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In recent decades, we have witnessed an explosive growth
of diagnostic tools that have changed the face of modern
medicine. Among these diagnostic tools, medical imaging
is indeed one of the most representative fields that have
been growing fast, used extensively, and regarded as an
irreplaceable part of clinical routines. With a very different
scale, “omics” refers to the study of cellular- or DNA-
level molecules including their functions, structures, inter-
actions, and involvement in disease development. Similar to
imaging, the “omics” fields such as genomics, proteomics,
and metabolomics have also advanced drastically in recent
decades. The “omics” data obtained from a patient reveal a
much more microscaled world that allows the practitioner to
see what is going on in the genomic and proteomic levels. As
imaging and omics technologies look at human physiology in
quite different scales, physicians and scientists are currently
attempting to integrate imaging and omics data for tailored
therapies and research purposes. This special issue provides
original research and review on the potential role and value
of imaging in the context of personalized medicine based on
omics information.

Imaging can be used as a tool to directly measure the
omics data. As pointed out by the comprehensive review byG.
Lin andY. L. Chung on the use ofmolecular imagingmethods
to study metabolomics in this issue, recent technological
advancements of parallel imaging and high-field magnets
have largely propelled the advancement of metabolomics for

MR spectroscopy to measure the amount and exchange of
multiple metabolites. Such imaging technologies can also
be applied to in vivo imaging for both small animals and
humans. Imaging the living organisms allows investigators
to observe the metabolism and molecular exchange in both
the spatial and temporal domains. In addition to measuring
the omics data with imaging, clinical oncology continues to
use medical images for treatment planning. G. C. Pereira
et al. have given a comprehensive review on the role and
importance of imaging in radiation therapies in this special
issue. In this review, the critical role of imaging in radiation
therapy is reviewed for the application of dose calculation,
lesion location, and delineation. The combination of omics
information and the image-derived lesion information has a
high potential to further enhance the treatment efficacy for
oncological applications.

Image quantification and information extraction remain
to be a challenge for integrating imaging and omics informa-
tion. In this special issue, Y.-H. D. Fang et al. described an
example in the open-source software development for quan-
tifying the intratumoral heterogeneity. Such quantification
based on texture analysis has been reported to be helpful
for prognosis in oncological applications. However, currently
there is no free software for such quantification in the public
domain.Therefore, Y.-H. D. Fang et al. developed and shared
a software package to fill this void and demonstrated its
usefulness in a small cohort of oral cavity cancer patients.
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There are also many practical limitations for medical
imaging that ismodality-dependent. Ionizing radiation is one
major concern for CT and radionuclide imaging such as PET
and SPECT.MRdoes not require ionizing radiation and owns
a great potential in molecular imaging, but it has its own
limitations in speed, cost, and potential renal toxicity with the
use of Gd-based contrast agents. In this special issue, H. M.
Huang and Y. Y. Shih gave a review on the recent technical
advancement of dose reduction for CT and acceleration for
MR. From their review, it could be optimistically expected
that such practical limitations will gradually be resolved to
make those two modalities more commonly used in the
integration of imaging and omics research in the future.

To fully exploit the omics data in personalized medicine,
new advancements for instrumentation to extract omics data
play a critical role. A review article by C.-S. A. Gong and K. F.
Lei in this special issue will discuss the recent advancement
of miniaturized devices for genomics, which may further
advance the clinical popularity for gene sequencing. One of
the striking examples is the use of electrochemical impedance
spectroscopy as the electrical detection ofDNAhybridization
in microfluidic devices. The combination of microfluidic
and impedimetric technologies shows an alternative and
attractive method for detecting the genomic signal.

In conclusion, the dramatic advancements of the omics
knowledge have further propelled the development of per-
sonalized medicine. The original and review articles in this
special issue show that there will be a significant role of
medical images in the future of personalized medicine. It
can be optimistically expected that imaging will continue to
evolve as part of the omics data as well as serving as a tool for
omics measurements. Although integration of imaging and
omics data is a challenging task for the imaging community,
such efforts will truly benefit personalized medicine by
allowing us to see an individual from macro- to microscale
levels.

Tzu-Chen Yen
Dimitris Visvikis

Tinsu Pan
Yu-Hua Dean Fang
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In recent years, a lot of demonstrations of the miniaturized instruments were reported for genomic applications. They provided
the advantages of miniaturization, automation, sensitivity, and specificity for the development of point-of-care diagnostics. The
aim of this paper is to report on recent developments on miniaturized instruments for genomic applications. Based on the mature
development of microfabrication, microfluidic systems have been demonstrated for various genomic detections. Since one of the
objectives of miniaturized instruments is for the development of point-of-care device, impedimetric detection is found to be a
promising technique for this purpose. An in-depth discussion of the impedimetric circuits and systems will be included to provide
total consideration of the miniaturized instruments and their potential application towards real-time portable imaging in the “-
omics” era.The current excellent demonstrations suggest a solid foundation for the development of practical and widespread point-
of-care genomic diagnostic devices.

1. Introduction

Genomics has become an important part of our life since
its name was established in the latter half of the twentieth
century. It was derived from genetics which includes “classic”
and “molecular” as a whole. Polymer chain reaction (PCR)
technique is a gold standard for clinical genomic diagnosis.
Normally, the concentration of genomic sample is too low for
generating detectable signal. PCR can amplify a few copies
of DNA to millions of copies of a particular DNA sequence.
The technique relies on thermal cycling, that is, repeated
heating and cooling of the reaction, for DNA melting and
enzymatic replication of the DNA. Generally, twenty to forty
thermal cycle times are involved and they take several hours
to complete. Although this technique is sensitive for genomic
detection, it is time consuming and labor intensive, limiting
the throughput of the diagnosis.

In order to enhance the efficiency of the biological reac-
tion, reduce the usage of reagent and sample, and eliminate
the fault by human handling, miniaturized instruments that

handle small quantity of fluid, for example, microliter or
nanoliter, were proposed for the next generation of the
diagnostic equipment. Such instruments are also named as
microfluidic systems, lab-on-chip (LOC) devices, biochips,
or micrototal-analysis systems (𝜇TAS). Because fluid in small
amount is manipulated in microscale environment, one of
the important properties is to highly enhance the surface-to-
volume ratio of the fluid. For some specific applications, high
surface-to-volume ratio can benefit the process efficiency.
For example, DNA hybridization in rapid diagnostic device
normally involves a solid support for the immobilization of
the reactants, that is, probe DNA strands. The counterpart
of the reactant, that is, target DNA strands, is introduced
to the site for binding reaction. The binding efficiency is
based on the collision possibility. Because of the reduction
in diffusion distance and increase in surface-to-volume ratio
in microfluidic environment, the reaction kinetics of DNA
strands binding reaction was shown significantly accelerated
compared with the conventional microplate technique [1–
5]. That results in greatly improving the response time of
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the biological reaction and the sensitivity of the biological
detection.Microfluidic system is often interpreted to aminia-
turized version of bioanalytical laboratory. It can perform the
entire analytical protocol, such as sample preparation, reagent
application, biological reaction, and detection automatically
to eliminate the handling fault. Since microfluidic system is
a miniaturized instrument, portability is realizable for the
point-of-care diagnostic applications.

The aim of this paper is to report on recent developments
on miniaturized instruments for genomic applications. An
overview of microfluidic systems and their demonstrations
for genomic diagnosis will be discussed. Moreover, impedi-
metric detection is found to be a promising technique for
point-of-care genomic detection because the impedimetric
signal can easily be analyzed by miniaturized electrical
circuits. In-depth discussion of the consideration and review
of impedimetric circuits and systems will also be included in
this article.

2. Miniaturized Instruments:
Microfluidic Systems

In the past decade, development of the microfluidic tech-
nology becomes intensive and many research articles are
available [6–11]. The fabrication of microfluidic systems
was originally based on the silicon fabrication technology
from semiconductor and microelectromechanical systems
(MEMS). Silicon microfabrication is well established but
silicon material is not optically transparent and is electrically
conductive. Hence, it is not appropriate for the biomedical
applications. For example, the microfluidic system for cell
culture is required to be transparent for continuous opti-
cal monitoring of cell morphology. Moreover, microfluidic
system for glucose detection is based on electrochemical
reaction which needs insulated substrate for measurement.
Therefore, silicon may not be an appropriate material when
optical and electrochemical detections are adopted in the
microfluidic systems. Therefore, glass and polymeric mate-
rials were used because they are less expensive, optically
transparent, and not electrically conductive. Specific fab-
rication technologies for microfluidic systems were intro-
duced, such as soft lithography, hot embossing, and substrate
bonding techniques. Soft lithography represents a nonpho-
tolithographic strategy based on self-assembly and replica
molding for carrying out micro- and nanofabrication [12].
An elastomeric stamp with patterned relief structures on
its surface is used to generate patterns and structures with
feature sizes ranging from 30 nm to 100 𝜇m. It provides a
convenient, effective, and low-cost method for the forma-
tion and manufacturing of micro- and nanostructures. Hot
embossing technique is for mass production of plastic micro-
components [13]. A mold with microstructures is pressed
into a thermoplastic polymer film heated beyond its glass
transition temperature under vacuum. After cooling down,
the microstructures can be transferred from the mold to the
polymer film. To fabricate a functional microfluidic system,
substrate bonding is an important process and adhesion
between substrates is a problem of great practical concern.

Thermal compression, ultrasonic, or gluing by application of
either epoxy or methanol may induce global and localized
geometric deformation of the substrates or leave an interfacial
layer with significant thickness variation. Therefore, special
bonding processes for glass and polymeric materials have
been developed for fabricating microfluidic systems [14–
17]. Localized welding of polymeric materials embedded
metal films located between the desired bond surfaces by
microwave energy has been developed [15]. The bonding can
be achieved with 10Wmicrowave power in 120 s.

Based on the mature development of the fabrication
technology, a board spectrum of biological analytical appli-
cations has been demonstrated using microfluidic systems,
such as DNA analysis [1, 18–24], immunoassay [25–31],
and cell analysis [32–38]. For example, immunoassay on
compact disc (CD) has been demonstrated and fluids in
CD were manipulated by the centrifugal forces controlled
by the rotational speed of the CD [30]. Illustration and
photograph of the CD-based microfluidic system are shown
in Figure 1. High throughput screening of analytes could
be realized by simultaneous functions in parallel layouts
on the CD. Enzyme-linked immunosorbent assay (ELISA)
was demonstrated on this CD-based platform. Another
example is to construct a microfluidic chip for real-time and
noninvasive impedimetric monitoring of cell proliferation
and chemosensitivity in three-dimensional (3D) cell culture
construct, as shown in Figure 2 [37]. Human oral cancer
cells (OEC-M1) were encapsulated in 3D agarose scaffold
and cultured in a miniaturized chamber under perfusion
of tested substance. This setting provides a more in vitro
physiologically relevant microenvironment to better mimic
the complex in vivo microenvironment. These excellent
developments showed the capability of microfluidic system
for performing complex analytical applications. Commercial
possibility is obvious because the microfluidic system can
provide a total solution of biological analysis from the sample
application to the display of the analysis results. Point-of-
care diagnostic applications can be realized based on the
advantages ofminiaturization, integration, and automation of
the microfluidic system.

3. Integrated Microfluidic Genomic Systems

Microfluidic systems have been also applied to the genomic
applications. System integrated with microchannels, heaters,
temperature sensors, and fluorescence detectors was fabri-
cated for the functions of capturing DNA, mixing solutions,
amplifyingDNA, and separating and detecting of those prod-
ucts [20]. These complicated operations could be performed
on a single glass and silicon substrate. Strand displacement
amplification experiment was conducted and showed that the
specific target DNA was successfully amplified and detected.
Moreover, PCR is a widely used technique in biological
applications and was implemented on a microfluidic system,
as illustrated in Figure 3 [39]. The PCR was achieved by
introducing the reactant droplet into the inlet.Three reaction
chambers, respectively, stabled at 90∘C, 72∘C, and 55∘C were
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Figure 1: Schematics of (a) a CD-ELISA design with 24 sets of assays, (b) a single assay, and (c) photo of a single assay. Copyright 2004.
Reprinted from [30] with permission from the American Chemistry Society.
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Figure 2: (a) Design of the microfluidic chip. (b) Photograph of the microfluidic chip. (c) Illustration of the experimental setup of the
perfusion 3D cell culture incorporated with on-site impedance measurement. Copyright 2014. Reprinted from [37] with permission from the
Elsevier.

integrated in a chip and droplet was driven back and forth by
three piezoelectric micropumps between these three reaction
chambers. After 20–30 thermal cycles, the PCR products
were pumped into the reservoir to be collected and analyzed
by gel electrophoresis. Also, an electrokinetically controlled
DNA hybridizationmicrofluidic chip has been demonstrated
and can perform all processes from sample dispensing to
hybridization detection within 5 minutes [1]. The chip con-
sisted of a PDMS upper substrate and a lower glass substrate

that served as a substrate for the hybridization array, as
shown in Figure 4. The design of the chip was an H-type
channel structure containing immobilized single-stranded
oligonucleotide probes. The electroosmotic pumping could
dispense the controlled samples of nanoliter volume directly
to the hybridization array and remove nonspecific adsorp-
tion. Hybridization, washing, and scanning procedures can
be conducted simultaneously. Detection levels as low as
50 pM were recorded using an epifluorescence microscope.
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Figure 3: Schematic of the pump PCR chip. For simplification, the upper glass wafer and the lower silicon wafer are illustrated apart, although
in the actual device both wafers are connected by anodic bonding. The lower left insert figure shows an expanded view of the reaction
chamber and the lower right insert shows the cross-section of the micropump. Copyright 2003. Reprinted from [39] with permission from
IOP Publishing Ltd.

4. Impedimetric Detection of Genomic Signal

In conventional genomic detection, optical measurement, for
example, fluorescent labeling technique, was utilized to quan-
tify the genomic activity, for example, DNA hybridization
and PCR product. But this measurement technique is time
consuming and labor intensive. Alternatively, impedimetric
detectionwas proposed to be one of the promising techniques
to quantify biological activity in the microfluidic systems.
The detection results are represented by electrical signals
which can easily interface with miniaturized instruments.
For example, electrical detection of DNA hybridization using
electrochemical impedance spectroscopy (EIS) was demon-
strated [40]. Results showed a 25% increase of impedance
for double-stranded DNA on gold electrode compared with
the same electrode with immobilized single-stranded DNA.
Another example showed that the DNA hybridization could
be detected by the resistance change across the electrode
[41, 42]. DNA hybridization on a pair of electrodes was
indicated by gold nanoparticles and the gold nanoparticles
were physically amplified to a silver conductive layer on
the electrode. The hybridization result could be measured
by the conductivity changes across the electrode. These
demonstrated showed an alternative method for detecting

the genomic signal. For the application of cell proliferation
study, the entire process requires a long period of time
and in a controlled environment. It is more preferable to
perform in a bench-top system. However, a miniaturized
and portable device is more preferable for the on-site rapid
diagnostic application. The combination of microfluidic and
impedimetric technologies would be suitable for such a
specific application.

5. Impedimetric Foundation

As mentioned, the impedimetric method provides a versatile
way that can be used for many biological applications includ-
ing the quantification of genomic activity and the noninvasive
monitoring of cell proliferation and chemosensitivity with a
microfluidic chip. The underlying principle of the technique
can be explained from Figure 5. Let us assume, for the sake
of simplicity, that the sample under test (SUT) consists only
of a resistor that is connected with two electrodes. The upper
electrode is commonly called “anode” or “working electrode.”
The lower electrode is called “auxiliary electrode” functioning
as “cathode.” Tounderstand SUT, an active alternating current
(AC), 𝐼

𝑆
(𝑡), is generated and injected into the close loop.
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Figure 4: (a) Assembly procedure for PDMS fluidics and immobilized hybridization array. (b) H-type channel structure for DNA
hybridization chip: (1) sample port, (2) auxiliary port, (3) buffer port, and (4)wash port. Copyright 2004. Reprinted from [1] with permission
from the American Chemical Society.
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Figure 5: The basic model of equivalent circuit used to elaborate on the relation of sample under test (SUT) to the generated current source
and resulting voltage response.

The resulting voltage drop across the two electrodes can be
measured to derive the resistance of SUT by means of Ohm’s
law, provided that both the two electrodes have zero voltage
drop. When the equivalent circuit of electrode becomes a
complex number, as the combination shown in Figure 6(a),
variable-frequency current source is required to draw so-
called “Nyquist plot” (Figure 6(b)) [43]. The model shown
in Figure 6(a) is based on electrochemical point of view. It
is consisted of an ohmic resistance 𝑅

𝑜
stemming from the

solution resistance and electrode geometry, a charge transfer
resistance𝑅ct stemming from the charge transfer between the
interface of electrode and electrolyte, an electric double-layer
capacitance 𝐶

𝑑
stemming from placing a large-area charge in

the electrolyte in proximity to that on the porous electrodes
at the medium-frequency region, a Warburg impedance 𝑍

𝑤

representing the mobility of the internal ions resulting from

the diffusion and migration at the low-frequency region, and
an electrode inductance 𝐿

𝑑
stemming from reduction in the

penetration depth of the ions at the high-frequency region,
respectively [43, 44]. As a matter of fact, with regard to
the ohmic resistance of SUT, an electrode immersed into an
electrolyte creates a potential that is related to the oxidation-
reduction concentration, according to the Nernst law [44].
The corresponding potentials cancel out as long as the two
electrodes are the same. Unfortunately, this would never
happen and a potential difference of a few millivolts would
always exist between SUT and either of the electrodes [44].

6. Impedimetric Consideration

There have been several technically sound circuits and
systems demonstrated in the literature to implement
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Figure 6: (a) Schematic of the equivalent circuit of electrode in an electrochemical point of view. (b)The so-called Nyquist plot showing the
characteristic of frequency response versus the decomposition of impedance.

the impedimetric method so far [44–49]. They are similar
to a coherent demodulation technique demonstrated in
Figure 7, where a four-electrode method was adopted
[45]. The impedance sensing method shown in Figure 5
is premised on the assumption that both working and
auxiliary electrodes have resistance value of “zero.” However,
as mentioned, this would never be the case and there exist
voltage drops of them in the close loop as soon as an electrical
current flows through, turning out that certain inversion
formula is unavoidable for derivation of the ohmic resistance
of SUT. This may be taxing on postprocessing and result in
incapability of real-time impedance monitoring. By taking
the advantages of the advances in modern semiconductor
technologies, an amplifier with ultrahigh input impedance
(almost open circuit) can be readily available. In addition,
differential sensing is always a better choice than the single-
ended counterpart as a result of better noise immunity
[46, 50]. These form the foundation of the architecture
shown in Figure 7.

7. Circuits and Systems for
Bioimpedance Measurement

Referring to Figure 7, in addition to the necessary electrodes
Ze1 and Ze4 to form a loop, two additional electrodes Ze2
and Ze3 were added and combined with the instrumentation
amplifier (IA) whose common-mode rejection ratio (CMRR)
is significantly improved as compared with the ordinary
counterpart [45, 46]. The variable-frequency sinusoidal cur-
rent used for sensing was generated by a dedicated voltage-
controlled oscillator (VCO). Thanks to the high-impedance
feature of the amplifier, there was no current flowing through
Ze2 and Ze3. As a result, the sensed voltage drop across
SUT has predetermined current and therefore can be used
to represent the impedance of SUT. A system with this kind

VCO

Demodulator

Demodulator

ADC

ADC

Ze1
Ze2

Ze3
Ze4

SUT IA

Re

Im90∘

0∘

+

−

Figure 7: Impedance sensing architecture presented in [45], with
which the four-electrode method accompanies, demonstrating the
coherent demodulation technique.

of 4-electrode configuration is also known as a system using
“tetrapolar method” [48].

To decompose the complex number of impedance, two
orthogonal AC signals are required in the coherent demod-
ulation, based on the Euler’s formula to represent a peri-
odic signal using a combination of sine and cosine. The
AC signals were generated in the same VCO to reduce
the system complexity and save the implementation cost.
The Demodulator circuits functioned as “mixer” and their
outputs were quantized by the dedicated analog-to-digital
converters (ADCs). The real part (Re) and imaginary part
(Im) can be used to drawNyquist plot for impedance analysis.
It should be noticed that, practically, there still exists certain
electric potential difference between Ze2 and Ze3 in spite
of the zero current at the inputs of IA, and due to that Ze2
and Ze3 could not be identical. As a result, high CMRR is
necessary to reject the potential difference of IA, resulting in
design challenge. The major bottleneck in implementation is
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Figure 8: (a)The circuit schematic of conventional instrumentation amplifier (IA) in [50]. (b)The circuit schematic of improved counterpart
in [51].

the matching of resistors involved in the commonly adopted
IA structure shown in Figure 8(a) [50] where the output of IA
can be expressed as

𝑉out = −
𝑅
4

𝑅
3

(1 +
2𝑅
2

𝑅
1

) (𝑉
𝐴
− 𝑉
𝐵
) = 𝐾
1
(𝑉
𝐴
− 𝑉
𝐵
) . (1)

Achieving sufficient resistive matching between 𝑅
4
and

𝑅
3
(or 𝑅
2
and 𝑅

1
) to obtain high CMRR relies on post-IC-

fabrication trimming, which is cost ineffective and difficult
to fulfill miniaturization in practice. As a result, the design
shown in Figure 8(b) was proposed [51].Themost significant
feature of the design is that it requires only two resistors.
𝐴
1
and 𝐴

2
form source followers as conventional, thereby

forcing 𝑉
𝐴
= 𝑉
𝑋
and 𝑉

𝐵
= 𝑉
𝑌
. The current flowing out of 𝐴

1

and that of𝐴
2
are equal, but they have opposite polarities. By

using a current subtractor, marked in the dotted line, one can
obtain 𝐼

𝐺
= 2𝐼
𝑅1
; hence the output of IA becomes

𝑉out =
2𝑅
𝐺

𝑅
1

(𝑉
𝐴
− 𝑉
𝐵
) = 𝐾
2
(𝑉
𝐴
− 𝑉
𝐵
) . (2)

This circuit structure successfully alleviates the impact
of mismatched resistance, achieving both high CMRR and
miniaturization at the cost of increased power consumption
as compared with that shown in Figure 8(a). High CMRR can
also be attained by means of considerably increased differ-
ential gain. Unfortunately, the energy efficiency of system is
further compromised.

An often overlooked factor in correct impedance mon-
itoring is that the electrode-referred DC offset (ERDO)
limits the available CMRR, affecting the operation of IA
and degrading overall performance no matter how good
the following circuits and systems can be. Two renowned
techniques have been proposed so far to cancel ERDO. A
technique called “autozeroing” is shown in Figure 9(a) [52].
It uses three switches to cancel ERDO, 𝑉OS. When 𝜙 is at
a logic-“high” level, the amplifier involved samples 𝑉OS and
store them on 𝐶

𝑆
. Assuming that the open-loop gain of

amplifier is𝐴, the voltage on 𝐶
𝑆
will be𝑉OS ⋅ (𝐴/(1+𝐴)) after

settling. When 𝜙 becomes a logic-“low” level,𝑉OS of previous

state will be subtracted from 𝑉
𝑖
which is superimposedwith

current 𝑉OS which will be with the same value as that of
previous state, resulting in a considerably decreased ERDOof
𝑉OS ⋅ (1/(1 + 𝐴)) present at the positive terminal of amplifier.
The autozeroing technique can also effectively reduce the
“Flicker” noise of modern semiconductor process but comes
with a penalty of high-frequency interference stemming from
the sampling clocks of the switches. Its major drawback is the
wide bandwidth of amplifier as a result of the voltage settling
on 𝐶
𝑆
.

