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Magnetic resonance imaging (MRI) has been playing an
increasingly important role in biomedical research and in
clinical diagnosis. The techniques of MRI have experienced
rapid development and found wide applications in recent
years. The technical development is marked not only by the
improvement and optimization of conventional MR imaging
techniques but also by the emergence of new pulse sequences
such as CEST-MRI (Chemical Exchange Saturation Transfer
MRI) andDWIBS (Diffusion-weightedWhole-body Imaging
with Background body signal Suppression) and by new
techniques such as compressed sensing MRI and MR finger-
printing. The wide proliferation of MRI techniques has led
to ever-increasing applications ofMR imaging and enormous
new findings in basic biomedical research as well as clinical
sciences. This special issue aims at reflecting the advances in
MR imaging techniques and applications.

After rigorous review procedures, the selected papers in
this special issue demonstrate how broad the field of MRI has
become since Paul Lauterbur’s classic paper in 1973.The types
of papers include review articles as well as original research.
Within this issue are papers that study not only data acquisi-
tion and reconstructionmethods but also specialized analysis
methods and new combinations of MR with therapeutic
and interventional techniques. The imaging methods cover
structuralMRI, functionalMRI, diffusion-weighted imaging,
and diffusion tensor imaging. The applications addressed are
similarly wide reaching, containing cancer, liver diseases,
brain function, and so forth.

Of particular note, this special issue contains several
papers on perhaps the most common use of MRI in MR
research centers: functional MRI (fMRI) of the brain. Neu-
ronal activation in the brain results in local increase in
the oxygen-enriched blood in capillaries associated with the
signal change measured in traditional BOLD-based fMRI.
One paper (J. Chung et al.) examines the fusiform face
region and the fundamental confoundedness of the signal
of blood from large vessels causing a mismatch between the
localization of neuronal activation and that of fMRI signal.
Once considered to be simply “physiological noise,” certain
characteristic fluctuations in the fMRI signal during rest
have been shown to be associated with specific neuronal
networks. Due to the practical appeal of fMRI without tasks,
we are including two review papers reflecting the recent
great interest in clinical methods for “resting state” fMRI,
one for multiple sclerosis (E. Sbardella et al.) and the other
for psychiatric disorders (X. Zhan et al.). In a related paper
(X. Li et al.), a temporal decomposition method is presented
which decomposes a single brain functional network into
several modes to explore dynamic brain functional networks
in a continuous, “state-related,” “finger-force feedback” fMRI
experiment. Finally, two papers are included which highlight
some of the many ways in which advanced data acquisition
(D. Kang et al.) and image reconstruction methods (P. K.
Han et al.), such as segmented echo-planar imaging (EPI) and
compressed sensing, can help to overcome some of the image
quality obstacles of fMRI at high field strength.
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Two other neuro-MRI studies are presented as well
regarding areas of strong interest in MR: diffusion tensor
imaging (DTI) and MR guidance. In the first paper (T.-K.
Truong et al.), a new method is presented for the correction
of eddy current-induced echo-shifting effect that produces
three types of artifacts, namely, the eddy current induced
signal loss, the artificial signal modulation due to eddy
current-induced erroneous𝑇∗

2
weighting, and artificial signal

elevation associated with partial Fourier reconstruction. The
second paper (E. Vaghefi et al.) presents an MRI-based tech-
nique to guide the noninvasive transcranial brain stimulation
without the use of a neuronavigation system.

As MR has matured technically primarily for neuroap-
plications, it has also proven to be increasingly useful for
body imaging. An example is the technique of real-time MR
thermometry guidance for ultrasound ablation of uterine
fibroids, in which excessive skin heating has been an obstacle.
To address this issue, the feasibility and safety of utilizing a
water-cooled device in contact with the skin are proposed and
examined in a paper (M. Ikink et al.). Another “hot topic” in
bodyMRhas been the study of liver fibrosis, using a variety of
MRmethods (e.g.,MR elastography andDWI). In this issue, a
paper (T. Yokoo et al.) is includedwhich examines the use of a
combinedGd andUSPIOcontrast agent togetherwith texture
analysis to better depict the reticular signal abnormalities
associated with fibrosis. In a review of MRI for Crohn’s
Disease (K. Yoon et al.), a variety of methods are presented
for inflammatory bowel disease including endoluminal and
intravenous contrast agents, DWI, dynamic bowel motility
imaging, and MR spectroscopy of fecal and urine samples.
Finally,MR-basedmolecular imaging is presented in a review
paper (J. H. Kim et al.) focusing on labelling stem cell with
nanoparticles in urology to evaluate migration and survival
of transplanted stems cells in prostate cancer and bladder
dysfunction models.

