.2. DCE-MRI Techniques. After routine structural MRI
acquisition, DCE-MRI of the nasopharynx and upper neck
was performed on a 3.0-T MRI system (Achieva; Philips
Healthcare). Four acquisitionswere obtained in a chronologi-
cal orderwith a field of view (FOV) of 22× 22× 6 cm (AP×RL
× FH): precontrast T1-weighted fast field echo (FFE) acqui-
sition using a flip angle of 5∘ (“FA5” acquisition) in 1 minute
22 seconds; T2-weighted imaging (“T2W” acquisition) in 50
seconds; B1 mapping measurement acquisition (“B1MAP”
acquisition) in 1 minute 23 seconds; and DCE acquisition
using a flip angle of 15∘ (“FA15” acquisition) in 6 minutes 47
seconds with 65 dynamic scans. The details of scanning pro-
tocols have been described in our previous paper [9]. All four
acquisitions were performed in the same anatomical region
and reconstructed to the same resolution. The contrast agent

Gd-DOTA (Dotarem, Guerbet, France) was injected intra-
venously as a bolus into the blood at around the 8th dynamic
acquisition using a power injector system (Spectris Solaris,
MedRad,USA), immediately followed by a 25-mL saline flush
at a rate of 3.5mL per second. The dose of Gd-DOTA was
0.1mmol/(kg body weight) for each patient.

2.3. Data Analysis. All the acquired DCE-MRI images were
used for quantitative analysis, and the parametric maps of
𝐾

trans, 𝑘ep, and Ve were calculated as in our previous pub-
lication [9]. The procedure of calculating parametric maps
of𝐾trans, 𝑘ep, and Ve was performed using the software dcem-
riS4 http://cran.r-project.org/web/packages/dcemriS4/) devel-
oped byWhitcher and Schmid [11]: firstly themaps of contrast
concentration of 65 time points were calculated from the
DCE-MRI images and secondly for each voxel the contrast
concentration curve and the population AIF [9] were fitted
to the pharmacokinetic model to calculate the maps of the
three parameters.

For each patient, since there are usually more than 1
metastatic node, as done in the literature [12–14], the largest
metastatic node within the scanned region determined by
the sum of long and short of axis was identified by a neu-
roradiologist (PL Khong) based on conventional anatomical
MR images (T1-weighted, T2-weighted, and postcontrast T1-
weighted) and treated as the representative node in our study.
The node boundary was identified in the relevant consecutive
slices of the T2W images of DCE-MRI scan and a series of
two-dimensional regions of interest (ROI) were contoured
using the software ImageJ (NIH, USA) (V Lai). The average
𝐾

trans, 𝑘ep, and Ve values in each node were calculated and
used for further analysis.

The normality of the DCE-MRI parameters distribution
in our cohort was checked using Shapiro–Wilk test. ANOVA
(for data of normal distribution) or Kruskal-Wallis test (for
data which are not normal distribution) were used to evaluate
the difference among tumor N stages. Pearson’s correlation
(for data of normal distribution) or Spearman’s correlation
(for data which are not normal distribution) was performed
to study the correlations between the DCE-MRI parameters
in nodes and in primary tumors and between the DCE-MRI
parameters in nodes and nodal size. All statistical analyses
were performed using SPSS 20 (SPSS Inc, Chicago, IL, USA),
and 𝑃 < 0.05 was considered statistically significant.

3. Results

Thecohort characteristics of this study are shown inTable 1. A
total of 26 patients were included and 7 of them were female.
Themean age was 45 years (range, 25∼67 years; SD, 12 years).
The correlations between the DCE-MRI parameters in nodes
and nodal size are insignificant with all 𝑃 values higher than
0.2.

By Kruskal-Wallis test, 𝐾trans in the largest node of each
patient was significantly different among the various N stages
(𝑃 = 0.015). Median values and ranges were N1 (𝑛 = 3),
0.24min−1 and 0.17∼0.26min−1; N2 (𝑛 = 17), 0.29min−1
and 0.17∼0.46min−1; N3 (𝑛 = 6), 0.46min−1 and 0.29∼
0.70min−1, respectively (Figure 1). 𝑘ep and Ve in the largest

http://cran.r-project.org/web/packages/dcemriS4/
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Table 1: Patient demographic data and tumor characteristics (𝑁 =
26).