Another efficient candidate is the work shown in
Figure 9(b) where 𝑉ip and 𝑉in can be connected with Ze2
and Ze3, respectively. The circuit serves as a preamplifier
located between the electrodes and IA to “continuously”
remove ERDO [53]. Here we use single differential circuit
configuration to detail its advantage but then it can turn
into its fully differential counterpart to provide two output
terminals to IA. The design embodies the AC coupling to
reject ERDO in order to make itself free from malfunction
as a result of the saturation. The low-frequency cutoff of
the high-pass filter formed by the 𝑅

2
-𝐶
2
network can be

adjusted through their time constant. The low-pass corner
frequency can be adjusted by the time constant of the lumped
impedance at the output of the preamplifier and𝐶

𝐿
. Owing to

the low frequencies required by the impedancemeasurement,
an extremely large 𝑅

2
-𝐶
2
time constant is unavoidable. As a

result, a pseudoresistor configuration shown in Figure 9(c)
can be adopted [53]. The pseudoresistor operates the transis-
tors involved at “subthreshold” operation to achieve a large
equivalent resistance value that is almost impossible to be
realized on the basis of “on-chip”miniaturization.The closed-
loop midband gain of the preamplifier can be determined by
𝐶
1
/𝐶
2
.

It should also be noticed that the accuracy of current of
measurement, signals generated from VCO for the demod-
ulation and how accurate their frequencies and phases can
be achieved by the system shown in Figure 7, will also affect
the final outcome dramatically. The frequencies and phases
can be adjusted and finely tuned by means of a phase-
locked loops with a precise reference frequency [54]. Such
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Figure 9: (a) The autozeroing technique [52]. (b) The AC-coupled technique [53]. (c) The pseudoresistor technique [53].

a frequency can be generated from an electronic circuit con-
taining a mechanically resonant vibrating crystal (so-called
crystal oscillator) [54]. Precise current of measuring SUT
can be obtained through the use of a “current mirror” with
sufficiently high output impedance. Modern semiconductor
technologies offer many well developed and miniaturized
circuit topologies to achieve such a goal [55, 56].

To advance miniaturization, the architecture shown in
Figure 7 could be further improved as the complexity-
reduced alternative shown in Figure 10 [48].The architecture,
which is called synchronous sampling, has mainly two most
significant features: (a) removal of IA and (b) representing
final results in pulse-width modulation (PWM) (using a
one-bit ADC). The elements 𝑍EA to 𝑍ED correspond to the
impedance of the four electrodes and the media were mod-
eled by the elements 𝑍MA to 𝑍MD. Each of these impedances
has real and imaginary components associated with the con-
ductivity and dielectric properties of the media, respectively
[48]. The voltage on the negative terminal of OTABIAS will
be forced to become the reference voltage 𝑉ref which was set
to halve the supply voltage and was used as the “ground” in

the analog circuits involved, thanks to the high open-loop
gains of the amplifiers achieving the “virtual short.” It turns
out to be reducing the loss in the parasitic elements and avoid-
ing the need for IA and the differential AC-coupled inputs.
The demodulated results, followed by the low-pass filter
(LPF), were compared with 𝑉ref to obtain a PWM waveform
that is easy to be transmitted wirelessly without parallel-serial
converter commonly seen at the output of ADC for serial
link. This architecture avoids two demodulation channels
by incorporating a sampling mechanism using the proper
sampling times.

Recently, a closed-loop architecture shown in Figure 11
was proposed [49]. Despite the same theory principle for
impedance measurement, its target used to determine the
final outcome is unlike the two representative architectures
shown in Figures 7 and 10. In this design, the resulting voltage
across the impedance under test (ZUT) including SUTwill be
confined to a predetermined amount using the error amplifier
EA with the given reference voltage 𝑉ref at its input. This will
help to operate the electrodes involved in a linear and pre-
dictable region.The generated AC current 𝑖

𝑋
flowing through
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ZUT can be controlled timely as a result of the feedback loop
at 𝑉
𝑂
. Because the transconductance of OTA (𝑔

𝑚
) can be

deduced during design and measurement phases and both
the multiplication factor𝐾 and signal source𝑉

𝑆
can be given,

𝑖
𝑋
can be obtained, provided that 𝑉

𝑚
is available after being

monitored. With 𝑉
𝑋

and 𝑖
𝑋
, the impedance “magnitude”

of ZUT can be measured. The impedance “phase” can be
measured by comparing the digitized results 𝑉od and 𝑉xd of
𝑉
𝑂
and the output of OTA to each other.
Although the architecture shown in Figure 11 provides

a good candidate to achieve not only an operation taking
the contribution of electrodes into account but also a safe
measurement with a decent accuracy as compared with
others demonstrated in the literature, its overall performance
is governed by the bandwidth, open-loop gain, input offset,
and CMRR of amplifier, similar to its counterparts. However,
high-gain, wide-bandwidth, low-offset, and high-CMRR

amplifier consumes considerable power consumption, which
goes against portability requiring miniaturization. In a nut-
shell, it has been believed that the performance of analog front
end is of primary importance for the precise measurement
of impedimetric system. The miniaturization effort involves
making trade-offs among different aspects of mixed-signal
(analog and digital) circuit design. The technical strategies
illustrated with Figures 8 and 9 are by no means the total
solutions but have demonstrated that they can be used
to effectively deal with the mentioned problems in terms
of miniaturization point of view. Last but not least, with
regard to some implantable applications where an extremely
miniaturized design of real-time impedancemonitoringmust
be fulfilled in limited space to allowing integration to themost
degree, the test current of SUT and ZUT could be generated
by an electrical stimulator without the dedicated circuit such
as VCO, DAC, or current oscillator shown in Figures 7, 10,
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and 11, respectively [56, 58, 59]. This turns out to be good
for the system on a chip (SoC) in modern semiconductor
technologies.

8. Impedimetric Imaging Instrumentation
in Omics

We have reviewed in detail the technologies regardingminia-
turization. One might want to know the relevance between
them and “imaging.” For the delivery of next-generation ther-
apies, functional characterization of genes using a systematic
way is imperative. One of the manners doing this kind of
characterization requires downregulation of the expression
of specific genes in order to comprehensively study the
functions of genes [60]. To this end, the cell-based functional
assay has been emerged as one of the powerful tools for
acute observation [61]. The cell-based functional assay can
be used to acquire the information about the phenotypic
effect of targeted “gene knockdown,” which is a technique to
reduce the expression of one or more of an organism’s genes,
in a way “incisive” when using RNA interference (RNAi)
[62]. However, almost all of the assays are used only for
experiencing a rapid onset (i.e., to say “for a given point
of time”) currently, implying that most of the changes are

missed in measurement. In addition, it has been demon-
strated that advanced state-of-the-art electronic biosensors
with microwell plates should be developed to be able to
record impedimetric cell-to-electrode responses in a way
“label-free” by means of microelectrodes. The combination
of the requirements “continuous monitoring,” “impedimet-
ric cell-to-electrode recording,” and “bidimensional-space
(2D) electrode array manipulation” form the base of new-
generation time-dependent profiling for cell responses. One
of the most recent works with respect to the development of
impedimetric spectrum platform with different application
regarding cell has been demonstrated in Figure 12 where
advanced semiconductor process and circuit techniques have
been employed to advance miniaturized sensing system
with light weight and low power in the platform [57]. By
displaying the results of 2D spectrum continuously, real-time
impedimetric imaging can be realized to ceaselessly measure
the cell status of importance.

9. Concluding Remarks

The ever increasing demand in the modern technologies
has improved the quality of life. Microfluidic systems have
been applied to different genomic applications and showed
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realizable opportunity for point-of-care diagnostic devices.
The advances in circuits and systems have been driving
a technical revolution in the microfluidic systems that are
essential to the “-omics” era. Impedimetric detection is a
promising technique to develop miniaturized measurement
equipment. The improved impact on the SoC techniques has
enabled sustainable solutions which have been demonstrated
so far to be effective to pressing real problems in such a
field. Several representative solutions ranging from impedi-
metric architectures and efficiency-enhanced miniaturized
techniques have been discussed in detail in this paper. Many
researchers have pursued the ideas of using the techniques
they have learned to facilitate interdisciplinary collaborations
among SoC design, micromechanical technologies, material
science, and biomedical engineering. It is almost impos-
sible to embody miniaturization towards light weight and
low power, while at the same time achieving an accurate
impedance signal conditioning and the reduced response
time without the help of microfabricated and mixed-signal
technologies, not to mention the portability. In addition to
the applications and advantages mentioned, it can be envi-
sioned that by leveraging the architectures and techniques,
low-price and precise early detection of many fatal diseases,
such as the cancers, will eventually come true. Despite the
strength and importance of impedancemeasurement system,
those prior arts suffer the most from the contamination of
electrode. Once the electrodes dip into the sample, non-
specific adsorption of biological components starts to take
place.The contamination of electrode is still an open question
and is accompanied with distortion of measured impedance
spectrum, resulting in observable (inductive) artifact at some
frequencies. In order to eliminate the contamination of detec-
tion electrodes and reaction chamber, the device is normally
designed to be disposable for the rapid diagnostic applica-
tions. Moreover, the electrodes are made of noble metals, for
example, Au and Pt, in order to prevent the surface oxidation.
The contamination may also be overcome by having a
large number of in vitro tests on electrode-sample reactions
(redox) as an index of lookup stored in an on-chip memory.
This may greatly help differentiate the shifted impedance
spectrum from its normal circumstances (through some
kinds of algorithms). In conclusion, the microfluidic systems
incorporated with impedimetric detection technique provide
simple, miniaturized, and sensitive detection of genomic
signal. It is believed that these systems can develop practical
point-of-care genomic diagnostic devices.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This study was supported in part by the National Science
Council (NSC), Taiwan, under Grant no. NSC 102-2218-
E-182-003-. The authors would also like to thank funding
support from the Chang Gung University, Taiwan, and

Chang Gung Memorial Hospital, Taiwan, under Grants nos.
UERPD2D0011, CMRPD2C0141, and CMRPD2D0021.

References

[1] D. Erickson, X. Liu, U. Krull, and D. Li, “Electrokinetically
controlled DNA hybridization microfluidic chip enabling rapid
target analysis,” Analytical Chemistry, vol. 76, no. 24, pp. 7269–
7277, 2004.

[2] P. K. Yuen, G. Li, Y. Bao, and U. R. Müller, “Microfluidic devices
for fluidic circulation and mixing improve hybridization signal
intensity on DNA arrays,” Lab on a Chip, vol. 3, no. 1, pp. 46–50,
2003.

[3] R. H. Liu, R. Lenigk, R. L. Druyor-Sanchez, J. Yang, and
P. Grodzinski, “Hybridization enhancement using cavitation
microstreaming,” Analytical Chemistry, vol. 75, no. 8, pp. 1911–
1917, 2003.

[4] M. K.McQuain, K. Seale, J. Peek et al., “Chaoticmixer improves
microarray hybridization,”Analytical Biochemistry, vol. 325, no.
2, pp. 215–226, 2004.

[5] Y. C. Chung, Y. C. Lin, M. Z. Shiu, and W. N. T. Chang,
“Microfluidic chip for fast nucleic acid hybridization,” Lab on
a Chip, vol. 3, no. 4, pp. 228–233, 2003.

[6] D. R. Reyes, D. Iossifidis, P. A. Auroux, and A. Manz, “Micro
total analysis systems. 1. Introduction, theory, and technology,”
Analytical Chemistry, vol. 74, no. 12, pp. 2623–2636, 2002.

[7] P.-A. Auroux, D. Iossifidis, D. R. Reyes, and A. Manz, “Micro
total analysis systems. 2. Analytical standard operations and
applications,” Analytical Chemistry, vol. 74, no. 12, pp. 2637–
2652, 2002.

[8] T. Vilkner, D. Janasek, and A. Manz, “Micro total analysis
systems. Recent developments,” Analytical Chemistry, vol. 76,
no. 12, pp. 3373–3386, 2004.

[9] Y. Zhang and P. Ozdemir, “Microfluidic DNA amplification–
a review,” Analytica Chimica Acta, vol. 638, no. 2, pp. 115–125,
2009.

[10] A. Bange, H. B. Halsall, and W. R. Heineman, “Microfluidic
immunosensor systems,” Biosensors and Bioelectronics, vol. 20,
no. 12, pp. 2488–2503, 2005.

[11] K. F. Lei, “Microfluidic systems for diagnostic applications: a
review,” Journal of Laboratory Automation, vol. 17, pp. 330–347,
2012.

[12] Y. Xia and G. M. Whitesides, “Soft lithography,” Annual Review
of Materials Science, vol. 28, no. 1, pp. 153–184, 1998.

[13] A. Gerlach, G. Knebel, A. E. Guber et al., “Microfabrication
of single-use plastic microfluidic devices for high-throughput
screening and DNA analysis,” Microsystem Technologies, vol. 7,
no. 5-6, pp. 265–268, 2002.

[14] W. W. Y. Chow, K. F. Lei, G. Shi, W. J. Li, and Q. Huang,
“Microfluidic channel fabrication by PDMS-interface bonding,”
Smart Materials and Structures, vol. 15, pp. S112–S116, 2006.

[15] K. F. Lei, S. Ahsan,N. Budraa,W. J. Li, and J. D.Mai, “Microwave
bonding of polymer-based substrates for potential encapsulated
micro/nanofluidic device fabrication,” Sensors and Actuators A:
Physical, vol. 114, no. 2-3, pp. 340–346, 2004.

[16] Z. J. Jia, Q. Fang, and Z.-L. Fang, “Bonding of glass microfluidic
chips at room temperatures,” Analytical Chemistry, vol. 76, no.
18, pp. 5597–5602, 2004.

[17] C.W. Tsao andD. L.DeVoe, “Bonding of thermoplastic polymer
microfluidics,” Microfluidics and Nanofluidics, vol. 6, no. 1, pp.
1–16, 2009.



12 BioMed Research International

[18] K. F. Lei, H. Cheng, K. Y. Choy, and L. M. C. Chow, “Elec-
trokinetic DNA concentration in microsystems,” Sensors and
Actuators A: Physical, vol. 156, no. 2, pp. 381–387, 2009.

[19] Y. He, M. Tsutsui, C. Fan, M. Taniguchi, and T. Kawai, “Gate
manipulation of DNA capture into nanopores,” ACS Nano, vol.
5, no. 10, pp. 8391–8397, 2011.

[20] M. A. Burns, B. N. Johnson, S. N. Brahmasandra et al., “An
integrated nanoliter DNA analysis device,” Science, vol. 282, no.
5388, pp. 484–487, 1998.

[21] F. Wang and M. A. Burns, “Performance of nanoliter-sized
droplet-based microfluidic PCR,” Biomedical Microdevices, vol.
11, no. 5, pp. 1071–1080, 2009.

[22] L. Shui, J. G. Bomer, M. Jin, E. T. Carlen, and A. van den
Berg, “Microfluidic DNA fragmentation for on-chip genomic
analysis,” Nanotechnology, vol. 22, no. 49, Article ID 494013,
2011.

[23] J. Khandurina, T. E. McKnight, S. C. Jacobson, L. C. Waters,
R. S. Foote, and J. M. Ramsey, “Integrated system for rapid
PCR-based DNA analysis in microfluidic devices,” Analytical
Chemistry, vol. 72, no. 13, pp. 2995–3000, 2000.

[24] D. Sabourin, J. Petersen, D. Snakenborg et al., “Microfluidic
DNA microarrays in PMMA chips: streamlined fabrication via
simultaneous DNA immobilization and bonding activation by
brief UV exposure,” Biomedical Microdevices, vol. 12, no. 4, pp.
673–681, 2010.

[25] A. H. Diercks, A. Ozinsky, C. L. Hansen, J. M. Spotts, D. J.
Rodriguez, and A. Aderem, “A microfluidic device for mul-
tiplexed protein detection in nano-liter volumes,” Analytical
Biochemistry, vol. 386, no. 1, pp. 30–35, 2009.

[26] K. F. Lei, “Quantitative electrical detection of immobilized
protein using gold nanoparticles and gold enhancement on a
biochip,” Measurement Science and Technology, vol. 22, no. 10,
Article ID 105802, 2011.

[27] K. F. Lei and Y. K. C. Butt, “Colorimetric immunoassay chip
based on gold nanoparticles and gold enhancement,”Microflu-
idics and Nanofluidics, vol. 8, no. 1, pp. 131–137, 2010.

[28] A. E. Herr, A. V. Hatch, D. J. Throckmorton et al., “Microfluidic
immunoassays as rapid saliva-based clinical diagnostics,” Pro-
ceedings of the National Academy of Sciences of the United States
of America, vol. 104, no. 13, pp. 5268–5273, 2007.

[29] A. Bhattacharyya and C. M. Klapperich, “Design and testing
of a disposable microfluidic chemiluminescent immunoassay
for disease biomarkers in human serum samples,” Biomedical
Microdevices, vol. 9, no. 2, pp. 245–251, 2007.

[30] S. Lai, S. Wang, J. Luo, L. J. Lee, S. T. Yang, and M. J. Madou,
“Design of a compact disk-like microfluidic platform for
enzyme-linked immunosorbent assay,” Analytical Chemistry,
vol. 76, no. 7, pp. 1832–1837, 2004.

[31] D. Yang, X. Niu, Y. Liu et al., “Electrospun nanofibrous mem-
branes: a novel solid substrate for microfluidic immunoassays
for HIV,” Advanced Materials, vol. 20, no. 24, pp. 4770–4775,
2008.

[32] T. Glawdel and C. L. Ren, “Electro-osmotic flow control for
living cell analysis in microfluidic PDMS chips,” Mechanics
Research Communications, vol. 36, no. 1, pp. 75–81, 2009.

[33] F. T. G. van den Brink, E. Gool, J.-P. Frimat, J. Bomer, A. van den
Berg, and S. le Gac, “Parallel single-cell analysis microfluidic
platform,” Electrophoresis, vol. 32, no. 22, pp. 3094–3100, 2011.

[34] R. N. Zare and S. Kim, “Microfluidic platforms for single-cell
analysis,” Annual Review of Biomedical Engineering, vol. 12, pp.
187–201, 2010.

[35] G. Mehta, J. Lee, W. Cha, Y.-C. Tung, J. J. Linderman, and S.
Takayama, “Hard top soft bottom microfluidic devices for cell
culture and chemical analysis,”Analytical Chemistry, vol. 81, no.
10, pp. 3714–3722, 2009.

[36] K. F. Lei and P. H. M. Leung, “Microelectrode array biosensor
for the detection of Legionella pneumophila,” Microelectronic
Engineering, vol. 91, pp. 174–177, 2012.

[37] K. F. Lei, M. H. Wu, C. W. Hsu, and Y. D. Chen, “Real-time
and non-invasive impedimetric monitoring of cell proliferation
and chemosensitivity in a perfusion 3D cell culturemicrofluidic
chip,” Biosensors and Bioelectronics, vol. 51, pp. 16–21, 2014.

[38] K. F. Lei,M.H.Wu, P. Y. Liao, Y.M.Chen, andT.M. Pan, “Devel-
opment of a micro-scale perfusion 3D cell culture biochip with
an incorporated electrical impedance measurement scheme for
the quantification of cell number in a 3D cell culture construct,”
Microfluidics and Nanofluidics, vol. 12, no. 1–4, pp. 117–125, 2012.

[39] M. Bu, T. Melvin, G. Ensell, J. S. Wilkinson, and A. G. R. Evans,
“Design and theoretical evaluation of a novel microfluidic
device to be used for PCR,” Journal of Micromechanics and
Microengineering, vol. 13, pp. S125–S130, 2003.

[40] K.-S. Ma, H. Zhou, J. Zoval, and M. Madou, “DNA hybridiza-
tion detection by label free versus impedance amplifying label
with impedance spectroscopy,” Sensors and Actuators B: Chem-
ical, vol. 114, no. 1, pp. 58–64, 2006.

[41] S. J. Park, T. A. Taton, and C. A. Mirkin, “Array-based electrical
detection of DNA with nanoparticle probes,” Science, vol. 295,
no. 5559, pp. 1503–1506, 2002.

[42] C. Fang, Y. Fan, J. Kong, Z. Gao, and N. Balasubramanian,
“Electrical detection of oligonucleotide using an aggregate of
gold nanoparticles as a conductive tag,” Analytical Chemistry,
vol. 80, no. 24, pp. 9387–9394, 2008.

[43] R. L. Testerman, N. R. Hagfors, and S. I. Schwartz, “Design and
evaluation of nerve stimulating electrodes,” Medical research
engineering, vol. 10, no. 1, pp. 6–11, 1971.

[44] M. Sawan, F. Mounaim, and G. Lesbros, “Wireless monitoring
of electrode-tissues interfaces for long term characterization,”
Analog Integrated Circuits and Signal Processing, vol. 55, no. 1,
pp. 103–114, 2008.

[45] A. Yufera, G. Leger, E. O. Rodriguez-Villegas et al., “An inte-
grated circuit for tissue impedance measure,” in Proceedings of
the 2nd Annual International IEEE-EMB Special Topic Confer-
ence on Microtechnologies in Medicine & Biology, pp. 88–93,
Madison, Wis, USA, 2002.
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The use of ionizing radiation for cancer treatment has undergone extraordinary development during the past hundred years. The
advancement of medical imaging has been critical in helping to achieve this change. The invention of computed tomography (CT)
was pivotal in the development of treatment planning.Despite somedisadvantages, CT remains the only three-dimensional imaging
modality used for dose calculation. Newer image modalities, such as magnetic resonance (MR) imaging and positron emission
tomography (PET), are also used secondarily in the treatment-planning process. MR, with its better tissue contrast and resolution
than those of CT, improves tumor definition compared with CT planning alone. PET also provides metabolic information to
supplement the CT and MR anatomical information. With emerging molecular imaging techniques, the ability to visualize and
characterize tumors with regard to their metabolic profile, active pathways, and genetic markers, both across different tumors and
within individual, heterogeneous tumors, will inform clinicians regarding the treatment options most likely to benefit a patient
and to detect at the earliest time possible if and where a chosen therapy is working. In the post-human-genome era, multimodality
scanners such as PET/CT and PET/MR will provide optimal tumor targeting information.

1. Introduction to Radiation Therapy

The three most important aspects of cancer treatment are
surgery, chemotherapy (in earlier times referred to simply
as medicine), and radiation therapy. Of these, surgery is the
oldest with records discovered by Edwin Smith, an American
Egyptologist, and describing the surgical treatment of cancer
in Egypt circa 1600 B.C. [1]. Medicines were also used in
ancient Egypt at the time of the pharaohs, although the use
of chemotherapy in cancer was first used in the early 1900s by
the German chemist, Paul Ehrlich [2]. In contrast, radiation
therapy, the therapeutic use of ionizing radiation, is by far the
most recent technique used to treat cancer. X-rays, a kind
of ionizing radiation, were discovered in 1895 by Wilhelm
Roentgen and within months were used to treat tumors.
This use of ionizing radiation has undergone extraordinary

development during the past century. As we will discuss, the
advancements in medical imaging have been critical to the
evolution of modern radiation therapy.

In the late nineteenth century, three discoveries regarding
ionizing radiation were instrumental in the development of
radiation therapy:

(1) November 8, 1895: X-rays discovered by Wilhelm
Conrad Roentgen (1845–1923);

(2) March 1, 1896: radioactivity discovered by Henri
Becquerel (1852–1908);

(3) December 26, 1898: radium discovered by Madame
Curie (Maria Sktodowska) (1867–1934).