With the many technical advances in the field, several
MR methods have demonstrated their utility in terms of
oncology. One paper (I. Thomassin-Naggara et al.) reviews
the impact of perfusion and diffusion MRI and a new diag-
nosticMR scoring system (AdnexMR) upon the preoperative
diagnostic accuracy in women with possible ovarian cancer.
The utility of combining structural, perfusion, diffusion, and
MR spectroscopy data is also presented in this issue for
tumour relapse prediction using multiparametric analysis
in glioblastoma patients (E. Vaghefi et al.). The use of MR
(using diffusion MR and/or dynamic contrast enhancement)
to predict the response to neoadjuvant therapy is presented in
two papers (G.-Y. Zhang et al. and M. Petrillo et al.) focusing
on nasopharyngeal carcinoma and rectal cancer, respectively.

In summary, the papers collected in this special issue
cover a wide range of topics that are on the frontier of the
MRI techniques and their applications.
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Purpose. To noninvasively assess liver fibrosis using combined-contrast-enhanced (CCE) magnetic resonance imaging (MRI) and
texture analysis.Materials andMethods. In this IRB-approved,HIPAA-compliant prospective study, 46 adults with newly diagnosed
HCV infection and recent liver biopsy underwent CCE liver MRI following intravenous administration of superparamagnetic
iron oxides (ferumoxides) and gadolinium DTPA (gadopentetate dimeglumine). The image texture of the liver was quantified in
regions-of-interest by calculating 165 texture features. Liver biopsy specimens were stained with Masson trichrome and assessed
qualitatively (METAVIR fibrosis score) and quantitatively (% collagen stained area). Using 𝐿

1
regularization path algorithm, two

texture-based multivariate linear models were constructed, one for quantitative and the other for quantitative histology prediction.
The prediction performance of each model was assessed using receiver operating characteristics (ROC) and correlation analyses.
Results. The texture-based predicted fibrosis score significantly correlated with qualitative (𝑟 = 0.698, 𝑃 < 0.001) and quantitative
(𝑟 = 0.757, 𝑃 < 0.001) histology. The prediction model for qualitative histology had 0.814–0.976 areas under the curve (AUC),
0.659–1.000 sensitivity, 0.778–0.930 specificity, and 0.674–0.935 accuracy, depending on the binary classification threshold. The
predictionmodel for quantitative histology had 0.742–0.950AUC, 0.688–1.000 sensitivity, 0.679–0.857 specificity, and 0.696–0.848
accuracy, depending on the binary classification threshold. Conclusion. CCE MRI and texture analysis may permit noninvasive
assessment of liver fibrosis.

1. Introduction

The ongoing epidemic of Chronic Liver Disease (CLD) is a
major contributor to liver-related mortality and morbidity in

theUnited States.More than 20,000Americans die fromCLD
complications each year [1]. The most common etiologies
for CLD are chronic hepatitis C virus (HCV) infection and
alcoholic hepatitis [2, 3]. Over 4 million Americans are HCV
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No contrast Gd SPIO CCE

Figure 1: MR images of liver in 60-year old man with HCV-related cirrhosis. Noncontrast, Gd-only, SPIO-only, and CCE 2D breath-hold
T1-weighted gradient-echo images of cirrhotic liver due to HCV. Abnormal reticular pattern of the liver parenchyma is better visualized on
single-contrast-enhanced (Gd or SPIO) images than on unenhanced image and better visualized on CCE images than on single-contrast-
enhanced images. Gd: gadolinium; SPIO: superparamagnetic iron oxide, and CCE: combined contrast enhanced.