Baseline characteristics
Age (years)

Range 25∼67
Median 45
Mean ± SD 45 ± 12

Sex
Number of female patients 7
Number of male patients 19

Stage
T stage Number of patients

1 10
2 5
3 9
4 2

N stage Number of patients
1 3
2 17
3 6

M stage Number of patients
0 25
1 1

Notes. Age (years)is patient age at diagnosis; T, N, and M stages were
evaluated according to the American Joint Committee on Cancer (AJCC)
staging system.
Median values and ranges were N1 (𝑛 = 3), 0.24min−1 and 0.17∼0.26min−1;
N2 (𝑛 = 17), 0.29min−1 and 0.17∼0.46min−1; N3 (𝑛 = 6), 0.46min−1 and
0.29∼0.70min−1, respectively (Figure 1). 𝑘ep and ve in the largest node were
not correlated with N stage (𝑃 = 0.485 and 0.113, resp.). The median values
and ranges of 𝑘ep were N1, 0.44min−1 and 0.33∼0.66min−1; N2, 0.38min−1

and 0.13∼0.67min−1; N3, 0.36min−1 and 0.10∼0.63min−1, respectively. The
median values and ranges of ve were N1, 0.32 and 0.29∼0.70; N2, 0.39 and
0.32∼0.60; N3, 0.40 and 0.24∼0.62, respectively.

Table 2: The perfusion parameters of metastatic nodes among N
stages (𝑛 = 26).

N stage 𝐾
trans (min−1) 𝑘ep (min−1) Ve

N1 (𝑛 = 3) 0.24 (0.17∼0.26) 0.44 (0.33∼0.66) 0.32 (0.29∼0.70)
N2 (𝑛 = 17) 0.29 (0.17∼0.46) 0.38 (0.13∼0. 67) 0.39 (0.32∼0.60)
N3 (𝑛 = 6) 0.46 (0.29∼0.70) 0.36 (0.10∼0.63) 0.40 (0.24∼0.62)

node were not correlated with N stage (𝑃 = 0.485 and
0.113, resp.). The median values and ranges of 𝑘ep were N1,
0.44min−1 and 0.33∼0.66min−1; N2, 0.38min−1 and 0.13∼
0.67min−1; N3, 0.36min−1 and 0.10∼0.63min−1, respectively.
The median values and ranges of Ve were N1, 0.32 and
0.29∼0.70; N2, 0.39 and 0.32∼0.60; N3, 0.40 and 0.24∼0.62,
respectively (Table 2).

The mean values and ranges of 𝐾trans, 𝑘ep, and Ve in
the primary tumors were 0.27min−1 and 0.16∼0.48min−1;
0.62min−1 and 0.25∼1.06min−1; 0.37 and 0.25∼0.60, respec-
tively. Using Spearman’s correlation, none of the three DCE-
MRI parameters in nodes were significantly correlated with
the corresponding parameters in the primary tumors: for

1 2 3

N stage
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Figure 1: Box plots showing significant difference of 𝐾trans in
metastatic nodes by Kruskal-Wallis test among N staging (𝑃 =
0.015).

𝐾
trans, 𝑟 = 0.224 and 𝑃 = 0.272; for 𝑘ep, 𝑟 = 0.134 and
𝑃 = 0.515; for Ve, 𝑟 = 0.177 and 𝑃 = 0.387 (Figure 2).