There are two, general classes of radiation therapy:
brachytherapy and teletherapy. “Brachy,” a Greek word,
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Table 1

Accelerator
voltage

Mean photon
energy Classification

10–150 kV 3–50 keV Superficial
150–500 kV 50–166 keV Orthovoltage
500–1000 kV 166–333 keV Supervoltage
>1000 kV
(1MV)

>333 keV
(0.33MeV) Megavoltage

means short distance and “tele” means long distance.
Brachytherapy is treatment performed by placing the
radioactive source near or in contact with a tumor, that is,
the use of intracavitary or intraluminal placement of the
treatment source. Conversely, teletherapy is treatment with
the radioactive source at a distance from the patient/tumor.
Teletherapy, also known as external beam radiation therapy,
may be classified by the voltage applied to produce X-ray
photons as in Table 1 [3].

The lower energy beams, produced by X-ray tubes, are
well suited for diagnostic imaging. However, the use of these
lower energy beams is limited in radiation therapy. Because
these beams are highly attenuated, that is, poorly penetrating,
the treatment of deep tumors results in an excessive radiation
dose to the skin, thus limiting the ability to deliver curative
doses, and so are of limited clinical usefulness. In order to
treat deep tumors while maintaining a lower radiation skin
dose, high-energy beams with greater penetrating power are
required.

High-energy gamma-ray photons are emitted during
radioactive decay of certain radionuclides. (X-rays and
gamma-rays are both photons and produce the same inter-
actions with tissue. They differ according to their origin.
Gamma-rays originate from the changes between energy
levels in the nucleus, while X-rays originate from changes
between energy levels in the electrons orbiting the nucleus.)
External-beam radiation therapy units may be created by
collimating the gamma-ray emissions from large quantities
of radioactive material. Examples of these units are telera-
dium utilizing Radium-226 and emitting gamma-rays with
average energy of 1.2MeV, telecesium utilizing Cesium-137
and emitting gamma-rays with average energy of 0.66MeV,
and the Cobalt-60 unit emitting gamma-rays at 1.17MeV and
1.33MeV. All of these units require storage of large amounts
of radioactive materials and have associated radiation safety
concerns, including securing thematerials so that they are not
used for terrorist activities. Therefore, the use of radioactive
materials has largely been replaced bymegavoltagemachines.

The first megavoltagemachine used to produce therapeu-
tic X-rays was a type of accelerator called the Van de Graaff
generator. It is an electrostatic accelerator which accelerates
charged particles, in this case electrons. The high-energy
electrons strike a target to create X-rays from 1 to 2MeV
in energy. Its first clinical use was at Huntington Memorial
Hospital in Boston when it was installed in 1937.

Another type of accelerator used in radiation therapy is a
betatron which has a hollow, doughnut shape with an alter-
nating magnetic field to accelerate electrons. These accelera-
tors were used specifically for the production of therapeutic
electron beams, rather than X-rays. Most of these units were
installed in European medical centers, had electron energies
up to 50MeV, and were used to treat deeply located tumors.

Van de Graaff generators and betatrons were the precur-
sors of linear accelerators or “linacs.” Linacs to be used for
radiation therapywere developed during and afterWorldWar
II and used the high-frequency and high-power microwave
sources developed for the manufacture of radar systems.
Linacs accelerate charged particles, most commonly elec-
trons, to create therapeutic electron or X-ray beams up to
25MeV in energy. Electrons achieve acceleration by traveling
through a high electronic field in a magnetic field that causes
the electrons to take a spiral path of increasing radius. X-rays
are produced when these accelerated electrons collide with a
high-atomic-number target. In 1953, the first isocentric linac
was installed at the Christie Hospital in Manchester, United
Kingdom, and these units continue to be the mainstay of
modern radiation therapy. The chronology of the develop-
ment of linear accelerators for radiotherapy use is as follows:

1953: first isocentric linac installed, United Kingdom;
1954: first dual-throttle (X-rays and electrons) linac in-

stalled, St Bartholomew’s Hospital, London;
1973: first dual-photon-energy linac installed, Antoni van

Leeuwenkoek, Amsterdam;
1981: introduction of motorized collimators;
1985: new series of fully computer-controlled linacs estab-

lished, thus allowing the development of modern
radiotherapy of high complexity.

2. Past: Introduction of Imaging in Radiation
Therapy Planning

Together with the progress of radiation therapy linacs was
the development of dose calculation and treatment-planning
techniques.The ability to quantify the delivered dose evolved
from simple skin erythema observations in the late 1800s to
single-point calculations inside the patient in the mid 1900’s
and to computer-based dose calculations in the late 1960s.
Finally, with the invention of computed tomography (CT)
by Cormack and Hounsfield in 1972, three-dimensional (3D)
dose calculation became possible.The use of CT in treatment
planning allowed several important advances in radiation
therapy and resulted in greater precision in dose distribution,
dose optimization, and patient positioning. However, one of
themost important advances CT provided for 3D dose calcu-
lation was the precise visualization of the geometric positions
of tumor and normal tissue in a patient. The radiation dose
could then be calculated and optimized in order to determine
the best dose distribution in the target (tumor), thus avoiding
the surrounding normal tissue. Another advance CT offered
was the creation of digitally reconstructed radiographs or
DRRs (Figure 1) for patient position verification at the time
of treatment using the linac.
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Figure 1: Creation of digital reconstructed radiographs or DRRs
from CT.

3. Present: What Is Used in Practice Today

Currently, radiation therapy linacs are fully controlled by
computers and with new techniques of dose delivery, such as
intensity-modulated radiation therapy (IMRT), volumetric-
modulated arc therapy (VMAT), and imaged-guided radio-
therapy (IGRT), the treatment delivery precision is measured
inmillimeters [4]. Amore precisemethod of target definition
is necessary for such precise delivery. While CT has revolu-
tionized the field of radiation therapy, further improvements
in imaging are desirable in which the dose can be delivered
with yet increased accuracy. CT has several limitations such
as suboptimal tissue contrast, lack of functional information,
and the inability to visualize small groups of cancer cells that
are separated from the gross tumor. If we can overcome these
limitations, we can further improve the precision of the target
definition and provide better patient outcomes [5].

The application of other imaging modalities, such as
magnetic resonance (MR) imaging and positron emission
tomography (PET), can provide additional information in
order to more precisely define tumor localization for treat-
ment planning using radiation therapy [6–8]. In particular,
MR has better soft-tissue contrast than CT and provides
better visual discrimination between tissue that should be
treated and that which should not (Figure 2) [9, 10]. PET
allows the identification of areas of metabolic activity and
thus allows the radiation oncologist to escalate the radiation
dose for the most aggressively growing tumors or regions
therein [11, 12] (Figure 3). Despite its limitations, for several
reasonsCT is currently the only 3D imagingmethod accepted
for treatment planning. Most treatment-planning algorithms
were developed specifically for CT as it was the first available
3D imaging modality and CT scanners are more commonly
used than MR or PET. Furthermore, the geometric fidelity
of CT is better than that of MR in which distortions
may occur, and as CT generally has shorter acquisition
times than MR or PET, organ/tumor motion management
can be assessed. Most importantly, with CT it is possible
to identify the mass attenuation coefficient (𝜇/𝜌 (m2/Kg))

or attenuation characteristics for high-energy photons, X-
rays, and gamma-rays, as this is critical for precise dose
calculation.

Photon interactions with tissue, such as photo-electric
absorption, Compton scatter, and pair production, are depen-
dent on the atomic number, electron density of the tis-
sue, and photon energy (Figure 4). Therefore, to accurately
calculate the radiation dose, the specific mass attenuation
factor for different types of tissue, that is, heterogeneity,
encountered by a photon beam must be identified. For this
reason the treatment planning dose calculation is still only
possible using CT. Newly developed algorithms, such as
convolution/superposition and Monte Carlo, provide more
accurate dose calculations by using heterogeneity correction
[13].These new algorithms calculate the radiation absorption
and scatter of different tissue densities and apply that to
the dose calculation, although this is only possible because
the tissue density is obtained using a table that relates the
Hounsfield number to density. Four-dimensional CT (4DCT)
is another development used to quantify respiratory and
organ motion. Normally, the 4DCT is applied in thoracic
and abdominal sites in which respiratory motion can cause
incorrect information regarding the size and position of a
tumor and critical organs [14].

The primary disadvantage of CT for treatment planning
is the low tissue contrast which can result in the tumor
definition varying significantly from physician to physician
[15]. Other imaging modalities, such as MR and PET, may
help in the tumor definition due to their improved soft-tissue
contrast and functional information [16, 17]. Therefore, in
contemporary radiation therapy practice MR and PET are
often used to complement CT for tumor delineation and
normal tissue identification, although only CT is used for
dose calculation.Therefore, the ability to accurately coregister
these various image sets is one of the most powerful tools for
radiation therapy planning.

3.1. MR. Paul Lauterbur, at the State University of New York,
USA, and Peter Mansfield, at the University of Nottingham,
England, independently produced the first NMR image, now
called MR, in the 1970s. Their invention had a profound
impact on medical imaging, and they shared the 2003 Nobel
Prize in Physiology or Medicine.

MR is a powerful diagnostic tool. Compared to CT
imaging, MR has several advantages, such as greater intrinsic
soft-tissue contrast and resolution than CT and nonionizing
radiation, as it uses radiofrequency waves for signal gen-
eration. In many clinical specialties, such as orthopedics,
neurology, and neurosurgery, as well as for various anatomies
and pathologies, including pelvic organs and tumors, soft-
tissue visualization is used for diagnosis. Therefore, MR is
the preferred imaging modality for many diagnostic imaging
applications. Despite the wide use of MR for diagnostic
imaging, in radiation therapy treatment planning MR is still
a secondary image modality due to its image artifacts, lack of
tissue density information, and relatively small field of view
(FOV).
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(a) (b)

(c) (d)

Figure 2: Differences in the soft-tissue contrast from four images. (a) is a T2-weighted MR image, (b) is a T1-weighted MR image, (c) is a
T1-weighted MR image with contrast, and (d) is a CT image. The ROIs shown above are eyes (purple and light green colors), optical nerves
(green and yellow colors), brain stem (teal color), gross tumor (pink color), and clinical target (yellow color) which extend from the gross
tumor by a few millimeters with the intent of treating the subclinical microscopic extension of disease.

MR systems available only five years ago were less suc-
cessful due to issues rendering them unsuitable for RT plan-
ning. However, improvements in MR hardware and software
design have allowed MR imaging to become part of the RT
planning workflow [18–21]. Protocols generated specifically
for the purpose of RT planning rely on fundamentally robust,
high-resolution, contrast-consistent, large FOV acquisitions,
compared to the variety of sequences that may be used in
diagnostic imaging. This effort has helped to increase the use
of MR in RT planning, although still only as a secondary
imaging set.

Two, significant issues keep MR relegated to a secondary
role, that is, the lack of electron-density information derived
from MR images and the potential error in its geomet-
ric accuracy. Regarding electron density, therapy planning
entails estimating the radiation dose which depends on the
manner and degree to which the radiation interacts with
and deposits energy in the tissue. This occurs primarily due
to Compton events in which the incident, high-energy X-
rays interact with outer shell electrons in the tissue. The
interaction probability is proportional to electron density,

on which the CT but not the MR signal depends. Although
MR cannot directly image tissue density, there are several
studies showing the potential to calculate the radiation dose
and even generate DRRs based solely on MR data (Figure 5)
[18, 20, 21]. A common approach is to assign a bulk density to
theMR image using an atlas-based, electron-densitymapping
method [20, 22]. This remains an active area of research and
new methods may be forthcoming.

Regarding the geometric accuracy, MR images may
appear spatially warped so that the location of something
appearing in the image differs from its actual physical
location. This could be caused, for example, by distortions in
the magnetic gradient fields. With MR, the spatial location is
encoded by the spin frequency of protons which depends on
the localmagnetic-field strength.Magnetic gradients are used
to vary the field strength in a spatially dependent manner.
Spatial warping then results with aberrations in field strength
that can be caused by residual error in system calibrations
and by the presence of materials such as dental implants,
prostheses and even due to transitions between materials, for
example, between tissue and air.
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Table 2: Sources of MR distortion, correction, and method for assessment.

Level of distortion Distortion source Distortion correction Assessment of
residual distortion

System Gradient nonlinearity Gradient coil design (HW)
Model-based corrections (SW)

Geometric fidelity phantoms and
assessment tools

Static field (B0)
inhomogeneity Magnet design and static-field shims (HW) B0-field map in phantoms

Patient
Static-field (B0)
inhomogeneity

Gradient-shim coils (HW)
Patient-specific B0 field correction (SW) B0-field map in the patient

Transmit-field (B1)
inhomogeneity

Multiple RF transmit channels (HW)
Patient-specific B1 field correction (SW) B1-field map in the patient

Sequence Gradient switching
(eddy currents)

Gradient preemphasis (HW/SW)
Protocols with low gradient slew rates (SW) Visual inspection
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Figure 3: PETprovides the ability to differentiate areas of neoplastic,
hyper-metabolic activity within surrounding normal tissue where
(a) is the CT image, (b) is the PET, and (c) is the fused PET/CT. All
of the images show the gross tumor delineated from the PET image
in teal color.

To mitigate these effects one can use acquisition
sequences that are less sensitive to magnetic field inaccura-
cies. Table 2 shows the types of MR distortion, correction,
and assessment. As mentioned above, current MR systems
have hardware and software solutions available that optimize
the geometric fidelity. Improved gradient linearity, static-
field homogeneity, and patient-induced inhomogeneity
compensation have brought MR greater acceptance for RT
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planning. Quality assurance tools to test various sources
of image distortion can also be used to characterize these
improvements on both a daily and a patient-by-patient
basis. These advancements have increased the use of MR
systems in radiation oncology clinical departments and have
encouraged further development of MR-guided treatment
solutions, including several projects intended to integrateMR
imaging during external-beam radiation therapy [23–25].

3.2. PET. PET entails imaging the biodistribution of a
radiolabeled compound selected based on its biochemical
behavior. Most commonly, 2-[18F]fluoro-2-deoxy-D-glucose
(FDG), a glucose analog, is used and is transported into cells,
phosphorylated, and then trapped intracellularly. Differing
from CT and conventional MR which show morphology,
FDG-PET shows metabolically active tissue. As such, PET
can be used to refine the target volume or to provide a dose
boost to themostmetabolically active tumors or areas therein
[16]. PET can also be used to monitor tumor response, while
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Figure 5: DRRs based solely on MR data.

noting that metabolic changes would precede changes in
tumor shape and size [17].

While FDG is the most commonly used PET radio-
pharmaceutical, others may also be useful for radiation
therapy. For example, some radiopharmaceuticals, such as
64Cu-diacetyl-bis(N4-methylthiosemicarbazone), commonly
called 64Cu-ATSM, and 18F-fluoromisonidazole, commonly
called 18F-FMISO, have been designed to demonstrate
hypoxia, and as hypoxia is associated with radiation resis-
tance, such areas may be targeted for additional radiation
dosage [26]. 3-[18F]fluoro-3-deoxythymidine,18F-FLT has
been developed as a marker of cellular proliferation and is
used to assess the response to radiation therapy [27]. It has
the potential to be an earlier indicator than FDG as radiation
causes an inflammatory response that necessitates a delay
between therapy and follow-up FDG-PET imaging [28].

Regardless of the radiotracer used, determining its spatial
location is essential for radiation therapy planning. In this
regard, image registration and fusion, that is, the ability to
determine corresponding spatial locations in two or more
image volumes and to visualize the result as a superposition-
ing of images, is a very useful technology. In the 1990s, image
registration and fusion were achieved by scanning a patient
on two, different scanners and then analyzing the data using
a combination of computer software and human guidance
to rotate and translate one of the two image volumes until
it best matches the other. It is also possible to stretch or
warp the image volumes to account for further differences
in patient position and orientation, although it is less used
and more prone to error than rigid-body transformations
such as rotation and translation. Therefore, the advent of
multimodality scanners, beginning around the year 2000,
with combined PET-CT [29, 30], was a seminal advance for
the use of imaging in radiation therapy planning as patients
would be placed in the same position for both PET and
CT. In fact, this change was so significant that the sale of
PET scanners lacking CT absolutely disappeared within a few
years. Motivated by the success of PET-CT, other combined
instruments have beenmade, with PET-MRbeing the newest,
and have the greatest number of technical challenges owing

to the difficulty of operating PET detectors in the strong
magnetic field of MR [31, 32]. Despite these and other
challenges, it is exciting that MR offers soft-tissue contrast
that is not possible with CT and that facilitates, for example,
visualization of prostate and head and neck cancer (Figure 6).

3.3. Image Registration and Fusion. The ability to fuse and
coregister the three, main types of oncologic imaging tech-
niques, that is, CT, MR, and PET, became available for
radiation oncology planning in the early 1990s due to the
improvement of the software algorithms used to register
and fuse multimodality imaging datasets. Registration is the
ability to align the same points from different images. In
medical applications, these points are the same anatomical
regions of the body, such as bone and organs, for the same
patient. Fusion is the ability to display different types of
registered images anatomically overlain on one another in
a single, composite image [33]. Fusion provides the best
information for each image, that is, geometric definition and
tissue density from the CT image, soft-tissue contrast from
the MR image, and metabolic information from the PET
image. The combined information reduces the uncertainty
regarding the tumor definition for geometric localization as
well as determining the size and spread of the disease. By
improving the accuracy of the target definition, image fusion
can potentially improve the treatment outcome and decrease
complications as less normal tissue is irradiated.

Currently, most radiation treatment planning systems
support image registration and fusion. There are several
fusion algorithms. The most common is geometrical trans-
formation (rigid and nonrigid) that can be point-based,
intensity-based, or based on the mechanical properties of the
tissue [34]. Registration algorithms are very complex and can
create undesirable image artifacts, thus causing errors in the
tumor and normal tissue localization. To minimize potential
issues using software-based registration, it is desirable to
position patients as similarly as possible and to use the
software to refine the result. This can be achieved by using
immobilization devices as well as using flat tables for diagnos-
tic imaging equipment and which match the geometry of the
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Figure 6: Axial-view images of a patient using a combined PET/MR scanner.Theupper rows showPET images of FDGactivity corresponding
to glucose metabolism. The middle rows show MR images acquired using a T1-weighted, fat saturation sequence. The lower rows show the
fused images. The PET images show elevated FDG uptake indicating cancer in (a), the tongue base and (b) the epiglottis.

treatment couch. As a patient’s body may still move between
and during the image set acquisitions, a 3-dimensional
registration is necessary. Keeping the patient immobilized in
the image set will produce smaller corrections for the fusion
algorithm, thus causing fewer registration errors. Currently,
the process of fusing multiple image techniques in radiation
oncology is labor-intensive and requires manual verification
of the quality of the registration by qualified experts [35].
Automation of this process will depend on improvements
in the algorithms as well as better metrics for accuracy
verification.

4. Future Considerations

The primary goal of treatment planning is to precisely
calculate the radiation dose to the tumor in order to improve
the outcome and reduce toxicity. The future of imaging in
radiation therapy treatment planning is promising, and other
advances will contribute to better target definition. Higher
resolution imaging will be developed for all of the modalities
discussed. Specifically, higher definition PET-CT scanners
and high magnetic field MR have the ability to improve
the visualization of tumors even to the level of microscopic
disease extension [6].

Emerging algorithms for image fusion [33] will be more
accurate and will allow an automated fusion process and
verification. These new algorithms will make the tumor
localization in the several types of images more precise and
less time-consuming.

As previously mentioned, several solutions have been
introduced in order to allow MR-based simulation and
planning to become a reality. This may ultimately lead to
the elimination of CT in radiation therapy, and which has
been the foundation of treatment planning during the past
four decades. This has far-reaching implications including
lower overall cost and reduced X-ray exposure. However,
another issue that has slowed the adoption ofMRby radiation

oncology is the lack of staff training for MR imaging and
explaining the use of MR for treatment planning during
traditional professional education.

Once MR systems are readily available for imaging
patients undergoing radiation treatment, the opportunity to
assess their response to treatment and to adapt the treatment
plan for improved patient outcomes is likely [36–41]. The
number and types of functional measurements which can be
determined using MR imaging are multiple. Table 3 shows
some of the basic, functional imaging types that have shown
promise in predicting the clinical outcomes for various tumor
types.

4.1. “Omics” and the Future. Several investigators are attempt-
ing to apply the field of “omics” to tailor individual treatment
for a better outcome in cancer therapy through the expression
of genes, proteins, and metabolites. In radiation therapy
“omics” may be able to predict the treatment response
through immunohistochemical markers, DNA microarray
gene signatures, and nucleotide polymorphisms [42]. Identi-
fying biomarkers that can predict the sensitivity or resistance
of tumors to radiation therapy is another promising area of
ongoing research [43].

The advances in omics imaging for radiation treatment
planning will include molecular imaging such as the new
MR sequences described in Table 3, functional imaging, as
well as the development and application of new PET tracers,
such as 18F-FLT, 64Cu-ATSM, and 18F-FMISO, that can better
identify regions of hypoxia, oxygen metabolism, microscopic
disease, and high metabolism inside the tumor [27]. Tumor
genetic and radiobiological factors will guide individualized
radiation therapy with better target delineation, avoidance of
normal tissue, dose escalation, dose fractionation, and better
prediction of treatment response [44]. The semiquantitative,
standardized uptake value (SUV) with different radiotracers
for different tumor histologies will be able to predict the
tumor heterogeneity based on metabolism. The SUV can
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Table 3: Basic MR functional imaging types that have shown promise in predicting outcomes for various tumor types.

Type of measurement Functional imaging method Known as What is measured

Perfusion

Dynamic contrast enhanced DCE, permeability Gadolinium-induced
shortening of T1

Dynamic
susceptibility contrast DSC Gadolinium-induced

shortening of T2∗

Arterial spin labeling ASL
Intrinsic contrast

enhancement generated from
magnetization of arterial blood

Diffusion Diffusion weighting imaging DWI
Gradient-induced

sensitization of molecular
diffusion

Metabolic function Spectroscopy MRSI Chemical composition based
on resonant frequency

Oxygenation Bold-level oxygen
dependent BOLD, fMRI T2∗ differences in oxy- and

deoxyhemoglobin

identify more aggressive (metabolically active) or radioresis-
tant (hypoxic) areas within a tumor and allow these areas to
be treated with higher radiation doses (dose painting) [44].

In the omics era, therapy may be personally optimized
based on pathologic and genetic characterization of tumors
in order to target the relevant treatment pathways while
minimizing undesirable side effects [45]. In both the past and
present, detailed characterization requires biopsy. However,
biopsy is invasive and only provides a snapshot of a subset
of the cells of interest. As tumors are often heterogeneous,
there may be multiple regions in a tumor, each with its own
genetic profile. Tumors may be near nerves or other critical
structures that make needle placement unacceptably risky.
Molecular imaging has the promise to overcome these pitfalls
while providing key insight regarding the tumor genetics,
active pathways, and sensitivity to radiation, all as a spatial
map which can be used to target a constellation of tumors
and even regions within tumors [46].