F0 F4F3F2F1

Figure 2: Combined contrast enhanced (CCE)MR images at various stages of fibrosis. CCEMR images in adults with chronic HCV infection
and histologically determinedMetavir fibrosis stages F0, F1, F2, F3, and F4. Subjectively, the reticular texture of the liver parenchyma becomes
progressively more pronounced with increasing Metavir fibrosis stage.

carriers, but many are asymptomatic and unaware of their
infection [4].

The common pathway in the natural history of CLD,
including chronic HCV infection, is progressive liver fibrosis
and ultimately cirrhosis [5]. Fibrosis indicates cumulative
liver damage, contributes to the development of portal hyper-
tension and hepatic dysfunction, and predicts poor clinical
outcome [6, 7]. Most liver-related mortality and morbidity
occur in the cirrhotic population [8]. Assessment of liver
fibrosis is therefore critical in the management of patients
with CLD.

The current gold standard for fibrosis evaluation is liver
biopsy. The severity of fibrosis due to HCV infection is often
classified using an ordinal scale such as the Metavir system
[9]. However, biopsy is invasive and thus problematic for
frequent monitoring. Moreover, its interpretation is subjec-
tive, leading to inter- and intraobserver variability [10–12].
For these reasons, noninvasive and objective techniques are
under investigation, including fibrosis-specific serum mark-
ers [13, 14], ultrasound elastography [15, 16], magnetic res-
onance (MR) elastography [17–19], diffusion weighted MR
imaging [20–22], and single-contrast-enhanced MR imaging
[23–25].

Another promising MR imaging-based technique is
combined-contrast-enhanced (CCE) MR imaging [26]. This
technique exploits the complementary effects of positive con-
trast enhancement by gadolinium-chelates (Gd) and negative
enhancement by superparamagnetic iron oxide (SPIO)
agents. Compared to noncontrast, Gd-enhanced, or SPIO-
enhanced images, CCE images better depict the reticular

signal abnormalities associated with fibrosis as shown in
Figure 1 [27]. The conspicuity of this pattern appears to
parallel histologic fibrosis severity (Figure 2) suggesting that
liver fibrosis can be assessed by the severity of the “texture”
abnormality.

The potential role of texture analysis in liver fibrosis
assessment was previously explored in retrospective studies
using qualitative [26] and quantitative [26, 28–30] texture
analysis.The purpose of this prospective study was to provide
proof-of-concept that quantitative texture analysis usingCCE
MR imaging may permit noninvasively assess liver fibrosis in
adults with HCV infection using CCE MR imaging.

2. Method and Materials

2.1. Study Design and Subjects. This prospective, cross-
sectional, observational clinical study was approved by an
institutional review board and isHIPAA-compliant. Potential
eligible subjectswere referred for researchMR imaging exam-
ination from hepatology clinics at our institution. Written
informed consents were obtained. Selection criteria are listed
in Table 1. Patient recruitment was stratified according to the
fibrosis severity at liver biopsy and continued until at least five
subjects in each fibrosis severity category (per clinical biopsy
reports) were enrolled.

2.2. Liver Biopsy. Subjects had a percutaneous 16-gauge
needle-core biopsy of the right hepatic lobe for clinical care by
the referring hepatologists. Specimens were processed in
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Table 1: Selection criteria.

Inclusion criteria Exclusion criteria

(i) Age >18 years
(ii) Newly diagnosed HCV infection, without clinically
overt cirrhosis
(iii) Recent or planned biopsy1
(iv) Willing and able to undergo CCE MRI exam within
30 days of biopsy
(v) Willing and able to undergo phlebotomy for
estimated GFR determination within 30 days of biopsy

(i) Estimated GFR <60mL/mL (𝑁 = 0 potential subjects)
(ii) Imaging not performed within 30 days of biopsy (𝑁 = 2)
(iii) Nondiagnostic biopsy or trichrome slide unavailable (𝑁 = 2)
(iv) Contraindication to MR exam (𝑁 = 1)2
(v) Lack of intravenous access (𝑁 = 1)
(vi) History of severe allergic reaction or anaphylaxis (𝑁 = 0)
(vii) History of liver diseases other than HCV including iron overload (𝑁 = 0)
(viii) Severe claustrophobia (𝑁 = 0)
(ix) Pregnant or nursing mother (𝑁 = 0)