4. Discussion

In this study, we evaluated the correlation between the DCE-
MRI parameters in the metastatic lymph nodes and tumor
N stage. Studies have been performed to compare the DCE-
MRI parameters in lymph nodes that were confirmed to be
positive and negative for malignancy by histology [15, 16].
Such studies have showed that malignant nodes have higher
vascularity andmicrovessel permeability compared to benign
nodes. Similarly, our findings also support the hypothesis that
increased vascular permeability reflected by 𝐾trans in meta-
static lymph nodes is positively correlated with N stage; that
is, the higher the N stage, which is an indicator of aggres-
siveness and portends poorer prognosis [4, 17], the higher the
𝐾

trans, which reflects higher permeability and perfusion. Such
significant correlation should not be due to the nodal size,
since the correlation between these perfusion parameters and
nodal size was insignificant. It is widely accepted that these
perfusion and permeability characteristics reflected by DCE-
MRI are directly related to the tumor angiogenic activity [18–
20] and that tumor N staging reflects the spread and extent
of lymph node metastasis [10]. Based on the fact that angio-
genesis is required to support cancer growth and metastasis,
our results may be explained by the fact that nodes withmore
angiogenesis facilitate the spread of cancer cells in lymph
node chains leading to a higher N stage.

We did not observe any significant difference in Ve or
𝑘ep among tumors of different N stages. The 𝑘ep, calculated
as 𝐾trans/Ve, is not an independent parameter; Ve is the
measurement of volume of EES per unit volume of tissue and
reflects the available space for contrast permeability.The lack
of significance in the difference between Ve may indicate that
the higher 𝐾trans may be due mainly to the increased blood
flow (perfusion) but not the EES volume, and that the increase
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Figure 2: Scatter plots show no significant correlations between the DCE-MRI parameters in metastatic nodes and in primary tumors by
Spearman’s correlation: (a)𝐾tran; (b) 𝑘ep; (c) Ve.

in 𝐾trans may precede the increase in EES volume. Further
prospective studies are required to confirm this finding.

The present study found that theDCE-MRI parameters in
nodes were not significantly correlated with the correspond-
ing parameters in primary tumors, similar to another study
performed in cervical cancers and its nodal metastases [8].
This suggests that the tumor microvessel environment, that
is, perfusion and vascular permeability, in the primary NPC
tumor is independent of the characteristics in its metastatic
lymph nodes.Thus, tumors with high perfusion and vascular
permeability may neither develop nodal metastasis nor have
more metastatic nodes. This discrepant finding between the
primary tumor and its metastasis suggests heterogeneity that
is intermetastatic and supports the notion that themetastasiz-
ing process of a malignant primary tumor may be related to
genetic alterations in the primary tumor, which may be het-
erogeneous in nature [21, 22].The primary tumormay release

a number of cells into the circulation; however only a small
fraction of these cells establish metastases in a favourable
organ or node in a nondeterministic manner [23].Thereafter,
continual evolution of the primary tumor reflects local selec-
tive advantages rather than future selective advantages, and
thus growth at metastatic sties is not dependent on additional
genetic alterations in the primary tumor. Such discrepancy
between metastatic nodes and primary tumor indicates that
attention should also be needed to the study of themetastases.

The results of our study, although the mechanism of
which is still unclear, may have some clinical implications
for clinical management of NPC patients. Since the perfusion
parameters in nodes, but not in primary lesion, were signifi-
cantly correlated with the tumor N stage, clinicians may pay
more attention to these parameters in metastatic nodes due
to the fact that N staging is critical in prognosis. On the other
hand, one may expect to evaluate the role of such perfusion
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parameters, which reflect the functional activity in tumors
and metastatic nodes, in NPC patient management in the
future studies.

Our study has some limitations. Firstly, theMRI scan cov-
erage included the primary tumor and upper neck but not the
entire neck.Thus, some regionalmetastatic lymph nodesmay
not have been included. However, it has been reported that
lymphnodemetastasis generally spreads from the upper neck
to the lower neck [24–26]; therefore the first lymph node
station of spread is in the locoregional node adjacent to the
primary tumor. Secondly, there may be an element of error
in the placement of the ROI, as this procedure was completed
manually, although accuracywas improved by confirming the
location of the ROIs on the coregistered conventional T2W
images.

5. Conclusion

In a cohort of newNPC patients, we found that perfusion and
permeability based onDCE-MRI are higher in regional nodes
of higher N stage tumors, and that the parameters in the
nodes have no relationship with the corresponding param-
eters in its primary tumor. These findings showed that DCE-
MRI in the metastatic lymph plays a distinct role in char-
acterizing the nodal status in NPC. This finding, if further
verified, may have important impact in the staging and
management of NPC patients with metastatic lymph nodes.
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