In conclusion, the future of image-guided treatment
planning is boundless and with continuous innovations that
will ultimately lead to higher cure rates and less treatment-
associated toxicity.
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Background. The quantification of tumor heterogeneity with molecular images, by analyzing the local or global variation in
the spatial arrangements of pixel intensity with texture analysis, possesses a great clinical potential for treatment planning and
prognosis. To address the lack of available software for computing the tumor heterogeneity on the public domain, we develop a
software package, namely, Chang-Gung Image Texture Analysis (CGITA) toolbox, and provide it to the research community as a
free, open-source project. Methods. With a user-friendly graphical interface, CGITA provides users with an easy way to compute
more than seventy heterogeneity indices. To test and demonstrate the usefulness of CGITA, we used a small cohort of eighteen
locally advanced oral cavity (ORC) cancer patients treated with definitive radiotherapies. Results. In our case study of ORC data,
we found that more than ten of the current implemented heterogeneity indices outperformed SUVmean for outcome prediction in
the ROC analysis with a higher area under curve (AUC). Heterogeneity indices provide a better area under the curve up to 0.9
than the SUVmean and TLG (0.6 and 0.52, resp.). Conclusions. CGITA is a free and open-source software package to quantify tumor
heterogeneity from molecular images. CGITA is available for free for academic use at http://code.google.com/p/cgita.

1. Background

Molecular imaging has become a significant component of
patient management in clinical oncology. The importance
of extracting quantitative measurements from molecular
images has been widely embraced. Recently, there is an
increasing interest to quantify the “tumor heterogeneity”
from molecular images, especially, PET, as the tumor het-
erogeneity is an important biomarker for aggressiveness and
disease outcome [1–3]. The computation of tumor hetero-
geneity can be related to texture analysis that refers to

numerous mathematical methods to compute quantitative
textural features from 2D or 3D images based on the spatial
variation of pixel intensity. To properly address the nature of
quantification goals of this study, we use the term “hetero-
geneity index” to denote the calculated tumor heterogeneity
in a numerical form. Although there is an emerging enthu-
siasm in quantification of tumor heterogeneity [4–13], such
techniques remain to be evaluated and tested for clinical
applications [13].

One existing challenge for investigators interested in
testing the usefulness of heterogeneity indices lies in the
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lack of software available on the public domain. Because
texture analysis is a relatively new concept for PET and
nuclearmedicine community,most software packages offered
by vendors do not include functions for such analysis.
Commercial third-party software also lacks these functions
in general. To address these challenges, we implemented a
software package for computing tumor heterogeneity indices
and share it with the research community of molecular
imaging. This report aims to describe this open-source
project of our software package, namely, Chang-Gung Image
Texture Analysis (CGITA) toolbox, for quantifying tumor
heterogeneity.We will describe its implementation, data flow,
and currently supported functions. To evaluate the usefulness
of CGITA, we used a cohort of eighteen advanced oral
cavity (ORC) cancer patients that were treated with definitive
radiotherapy to demonstrate the use of tumor heterogeneity
as a biomarker of prognosis assisted by CGITA.

2. Methods and Materials

2.1. Tumor-Wise and Voxel-Wise Heterogeneity Quantification.
The calculation of tumor heterogeneity is implemented in
CGITA with two different levels: tumor-wise and voxel-wise
heterogeneity. For the former level that generates heterogene-
ity indices based on the whole delineated tumor, we used the
same processing scheme described by Tixier et al. [10]. In
brief, a tumor or target volume of tissue is first delineated
from the image volume either manually or with automatic
segmentation. The intensities of delineated voxels are then
redigitized and carried into the mathematical transformation
to compute the heterogeneity indices.The second level, on the
other hand, computes the heterogeneity indices on a voxel-
wise basis. The intensities of surrounding voxels around a
specific voxel are used to calculate the heterogeneity indices
for this voxel. By repeating the same computation for each
voxel, a parametric map can be formed to represent the
heterogeneity distribution.

2.2. Implementation of CGITA. CGITA was implemented
in MATLAB (version 2012a, MathWorks Inc., Natick, MA,
USA). It is now distributed over the Internet as an open-
source project with two forms of program distribution. For
users with aMATLAB license, theMATLAB codes of CGITA
are available for them to download, use, and even modify.
CGITA is supported and tested on the Windows and Linux
platforms. For users without a MATLAB license, a stand-
alone CGITA executable is available, although this version
does not support the user-defined functions in general. All
CGITA functions were implemented in native MATLAB
without using compiled C++ functions or MEX files so
that cross-platform support can be maximized. The only
exception is the dependence of some executable functions in
DCMTK [14] on DICOM query and retrieval.

2.3. Tumor Delineation. CGITA allows two types of tumor
delineation. First, CGITA accepts the volume of interest
(VOI) saved as DICOM-RT structures or the VOI drawn
and saved with PMOD (PMOD Technologies Ltd, Zurich,

Switzerland). Second, the user may use our semiautomatic
segmentation functions to delineate the tumor. Currently,
the built-in segmentation in CGITA includes a threshold-
based region-growing method and a fuzzy C-means method.
CGITA allows users to add new segmentation methods as
well.

2.4. Computational Methods for Whole-Tumor Heterogeneity
Indices. We begin by defining what a “heterogeneity index”
is. Since the term “heterogeneity” is a general description of
mixed composition within an object, there is not a single
or specific mathematical definition of heterogeneity. This is
why we chose to use the term “heterogeneity index.” Each
heterogeneity index indicates the degree of heterogeneity.
However, the exact way for computing its value varies from
index to index. From the texture analysis point of view, each
heterogeneity index is represented by a “textural feature.”
We use the term “heterogeneity index” instead of “textural
feature” to specifically describe the biological parameter of a
tumor that we wish to quantify.

The computation of tumor heterogeneity indices is per-
formed in two steps: the computation of a “parent” matrix
and the parameter extraction from this parent matrix. The
“parent matrix” refers to a matrix obtained by a numerical
transformation that accounts for the spatial arrangement,
intensity, and relationship of the voxels contained within
the VOI. We have implemented the four parent matrices
described in the study by Tixier et al. [10]. We also included
an additional four parent matrices: the texture spectrum
matrix [15], texture feature codingmatrix [16], texture feature
coding cooccurrence matrix [16, 17], and neighborhood
gray-level dependence matrix [18]. For each of those eight
parent matrices, a variable number of heterogeneity indices
are calculated. Table 1 summarizes the currently supported
indices in CGITA and their references. At present, there are
a total of 72 heterogeneity indices included in CGITA. These
heterogeneity indices, in brief, all point to the degree of spatial
nonuniformity that directly correlates with tumor hetero-
geneity in tracer uptake. The difference between individual
indices lies in the mathematical computation. For example,
the indices computedwith voxel-alignmentmatrix are related
to the length of “run,” which is defined as the length of voxels
aligned on a line that have the same pixel intensity. Among
those indices, for example, the heterogeneity index “long-
run emphasis” puts a stronger weighting on the intensities of
voxels with long runs. Such an index can be used to measure
the tumor heterogeneity by examining the voxels that have
the similar tracer uptake and align along the same line.

Some conventional image-derived indices, such as
SUVmean, SUVmax, SULpeak [23], and total lesion glycolysis
(TLG), are included in these indices based on literatures [10].

2.5. Software Validation. The software validation is per-
formed in two different levels. First, we validate the computa-
tion of heterogeneity indices against other software packages.
Since we do not have access to other in-house software
packages for computing the tumor heterogeneity, we are
only able to validate some of the conventional indices such
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Table 1: Summary of the currently supported heterogeneity indices of CGITA.

Parent matrix Feature measure

Cooccurrence matrix [17] Second angular moment, contrast, entropy, homogeneity, dissimilarity, inverse
difference moment

Voxel-alignment matrix [19]

Short-run emphasis, long-run emphasis, intensity variability, run-length variability,
run percentage, low-intensity run emphasis, high-intensity run emphasis,
low-intensity short-run emphasis, high-intensity short-run emphasis, low-intensity
long-run emphasis, high-intensity long-run emphasis

Neighborhood intensity difference matrix [20] Coarseness, contrast, busyness, complexity, strength

Intensity size-zone matrix [21]

Short-zone emphasis, large-zone emphasis, intensity variability, size-zone
variability, zone percentage, low-intensity zone emphasis, high-intensity zone
emphasis, low-intensity short-zone emphasis, high-intensity short-zone emphasis,
low-intensity large-zone emphasis, high-intensity large-zone emphasis

Normalized cooccurrence matrix [17] Second angular moment, contrast, entropy, homogeneity, inverse difference
moment, dissimilarity, correlation

Voxel statistics
Minimum SUV, maximum SUV, mean SUV, SUV variance, SUV SD, SUV skewness,
SUV kurtosis, SUV skewness (bias corrected), SUV kurtosis (bias corrected), TLG,
tumor volume, entropy, SULpeak

Texture spectrum [15] Max spectrum, Black-white symmetry
Texture feature coding [16] Coarseness, homogeneity, mean convergence

Texture feature coding cooccurrence matrix [16] Second angular moment, contrast, entropy, homogeneity, intensity, inverse
difference moment, correlation, variance, code similarity

Neighborhood gray-level dependence [22] Small-number emphasis, large-number emphasis, number nonuniformity, second
moment, entropy

as SUVmean and TLG against commercial software PMOD.
Tested with clinical PET images, CGITA is able to obtain
nearly identical results as PMOD for SUVmean and TLG. The
second level of software validation is the software reliability
after each update and revision. In order to ensure the
software quality, each time a function is added or modified,
a set of clinical PET images and its corresponding VOI are
kept internally for testing CGITA. Computed heterogeneity
indices are generated and compared to historical results, in
order to check if the computation remains consistent after
software update.

2.6. Parametric Imaging. For a given image volume, the para-
metric image of heterogeneity indices is computed by looping
through every voxel and repeating the following steps for each
voxel. The user must first choose how many voxels should
be used to calculate the parametric image. For example, the
user may elect to use a 3 × 3 × 3 cube centered at a specific
voxel.The choice of cube sizewould affect the sharpness of the
resulted heterogeneity parametric images. A larger cube size
includes more voxels for analysis, potentially improving the
heterogeneity accuracy but decreasing the spatial resolution.
For a 3 × 3 × 3 cube, the intensities of those twenty-seven
voxels are then treated as a delineated volume that is carried
into the computation of heterogeneity indices as described
in the previous sections. As a result, a heterogeneity index
will be computed for the specified heterogeneity index at this
given voxel. By looping through all of the voxels, except for
those on the edges, a parametric image volume can be formed
with the voxel-wise heterogeneity indices.

2.7. Evaluation of Heterogeneity Indices for Outcome Pre-
diction in Oral Cavity Cancer Patients. We evaluated the
heterogeneity indices implemented in CGITA with patient
data from a cohort of ORC patients treated with definitive
radiotherapy. These patients are a subgroup of a prospective
dose-painting trial, approved by the Institutional Review
Board of Chang-Gung Memorial Hospital. This study was
conducted in the Linkou and Keelong branches of Chang-
Gung Memorial Hospital, from January 2008 to December
2009. A total of 38 nonmetastatic, stage IV ORC patients
who were ineligible for radical surgery were included.
Informed consent was obtained from every participating
subject. Simultaneous integrated boost, intensity-modulated
radiation therapy (SIB-IMRT) was used to escalate the irradi-
ation dose within gross tumor volumes to test the treatment
efficacy and toxicity. For the quantitative analysis of tumor
heterogeneity, we retrieved a uniform treatment group (𝑛 =
18) who received neoadjuvant chemotherapy followed by
concurrent chemoradiation. The group was comprised of 17
males (94.4%) and one female (5.6%), with a median age of
54.2 years (range: 35.9–73.4 years) and amean age of 53±10.5
years. Most patients had the habits of smoking (𝑛 = 14,
77.8%), drinking (𝑛 = 16, 88.9%), and betel-quid chewing
(𝑛 = 16, 88.9%). The preliminary observation was completed
in June 2012, and the median follow-up times for all patients
were 19.3 months (range: 4.3–50.7) and 38.1 months (range:
30.1–50.7) for survivors. A successful outcome was defined
as a state free of disease progression for at least 30 months.
Eighteen patientswere ultimately classified into the successful
group (𝑛 = 9) and the failed group (𝑛 = 9). In the successful
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Figure 1: A screen shot of the CGITA program. The CGITA GUI provides users with a simple image display interface that allows users to
examine different slices and views.The computation of heterogeneity indices is achieved simply by button clicking. As an open-source project,
the current functions and interfaces of CGITA can be customized by users familiar withMATLAB programming.The screen shot here shows
a subject with the FDG-PET images fused over CT images.

group, 8 lived without evidence of recurrence, but one died
of nondisease-related causes at 16 months after completion of
treatment. All other deceased patients died of disease-related
events. The pretreatment PET images of all eighteen subjects
were used for image analysis.

Each patient in our cohort received a pretreatment FDG-
PET/CT scan for staging. Those pretreatment PET/CT scans
provided the image sets with which we tested the texture
analysis. Fifty minutes after the 370-MBq FDG injection, a
whole-body static PET emission scan was acquired on a GE
Discovery ST 16 PET/CT (GE Healthcare, Milwaukee, WI)
[24] from the skull base to the mid-thigh, with three minutes
per bed position. Images were reconstructed with OSEM
(ten subsets, four iterations) with pixel spacing of 4.7mm
and 3.3mm in the transverse and axial directions, respec-
tively. Quantification of the tumor heterogeneity with PET
images was performed as follows. First, the tumor contour is
delineated by a board-certified nuclear physician in PMOD
with a scheme similar to that of the previously reported
head and neck tumor delineation [25]. We elected to draw
the VOI semiautomatically, since automatic segmentation in
ORC patients is generally difficult because some surrounding
oral tissues are benign but show a high FDG uptake. After
the lesion was first manually outlined from the fused PET/CT
images by the nuclear physician, this outlined lesion area
was then reviewed to remove benign tissues with high FDG
uptake. Once the lesion was outlined, an SUV value of 2.5 was
used to delineate the outer contour of the main tumor. Image
intensities of the delineated voxels are then used to calculate
heterogeneity indices and saved for each patient. Parametric
images of heterogeneity indices were calculated for selected
subjects.

2.8. Performance Evaluation. After the tumor-wise hetero-
geneity indices were calculated for every subject, the subjects
were divided into two groups based on their outcome, with
𝑛 = 9 in each group. A receiver operative characteristics
(ROC) curve was plotted for each heterogeneity index inde-
pendently. We calculated the area under the curve (AUC)
from the ROC curves and the optimal sensitivity/specificity
for each index. In addition, a Kruskal-Wallis test was per-
formed for each index to evaluate the performance of these
metrics [26]. The AUC and the 𝑃 value of the Kruskal-Wallis
test calculated from the average intratumor SUV (SUVmean)
were compared to the AUC and 𝑃 value calculated from each
of the other indices.

3. Results

The appearance of CGITA is shown with a screen shot in
Figure 1. Through a graphical user interface (GUI), CGITA’s
image display interface can be used to view the images and
confirm whether the imported VOI aligns properly with
the target tissue after importing images and VOIs. Table 2
summarizes the currently implemented heterogeneity indices
in CGITA. The calculated indices, currently totaling 72,
can be exported as spreadsheets. In addition to processing
one subject at a time using the CGITA GUI, the user may
also elect to use the batch mode by processing all subjects
automatically without the user input. We tested the batch
function on our ORC patient data. On average, each subject
takes approximately 30 seconds to process, including image
importation and the computation of all 72 features. CGITA
is currently hosted at http://code.google.com/p/cgita with
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Table 2: Summary of the software features of CGITA.

Feature CGITA implementation
Programming environment MATLAB (MathWorks Inc.)
License Free for academic use
Source code availability Open source
Supported image format DICOM (either local files or direct access to a PACS server for image retrieval)
Supported VOI format DICOM-RT, PMOD
Currently supported textural features 72

Other features
(i) Parametric imaging of heterogeneity indices
(ii) Batch mode for processing a large cohort
(iii) Compiled stand-alone application available
(iv) Supporting user-defined functions for heterogeneity calculation

Table 3: Comparison of AUC, specificity, and sensitivity of heterogeneity indices vs. SUVmean and TLG.

Parent Feature AUC Sensitivity (%) Specificity (%) 𝑃 value†

Intensity-size-zone Low-intensity
short-zone emphasis 0.90∗ 77.8 88.9 0.004

Intensity-size-zone Short-zone emphasis 0.81∗ 77.8 66.7 0.024
Texture Feature Coding Cooccurrence Contrast 0.72 55.6 88.9 0.085

Intensity-size-zone High-intensity zone
emphasis 0.70 66.7 77.8 0.145

Intensity-size-zone Zone percentage 0.70 55.6 88.9 0.122
SUV statistics Entropy 0.70 66.7 77.8 0.145
SUV statistics Mean SUV 0.60 66.7 66.7 0.453
SUV statistics Maximum SUV 0.57 66.7 66.7 0.627
SUV statistics TLG 0.52 55.6 66.7 0.895
∗denotes that the 𝑃 value is less than 0.05 given the null hypothesis of AUC <0.5.
†calculated using the Kruskal-Wallis test (19 indices have a 𝑃 value greater than 0.453).

both the source code and executables available for download.
There is also a user manual for CGITA available at its website.
Academic research uses are free of charge. As the hosting
service also provides a version control system, users may
also participate in this open-source project as developers to
contribute new functions to CGITA.

The usefulness of heterogeneity quantification was eval-
uated with our ORC patient cohort. In terms of outcome
prediction, the AUC from ROC analysis was calculated for
each heterogeneity index, as was the 𝑃 value for the Kruskal-
Wallis test. Out of the total 72 textural features implemented
in CGITA, we found that 13 textural features have a higher
AUC and 19 have a lower 𝑃 value than the SUVmean. The
heterogeneity indices with the highest AUC are summarized
in Table 3 and compared to conventional markers such as
SUVmean and TLG.The conventionalmarkers did not provide
satisfactory discriminative power with low AUC (0.6 for
SUVmean and 0.52 for TLG) and high 𝑃 value under the
Kruskal-Wallis test. On the other hand, some heterogeneity
indices stood out as better indicators for prognosis under the
current tests. Two indices computed from the intensity-size-
zone matrix (ISZ) [21], low-intensity short-zone emphasis
(ISZ-LISZE), and short-zone emphasis (ISZ-SZE) showed
high AUC (0.9 and 0.81, resp.) and low 𝑃 values (0.004 and
0.024, resp.). Compared to the SUVmean, LISZE improved

the sensitivity and specificity by 11% and 22%, respectively.
Including ISZ-LISZE and ISZ-SZE, six indices computed
from the intensity-size-zone matrix provided an AUC over
0.7. The ROC curves of ISZ-LISZE and ISZ-SZE are plotted
in Figure 2 along with the ROC curves of SUVmean and
TLG. Parametric images based on the textural features of
one subject are shown in Figure 3, illustrating a pattern
not in the original PET images. Visual inspection revealed
that parametric images formed with different heterogeneity
indices exhibit various textural patterns.

4. Discussion

Thesearch for image-based biomarkers remains an important
but challenging aspect of clinical cancer imaging. As imaging
technology continues to improve, information extraction
from the reconstructed images becomes very important in
maximizing the benefit of imaging studies. Recently, the
term “radiomics” is proposed to describe the concept of
integrating the information extracted from medical images
into the proteogenomic and phenotypic information [7, 8]. It
is apparent that, for such applications, conventional indices
like SUV may not provide sufficient information. Advanced
image analysis and information extraction methods become
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Figure 2: ROC curves of the heterogeneity indices, comparing two
of the indices to the conventional metrics.The heterogeneity indices
show a higher discriminative power than SUVmean and TLG.

an inevitable component for the concept of radiomics, in
order to maximize the amount of information that can be
extracted from medical images. Quantification of tumor
heterogeneity with texture analysis has been regarded as a
promising field by several recent review articles [7, 8, 11,
13]. Recent reports have shown the application of tumor
heterogeneity measured with textural features in nonsmall
cell lung cancer [4], nasopharyngeal carcinoma [5], cervical
cancer [6], peripheral nerve sheath tumors [9], gastroin-
testinal stromal tumors [12], and esophageal squamous cell
carcinoma [27] based on FDG-PET images. Heterogeneity
analysis has also been applied to themolecular image analysis
of data from animal studies [28–30].

Although texture analysis may be a useful tool to quantify
tumor heterogeneity from images, many questions require
answers before this concept becomes a clinical standard. The
first question arises from the signal and contrast source for
different imaging methods. For example, FDG-PET reflects
the glucose metabolism of tissues. A tumor that is spatially
heterogeneous in cell proliferation may not appear hetero-
geneous in FDG-PET images, even with perfect resolution,
as glucose metabolism may not be directly correlated to the
proliferation. On the other hand, the properties of an imaging
modality are also critical to texture analysis. The spatial
resolution and signal-to-noise ratio (SNR) will both affect
the performance of texture analysis. Low spatial resolution
degrades the heterogeneity displayed on the acquired image,
while high noise will cause a natively homogeneous image
to show a high variation in pixel intensity. As a result, the
results from texture analysis obtained from clinical PET
images should be carefully interpreted and evaluated due
to the resolution and noise limitations of PET. Researchers,
who believe in the usefulness of quantification for tumor

heterogeneity, should take on the responsibility of providing
the imaging community with evidence-based studies.

As heterogeneity quantification or texture analysis with
molecular images is still a relatively new technology,
especially for nuclear medicine community, a free and
open-source software package can become a key component
for the success of such emerging technologies. Without it,
investigators wishing to evaluate heterogeneity indices must
develop in-house software, which can be time-consuming
and resource limited. A free software package can therefore
attract more investigators and allow them to test such new
quantification methods on their data with a minimum effort
and cost. The other important software characteristic that
is much desired is the availability of the source codes to
the users. Such efforts for open-source projects in medical
imaging have been undertaken by many groups, producing
tools such as the kinetic modeling software COMKAT [31,
32] and radiation therapy software CERR [33]. An open-
source project has many benefits. It allows the source code
to be examined for programming errors. Users with pro-
gramming abilities may contribute to new functionalities.
Most importantly, once the source code is agreed upon by
most of the developers, such a software package may become
a standardized platform for different groups of researchers
to have a common ground for data comparison. A very
successful model is the Statistical ParametricMapping (SPM)
[34], which has now become the standard software tool
for neuroimaging research as it continues to expand its
functionality and user base. CGITA has a long way to go
before achieving suchmaturity like SPM. But withmore users
and developers being attracted by CGITA, we believe that it
has the potential to become the standard software platform
for studying the tumor heterogeneity with molecular images.
For vendors who wish to develop and test heterogeneity
functions in their commercial software, CGITA may also
serve as a reference for software verification, thereby accel-
erating the research and understanding of quantifying tumor
heterogeneity.

In brief, CGITA has the following features that may
be attractive to different user groups. First, it is easy to
use and has a simple GUI. For users without a MATLAB
license, a compiled stand-alone executable is also provided
on the website. Users without a programming background
can easily apply CGITA to their image data. Second, it is
open source and allows users to create new functions. Third,
it supports more than seventy textural features and its func-
tionalities continue to expand in this regard. Fourth, it has
the unique feature of parametric imaging with heterogeneity
indices. Finally, CGITA can be executed under a batch mode.
The texture analysis of multiple subjects can be performed
automatically without user intervention, which is extremely
helpful for processing a large amount of data, an unavoidable
task for future studies aiming to evaluate the heterogeneity
quantification of molecular images. As a result, we believe
CGITA will serve as a useful and practical tool for molecular
imaging investigators.