1Biopsies were performed for clinical care. 2Due to intraorbital shrapnel. GFR: glomerular filtration rate. Parenthesis () contains the number of potential
subjects excluded for the criterion.

the pathology department per routine protocol, including
Masson-trichrome staining. Clinical biopsy reports were
generated by staff pathologists. Each clinical report included
assessment of fibrosis severity (none, mild, moderate, severe,
and cirrhosis); the clinically reported fibrosis severity was
used for the block recruitment but not analyzed.

2.3. Qualitative and Quantitative Scoring of Histology. The
trichrome-stained slides were further evaluated for research
purposes. The entire slides were digitized using an APERIO
ScanScope scanner (Aperio Technologies, Inc., Vista, CA).
The digitized images were viewed using the Aperio Image-
Scope software and the fibrosis severity was scored qualita-
tively by histomorphology and quantitatively by digital image
analysis.

Qualitative scoring was performed independently by
three pathologists with expertise in liver pathology (MRP,
HM, and ZG). Without knowledge of clinical, MR imaging,
or quantitative histology findings, each reader reviewed the
digitized histology images, subjectively assessed the adequacy
of each specimen, and assigned to each specimen a Metavir
fibrosis score, F0–F4.The readers were blinded to each other’s
scores. Other histology features (e.g., necro-inflammation,
steatosis, iron)were not recorded. To assess adequacy of spec-
imen, one pathologist (MRP) counted the number of portal
triads within each noncirrhotic specimen; portal triads were
not counted in cirrhotic specimens due to architectural dis-
tortion. The total length of each specimen was recorded.

Quantitative scoring was performed by a hepatology
research scientist (KI) using ImageScope software analysis
tools, without knowledge of the clinical, MR imaging, or
qualitative histology findings. Staining variability was cor-
rected by digitally adjusting color saturation. Total specimen
area was manually segmented, and the blue-stained pixels
(representing collagen) were segmented using manual inten-
sity thresholding. Percent (%) collagen was calculated as the
ratio of blue-stained to total specimen pixels.

2.4. MR Imaging. Subjects received SPIO (ferumoxides,
Feridex, BayerHealthCare Pharmaceuticals,Wayne, NJ) con-
tinuous intravenous infusion (0.5mL/kg) diluted in 100mLof
5% dextrose solution, passed through a 5-𝜇m filter at 2–
4mL/min over 30 minutes per manufacturer’s instructions.

Thirty minutes after completion of SPIO infusion, sub-
jects were scanned supine in a superconducting MR whole
body system at 3T (GE Signa EXCITE HD, GE Med-
ical Systems, Milwaukee, WI), with an 8-channel torso
phase-array coil and a dielectric pad centered over the
liver. Gadolinium-DTPA (gadopentetate dimeglumine, Mag-
nevist, Bayer HealthCare Pharmaceuticals, Wayne, NJ) was
injected intravenously (0.1mmol/kg). Using a 2D chemically
fat-saturated fast spoiled gradient-recalled echo (FSPGR)
sequence without parallel imaging, four sets of axial CCE
images of the liver were acquired during separate 18–28
second breath-holds, 4–10 minutes after Gd injection. In this
6-minute window, enhancement of the liver by the two agents
(SPIO and Gd) is subjectively constant according to our
clinical experience of CCEMR imaging in cirrhotic and non-
cirrhotic livers; moreover, the T1- and T2∗ shortening effects
of gadopentetate and ferumoxides in liver may be assumed
stable over this period from the known liver clearance rates of
these agents [31–33]. The four image sets were acquired to
help ensure that at least one set was free of visible motion
artifacts. Imaging parameters included TR 100ms, TE 6ms,
FA 70∘, slice thickness 4mm, interslice gap 4mm, number of
slices 5, and bandwidth 130Hz/pixel. Two of the four image
sets were acquired with 384 × 224 and two with 384 × 256
matrix. Field-of-view was adjusted to accommodate body
habitus and breath-hold capacity. These parameters were
selected to provide simultaneous T1- and T2∗-weighting to
exploit Gd- and SPIO-enhancement, respectively; adequate
signal-to-noise ratio; high spatial resolution; and relatively
short acquisition time. The Food and Drug Administration
(IND number 75,579) approved off-label use of Magnevist-
Feridex combined contrast for this research study.