A cohort of eighteen ORC patients was used in our study
to test our software and demonstrate the potential application
of heterogeneity indices. Because the cohort size is small, our
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Figure 3: Parametric images of textural features computed from a single patient compared to the original PET image.The PET image, shown
in the top row, is displayed between SUVs of zero and twenty. Heterogeneity indices 1 to 4 represent, respectively, the contrast, dissimilarity,
entropy, and inverse differencemoment calculated from the cooccurrencematrix. Note that the parametric images appear different according
to the spatial variation in voxel intensity. Furthermore, different index images display different tumor heterogeneity patterns.

intention is not to perform a theoretical study for establishing
a standard to stratify advanced ORC patients with textural
features. Instead, this case study is a demonstration of how
a software package for heterogeneity quantification could be
applied to patient data for research purposes. In our report,
we chose the task of using heterogeneity indices for prognosis,
aiming to test whether heterogeneity indices computed with
CGITA might be better discriminators than conventional
metrics, such as SUV. Indeed, the results support the claim
that textural features may be more informative than SUV in
this small-cohort case study. Judging from the ROC analysis,
many of the implemented textural features showed better
AUC than the AUC with SUVmean in outcome prediction
power. Two of these features (ISZ-LISZE, ISZ-SZE) even
improve the AUC from 0.6 to 0.81 and 0.9.The sensitivity and
specificity have also been improved by heterogeneity indices.
Although this study is not aimed to find the theoretical
relationship between the heterogeneity indices and disease
outcome, we may still speculate the reasons behind such
findings. SUV and heterogeneity indices, by nature, represent
different physiological and biological mechanisms. In gen-
eral, SUV represents the “amount” of tracer present in local
areas (e.g. SUVmax) and the whole tumor (SUVmean), while
heterogeneity indices express the “distribution variation” of
tracer activities.Themore heterogeneous a tumor is, themore
likely a tumor is attempting to differentiate and generating
different colonies to survive in its environment, especially
during therapy. This may be the underlying reason that
enables ISZ-LISZE and ISZ-SZE to improve the AUC from
SUVmean because they are capable of capturing the tumor’s
heterogeneity by emphasizing the tumors with many small
“zones,” which is defined as the number of interconnected
voxels with the same voxel intensity. As a result, the quantified
tumor heterogeneitymay serve as a better indicator for tumor
aggressiveness which has a direct impact on patients’ progno-
sis and survival.Thismight explainwhy heterogeneity indices
in general show stronger power for outcome prediction, in
our data as well as in the literature [35–37]. However we
would also like to point out that, because we have a small
patient cohort, the heterogeneity indices that are found with
the best performance need to be further validated with a
larger amount of data. Further validation is necessary in the
future.

The image quality is also an important factor for het-
erogeneity quantification that requires further study and
validation, especially in the spatial resolution and SNR. In
our study, we used a PET camera with a spatial resolution

of about 6mm and system sensitivity of about 0.7% [24].
Current state-of-art cameras could achieve a higher spatial
resolution of about 4mm and system sensitivity of 0.9% [38].
Improvement on the spatial resolution with new cameras and
image SNR by a higher tracer dose undoubtedly will increase
the accuracy for heterogeneity quantification. However, the
minimum requirement of image quality for a specific disease
remains to be further studied. In our study, since the tumor
size is generally large in our cohort with an average volume
of 107mL, a spatial resolution of 6mm is probably sufficient.
Similarly, since the tracer uptake is fairly high with SUVmean
above five, the SNR should not be a concern under the
standard injection dose of 370MBq of FDG. With our
current data, it is not feasible to determine the smallest
tumor or the worst noise level that can still produce accurate
tumor heterogeneity quantification. Such studies may require
animal or phantom studies, in which the injected dose and
image acquisition mode can be more freely modified and
tested. CGITAmay facilitate such testing on the software side.
The exact determination of the spatial resolution and system
sensitivity requirements awaits future investigation.

We are not the first group to propose the parametric imag-
ing of heterogeneity indices. For example, a previous report
has demonstrated such techniques applied to MRI for lesion
segmentation purposes [39]. However, to our knowledge, we
are the first group to implement this function as part of an
open-source project for quantifying the tumor heterogeneity
ofmedical imaging.We tested this functionality in our patient
cohort and were able to obtain heterogeneity parametric
images. Unfortunately, we do not possess in vitro images
of tumor heterogeneity with which our parametric images
are compared because our cohort did not undergo surgical
dissection of the tumor. However, it is still quite interesting
to examine these images, as shown in Figure 3. For example,
in the cooccurrence-contrast images, a hot spot is shown
on the bottom right portion of the tumor, indicating a high
variation in the voxel intensity in this area. It is easy to
see that the hot spots in the original PET images and the
heterogeneity images are quite different in terms of both
size and location. This is reasonable because the parametric
images are calculated based on the heterogeneity indices
and therefore represent the spatial variation of tracer uptake.
Efforts have been reported to use heterogeneity parametric
images for tumor delineation and radiation targeting [40].We
believe such heterogeneity images could do much more than
simply determining the tumor contour. One potential role
for heterogeneity images in particular, we believe, is to serve
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as the guide for dose-boosting techniques for targeting the
radiation dose at themost aggressive areas. Further validation
must be done to verify the relationship between hetero-
geneity images and local aggressiveness of the tumor. This
could be achieved by comparing the heterogeneity images to
the whole-mount pathology or immunohistochemistry data.
Since we do not have appropriate data to study the rela-
tionship between heterogeneity images and the distribution
of aggressive colonies, we hope that CGITA may encourage
investigators who own such data to test this hypothesis for
expanding the use of heterogeneity indices.

We would also like to comment that, although CGITA
is targeted at oncological applications, it can also be applied
in other fields, such as neurology. It is also not limited
to PET, as long as the images are stored in the DICOM
format that CGITA can import. This makes CGITA also
a useful tool for analyzing experimental animal data. We
have tested CGITA with CT and MR images for heterogene-
ity index computation, as shown in Supplemental Figures
1 and 2 (see Supplementary Materials available online at
http://dx.doi.org/10.1155/2014/248505). Quite a few CGITA
features can be further improved in the future for image dis-
play, segmentation, and acceleration for computation. New
texture analysis methods, such as those based on wavelets
[41], will be investigated and added to CGITA in the future.
At this moment, CGITA is solely for research purposes and
shall not be used for clinical diagnosis. Interested developers
are welcome to join the project to advance the functionalities
of CGITA.

5. Conclusion

We present the CGITA software package for quantifying
the tumor heterogeneity with molecular images. As a user-
friendly, open-source program that is free for academic
use, CGITA could assist investigators to apply heterogeneity
analysis to their data. With a pilot cohort of eighteen
advanced ORC patients treated with definitive radiotherapy,
we found that heterogeneity indices may serve as better
prognosis predictors for patient outcome by improving both
the sensitivity and specificity. We believe that CGITA will
facilitate and accelerate our understanding of the usefulness
of heterogeneity quantification and its future clinical role in
patient management. Furthermore, we hope an open-source
software model like CGITA can facilitate the establishment
of clinical standards for heterogeneity analysis in the future
to further expand its clinical use.
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During the past decade, medical imaging has made the transition from anatomical imaging to functional and even molecular
imaging. Such transition provides a great opportunity to begin the integration of imaging data and various levels of biological
data. In particular, the integration of imaging data and multiomics data such as genomics, metabolomics, proteomics, and
pharmacogenomics may open new avenues for predictive, preventive, and personalized medicine. However, to promote imaging-
omics integration, the practical challenge of imaging techniques should be addressed. In this paper, we describe key challenges
in two imaging techniques: computed tomography (CT) and magnetic resonance imaging (MRI) and then review existing
technological advancements. Despite the fact that CT and MRI have different principles of image formation, both imaging
techniques can provide high-resolution anatomical images while playing a more and more important role in providing molecular
information. Such imaging techniques that enable single modality to image both the detailed anatomy and function of tissues and
organs of the body will be beneficial in the imaging-omics field.

1. Transition from Morphological to
Molecular Imaging

Over the past few decades, imaging data have been widely
used to study how body system work together at the organ-
tissue level. In contrast, omics data obtained from genomics,
metabolomics, proteomics, and pharmacogenomics have
been used to provide biological information at the cellular
and molecular level. Such omics data may provide a great
opportunity to understand the development and progression
of diseases. With the integration of imaging and omics data,
scientists may find new insights into the mechanism of
disease and its treatment. To integrate images as part of the
omics, imaging techniques are needed to be safe, fast,
accurate and convenient. More importantly, these techniques
should have the ability to provide anatomical and functional
information.

Among several imaging techniques, computed tomog-
raphy (CT) and magnetic resonance imaging (MRI) have
the potential to satisfy the above requirements. First, human
anatomical structures can be imaged using bothCT andMRI.

Second, recent studies showed that genomics datawere corre-
lated with functional (molecular) CT andMRI data [1–8]. It is
noteworthy that MR spectroscopy is a conventional technol-
ogy which could approach in vivomolecular andmetabolism
information, and there are many valuable results combined
with various omics data in different clinical applications, such
as oncology and neural diseases, in recent decades [9–12].
Moreover, several nanoparticles such as gold nanoparticles
[13, 14] and polymer-coated bismuth sulfide nanoparticles
[15] have emerged as novel CT contrast agents for cancer
detection. Similarly, some novel genetically encoded MRI
contrast agents and advanced sequence technologies have
been used to detect gene expression [16–19]. Finally, due
to the advantages of cost, convenience (for CT), and safety
(for MRI), both CT and MRI will be appropriate imaging
techniques for imaging-omics integration.

To build and validate the relationship between omics data
and imaging features, there are several limitations that need
to be considered. In CT, both anatomical and functional data
can be obtained within a few minutes. However, multiple CT
scans are required, and patients would receive a high dose
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Figure 1: The key component of a CT system and the dose-saving potential of each component.

of radiation that may increase the risk of developing cancer.
As a result, dose reduction in CT is an important issue for
the integration between CT and omics data. Unlike CT, MRI
does not use ionizing radiation. However, it takes a relatively
long acquisition time to obtain anatomical and functional
data and may not be acceptable for uncooperative subjects.
Thus, acceleration is an important issue for the integration
between MRI and omics data. Since the radiation dose of
CT and acquisition time of MRI can determine the quantity
and quality of anatomical and functional data, they are the
key to imaging-omics integration. Hence, the aim of this
paper is to review existing technological strategies and new
directions that are used for reducing radiation dose in CT and
acquisition time in MRI.

2. Dose Reduction in Computer Tomography

Nowadays, CT is one of the most commonly used imaging
modalities because CT scanning is simple, fast, noninvasive,
and accurate. Despite the tremendous benefits of CT scans,
radiation dose from CT scans may be a potential risk factor
for cancer development. In order to keep radiation as low
as reasonably achievable (ALARA), techniques and strategies
for reducing patient dose are highly desirable. We would
discuss the dose-saving strategies of each component in a CT
system shown in Figure 1.

2.1. CT Data Acquisition and Processing

2.1.1. BeamFiltration. Generally, X-ray beamemitted froman
X-ray tube contains a spectrum of photon energies. Among
these X-rays, soft (i.e., low-energy) X-rays are not hard

enough to efficiently penetrate the subject. As a result, soft X-
rays contribute to patient radiation dose without providing
useful information. In order to reduce the radiation dose to
a patient, X-ray filters that block soft X-rays were developed.
Due to differences in attenuations between the central and
peripheral regions, commercial CT scanners are commonly
equipped with a beam-shaping filter or bow-tie filter instead
of the flat filter [22, 23]. In addition, specific beam-shaping
filters that adapt to different examinations such as head, body,
and cardiac were developed [24]. One possibility for further
reducing patient dose is to use dynamic bow-tie filters which
modify X-ray beam as a function of view angle [25, 26].

2.1.2. Collimator. Since the focal spot in the X-ray tube is
not truly a point source, beam coverage in some regions is
partially irradiated. These regions are called penumbra. In
multislice CT, overbeaming caused by focal spot penumbra
does not contribute to image reformation. As a result, expo-
sure to such radiation is unnecessary. In multislice row CT,
thick beam collimation has better radiation utilization [27].
This is because radiation dose due to overbeaming constitutes
a smaller percentage of total absorbed doses. However, thick
collimation only allows reconstruction of thick sections.
To reconstruct thin sections, thin collimator that reduces
radiation utilization is required. This indicates that beam
collimation should be selected based on the requirements of
clinical examinations.

In multislice CT, spiral scan is the commonly used scan-
ning mode which results in overscanning or overradiation
[28, 29]. To obtain sufficient data for reconstructing image
at the beginning and end of the 𝑧-axis scan range, at least an
additional one-half of a gantry rotation is prerequisite. This
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so-called overscanning contributes to patient dose but does
not contribute to image reformation. Therefore, a hardware-
based solution that uses the dynamic or adaptive collimator
to block the pre- and postspiral radiation was introduced and
used in clinical practice [30, 31].

2.1.3. Detector. In a CT system, X-ray detector is probably
the most important component that converts incident X-ray
beam into digital signals. In the 1980s, xenon-gas ionization
chamber detectors were commonly used in CT. However,
with improvements in technology, xenon-gas detectors are
replaced by solid-state detectors (e.g., gadolinium oxysulfide)
which have higher quantum efficiency. In normal-dose CT
examinations, noise from the electronic components of the
detector system is negligible and has no significant impact
on image quality. However, in low-dose CT examinations,
electronic noise becomes one of the most significant factors
determining image quality. Hence, it is important to figure
out how electronic noise in low-dose scans can be reduced. In
recent years, two new CT detectors, GE’s Gemstone Detector
and Siemens’ Stellar Detector, were introduced into the
market. Gemstone Detector made from a garnet-based scin-
tillator enables improvements in spatial resolution and signal-
to-noise ratio (SNR). Besides, Stellar Detector that combines
the photodiode and the analog-to-digital converters (ADC)
in one application specific integrated circuit (ASIC) allows a
∼20% reduction in electronic noise. As a result, CT scanners
equippedwith new detectors are expected to have a reduction
in patient dose.

Generally, X-ray detectors currently used in clinical CT
scanners are energy integrating. In contrast to conventional
energy-integrating detectors, photon-counting detectors not
only count each photon individually but also record the
energy level of each detected photon. Based on the energy-
resolving information, photon-counting detectors have the
ability to eliminate electronic noise as well as scattered radi-
ation [32, 33]. In addition, photon-counting detectors with
energy discrimination capabilities can be used to improve
SNR by assigning an energy-dependent weighting factor to
each individual photon [34–36]. Due to the improvement
of SNR, the patient dose can be further reduced while
maintaining acceptable image quality.

In practice, photon-counting detectors are not widely
used in CT systems. This is primarily because the fluxes of
incident photons are too high. Under high flux irradiation,
the pulse resolving time is relatively too long to allow the
detector recording each individual photon. As a result, over-
lapping pulses which lead to a spectral distortion and a loss
of counts may occur. This phenomenon is called pulse pileup
[37]. Although a clinical CT scanner equipped with photon-
counting detectors is not available yet, recent advances in
detector electronics and semiconductor detector materials
have been contributed to developing a photon counting-
based micro-CT system [38–40]. We expect that a photon
counting-based CT will soon be ready for clinical study.

2.1.4. Tube Current. Amongmany scanning parameters, tube
current is one of the important factors determining the

radiation dose delivered to the patient. Hence, one commonly
used technique to reduce radiation exposure is to adapt
the tube current according to the patient’s size, shape, and
attenuation. Methods that automatically modulate the tube
current to adapt differences in patient attenuation are known
generically as automatic exposure control (AEC) [41–44].
Now, in most modern CT scanners, AEC can perform auto-
matic adjustment of tube current both during tube rota-
tion (i.e., angular modulation) and along the 𝑧-axis of the
patient (i.e., 𝑧-axis modulation). In angular modulation, the
tube current is adjusted to adapt differences in attenuation
between anteroposterior and lateral positions. Unlike angular
modulation, the 𝑧-axis modulation adjusts the tube current
to accommodate differences in attenuation along the 𝑧-axis
of the patient (e.g., shoulder and abdomen). The main aim
of AEC is not only to modulate tube current but also to
deliver the right dose in order to achieve adequate image
quality for each individual patient and each diagnostic task.
The underlying principle of AEC is similar; however, due
to different definitions of image quality, AEC systems from
four major CT manufactures are implemented somewhat
differently [45]. Despite these different implementations, the
AEC techniques used in modern CT scanners contribute to
a significant reduction in radiation dose to the patient while
maintaining the adequate image quality [45].

2.1.5. Tube Potential. To date, lowering tube potential has
been demonstrated to improve image quality or reduce
radiation dose in several clinical CT exams [46–52]. The
underlying principle is based on the fact that iodine has an
increased attenuation (i.e., higher contrast) as photon energy
decreases toward the 𝑘-edge energy of iodine. This indicates
that for the same radiation dose, the lower tube potential
can yield better image quality than the higher tube potential.
Alternatively, the improvement in image quality can con-
tribute to reducing patient dose. However, with the increase
of the patient size, low kilovoltage (kV) settings would lead
to an increase in image noise. Hence, dose reduction using
lower tube potential is feasible only if the patient size is below
a particular threshold. However, in routine CT scans, it is
difficult to determine the optimal kV setting for individual
patient, simply because of the complex relationship among
kV, mAs, dose, contrast, and image noise. To solve this
problem, Siemens recently introduced a novel tool, CARE kV,
which allows the optimal kV to be determined automatically
for each individual patient and each specific exam. Basically,
CARE kV uses information obtained from the topogram to
determine the optimal kV which is used to maintain image
quality (e.g., contrast-to-noise ratio). Together with AEC
described above, this tool can be beneficial in optimizing and
reducing radiation dose to each individual patient.

2.1.6. Image Reconstruction. Filtered back projection (FBP)
is still the most common reconstruction method used in
CT. Over the past two decades, iterative reconstruction (IR)
method has been shown to be superior to conventional FBP
method in terms of image noise and spatial resolution [53–
56]. The improvement in image quality can directly lead to
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Figure 2: The schematic of four CT manufactures’ IR algorithms: Siemens’ Sinogram Affirmed Iterative Reconstruction (SAFIRE), Philips’
iDose4, Toshiba’s Adaptive Iterative Dose Reduction 3D (ADIR 3D), and GE’s Adaptive Statistical Iterative Reconstruction (ASIR). Both
SAFIRE and iDose4 have a similar iterative correction process operating in the image domain. In the projection domain, SAFIRE performs a
projection data correction via forward and backward (i.e., weighted FBP) projection; however, iDose4 directly corrects projection data. ADIR
3D performs a noniterative correction in the projection domain and an iterative correction in the image domain. Also, a weighted blending
is applied to the input image (i.e., after projection data correction) and the output image (i.e., after iterative process). Unlike the other three
IR algorithms, ASIR performs an iterative correction process by comparing synthesized projection data to measured projection data.

a significant reduction in patient dose. However, IR method
is rarely used in routine CT exams, mainly owing to the
high computational time required for modeling the system
geometry and incorporating physical effects (e.g., noise,
scatter, beam hardening, and detector response). Due to
advances in hardware [57–59] and renewed emphasis on CT
dose reduction, fast IRmethods have recently been developed
and implemented for radiation dose reduction. Now, IR
methods are available on many CT scanners from four major
CT manufactures with different algorithms (Figure 2), to
perform corrections in both the projection and the image
domain. They are applied to achieve noise reduction and
artifact reduction as well as to preserve structural edges.

Another important image reconstruction technique
toward the goal of reducing radiation dose is the use of
incomplete projection data, either to acquire a small number
of projection angles or to use the truncated projection data.
The first strategy is the sparse-view CT and the second one
is the interior CT [60]. With the recent introduction of com-
pressed sensing (CS) in CT [61, 62], it is possible to perform
image reconstruction from a small number of projections
while still maintaining image quality [63–67]. The basic con-
cept of CS is to recover a signal or an image from measured
data with sampling rates below the Nyquist criterion. To
accurately restore the signal from the undersampled data,
computational load may be still too high for practical use.
Thanks to the hardware-accelerated image reconstruction
technique [57–59], it is expected that fast CS-based recon-
struction methods will be introduced to allow an ultra-low
dose CT scan in clinical routine. On the other hand, interior
CT uses the projection data passing through a region of
interest (ROI) to reconstruct image. In practical, this tech-
nique can lead to a dose reduction in patients with cardiac or

breast CT scans.The exact ROI reconstructionmethods from
such truncated projection data have been proposed [68, 69].
Unlike approximate reconstruction methods [70, 71], the
new analytical reconstruction method called differentiated
backprojection (DBP) was shown to have a potential to
exactly solve the ROI reconstruction [60]. Despite the fact
that these reconstruction methods have a great potential
to reduce CT radiation dose, there are some assumptions
needed to be satisfied. For example, some prior knowledge
about the object is required.

2.2. Dual-Energy CT (DECT). Due to the recent advances
in CT technology including sandwiched detectors [72, 73],
rapid kV switching [74], and dual-source and detector [75–
77], there is a renewed interest in DECT. To date, DECT has
many clinical applications such as bone removal with plaque
highlighting, quantification of iodine concentration, visual-
ization of tendons and ligaments, and characterization of
renal calculi [78–80]. Using thematerial-specific information
provided by DECT data, virtual noncontrast (VNC) images
can be generated by removing iodine content from the dual-
energy contrast-enhanced CT images. As a result, DECT has
the advantage of omitting one unenhanced (i.e., precontrast)
CT scan, thus reducing the overall radiation dose. For
example, VNC images generated from either nephrographic-
or excretory-phase DECT data may have the potential to
replace unenhanced CT images for detection of urinary stone
[81, 82], evaluation of haematuria [83] and characterization
of renal masses [84, 85]. One recent study showed that
iodinemap generated fromDECT can be used to differentiate
between benign and malignant mediastinal tumors [86].
Moreover, iodine concentration provided by DECT strongly
correlated with the maximum standardized uptake value of
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18FDG PET that was commonly used functional imaging
technology [87].More importantly, initial results showed that
DECT can be used as an imaging biomarker for predicting the
therapeutic benefit in patients with gastrointestinal stromal
tumors [88]. We believe that DECT is capable not only of
providing functional imaging information but also of giving
dose-saving opportunities.

2.3. Perfusion CT (PCT). PCT is an existing imaging tech-
nique that has been used to determine tissue perfusion from
dynamic contrast-enhanced CT data. Due to the feasibility of
rapid acquisition of data (i.e., multislice spiral CT) and the
availability of commercial software, clinical applications of
PCT in acute stroke, cardiology, and oncology have continued
to increase [89, 90]. Recent results showed that PCTpositively
correlated with tumors in the study of animalmodels [91, 92].
With PCT, it is also possible to detect and predict tumor
response to chemotherapy and radiation therapy [93]. To
obtain perfusion parameters (e.g., blood flow and volume and
vascular permeability), sequential acquisition of CTdata after
a bolus injection of contrast agent is required. Typical image
acquisition time is about 30 seconds or longer, depending on
organ or tissue being scanned, so the radiation dose of a PCT
scan is much higher than that of a routine CT scan [94]. As a
result, methods that allow for a significant reduction of CT
dose without degrading image quality are highly desirable.
Since PCT contains temporal information, reconstruction
algorithms that incorporate temporal filtering techniques
have been proposed to reduce image noise [95–99]. Indeed,
such reconstruction algorithms can allow a significant reduc-
tion in image noise, thereby having a large potential to reduce
the radiation dose in PCT. One alternative strategy to reduce
radiation dose in PCT is to optimize scanning parameters
such as total scanning time and sampling interval [100, 101].
With the implementation of dose-reduction technologies,
PCT will be increasingly used in clinical practice.

2.4. Summary. We would like to summarize the CT dose
reduction technologies so that it would be easier to under-
stand their feasibilities.

(i) To accomplish the principle of ALARA, each CT
scan should be customized for the patient’s age,
weight, size,and imaging task. Individual customized
CT scanning techniques used in current clinical CT
scanners include examination-specific bow-tie filters,
adaptive collimator, and automatic tube potential
selection with tube current modulation.