2.5. Image Processing and Texture Analysis. A radiology resi-
dent (TY) and a trained research assistant (CC) analyzed the
CCE images without knowledge of clinical or biopsy findings.
From the four CCE image sets, the set with the highest resolu-
tion and subjectively least motion artifact was selected. Rep-
resentative CCE images of the liver (1–5 sections per subject)
were exported in DICOM format. Using MATLAB (Math-
works, Natick, MA), a total of five nonoverlapping rectangu-
lar regions-of-interest (ROIs) of size >100mm2 were placed
per subject within areas of subjectively uniform texture
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in the right hepatic lobe (Couinaud segments IV–VIII),
avoiding artifacts, bile ducts, and vessels. EachROI imagewas
standardized by rotating to the Cartesian coordinate system
with zero tilt-angle, interpolating to 0.5mm/pixel resolution,
removing bilinear spatial trend of signal intensities, and
scaling to 0-1 intensity range.

Gradient and Laplacian transformations (1st and 2nd
spatial derivatives) were applied to each standardized ROI
to generate additional “edge-enhanced” and “zero-crossing”
texture patterns. For each untransformed (original) and
transformed (gradient, Laplacian) ROI, 55 texture features
were calculated as detailed in the supplementary materi-
als available online at http://dx.doi.org/10.1155/2014/387653.
These texture features represented five texture feature classes:
pixel intensity histogram, Gaussian mixture model, auto-
correlation, cooccurrence matrices, and Voronoi polygons.
These classes were selected based on the expected imaging
characteristics of fibrosis texture, as explained in the supple-
mentary materials. For each subject, the texture features were
averaged across the five ROI’s to generate a set of 165 average
texture features.

2.6. Statistical Analyses

2.6.1. Comparison of Histologic Scores. For each subject, the
average, standard deviation (STD), and range of the Metavir
scores of the three pathology readers were calculated. The
interreader agreement was assessed by intraclass correlation
coefficient (ICC, two-way analysis for precise agreement) and
their 95% confidence intervals (CIs) were calculated. ICCwas
also calculated for each pair of readers. The average Metavir
scores of the three readers were compared to %-collagen
scores using Pearson correlation analysis.

2.6.2. Comparison of Texture and Histology. A biostatistician
(TW) performed statistical analysis using the 165 texture
features to predict qualitative (Metavir) and quantitative (%-
collagen) fibrosis scores. A path-following algorithm for 𝐿

1

regularized linear model called GLM-path [34] with a Gaus-
sian link (i.e., linear regression) was used to identify the
optimal linear model of texture features that minimized the
fibrosis prediction error for each number of predictors (i.e.,
features). The optimal number of predictors was determined
by Akaike Information Criterion (AIC) [35]. Using the
qualitative and quantitative fibrosis scores as the reference,
two texture-based fibrosis prediction models were con-
structed, respectively. For each subject, the predicted quali-
tative (Metavir) and quantitative (%-collagen) fibrosis scores
were calculated using respective prediction models.

Pearson’s correlation was used to evaluate the strength of
the relationship between the predicted and histologic scores.
Additionally, the performance of each prediction model
for dichotomized classification was assessed using receiver-
operating-characteristics (ROC) analysis using the average
histologically determined Metavir score as the reference
standard. At each of four classification thresholds (Metavir F1,
F2, F3, and F4 for qualitative scoring; 5, 10, 15, and 20%
collagen for quantitative scoring), the classification accuracy,

sensitivity, and specificity (and their CIs) were calculated at
the predicted fibrosis score cutoff value that maximized the
sum of sensitivity and specificity.

The regularization employed by the GLM-path algorithm
is designed to minimize prediction error over independent
validation datasets [34]. Therefore no dedicated validation
procedure was performed in this proof-of-concept study.
However, the algorithm may not necessarily minimize the
prediction error of the test dataset itself; thus, some degree of
mismatch between the predicted and actual fibrosis scores is
expected.

3. Results

3.1. Subjects. BetweenAugust 2007 andMarch 2009, 52 newly
diagnosed HCV-positive adults (age 51.2±6.3 years, 38 male,
12 female) with recent or planned liver biopsy were recruited
for CCE imaging. Six subjects were excluded (Table 1). The
remaining 46 subjects formed the study group. All subjects
completed the MR examination without serious adverse
effects. At least one CCE image set was subjectively adequate
in quality for further image analyses in each subject.

3.2. Qualitative versus Quantitative Histology. Examples of
biopsy specimens are shown in Figure 3. The histology
specimen’s average ± STD [range] of the total length and the
number of portal triads were 21.9 ± 9.8mm [6.7–44.2] and
14.2 ± 6.0 [4–28], respectively.

Figure 4(a) shows the histogram of qualitative Metavir
scores assigned by the three readers. The 3-reader agreement
was good with ICC of 0.772 (95% CI [0.653–0.859]). Pairwise
ICCs were 0.727, 0.768, and 0.831, depending on the reader
pairs. All readers agreed that all biopsy specimens were
adequate.

Figure 4(b) shows the histogram of quantitative %-
collagen rounded to the nearest 5%.Over half the subjects had
rounded %-collagen ≤5%. As shown in Figure 5 the relation-
ship between the qualitative (average Metavir) and quantita-
tive (%-collagen) scores was curvilinear, as has been observed
by others [36, 37]. Log-linear plot of quantitative (𝑦-axis) and
qualitative (𝑥-axis) scores demonstrated significant linear
correlation with Pearson’s 𝑟 = 0.81 (𝑃 < 0.001).

3.3. Image Texture versus Histology. The liver image textures
of representative subjects are shown in Figure 6 with their
respective qualitative (Metavir) and quantitative (%-collagen)
scores.

Using qualitative histology as the reference, GLM-path
analysis identified a set of 6 texture features predictive of
Metavir fibrosis scores (Table 2). As shown in Figure 7(a), the
Metavir score predicted by a 6-feature model linearly corre-
lated with the averageMetavir scores of the three readers with
𝑟 = 0.698 (𝑃 < 0.001). Table 3 summarizes the ROC analysis
results at each classification threshold. AUCs were 0.814–
0.976, sensitivities 0.659–1.000, specificities 0.778–0.930, and
accuracies 0.674–0.935, depending on the classification
threshold.
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Figure 3: Histologic assessment of liver HCV-related fibrosis. Liver biopsy specimen from subjects with chronic HCV infection, stained with
Masson-trichrome. F0 (absent fibrosis), F1 (stellate enlargement of portal tracts), F2 (enlarged portal tracts with rare septa), F3 (numerous
septa without cirrhosis), and F4 (cirrhosis) according to Metavir scoring system. Trichrome stains fibrosis blue.
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Figure 4: Fibrosis severity distribution.The study group’s histograms byMetavir fibrosis score (left) and%-collagen (right).Themost common
Metavir fibrosis score was F1 or F2 depending on the reader. Nine subjects (19%; 9/46) had a score of F4 (cirrhosis) from at least one reader.
%-collagen is rounded to the nearest 5%.

Using quantitative histology as the reference, GLM-path
analysis identified another set of 6 texture features predic-
tive of %-collagen scores (Table 4). As shown in Figure 5
(LEFT) the%-collagen score predicted by the 6-featuremodel
linearly correlated with %-collagen score of histology with
𝑟 = 0.757 (𝑃 < 0.001). Table 5 summarizes the ROC analysis
results at threshold values at 5, 20, 15, and 20% fibrosis.
AUCs were 0.742–0.950, sensitivities 0.688–1.000, specifici-
ties 0.679–0.857, and accuracies 0.696–0.848, depending on
the classification threshold.