(ii) CT detectors with integrated electronics or a garnet-
based scintillator have a great potential to reduce
noise, thereby improving image quality and dose effi-
ciency. CT scanners equipped with high-rate photon-
counting detectors will be available in the near future
for further dose reduction.

(iii) As provided by fourmajor CTmanufactures, iterative
reconstructions result in significant dose reduction
and improved image quality over conventional fil-
tered back projection reconstruction methods. New

reconstruction methods for sparse-view CT and inte-
rior CT will be an alternative to dose reduction.

3. Imaging Acceleration in Magnetic
Resonance Imaging

Since the introduction of MRI in the early 1970’s [102], its
techniques have been much improved from hardware to
image reconstruction. Due to the intrinsic physical limita-
tion of MRI, the speed of data acquisition is always the
problem comparing to CT. Hence, a number of acceleration
techniques have been developed over the past four decades
and the shortened acquisition time has greatly expanded
clinical applications of MRI, especially for dynamic or time-
resolvedMRI, such as perfusion imaging [103–106], contrast-
enhanced MR angiography [107–111], functional MRI [112,
113], and cardiac function examinations [114–117]. Those
acceleration techniques could be divided into two categories:
parallel imaging and dynamic acceleration. Besides, CS,
which is beyond the limitation of Nyquist criterion [61, 62],
inspires theMR physicists and the radiologists for even faster
scans.

3.1. Parallel Imaging. The typical acquisition time of an MR
image is the product of the repetition time (TR), number
of phase-encoding lines (𝑁PE), and the slice number (𝑁

𝑆
)

(Figure 3). In order to shorten the scan time, the reduced
phase-encoding 𝑘-space lines are generally acquired, which
would either sacrifice the image resolution or result in the
aliasing artifacts. Parallel imaging technique,which combines
the design of the phase-arrayed coil and various image
reconstruction algorithms, makes the faster data acquisition
possible. Hence, the common features of the parallel imaging
include the under-sampled 𝑘-space data and the phase-
arrayed coils, which provided additional spatial information
for image reconstruction to solve the aliasing patterns. The
reconstruction algorithms could be divided into SENSE and
GRAPPA family, where the undersampled data are recon-
structed in image domain and 𝑘-space, respectively. Besides,
the multislice acceleration acquisition is a kind of extension
of parallel imaging and we would discuss it after the two
conventional techniques.

3.1.1. Generalized Autocalibrating Partially Parallel Acquisi-
tion (GRAPPA). GRAPPA [118] technique originated from
SMASH [119]. SMASH technique reconstructed the MR
images from filling in the missing phase-encoding lines by
using the phased-array coil, whose elements are parallel to
the phase-encoding direction. Because the acquired signals
from different surface coils imply the spatial sensitivity
information in the meantime, they could be used to generate
multiple datasets, which are called harmonics, by using
linear combination with different weightings to complete the
whole 𝑘-space. The restored full 𝑘-space was then Fourier-
transformed to obtain the reconstructed image (Figures 2
and 3 in [119]). Depending on the concept of linear algebra,
𝑁 components could form maximal𝑁 linearly independent
combinations and result in maximal acceleration rate of 𝑁.
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Figure 4: (a) AUTO-SMASH or VD-AUTO-SMASH reconstruction process for the acceleration rate of 2. Each 𝑘-line in a single coil was
composited to fit theACS line, and the relationshipwas applied to fill in themissing 𝑘-lines.Theprocedures constructed thewhole 𝑘-space and
then the reconstructed images were obtained. SMASH did not additionally acquire ACS. It used the estimated coil sensitivities to composite
themissing data. (b) GRAPPA usedmultiple lines from all coils to fit a line in one coil.The reconstructed images from each coil were obtained
after the 𝑘-space acquired from each coil was fully restored. The uncombined images were merged using sum of squares or other adaptive
algorithms. The concept of reconstruction block made GRAPPA flexible using different “blocks” to fit the ACS lines for better performance.
For example, at least there were three blocks used for ACS lines fitting, which would provide a more accurate outcome.

However, the harmonics are generally less than the total num-
ber of array components due to the geometrical constraints.

However, the major pitfall of SMASH is its high depen-
dence on accurate coil sensitivity function, which might be
easily affected by coil positions, subjects, and magnetic field
inhomogeneities. Hence, some othermethods accompanying
the acquisition of autocalibration signals (ACS) near the
central 𝑘-line were developed for the sensitivity function
calibration, such as AUTO-SMASH [120] and VD-AUTO-
SMASH [121]. Furthermore, GRAPPA provided a more

general form to reconstruct the full 𝑘-space data using
multiple blocks in sliding manners rather than SMASH and
its analogies from adjacent acquired 𝑘-lines (Figure 4). It is
more flexible to fit the ACS from the acquired signals and
restores themissing 𝑘-space data more precisely.The number
of ACS is another factor to influence the reconstruction
quality. Generally speaking, themoreACS acquired, themore
accurate GRAPPA weightings obtained, which result in less
artifacts but reduced the acceleration efficiency. GRAPPA is
a more robust method and less relies on the coil sensitivity
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, where 𝐴 was the aliased pixel, 𝐼 was the intensity of the unaliased pixel, and 𝐶 was the coil sensitivity
weighting from the corresponding location. It could be possible to reconstruct the data by finding the inverse matrices of coil sensitivity
maps, which could be written as 𝐴𝐶−1 = 𝐼. GRAPPA reconstructed the undersampled 𝑘-space using ACS fittings to calculate the GRAPPA
weightings and refill the missing lines from each coil. Each restored full 𝑘-space was transformed to obtain the single-coil images, which were
then combined together to finalize the reconstruction.

maps, so that the cardiac, lung, and abdominal applications
become feasible. Besides, it could be also applied to 3D
imaging [122, 123].

3.1.2. Sensitivity Encoding (SENSE). SENSE [124] technique
began from the aliased images resulting from the under-
sampled 𝑘-space acquisition. Considering the case of acceler-
ation factor𝑅, each aliased pixel fromdifferent phase-arrayed
coils should be divided into 𝑅 partitions with different
weightings relating to coil sensitivities (Figure 5). Hence, the
coil sensitivity map, which is usually obtained from a low-
resolution prescan at the beginning of the image acquisition,
is the prior information for SENSE reconstruction. Since
SENSE reconstructionmuch relies on the coil sensitivitymap,
the inaccurate sensitivity map would lead to residual aliasing
artifacts. One of themost important factors to sensitivitymap
is SNR. Low SNR regions, for example, lung images, have a
difficulty in determining the coil sensitivity distribution.

The common features for the two parallel imaging fam-
ilies are the reduction of SNR and the residual aliasing. The

significant difference is the reconstruction domain: 𝑘-space
for GRAPPA and image domain for SENSE (Figure 5). The
SNR reduction of parallel imaging could be generalized to

SNRPI =
SNRfs

𝑔√𝑅
, (1)

where fs means full sampling, 𝑅 is the acceleration factor,
and 𝑔 is the factor relating to some coil properties, such
as geometry design [125, 126]. The meanings of 𝑔-factor in
GRAPPA and SENSE are different, but it is mostly larger than
one. Hence, many dedicated surface coils were developed,
such as breast coils, spine arrays, and head coils, to reduce the
noise enhancement. In addition, the ill-conditioned problem
also leads to the loss of SNR. Thus, the use of regularization
in SENSE [127–129] as well as GRAPPA [130] was developed.
Though there are some compromises in parallel imaging, it
is still routinely used in various clinical applications [131]
due to improvements in acquisition time, spatial or temporal
resolution, and image quality such as reduction of motion
artifacts and EPI geometric distortion.
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Figure 6: Schematic description of the differences between MB excitation and CAIPIRINHA. The slice selection gradient would be applied
during the RF excitation, where the RF frequency and the slice resonant frequency were the same. Since MB excitation and CAIPIRINHA
excited multiple slices simultaneously, the bandwidth of RF excitation would become wider than the single slice excitation. MB excitation
modulated the RF excitation pulse with several frequencies to excite multiple slices, so the acquired images would overlap together without
FOV shifting (the upper row). Considering the bandwidth of frequency encoding and the removal of the artifacts, the excitation slices should
have gaps with several centimeters depending on the gradient strength. Besides, the pixel skew was another factors controlled by the gradient
strength [20]. CAIPIRINHA, which also excitedmultiple slices simultaneously, controlled the aliasing pattern by phase-modulated RF pulses.
In the figure, for example, the phase of RF pulse in the second slice was interlacedly altered to shift the overlapping patterns with FOV/2 (the
lower row).The black dashed arrow indicated the phase-encoding line without phase alteration in both slices, and the white one did the phase
alteration of 𝜋 only in the second slice. It could improve the 𝑔-factor to increase the SNR in image reconstruction. The technology could get
rid of the pixel skew in MB excitation and make adjacent slice excitation feasible.

3.1.3. Multislice Excitation. GRAPPA and SENSE could be
extended to 3D imaging [122, 123], which is slab excited
without additional RF modification. An alternative idea for
acceleration is the multislice simultaneous excitation with
the sharing data acquisition schemes. The RF excitation type
could be divided into frequencymodulation, such asmultiple
band (MB) excitation [20, 132], and phase cycling, such as
CAIPIRINHA [133] (Figure 6).

Both techniques have some intrinsic limitations. In MB
excitation, the frequency offsets between slices should be at
least equal to or larger than the slice bandwidth to ensure the
successful reconstruction from the slice aliased images.Thus,
two solutions could be applied: either to increase the gap
between the excited slices at around several centimeters or to
strengthen the slice selection gradient, which would result in
the pixel skew. CAIPIRIHNA, on the other hand, controlled
the aliasing pattern using phase modulated multislice RF
excitation pulses to avoid the pitfalls in MB excitation tech-
nique and improved the image quality of 2D-GRAPPAor 2D-
SENSE reconstruction resulting from 𝑔-factor related noise
enhancement (Figures 6 and 7 in [133]). Furthermore, instead
of providing phase modulated RF pulses, the shifted aliasing
patterns could perform more easily in 3D volume images
via changing the encoding strategy (2D CAIPIRINHA) [21].
Hence, various developments in sequences [134, 135] and
clinical applications [136, 137]were demonstratedmore easily.
However, neither CAIPIRINHAnor conventionalMB excita-
tion techniques are not applicable to single-shot echo planar

imaging (EPI), since the former method uses shot-by-shot
RF modulation and the latter one suffers from high 𝑔-factors
due to the hardware limitations. Hence, taking the concept
of inclined readout [20, 132], the blipped wideband [138]
and blipped-CAIPIRINHA [139] were proposed to make
simultaneous multislice EPI and diffusion imaging feasible
with reasonable 𝑔-factors.The significant advantages are that
the temporal resolution could be increased for fMRI and the
acquisition time could be much reduced for DSI or Q-ball
imaging.

MB and CAIPIRINHA, generally in charge of the slice
direction acceleration, could incorporate with the conven-
tional parallel imaging techniques to fully achieve 2D accel-
eration in a better performance. Since all the techniques are
based on the reduced 𝑘-space sampling for acceleration, the
residual artifacts should be carefully dealt with.

3.2. Dynamic Acceleration. The dynamic MRI introduces
temporal information into the acquisition, so it provides an
additional dimension for acceleration. Only the signals of
certain regions were varied with time in dynamic imaging;
for example, contrast-enhanced angiography shows the signal
intensity change in vessels and the rest parts are almost static.
Hence, there are lots of redundant acquired data during the
examination, and it could be well manipulated to reduce the
scan time for each time frame and to increase the temporal
resolution. The first idea came to view sharing in 𝑘-space.
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Figure 7: The sampling features in view-sharing technologies: Keyhole, TWIST, and MR fluoroscopy. (a) Keyhole acquired full 𝑘-space at
the beginning or the end of the dynamic scan. Only central 𝑘-space (A1, A2, and so on, where the number indicated the times of update) was
renewed at each time frame and the rest was kept the same for image reconstruction. (b) TWIST updated the central 𝑘-space information
more frequently. The outer 𝑘-space was divided into several subregions, for example, three (B, C, and D) in this case, and only one of them
was updated at each time frame interleaved by the renewal of the central 𝑘-space. (c) MR fluoroscopy updated the 𝑘-space sequentially and
uniformly everywhere. Part of the information was acquired at each time frame and updated to 𝑘-space for dynamic image reconstruction.

3.2.1. View Sharing. Taking the advantages of the similarity of
the adjacent time frames, several view sharing technologies
were developed since the late 1980s, including MR fluo-
roscopy [140], Keyhole [141], BRISK [142], and TWIST [143,
144]. The major differences among the technologies are the
manners on dynamical 𝑘-space data replacement and the data
recovery.

MR fluoroscopy periodically updates the 𝑘-space data so
that the refreshed rate of each part is the same. Because partial
𝑘-space is acquired at each time point, the data recovery
should include the information from some previous adjacent
time frames and the latest acquired one to obtain full 𝑘-space
data and then convert to images. The technique is also called
moving average or sliding window reconstruction. However,
it is not efficient to update the 𝑘-space uniformly due to most
of the useful information locating on central 𝑘-space. Hence,
Keyhole pushes the idea into a limit, where the peripheral 𝑘-
space data are only acquired once at the beginning or the end
of the dynamic scan and the center is refreshed at every time
frame. BRISK and TWIST are the compromise between the
two extreme cases. They divide 𝑘-space into different zones,
where the central one and the one of the peripherals are
alternatively updated (Figure 7).

These techniques refill the missing 𝑘-space using the
temporally closest data. The process is equal to the dynamic
images interpolation, which would smooth the dynamic

response curves similar to applying low-pass filters. Hence,
some high temporal frequency information would get lost,
so that the acceleration rate and the view-sharing methods
should be carefully chosen depending on different applica-
tions. However, they did not really take the advantages from
the additional dimension, time, for acceleration, so more
sophisticated approaches were developed.

3.2.2. Unaliasing by Fourier-Encoding the Overlaps Using
the Temporal Dimension (UNFOLD). UNFOLD [113] was
the very early technique taking the advantages of spatial
and temporal information for acceleration. It converted the
acquired 𝑘-space data with temporal information (𝑘-𝑡 space)
into 𝑥-𝑓 space to observe the dynamic patterns, so that
we could more effectively exploit the 𝑥-𝑓 space for higher
acceleration rates (Figure 8(a)). The “𝑥” in 𝑥-𝑓 space rep-
resents the image domain, not exactly the 𝑥-axis, and gen-
erally the undersampled 𝑘-space is along the phase-encoding
direction, which is usually the 𝑦-axis. The concept of
UNFOLD is similar to 2D CAIPIRINHA [21], where the
images become less aliasing by modifying the sampling strat-
egy (Figure 8(b) and Figure 3 in [21]). The major difference
is the second acceleration dimension of 2D CAIPIRIHNA
along slice encoding direction and that of UNFOLD tempo-
rally. However, a prerequisite of UNFOLD technique is that
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Figure 8: The similarity and difference between UNFOLD and 2D CAIPIRINHA. Both techniques used two-dimensional accelerations,
where the second domain inUNFOLD is time and that in 2DCAIPIRINHA is the slice encoding direction (𝑘

𝑧

). (a) UNFOLD transformed the
dynamic aliased images to the 𝑥-𝑓 space, where the informationwasmore concentrate.The 𝑥-𝑓 aliasing patterns could be shifted by changing
the sampling patterns. Hence, the space was suitable to reduce the aliasing patterns and reconstruct the images by applying appropriate filters
(the dashed cross region). (b) 2D CAIPIRINHA also changed the sampling patterns to shift the aliased images, which could reduce the 𝑔-
factor and improve the SNR in reconstruction. The performance would be better than that in conventional 2D parallel imaging techniques
[21].

the aliased 𝑥-𝑓 space should not overlap in major frequency
components. Then the aliasing artifacts could be removed in
𝑥-𝑓 space by applying appropriate filters to fully reconstruct
the images.

The limitation of acceleration rate in UNFOLD depends
on different applications. The larger the portion of dynamic
region within an FOV, the less the acceleration rate achieve.
Hence, the acquisition time of fMRI could be more efficiently
reduced than that of cardiac imaging.

3.2.3. 𝑘-𝑡 Family. Depending on the concept from UNFOLD
technique, 𝑘-𝑡 BLAST and 𝑘-𝑡 SENSE [145] were developed
to enhance the robustness of the achievable acceleration by
acquiring the central part of 𝑘-space at the beginning as
the training data before the undersampled dynamic 𝑘-space
acquisition. Hence, the whole acquisition is divided into two
parts: the training scan, providing the low spatial resolution
images without aliasing artifacts, and the undersampled scan,
containing the full spatial and temporal information but with
fold-over artifacts. 𝑘-𝑡BLAST and 𝑘-𝑡 SENSE use the training
data as prior information to understand how to resolve
the aliasing patterns and to obtain the fully-reconstructed

dynamic images. 𝑘-𝑡 SENSE, combining the parallel imag-
ing technology, was an extension of 𝑘-𝑡 BLAST, and both
technologies reconstruct the images in 𝑥-𝑓 space (Figure 9).
Because 𝑘-𝑡 methods introduce temporal information to
increase the degree of freedom, their performance, especially
in noise reduction of the reconstructed images could be
much better than the traditional parallel imaging at high
acceleration factors.
𝑘-𝑡GRAPPA [146, 147] reconstruct the data directly in 𝑘-
𝑡 space without transforming to 𝑥-𝑓 space. ACS is acquired
to determine the weightings for 𝑘-space reconstruction as
GRAPPA does. 𝑘-𝑡2 GRAPPA [148] is an extension of the
series and scatters the central 𝑘-space acquisition into differ-
ent time frames. Hence, the reconstruction should firstly use
𝑘-𝑡 GRAPPA to refill the undersampled central 𝑘-space and
then to restore the full 𝑘-space data. 𝑘-𝑡 PCA [103] is another
kind of extension, which reconstructed the images using
principal components (PC), instead of temporal frequency.
Thus, it uses 𝑥-PC space for data reconstruction. Taking the
advantages of mathematical properties of principal compo-
nent analysis (PCA), 𝑘-𝑡 PCA could even reduce the artifacts
for higher acceleration rates.
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Figure 9: 𝑘-𝑡 BLAST for dynamic imaging acceleration. The data acquisition is divided into two parts, training data (low resolution images)
and dynamic acquisition (undersampled 𝑘-space images). The 𝑥-𝑓 space of the training data is used to preliminarily understand the features
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3.3. Compressed Sensing (CS). CS [62] was first proposed
in the field of information theory and is applied to MRI
with the sampling rate beyond the Nyquist criterion. The
sampling number could be much reduced in CS, as a result,
the acquisition time becomes much shorter. There are three
basic requirements for the CS approach, including the spar-
sity in a known transform domain, the incoherence of the
undersampled artifacts and the nonlinear reconstruction.

Most of the MR images are not sparse from image point
of view except angiography. However, sparsity is the most
fundamental requirement to represent whether the data are
compressible or not. Many different kinds of images are
sparse in discrete cosine transform (DCT) and wavelet trans-
form, which are the cores of image or video compression
technologies. Medical images share the same property of
sparsity, so that the DCT and the wavelet transform are both
good for brain and angiogramwhich were capable to use only
5% to 10% largest transform coefficients for reconstruction
[149]. Conventional undersampled 𝑘-spacewas coherent, that
is, the sampled 𝑘-space was skipped periodically and the
reconstructed images resulted in regular aliasing patterns.
On the other hand, the incoherent undersampled 𝑘-space

would lead to the noise-like artifacts, so the dealiasing
problems could be converted to a denoise problem. The two
aliasing patterns show significant differences in Figure 1 of
[150]. Since the sampling strategy has destroyed the linear
transformation relations between two domains (𝑘-space and
image), some nonlinear reconstruction methods should be
applied to iteratively approach the solutions, such as conju-
gate gradient method [151].

The undersamples along frequency encoding direction
could not actually reduce the scan time in MRI and it was
not feasible to achieve the fully randomized sampled 𝑘-space.
Several encoding schemes, such as radial and spiral [110, 152,
153], could approach the variable-density sampling, which
results in more incoherent aliasing patterns. For morpholog-
ical or static images, 2D imaging acquisition is not preferred
because the randomly undersampled dimension is limited. It
is more attractive on three-dimensional imaging or dynamic
images, because there are two nonfrequency encoding planes
(𝑘
𝑦
-𝑘
𝑧
or 𝑘
𝑦
-𝑡), which would achieve random undersam-

pling more easily. However, one of the features of 𝑘-space
should be taken into consideration when doing randomized
undersampling: the energy of 𝑘-space is concentrated in
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the central region. Hence, the central 𝑘-space should be less
undersampled than peripheral regions to keep the image
quality and to accelerate the data acquisition more efficiently.

CS has been demonstrated in various applications with
the combination of parallel imaging techniques in static
images [149, 154, 155]. Furthermore, there were also technolo-
gies developed with the combination of the concepts from
𝑘-𝑡 BLAST and incoherent sampling, such as 𝑘-𝑡 SPARSE-
SENSE [156, 157] and 𝑘-𝑡 FOCUSS [158], and dynamic MRI
using CS was applied to cardiac imaging [159, 160] and fMRI
[161, 162].However, the computational time is still too long for
daily clinical use. Thus, the improvement in algorithms and
computer hardware, which shorten the postprocessing time,
would bring CS more feasible.

3.4. Summary. We would like to summarize the MR acceler-
ation technologies so that it would be easier to distinguish the
differences and understand their feasibilities.

(i) Parallel imaging uses the multiple-channel surface-
arrayed coils to reduce the 𝑘-space sampling. The
reconstruction methods are divided into GRAPPA
and SENSE two families, which are commonly used
in clinical routines.

(ii) Multislice excitation, the extension of parallel imag-
ing, could be divided into frequency modulation
(MB) and phase modulation (CAIPIRINHA) for the
acceleration along the slice direction with better
performance.

(iii) Temporal domain is involved in dynamic acceler-
ation methods, such as UNFOLD and 𝑘-𝑡 BLAST.
UNFOLD applies an appropriate filter to remove the
aliasing patterns, where 𝑘-𝑡 BLAST does it via the
low-resolution training data at the beginning of the
dynamic acquisition.

(iv) Compressed sensing MRI brings the acquisition
beyond the Nyquist criterion limitation both in static
and dynamic images.

(v) All the technologies above are compatible to parallel
imaging techniques.

With the appropriate combination of these techniques, we
could foresee the huge leap in MR acceleration in the near
future.

4. Conclusion

CT dose consideration and MR acquisition could be viewed
as the two obstacles during their development. We have seen
many techniques developed to solve the problems, to broaden
their applications, and to push the diagnostic clinical imaging
into molecular imaging level. Besides, their intrinsic supe-
riorities are kept to measure the physiological parameters,
such as blood flow, blood volume, and 𝑇

1
/𝑇
2
parameters or

diffusion imaging specified by MRI. The information has
been investigated for oncology imaging, cancer treatment
followup, neurodegenerative diseases, and so on. Due to the
growing knowledge of the human multiple “-omes,” such as

genome, proteome, and metabolome, more information is
included to analyze the correlation between the -omic data
and the clinical imaging. It potentially does great benefits
to the early detection, staging, and treatment response of
the diseases. As the personal information is involved in the
clinical procedures, it comes closer to realize the personalized
medicine.Thedevelopment strongly depends on the conjunc-
tion between various fields, including diagnostic imaging,
nanotechnologies, and -omics database analysis.
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applications of dual energy computed tomography,”Advances in
Clinical and Experimental Medicine, vol. 21, no. 6, pp. 831–841,
2012.

[80] T. Heye, R. C. Nelson, L.M.Ho, D.Marin, andD. T. Boll, “Dual-
energy CT applications in the abdomen,” American Journal of
Roentgenology, vol. 199, supplement 5, pp. 64–70, 2012.

[81] H. Scheffel, P. Stolzmann, T. Frauenfelder et al., “Dual-energy
contrast-enhanced computed tomography for the detection of
urinary stone disease,” Investigative Radiology, vol. 42, no. 12,
pp. 823–829, 2007.

[82] N. Takahashi, R. P. Hartman, T. J. Vrtiska et al., “Dual-energy
CT iodine-subtraction virtual unenhanced technique to detect
urinary stones in an iodine-filled collecting system: a phantom
study,” American Journal of Roentgenology, vol. 190, no. 5, pp.
1169–1173, 2008.

[83] G. Ascenti, A. Mileto, M. Gaeta, A. Blandino, S. Mazziotti, and
E. Scribano, “Single-phase dual-energy CT urography in the
evaluation of haematuria,” Clinical Radiology, vol. 68, no. 2, pp.
87–94, 2013.

[84] A. Graser, T. R. C. Johnson, E. M. Hecht et al., “Dual-energy CT
in patients suspected of having renal masses: can virtual nonen-
hanced images replace true nonenhanced images?” Radiology,
vol. 252, no. 2, pp. 433–440, 2009.

[85] A. Graser, C. R. Becker, M. Staehler et al., “Single-phase dual-
energy CT allows for characterization of renal masses as benign
or malignant,” Investigative Radiology, vol. 45, no. 7, pp. 399–
405, 2010.

[86] S. H. Lee, J. Hur, Y. J. Kim, H.-J. Lee, Y. J. Hong, and B.
W. Choi, “Additional value of dual-energy CT to differentiate
between benign and malignant mediastinal tumors: an initial
experience,” European Journal of Radiology, vol. 82, no. 11, pp.
2043–2049, 2013.

[87] G. Schmid-Bindert, T. Henzler, T. Q. Chu et al., “Functional
imaging of lung cancer using dual energy CT: how does iodine
related attenuation correlate with standardized uptake value of
18FDG-PET-CT?”EuropeanRadiology, vol. 22, no. 1, pp. 93–103,
2012.

[88] M. Meyer, P. Hohenberger, P. Apfaltrer et al., “CT-based
response assessment of advanced gastrointestinal stromal
tumor: dual energy CT provides a more predictive imaging
biomarker of clinical benefit than RECIST or Choi criteria,”
European Journal of Radiology, vol. 82, no. 6, pp. 923–928, 2013.

[89] K. A. Miles and M. R. Griffiths, “Perfusion CT: a worthwhile
enhancement?” British Journal of Radiology, vol. 76, no. 904, pp.
220–231, 2003.

[90] A. R. Kambadakone and D. V. Sahani, “Body perfusion CT:
technique, clinical applications, and advances,” Radiologic Clin-
ics of North America, vol. 47, no. 1, pp. 161–178, 2009.

[91] C.-J. Sun, C. Li, H.-B. Lv et al., “Comparing CT perfusion
with oxygen partial pressure in a rabbit VX2 soft-tissue tumor
model,” Journal of Radiation Research, vol. 55, no. 1, pp. 183–190,
2014.

[92] G.-L. Ma, R.-J. Bai, H.-J. Jiang et al., “Early changes of hepatic
hemodynamics measured by functional CT perfusion in a rab-
bit model of liver tumor,” Hepatobiliary & Pancreatic Diseases
International, vol. 11, no. 4, pp. 407–411, 2012.

[93] R. Jain, “Perfusion CT imaging of brain tumors: an overview,”
American Journal of Neuroradiology, vol. 32, no. 9, pp. 1570–1577,
2011.

[94] D. Arandjic, F. Bonutti, E. Biasizzo et al., “Radiation doses in
cerebral perfusion computed tomography: patient andphantom
study,” Radiation Protection Dosimetry, vol. 154, no. 4, pp. 459–
464, 2013.

[95] N. Negi, T. Yoshikawa, Y. Ohno et al., “Hepatic CT perfusion
measurements: a feasibility study for radiation dose reduction
using new image reconstruction method,” European Journal of
Radiology, vol. 81, no. 11, pp. 3048–3054, 2012.

[96] R. Krissak, C. A. Mistretta, T. Henzler et al., “Noise reduction
and image quality improvement of low dose and ultra low dose
brain perfusion CT byHYPR-LR processing,” PLoS ONE, vol. 6,
no. 2, Article ID e17098, 2011.

[97] M. Supanich, Y. Tao, B. Nett et al., “Radiation dose reduction
in time-resolvedCT angiography using highly constrained back
projection reconstruction,” Physics inMedicine and Biology, vol.
54, no. 14, pp. 4575–4593, 2009.

[98] L. He, B. Orten, S. Do et al., “A spatio-temporal deconvolution
method to improve perfusion CT quantification,” IEEE Trans-
actions on Medical Imaging, vol. 29, no. 5, pp. 1182–1191, 2010.

[99] H. Yu, S. Zhao, E. A. Hoffman, and G. Wang, “Ultra-low dose
lung CT perfusion regularized by a previous scan,” Academic
Radiology, vol. 16, no. 3, pp. 363–373, 2009.

[100] J. J. S. Shankar, C. Lum, andM. Sharma, “Whole-brain perfusion
imaging with 320-MDCT scanner: reducing radiation dose by
increasing sampling interval,” American Journal of Roentgenol-
ogy, vol. 195, no. 5, pp. 1183–1186, 2010.

[101] A. Tognolini, R. Schor-Bardach, O. S. Pianykh, C. J. Wilcox, V.
Raptopoulos, and S. N. Goldberg, “Body tumor CT perfusion
protocols: optimization of acquisition scan parameters in a rat
tumor model,” Radiology, vol. 251, no. 3, pp. 712–720, 2009.

[102] P. C. Lauterbur, “Image formation by induced local interactions:
examples employing nuclear magnetic resonance,” Nature, vol.
242, no. 5394, pp. 190–191, 1973.

[103] H. Pedersen, S. Kozerke, S. Ringgaard, K. Nehrke, and Y. K.
Won, “K-t PCA: temporally constrained k-t BLAST reconstruc-
tion using principal component analysis,” Magnetic Resonance
in Medicine, vol. 62, no. 3, pp. 706–716, 2009.

[104] L. Ge, A. Kino, M. Griswold, C. Mistretta, J. C. Carr, and D.
Li, “Myocardial perfusionMRI with sliding-window conjugate-
gradient HYPR,”Magnetic Resonance inMedicine, vol. 62, no. 4,
pp. 835–839, 2009.

[105] B. Jung, M. Honal, J. Hennig, and M. Markl, “k-t-space accel-
erated myocardial perfusion,” Journal of Magnetic Resonance
Imaging, vol. 28, no. 5, pp. 1080–1085, 2008.

[106] P. Kellman, J. A. Derbyshire, K. O. Agyeman, E. R. McVeigh,
and A. E. Arai, “Extended coverage first-pass perfusion imag-
ing using slice-interleaved TSENSE,” Magnetic Resonance in
Medicine, vol. 51, no. 1, pp. 200–204, 2004.

[107] J.-S. Hsu, S.-Y. Tsai,M.-T.Wu,H.-W.Chung, andY.-R. Lin, “Fast
dynamic contrast-enhanced lungMR imaging using k-t BLAST:



16 BioMed Research International

a spatiotemporal perspective,”Magnetic Resonance in Medicine,
vol. 67, no. 3, pp. 786–792, 2012.

[108] C.A.Mistretta,O.Wieben, J. Velikina et al., “Highly constrained
backprojection for time-resolved MRI,” Magnetic Resonance in
Medicine, vol. 55, no. 1, pp. 30–40, 2006.

[109] Y. Wu, N. Kim, F. R. Korosec et al., “3D time-resolved contrast-
enhanced cerebrovascular MR angiography with subsecond
frame update times using radial k-space trajectories and highly
constrained projection reconstruction,” American Journal of
Neuroradiology, vol. 28, no. 10, pp. 2001–2004, 2007.

[110] K. K. Vigen, D. C. Peters, T. M. Grist, W. F. Block, and C. A.
Mistretta, “Undersampled projection-reconstruction imaging
for time-resolved contrast-enhanced imaging,” Magnetic Reso-
nance in Medicine, vol. 43, no. 2, pp. 170–176, 2000.

[111] F. R. Korosec, R. Frayne, T.M.Grist, andC. A.Mistretta, “Time-
resolved contrast-enhanced 3D MR angiography,” Magnetic
Resonance in Medicine, vol. 36, no. 3, pp. 345–351, 1996.

[112] J. F. Utting, S. Kozerke, R. Schnitker, and T. Niendorf, “Compar-
ison of k-t SENSE/k-t BLASTwith conventional SENSE applied
to BOLD fMRI,” Journal of Magnetic Resonance Imaging, vol. 32,
no. 1, pp. 235–241, 2010.

[113] B. Madore, G. H. Glover, and N. J. Pelc, “Unaliasing by
fourier-encoding the overlaps using the temporal dimension
(UNFOLD), applied to cardiac imaging and fMRI,” Magnetic
Resonance in Medicine, vol. 42, no. 5, pp. 813–828, 1999.

[114] D. C. Peters, D. B. Ennis, and E. R. McVeigh, “High-resolution
MRI of cardiac function with projection reconstruction and
steady-state free precession,” Magnetic Resonance in Medicine,
vol. 48, no. 1, pp. 82–88, 2002.

[115] B. Jung, P. Ullmann, M. Honal, S. Bauer, J. Hennig, and M.
Markl, “Parallel MRI with extended and averaged GRAPPA
kernels (PEAK-GRAPPA): optimized spatiotemporal dynamic
imaging,” Journal of Magnetic Resonance Imaging, vol. 28, no. 5,
pp. 1226–1232, 2008.

[116] P. Kellman, F. H. Epstein, and E. R. McVeigh, “Adaptive sen-
sitivity encoding incorporating temporal filtering (TSENSE),”
Magnetic Resonance in Medicine, vol. 45, no. 5, pp. 846–852,
2001.

[117] J. Tsao, S. Kozerke, P. Boesiger, and K. P. Pruessmann, “Opti-
mizing spatiotemporal sampling for k-t BLAST and k-t SENSE:
application to high-resolution real-time cardiac steady-state
free precession,” Magnetic Resonance in Medicine, vol. 53, no.
6, pp. 1372–1382, 2005.

[118] M. A. Griswold, P. M. Jakob, R. M. Heidemann et al., “General-
ized Autocalibrating Partially Parallel Acquisitions (GRAPPA),”
Magnetic Resonance in Medicine, vol. 47, no. 6, pp. 1202–1210,
2002.

[119] D. K. Sodickson andW. J. Manning, “Simultaneous Acquisition
of Spatial Harmonics (SMASH): fast imaging with radiofre-
quency coil arrays,”Magnetic Resonance inMedicine, vol. 38, no.
4, pp. 591–603, 1997.

[120] P. M. Jakob, M. A. Griswold, R. R. Edelman, and D. K.
Sodickson, “AUTO-SMASH: a self-calibrating technique for
SMASH imaging,” Magnetic Resonance Materials in Physics,
Biology and Medicine, vol. 7, no. 1, pp. 42–54, 1998.

[121] R. Heidemann and M. Griswold, “VD-AUTO-SMASH imag-
ing,” Magnetic Resonance in Medicine, vol. 45, no. 6, pp. 1066–
1074, 2000.

[122] P. J. Beatty, A. C. Brau, and S. Chang, “A method for auto-
calibrating 2-D accelerated volumetric parallel imaging with
clinically practical reconstruction times,” in Proceedings of the

International Society for Magnetic Resonance (ISMRM ’07), vol.
15, p. 1749, Berlin, Germany, 2007.

[123] M. Blaimer, F. A. Breuer, M. Mueller et al., “2D-GRAPPA-
operator for faster 3D parallel MRI,” Magnetic Resonance in
Medicine, vol. 56, no. 6, pp. 1359–1364, 2006.

[124] K. Pruessmann, M. Weiger, M. Scheidegger, and P. Boesiger,
“SENSE: sensitivity encoding for fastMRI,”Magnetic Resonance
in Medicine, vol. 42, pp. 952–962, 1999.

[125] K. Ocegueda and A. O. Rodriguez, “Slotted surface coil with
reduced g-factor for SENSE imaging,” in Proceedings of the
28th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBS ’06), vol. 1, pp. 1904–1906,
September 2006.

[126] L. T. Muftuler, G. Chen, and O. Nalcioglu, “An inverse method
to design RF coil arrays optimized for SENSE imaging,” Physics
in Medicine and Biology, vol. 51, no. 24, article 012, pp. 6457–
6469, 2006.

[127] B. Liu, K. King, M. Steckner, J. Xie, J. Sheng, and L. Ying, “Reg-
ularized sensitivity encoding (SENSE) reconstruction using
bregman iterations,” Magnetic Resonance in Medicine, vol. 61,
no. 1, pp. 145–152, 2009.

[128] D. Liang, H. Wang, and L. Ying, “SENSE reconstruction with
nonlocal TV regularization,” in Proceedings of the Annual
International Conference of the IEEE Engineering in Medicine
and Biology Society (EMBC ’09), pp. 1032–1035, 2009.

[129] F.-H. Lin, K. K. Kwong, J. W. Belliveau, and L. L. Wald, “Parallel
imaging reconstruction using automatic regularization,” Mag-
netic Resonance in Medicine, vol. 51, no. 3, pp. 559–567, 2004.

[130] A. A. Samsonov, “On optimality of parallel MRI reconstruction
in k-space,” Magnetic Resonance in Medicine, vol. 59, no. 1, pp.
156–164, 2008.

[131] S. O. Schönberg, O. Dietrich, and M. F. Reiser, Parallel Imaging
in Clinical MR Applications, Springer, 2007.

[132] M. N. J. Paley, K. J. Lee, J. M. Wild, P. D. Griffiths, and
E. H. Whitby, “Simultaneous parallel inclined readout image
technique,”Magnetic Resonance Imaging, vol. 24, no. 5, pp. 557–
562, 2006.

[133] F. A. Breuer, M. Blaimer, R. M. Heidemann, M. F. Mueller,
M. A. Griswold, and P. M. Jakob, “Controlled aliasing in
parallel imaging results in higher acceleration (CAIPIRINHA)
for multi-slice imaging,” Magnetic Resonance in Medicine, vol.
53, no. 3, pp. 684–691, 2005.
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Cancer is known to have unique metabolic features such as Warburg effect. Current cancer therapy has moved forward from
cytotoxic treatment to personalized, targeted therapies, with some that could lead to specific metabolic changes, potentially
monitored by imaging methods. In this paper we addressed the important aspects to study cancer metabolism by using image
techniques, focusing on opportunities and challenges of magnetic resonance spectroscopy (MRS), dynamic nuclear polarization
(DNP)-MRS, positron emission tomography (PET), andmass spectrometry imaging (MSI) formapping cancermetabolism. Finally,
we highlighted the future possibilities of an integrated in vivo PET/MR imaging systems, together with an in situ MSI tissue
analytical platform, may become the ultimate technologies for unraveling and understanding the molecular complexities in some
aspects of cancer metabolism. Such comprehensive imaging investigations might provide information on pharmacometabolomics,
biomarker discovery, and disease diagnosis, prognosis, and treatment response monitoring for clinical medicine.

1. Introduction

Cancer is known to have unique metabolic features [1].
Knowledge of cancer metabolism can be applied not only for
early detection and diagnosis of cancer, but also in the evalua-
tion of tumor response tomedical interventions and therapies
[2].Thefirst characterized phenotype observed in cancer cells
is the Warburg effect [3], which describes a shift from energy
generation through oxidative phosphorylation to energy
generation through anaerobic glycolysis, even under normal
oxygen concentrations. Anaerobic glycolysis produces only
two ATPs per glucose and is less efficient than oxidative
phosphorylation [4, 5]. Cancer cells require high-energy

demand to support cell growth and proliferation; there-
fore cancer cells have increased glucose uptake, glycolytic
activity, and lactate production and decreased mitochondrial
activity, low bioenergetic status, and aberrant phospholipid
metabolism [6, 7]. Several important oncogenes involved in
the development and progression of common human cancers
have also been found to regulate glycolysis. For example,
unregulated activity of the serine/threonine kinase Akt has
been shown to increase glucose uptake of tumor cells as well
as increase resistance to apoptosis [8–10]. The oncogene c-
myc, a transcription factor, controls and activates numerous
glycolytic genes (e.g., hexokinase 2, enolase, and lactate dehy-
drogenase A) [11, 12]. Oncogenic ras is an important protein
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that controls signaling pathways for cell growth, regulation,
and malignancy transformation [13] and it has been seen
to increase the concentration of fructose-2,6,-bisphosphate
(F2, 6BP), which is an allosteric activator of phosphofructo1-
kinase, and it catalyzes the phosphorylation of fructose-6-
phosphate to fructose-1,6-bisphosphate [14]. Recent advances
have established further links between cancer metabolism
and genetic alterations in p53 [15], AMPK [16], PI3K [17, 18]
and HIF [19].

There are growing interests in developing therapies that
target important signaling pathways (e.g. PI3K [18] and
MAPK [20]) and transcription factors (e.g. HIF-1 [21])
and inhibit upregulated enzymes (e.g. pyruvate dehydro-
genase kinase (PDK) [22] and choline kinase [23]) and
metabolite transporters (e.g. glucose transporter (Glut1) [24]
and monocarboxylate transporter-1 (MCT-1) [25]). Those
targeted therapies might alter cancer metabolism, and the
changes in endogenous metabolites in cancer cells might be
detected even before changes in tumor sizes [26–28]. Imaging
methods are needed to detect early metabolic changes in
cancer following treatment and these imaging readouts could
be useful for monitoring the response to therapies [29, 30].

Tumor heterogeneity and its adaptations to microenvi-
ronment are important factors that could affect the effec-
tiveness of cancer treatment; hence, the ability to image
and spatially map the heterogeneity of metabolism within
a tumor will be very useful for planning the treatment
regime. Intratumoral heterogeneity and branched evolution
are recently revealed in multiple spatially separated samples
obtained from primary renal carcinomas and associated
metastatic sites by using genome sequencing [31]. In addi-
tion, the metabolic heterogeneity is not only attributed to
genetic alteration but is also an adaptation to hypoxic tumor
microenvironment. Glycolysis confers a significant growth
advantage by producing the required metabolites for cancer
growth [27, 32–34], as lactate can be used by oxygenated
cancer cells as oxidative fuel [35], in order to spare the
glucose for the more anoxic cells in the center of the tumor
[36].This cooperation between hypoxic and normoxic tumor
cells optimizes energy production and allows cells to adapt
efficiently to their environmental oxygen conditions [37, 38].

Conventionally, nuclear magnetic resonance (NMR)
spectroscopy [67] and mass spectrometry (MS) [68] can be
used separately or in combination to provide overlapping yet
complementary data to evaluate cancer [69–72]. MS have
high sensitivity but the samples required prior separations
using gas- or lipid-chromatography. NMR has a lower sensi-
tivity thanMS but it can measure all the detectable molecules
in the sample simultaneously without the need to prior
separation, cancelling out the quantification errors within
the method [69]. Although analyses of biopsies with many
metabolites correlated with disease aggressiveness [73], the
conventional metabolomic experiments using a single biopsy
of small tumor or extracting metabolites from relatively
large tissue areas do not provide the spatial information of
the metabolites and multiple biopsies or biopsy of normal
tissue counterpart; for comparison is not feasible in routine
clinical practice. Hence, noninvasive imaging would be a
useful solution for spatial mapping of metabolites. The

potential imaging techniques reviewed in this paper include,
but are not limited to, magnetic resonance spectroscopy
(MRS), dynamic nuclear polarization (DNP) MRS, positron
emission tomography (PET), andmass spectrometry imaging
(MSI) for tissue characterization. Table 1 summarizes the
advantages, disadvantages, and clinical applications of each
imaging technique.

2. Magnetic Resonance Spectroscopy (MRS)

Magnetic resonance spectroscopy (MRS) is a technique that
can be used in preclinical and clinical settings to study
cancer metabolism [74]. It is based on nuclei such as 1H, 31P
and, 13C that possess the property of magnetic spin. When
they are placed in a magnetic field, these nuclei become
aligned or opposed to the external magnetic field. Many of
the nuclei are flipped into the other magnetic state when
a radiofrequency pulse is applied, and the differences in
the populations between these two magnetic energy states
are detected as a radio wave as the system returns to
equilibrium. The strength of this local field depends on the
electronic environment around the nucleus. Different chem-
ical structures possess different electronic environments and
lead to nuclei resonating at slightly different frequencies.
These frequencies are termed as chemical shifts, which
are expressed as the dimensionless units, parts per million
(ppm), in the spectrum and represent the metabolites of the
measured sample [75]. Additional magnetic field gradients
cause nuclei at different locations to precess at different
speeds, which allows spatial information to be recovered
using Fourier analysis of themeasured signal [75]. By spatially
encoding chemical shift information, one can generate MRS
imaging by obtaining signals at different chemical shifts.
This can be achieved by frequency selective radiofrequency
pulses, as in stimulated echo acquisition mode (STEAM)
[76] and point-resolved spectroscopy (PRESS) [77] in proton
(1H)-MRS, or by excitation and subsequent subtraction of
unwanted signals, as in image selective in vivo spectroscopy
(ISIS) technique [78] in phosphorus (31P)-MRS. In addition,
multivoxel spectroscopy, such as chemical shift imaging (CSI)
[79], can collect spectroscopic data from multiple adjacent
voxels in a single measurement.

The clinical use of spectroscopy as an adjunct to MRI
has expanded dramatically over the past decades because of
technical advances in hardware and pulse sequence design
that have improved the spatial and temporal resolution of
spectral data. Nowadays most clinical MR scanners have
routine sequences for 1H-MRS measurements, providing a
wide range of metabolic and functional information inte-
grated with complementary MRI localization. Metabolites
commonly detected in clinical 1H-MRS include N-acetyl-
aspartate (NAA) in the normal brain tissue [39] and citrate
in the normal prostate [40], and their levels decrease once
being replaced by tumor. MRS detection of total choline
signal has been used to diagnose and monitor breast [41],
brain [42], and prostate cancers [44] and for monitoring
the response to anticancer therapy [23, 72, 80]. In addition,
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Table 1: Comparison of major imaging techniques for studying cancer metabolism.