Identified texture features were similar but not identi-
cal between qualitative and quantitative prediction models
(Tables 2 and 4). Two classes of texture features were common
to both Gaussian-mixture model and Voronoi polygons. One
class of texture features (pixel intensity histogram) was pre-
dictive only for qualitative scores. Texture features of both
untransformed and transformed ROI images were found to
be predictive. For illustration purposes, these texture classes
derived from a ROI in a cirrhotic subject are shown in
Figure 8.
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Figure 5: Comparison between quantitative versus qualitative histology. Average Metavir of 3 pathology readers versus (a) raw %-collagen
(b) and natural logarithm of %-collagen. As shown in (a), the relationship between quantitative and qualitative histology scores is curvilinear.
Pearson’s correlation coefficient (𝑟) of plot B is 0.81, with 𝑃 < 0.001.

Table 2: Fibrosis prediction model parameters (texture versus Metavir).

Source image Texture class Texture feature
1 Original Pixel intensity histogram Mean pixel intensity
2 Original Gaussian mixture model STD of the lower intensity pixels
3 Original Gaussian mixture model AIC of two-Gaussian fit/AIC of single-Gaussian fit
4 Original Voronoi polygons STD of the 1st order inertial moment
5 Gradient Voronoi polygons Mean of the 2nd order inertial moment
6 Laplacian Pixel intensity histogram Mode/interquartile range
Six most predictive texture features, from strongest to weakest. Keys: STD: standard deviation, AIC: Akaike Information Criterion, inertial moments:
mathematical description the shape/area of the Voronoi polygons (see supplementary materials).

Table 3: Receiver operating characteristics (texture versus Metavir).

Classification Cutoff Area under curve Sensitivity Specificity Accuracy
F <1 versus F ≥1 1.805 0.814 [0.654 0.975] 0.659 [0.513 0.804] 0.800 [0.449 1.000] 0.674 [0.524 0.797]
F <2 versus F ≥2 1.916 0.889 [0.783 0.994] 0.895 [0.757 1.000] 0.778 [0.621 0.919] 0.826 [0.686 0.916]
F <3 versus F ≥3 2.060 0.862 [0.701 1.000] 0.778 [0.506 1.000] 0.784 [0.651 0.916] 0.783 [0.615 0.867]
F <4 versus F = 4 2.174 0.976 [0.855 1.000] 1.000 [0.907 1.000] 0.930 [0.854 1.000] 0.935 [0.788 0.974]
Cutoff: the operating point on the ROC curve closest to (0, 1), the point of maximum sensitivity and specificity. [ ]—95% confidence interval. The mismatch
between the texture-based cutoff and the histologic classification threshold is expected (see text).

4. Discussion

This study prospectively assessed liver fibrosis in HCV-
infected adults noninvasively using quantitative texture anal-
ysis ofCCEMR images. Liver biopsywas used as the reference
standard. Fibrosis severity was scored qualitatively (Metavir)
and quantitatively (%-collagen). The study design closely
simulated a typical clinical situation, in which a newly diag-
nosed HCV-positive patient without clinically overt cirrhosis
requires assessment of liver fibrosis.

We utilized a CCE MR imaging technique, in which
SPIOs and an extracellular Gd-based agent are administered
sequentially. Prior studies suggested complimentary effects of
SPIO and Gd for visualizing fibrosis. SPIOs accumulate by
phagocytosis in Kupffer cells in the hepatic lobules, causing
T2∗-related negative enhancement. Extracellular Gd-based
agents such as Gd-DTPA distribute to the interstitial space
of the fibrotic perilobular septa, causing T1-related positive
enhancement. The result is a linear meshwork of high-signal
perilobular septa against a background of low-signal lobules,
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Table 4: Fibrosis prediction model parameters (texture versus %-collagen).

Source image Texture class Texture feature
1 Original Gaussian mixture model STD of the lower intensity pixels
2 Original Voronoi polygons Mean of the 2nd order inertial moment
3 Original Voronoi polygons STD of the 1st order inertial moment
4 Gradient Voronoi polygons Mean of the 2nd order inertial moment
5 Gradient Gaussian mixture model STD of the lower intensity pixels
6 Laplacian Voronoi polygons Mean of the 3rd order inertial moment
Six most predictive texture features, from strongest to weakest. Keys: STD: standard deviation, AIC: Akaike Information Criterion, inertial moments:
mathematical description the shape/area of the Voronoi polygons (see supplementary materials).