Imaging techniques Advantages Disadvantages Clinical
applications References

Magnetic resonance
spectroscopy (MRS)

(i) Widely used medical imaging
technique
(ii) Ability to assess multiple
metabolites in one measurement
(iii) No radiation concern

(i) It has relatively long acquisition
time
(ii) Data processing is not routine in
the clinic
(iii) Lack of familiarity with clinicians

Brain, head and
neck, prostate,

breast, and cervix
[39–46]

Dynamic nuclear
polarization- (DNP-)
MRS

(i) Signal enhancements of over
10,000-fold of magnitude for stable
isotope carbon-13 (13C) enriched
compounds
(ii) Simultaneous detection of multiple
hyperpolarized molecules allowed
several metabolic pathways to be
probed at the same time
(iii) No radiation concern
(iv) Short acquisition time
(v) Real-time observation of not only
the uptake of the targeted molecule but
also its flux to produce downstream
metabolic products

Hyperpolarized 13C-labelled
substrates have very short half-life (in
tens of seconds)

Prostate [47]

Positron emission
tomography (PET)

(i) Widely used in clinical applications
(ii) High sensitivity

(i) Not all tumors show a significant
increase in metabolic activity on
FDG-PET imaging
(ii) Difficult to evaluate malignant
lesions in tissues that physiologically
take up FDG (such as the central
nervous system) or excrete FDG (such
as the kidneys and bladder) or
differentiate between inflammation
and cancer
(iii) Radiation concern
(iv) It measures perfusion and
accumulation of a tracer and does not
differentiate between metabolites
containing the radionuclide or tracer
per se

Oral cancer,
lymphoma,

melanoma, lung
cancer, esophageal

cancer, and
colorectal cancer

Cervical
Ovarian
Pancreas
Prostate

[48–57]

Mass spectrometry
imaging (MSI)

(i) Highly sensitive
(ii) It can be used to investigate both
identified and unidentified molecules
in spatial localized areas without any
need for labeling or contrasting agents

Analytical technique of tissue section,
not noninvasive imaging

Brain, oral, lung,
breast, gastric,

pancreatic, renal,
ovarian, and

prostate cancer

[58–66]

in vivo 1H-MRS also detects signals from lipid metabolism-
related compounds, such as the methylene (–CH

2
) signal at

1.3 ppm and the methyl (CH
3
) signal at 0.9 ppm [81], which

originate from the fatty acyl chains of the cytoplasmic mobile
lipids and not from the membrane lipids [82]. Significantly
higher levels of lipid have been detected in high-grade human
gliomas when compared to low-grade gliomas [81], and
these changes are associated with apoptosis, necrosis, or lipid
droplet formation [83–85].
31P-MRS could provide information on tumor bioen-

ergetics and metabolites such as nucleoside triphosphates
(NTPs), phosphocreatine (PCr), and inorganic phosphate
(Pi). The production of high-energy phosphates such as NTP
and PCr depends on the availability of glucose and oxygen
(which are delivered to the tumors through blood vessels),

and is determined by diffusion distances and local oxygen
consumption rates. Therefore, in addition to blood flow
parameters measured by DCE-MRI or perfusion CT, 31P-
MRS provides an opportunity to monitor downstream bio-
chemical reactions following reduced blood flow in hypoxic
regions [85] and is useful in detecting changes in tumor
reoxygenation during radiation therapy [86] as well as altered
tissue pH level (measured by the Pi chemical shift changes)
[87]. 31P-MRS also measures phospholipid metabolites, such
as phosphomonoester and phosphodiester in tumor, which
in turn could inform on membrane turnover and tumor
response following therapies [23, 72, 81].

MRS can also directly measure the pharmacokinetics
of drugs that present at relatively high concentrations in
the tumor. Most in vivo studies on MR pharmacokinetic
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measurements of tumors employ fluorinated drugs, such as
[5-19F]-fluorouracil (5-FU) and its prodrug, as detected by
19F MRS [88, 89], because 19F MRS provides relatively high
sensitivity combined with low background signal. Success-
ful image-guided delivery of a prodrug enzyme, bacterial
cytosine deaminase (bCD), which converts nontoxic [5-19F]-
fluorocytosine (5-FC) to 5-FU, was recently reported in
preclinical studies [90].

Relative to conventional MRI, MRS has lower sensitiv-
ities and requires much longer acquisition times and more
complex data processing, and with clinicians unfamiliar with
the technique, these factors continue to limit the application
of MRS in the clinical setting. Currently, there are method-
ologies that optimize the combined signals from multiele-
ment coil arrays to improve detection of low concentration
metabolites in MRS [91], in order to improve its sensitivity
and spectral resolution. In addition, the availability of higher
field strength MR systems and novel techniques such as
dynamic nuclear polarization hyperpolarization (DNP) can
reduce some of these limitations.

3. DNP-MRS

DNP is a novel imaging technique which uses specialized
instrumentation to provide signal enhancements of over
10,000-folds of magnitude for stable isotope carbon-13 (13C)
enriched compounds [92]. Simultaneous detection of multi-
ple hyperpolarized molecules allow several metabolic path-
ways to be probed at the same time [93, 94], and this enhanced
13C signal allows the distribution of hyperpolarized 13C-
labeled molecules within the tumor tissue to be visualized
[95]. [1-13C]Pyruvate has been the most widely studied sub-
strate to date because of its central role in cellularmetabolism.
[1-13C]Pyruvate also has relatively longer 𝑇1 relaxation time
and rapid transport into the cells for subsequent metabolism
[96]. Hyperpolarized [1-13C]pyruvate has been used to study
the real-time flux of pyruvate to lactate noninvasively follow-
ing anticancer therapies in xenograft models [97–101]. The
first clinical trial of DNP-MRS has recently demonstrated the
use of hyperpolarized [1-13C]pyruvate to examine prostate
cancer metabolism in human [47] (Figure 1), and it paves the
way to rapid translation of this exciting technology to clinical
research and perhaps clinical practice [96]. Previously, the
data analysis to obtain the apparent rate of pyruvate to
lactate exchanges following the [1-13C]pyruvate DNP-MRS
experiment is quite complex, as it requires the fitting of
the data to a mathematical model [102]. A much simpler
method to analyze this type of data has been developed
recently [103], which will improve the ease of use of this
methodology in studying cancer metabolism. In addition to
pyruvate, extracellular pH has been measured in lymphoma
xenografts by using hyperpolarizedH13CO

3

− and pH images
were obtained by measuring the H13CO

3

−/13CO
2
ratio in

each imaging voxel [104]. [1, 4-13C
2
]Fumarate is potentially

a useful agent for detecting treatment response in tumors
because the production of labeled malate was shown to be an
indicator of necrotic cell death [105].

4. Positron Emission Tomography (PET)

Positron emission tomography (PET) is a nuclear medical
imaging technique that produces three-dimensional imaging
data of functional processes in the body. The system detects
pairs of gamma rays emitted indirectly by positron-emitting
radionuclide tracers, to provide functional or metabolic
information in PET imaging [107]. When combined with
X-ray computed tomography (CT), PET/CT imaging can
provide both molecular information and anatomic local-
ization. 18F-fluorodeoxyglucose (FDG) PET is by far the
most successfully used imaging technique to study glucose
uptake in tumors in vivo. After intravenous injection, 18F-
FDG is transported across the cell membrane by glucose
transporters and metabolized to 18F-FDG-6-phosphate by
hexokinase [108]. In contrast to the complex metabolic fate
of glucose-6-phosphate from glucose, 18F-FDG-6-phosphate
cannot be further metabolized in the glycolytic pathway
because the fluorine atom at the C

2
position prevents 18F-

FDG-6-phosphate from downstream catabolism. This leads
to steady accumulation of 18F-FDG-6-phosphate in metabol-
ically active cells such as cancer [109].

Over the past decade, 18F-FDG PET/CT has become
a routine clinical test for staging and restaging of a vari-
ety of malignant tumors, including head and neck cancer,
lymphoma, colorectal, cervical cancer (Figure 2, [56]), and
many other solid organ cancers [48], with a sensitivity of
about or above 90% [110]. There is considerable evidence
that the reduction of 18F-FDG uptake is caused by a loss of
viable tumor cells following chemo- and radiotherapy [111].
However, the close relationship between various oncogenic
signaling pathways and tumor glucose metabolisms suggests
that the drugs targeting these signal transduction pathways
may have amore direct effect on cellular glucosemetabolism.
For example, decreased 18F-FDG uptakes were found in
patients with gastrointestinal stromal tumors (GIST) within
hours following treatment with the c-Kit inhibitor imatinib
[50, 51]. Rapid reduction in 18F-FDG uptakes was also
observed in patients with non-small cell lung cancer treated
with EGFR kinase inhibitor gefitinib [52].

Although 18F-FDG is widely used in clinical applications,
not all tumor types show a significant increase in metabolic
activity on 18F-FDG PET imaging, for example, in prostate,
neuroendocrine, and hepatic tumors [48]. Furthermore, it is
difficult to evaluatemalignant lesions in organs that normally
take up (such as the central nervous system) or excrete FDG
(such as the kidneys, urinary bladder, and prostate) or to
differentiate between inflammation and cancer. Therefore,
other PET tracers in addition to FDG have been developed
for oncological studies [30], either for clinical use or at
different stages of clinical evaluation. These compounds
include 11C-acetate (a precursor of membrane fatty acids)
in prostate cancer [112], 11C-methionine (a precursor of S-
adenosylmethionine, which is required for polyamine syn-
thesis) in brain tumor [113], 18F-choline (a substrate of
choline kinase in choline metabolism) in prostate cancer
[114], and 18F-3-fluoro-3-deoxy-L-thymidine (18F-FLT) (a
substrate of thymidine kinase [TK-2] in DNA synthesis
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Figure 1: 3D [1-13C]Pyruvate dynamic nuclear hyperpolarization magnetic resonance spectroscopy (DNP-MRS) imaging in a patient
with prostate cancer. The upper panel shows an axial T2-weighted images and corresponding spectral array with the area of putative
tumor highlighted by pink shading. A region of tumor was observed on the T2-weighted images (red arrows). A region of relatively high
hyperpolarized [1-13C]lactate was observed in the same location as the abnormalities that had been observed on the multiparametric 1H
staging exam. The lower panels show axial T2 images with and without metabolite overlays for different axial slices from the same patient.
The colored regions in these overlays have a ratio of [1-13C]lactate/[1-13C]pyruvate≥0.2.These demonstrated a large volume of bilateral cancer.
Reprinted with permission from [106]. Copyright 2013 American Association for the Advancement of Science.

and a specific marker of cell proliferation) [115]. Efforts are
also made to improve detection and measurement of low
level metabolized 18F tracer from the 18F-labeled pyrimidine
nucleoside analogues [116].

4.1. Comparison of PET and DNP-MRS. An advantage of
DNP-MRS is that it does not have radiation concern that
is commonly associated with PET. Although both PET and
DNP-MRS can measure the uptake of labeled substrates in
real-time, another key advantage of DNP-MRS is that both
the injected substrate and its metabolic products can be
detected and followed in real-time, allowing the observation
of not only the uptake of the targeted molecule but also its
downstream metabolic products [96]. In contrast, PET mea-
sures perfusion and accumulation of a tracer, but does not

differentiate betweenmetabolites containing the radionuclide
or tracer per se.

The most notable limitation of DNP-MRS imaging is the
very short half-life (in tens of seconds) of the hyperpolarized
13C-substrates, which is affected by the substrates’ 𝑇1 value
and the field strength of theMR scanner (lower field strength
MR scanner improves the half-life of the hyperpolarized
substrates) [96]. The hyperpolarized state decreases to its
equilibrium value with a time constant according to the
spin lattice relaxation time 𝑇1. 𝑇1 relaxation times are
dependent on the nucleus but are also sensitive to a host of
other factors including the applied field, the location in a
molecule, molecular structure and motion, and the chemical
environment.

In general, PET is much more sensitive than DNP-MRS
[117]. PET tracers can be detected in the nano- to picomolar
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(a) (b)

Figure 2: An example of PET/CT and MRI in the female pelvis. A 43-year-old female patient with a primary well-differentiated
adenocarcinoma of the uterine cervix. Primary cervical tumor is highlighted (arrow) and well correlated in (a) diffusion-weighted MRI
and (b) 18F-FDG PET/CT. Reprinted with permission from [56]. Copyright 2008 Springer-Verlag.

range [118]; whereas DNP-MRS sensitivity is still in the
millimolar range. Therefore, DNP molecules are injected at
concentrations that greatly exceed physiologic levels (e.g., 15–
28 mmoles of pyruvate in mouse models [97, 119]), whereas
PET-labeledmolecules can be administered at concentrations
that are unlikely to perturb normal metabolism. Although
hyperpolarized [1-13C]pyruvate increases the sensitivity of
MR imaging, signal-to-noise ratio constraints still exist for
spatial and temporal resolution of 13C DNP-MRS, especially
relative to PET, emphasizing the need for further develop-
ment of MR methodology [96].

4.2. Potential of Simultaneous PET/MRS. The integrated
PET/MRI system could offer potential in the management
of cancer, with prostate, head/neck, and breast cancers
among the primary indications for PET/MRI [120]. The
benefit of integrating PET and MRI might not only result
in improved sensitivity and spatial resolution, but also
allow the specific sets of metabolic events to be examined
at the same time [121]. In a preclinical murine glioma
model, advancing tumor proliferation caused an increase
in 11C-choline uptake as measured by PET, while gliosis
and inflammation accounted for a high peritumoral total
choline signal in MRS [122]. A decrease in 18F-FDG PET and
changes in phosphomonoesters by 31P-MRS were associated
with decreases in hexokinase II and Glut1 expression in
HER2 expressing breast tumor xenografts and responding to
trastuzumab treatment [123]. These studies exemplified that
PET/MRS could be used to monitor treatment response and
could provide unique information on drug biodistribution,
targeting, and metabolism and serve as surrogate pharma-
cokinetics/pharmacodynamics (PK/PD) markers [124].

Although clinical evidence of simultaneous PET and
MRS measurement is not available at present, previ-
ous reports based on the correlation of PET and MRS
have demonstrated the potential usefulness of integrated
PET/MRS. A significant positive correlation was found

between tumor total choline concentration by 1H-MRS and
total lesion glycolysis measured by 18F-FDG PET before
treatment in head and neck cancer patients [125]. For primary
staging in prostate cancer patients, 1H-MRS was reported to
improve the sensitivity of 11C-choline PET/CT in localizing
tumor in the prostate gland and achieved up to 97% of
overall accuracy [126]. Combined 1H-MRS and DCE-MRI
have improved the sensitivity of 18F-choline PET/CT from
62% to 92% in identifying local prostate cancer recurrence,
particularly in patients with low biochemical progression
after surgical treatment [127]. For breast cancer patients with
an invasive ductal carcinoma of 1.5–3 cm in size, the total
choline level in tumors measured by 1H-MRSwas highly cor-
related with the standardized 18F-FDG uptake value obtained
by PET/CT, and these measurements were also supported by
the histologic prognostic parameters (nuclear grade, estrogen
receptor status, and triple-negative lesion status) [128]. The
sensitivity and specificity of total choline level by 1H-MRS for
detecting breast cancer were 83% and 85%, respectively, and
both values could be as high as 92% after technical exclusions
[129].

Whether the simultaneous collection of MRS data
together with PET/MRI will improve diagnosis of brain
tumor remained unclear. However, evidence shows that
by using choline/creatine ratio > 1.5 as a threshold, the
addition of 1H-MRS could marginally increase the sensi-
tivity of contrast-enhanced MRI, from 86% to 100% (𝑃 =
.79), without altering the specificity (67%) [130]. In addi-
tion, by using cutoff points of NAA/Cho ≤ 0.61 on 1H-
MRS and relative cerebral blood volume (rCBV) ≥ 1.50
(corresponding to diagnosis of the tumors), a sensitivity
of 72% and specificity of 91% in differentiating tumors
from nonneoplastic lesions have been achieved [131]. The
distinction of MRS between recurrent tumor and radia-
tion necrosis in brain tumor using the Cho/NAA ratio
could be made with 85% sensitivity and 69% specificity
[132].
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Hepatocyte-specific (gadoxetic acid) enhanced MRI is a
powerful diagnostic tool for hepatocellular carcinoma (HCC)
[133], with sensitivity of about 81–90% for lesion size < 2 cm
[134, 135]. For the detection of HCC, 18F-FDG PET/CT has a
sensitivity of only around 64%–68%, which can be improved
by using 11C-acetate [136] and 18F-fluorocholine [137] tracers,
with reported sensitivity rising to 84% and 88%, respectively.
Direct comparison of diagnostic accuracy of 11C-acetate or
18F-fluorocholine PET/CT versus hepatocyte-specific MRI
on liver tumorswould be of great interest; this area of research
is still under investigation. Menzel et al. recently reported
a multimodal in vivo assessment of glucose metabolism in
HCC tumors using hyperpolarized [1-13C]pyruvate DNP-
MRS and 18F-FDG PET [138]. The increased [1-13C]lactate
signals in the tumor is correlated with corresponding
enhanced 18F-FDG uptake.This study revealed that PET and
13C DNP-MRS can be used to visualize increased glycolytic
flux in malignant tissue. The combined 13C DNP-MRS and
PET readouts will allow the quantitative dissection of sub-
strate metabolism, with respect to uptake and downstream
metabolic pathways. Nonetheless, these first imaging data
suggest the feasibility of 13C MRSI for future clinical use
[138].

Integrated PET/MRI measurements for neuroendocrine
tumors are not yet available; but efforts have been made
by using somatostatin receptor-specific tracer (68Ga-
DOTATATE) to improve lesion detection by PET [139]. 31P-
MRShas been used to differentiate between responders and
nonresponders to arterial embolization in neuroendocrine
tumors, with responders that exhibit increased cell
membrane renewal (higher phosphomonoester level)
and energy consumption (lower NTP and higher Pi levels)
[140]. For renal cell carcinoma, 1H-MRS can significantly
differentiate tumor from healthy renal parenchyma by
comparing their lipid composition [141]. An in vitro [1-
13C]pyruvate DNP-MRS study of RCC cells showed a
significantly higher pyruvate-to-lactate flux than the normal
renal tubule cells.Thesemetastatic RCC cells were also found
to have significantly higher monocarboxylate transporter
4 (MCT4) expression and corresponding higher lactate
efflux than the nonmetastatic cells, which is essential for
maintaining a high rate of glycolysis [142].

5. Mass Spectrometry Imaging (MSI)

Mass spectrometry imaging (MSI) is an analytical imaging
technique for tissue section. It can provide a very high
spatial resolution (typically 10m) [143], but cannot provide
the temporal information as the other noninvasive imaging
techniques such as MRS (seconds) and PET (10 seconds
to minutes). For spatial mapping, matrix-assisted laser des-
orption ionization-time of flight (MALDI-TOF) is the most
widely used technique to analyze intact biological tissue
sections in a two-dimensional fashion [143]. The matrix
used in these studies is a small organic molecule with
strong absorbance at the laser wavelength. They are applied

on the surface of the histological section and cocrystal-
lized with the sample. A laser pulse is used to ionize the
chemical compounds on the sample and charged molecules
or molecule fragments are then generated. MSI is based
on the measurements of the mass-to-charge ratios, which
produces spectra to determine the metabolome of the sam-
ple. This technique enables the investigation and spatial
localization of both identified and unidentified molecules
without any need for labeling or contrasting agents, which
further facilitates the discovery of new biomarkers and
their validation [144]. The damage on the biomedical tissue
sections induced by laser irradiation during MALDI-MSI
is relatively modest and the histological and biochemical
evaluations can be performed on the same tissue slice after
theMSI measurements [145] (Figure 3).The combined use of
imaging modalities, such as MSI and fluorescent microscopy
and histology/immunohistochemistry (IHC) [146] allows
metabolic and pathological evaluations of the tissue sections
in a highly precise and reliable way. MALDI MSI-based
studies have been used to elucidatemolecular signatures from
samples with different tumor types and grades, including
brain [58], oral [59], lung [60], breast [61], gastric [62],
pancreatic [63], renal [64], ovarian [65], and prostate cancers
[66].

MALDI-MSI is useful for metabolic imaging, albeit the
average scanning time might take hours for a single mass
image, depending on sample size and resolution. The target
for MSI studies limits to lipid molecules of endogenous
metabolites because many kinds of matrix ion peaks are
observed in the low-mass range (𝑚/𝑧 < 700), and the strong
peaks that they generate interfere with the detection of the
target low-molecular-weight compounds. This is because the
𝑚/𝑧 range of most lipid molecules was more than 700 and
also lipids are abundant in tissues (e.g., more than 60% of
the dry weight of brain tissue) and are easily ionized because
of the presence of a polar head [147, 148]. MALDI-MSI was
employed for imaging acylcarnitines, PC, lysophosphatidyl-
choline (LPC), and sphingomyelin to differentiate viable
and necrotic microenvironments of breast tumor xenografts
[149]. Recent breakthrough on the use of 9-aminoacridine (9-
AA) as amatrix for low-molecular-weightmetabolite analysis
and negativemodeMALDI-MS has been used to detect more
than 30 metabolites (which included nucleotides, cofactors,
phosphorylated sugars, amino acids, lipids, and carboxylic
acids) in ischemia-reperfused rat brain tissue [150]. Hattori
et al. have also reported spatiotemporal changes in energy
charge, adenylates, and NADH during focal ischemia in a
mouse MCAO model [151]. These findings highlight the
potential applications of MSI metabolomic imaging tech-
nique to visualize spatiodynamics of some aspects of the
tissue metabolome.

Although the present MALDI method is highly sensitive
and well established on the MSI platform, some limitations
need to be overcome before the broad range of endogenous
metabolite imaging can be achieved. To date, thismethod can
only apply to ex vivo tissue sections. It is generally known
that, in MALDI, the detection of molecules is completely
dependent on the matrix. In addition, the crystal size of
the deposited matrix strongly affects both experimental
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Figure 3: Correlation of histopathology and mass spectrometry imaging. Serial sections of the tumor are used for histopathology (left)
correlation with MSI results (right). Deconvolution of spectra is performed to separate 2H-labeled and unlabeled lipids. Intensity images are
generated to show the spatial distribution for both newly synthesized and preexisting lipids. Reprinted with permission from [106]. Copyright
2013 Nature Publishing Group, a division of Macmillan Publishers Limited.

reproducibility and spatial resolution in MALDI-MSI. To
accelerate the use of MALDI-based metabolic imaging plat-
form, substantial progress in matrix development and its
application is required. For tissue imaging in metabolomics,
nanostructure-initiator mass spectrometry (NIMS) has been
investigated for spatial profiling of metabolites without the
need for matrix and with reduced fragmentation [152, 153].

6. Concluding Remarks

The cancer metabolomics information provided by multi-
modality imaging techniques has revolutionized our ways
of cancer treatment. Current oncologic therapy has moved
forward from cytotoxic treatment to personalized therapy,
such as targeting specific signal pathways or oncogene or
metabolic enzymes. This would lead to altering metabolic
signatures in tumor tissue, which could be monitored by
using MRS or PET imaging. The nonradiation nature of
MRS renders its ease of transitioning from bench to bed-
side. Metabolic information provided by multivoxel MRS
measurements combined with the anatomical information
provided by MRI can significantly improve the assessment
of cancer location and extent and cancer aggressiveness.
Biomarkers discovered by MRS can lead to development of
new PET tracers. With the development of highly specific
molecular probes, DNP-MRS and/or PET will play a major
and integral role in the diagnosis, prognosis, and monitoring
of treatment response in cancer and other diseases. In com-
bination with classical histological/immunohistochemical
methods, MSI analysis can provide new insights into the
simultaneously occurring metabolic processes in tissue sec-
tion that could not be obtained otherwise.

In the future, a combination of in vivo noninvasive
imaging techniques (MRI anatomic imaging and functional
imaging including MRS and PET) in integrated MR/PET
scanners and ex vivoMSI validation with other tissue analyti-
cal platforms,may become the ultimate technology for unrav-
eling and understanding some of the molecular complexities

of cancermetabolism.Thepotential of a comprehensive study
on tumor metabolism has recently been demonstrated in a
glioma model, by using 11C-choline PET and choline on 1H-
MRS for in vivo imaging tumors, and tissue MSI for ex vivo
validation [122]. Such combination might fulfill the function
for pharmacometabolomics, biomarker discovery, disease
diagnosis and prognosis, andmonitoring treatment response.
The development of integrated bioinformatics tools would
help to handle the spatial, temporal, andmultiparametric data
from cancer metabolic imaging.
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