Table 5: Receiver operating characteristics (texture versus %-collagen).

Classification Cutoff Area under curve Sensitivity Specificity Accuracy
<5% versus ≥5% 9.315 0.806 [0.680 0.932] 0.688 [0.527 0.848] 0.857 [0.674 1.000] 0.739 [0.592 0.850]
<10% versus ≥10% 9.807 0.742 [0.589 0.895] 0.722 [0.515 0.929] 0.679 [0.506 0.852] 0.696 [0.547 0.815]
<15% versus ≥15% 10.500 0.894 [0.758 1.000] 0.900 [0.714 1.000] 0.750 [0.609 0.891] 0.783 [0.638 0.884]
<20% versus ≥20% 11.234 0.950 [0.826 1.000] 1.000 [0.907 1.000] 0.825 [0.707 0.943] 0.848 [0.686 0.916]
Cutoff: the operating point on the ROC curve closest to (0, 1), the point of maximum sensitivity and specificity. [ ]—95% confidence interval. The mismatch
between the texture-based cutoff and the histologic classification threshold is expected (see text).
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Figure 7: Texture versus histologic fibrosis scores. (a)The correlation between the texture and qualitative histology score (averageMetavir) is
statistically significant with 0.698 (𝑃 < 0.001) with best-fit line of slope 1.546 and intercept 0.186. (b) Box-plot of texture score versus rounded
average Metavir. Spearman’s correlation is significant at 𝜌 = 0.635 (𝑃 < 0.001). (c)The correlation between texture and quantitative histology
score (percent-fibrosis) is statistically significant with 0.767 (𝑃 < 0.001), with best-fit line of slope 0.355 and intercept 6.636. The nonunit
slope and nonzero intercept are attributable in part to the regularization procedure employed by the GLM-path algorithm (see text).

producing a reticular texture pattern that subjectively
becomes more conspicuous with increasing fibrosis severity
[26, 27].

We found that CCE MR image texture of the liver can be
objectively quantified to predict fibrosis severity. The abnor-
mal texture was detectable at early fibrosis stage, for example,
F > 2 Metavir score or >15%-collagen with accuracy of
0.826 and 0.783, respectively. The predicted fibrosis scores

correlated with but did not exactly match the corresponding
histologically determined scores. The imperfect agreement
between predicted and actual fibrosis scores is likely due to
three factors: intrinsic inaccuracy of the texture-based tech-
nique used in our study, expected mismatch due to the reg-
ularization procedure employed by GLM-path (explained
earlier), and intrinsic inaccuracy of liver biopsy as a reference
standard (explained later).
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Figure 8: Illustrative examples of texture feature classes for fibrosis prediction. A 54 year-old female with cirrhosis. (c) Standardized regions
of interest (ROI) images, without transformation (raw), with gradient and Laplacian transformations. (b) Corresponding pixel intensity
histogram and its Gaussian mixture model fit with two normal populations. (a) Voronoi polygons constructed on the corresponding ROI
images.These texture classes were found to be predictive of liver fibrosis on CCE images (see text). For each texture class (intensity histogram,
Gaussianmixture, and Voronoi polygons), relevant statistics were calculated as detailed in supplementary materials and were used for fibrosis
prediction.

Gaussian mixture models and Voronoi polygons were
found to be predictive texture classes by both qualitative and
quantitative histology prediction models. This is consistent
with the postulated complimentary effects of SPIO and Gd
producing the reticular enhancement pattern in fibrotic liv-
ers. A Gaussian mixture model fits two normal distributions,

each with its own mean and variance, to the overall pixel
intensity histogram. On a CCE image, the liver contains two
populations of pixels, one comprised of low-signal SPIO-
containing pixels devoid of fibrosis and the other of high-
signal Gd-containing pixels in fibrotic septa. With progres-
sion of fibrosis, the proportion of high-signal Gd-containing
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pixels (i.e., fibrosis) increases and, therefore, the pixel inten-
sity histogram is better fitted by a mixture of two Gaussian
distributions than a single Gaussian. The Voronoi polygon
algorithm generates a tessellation of polygons that “carves”
the liver parenchyma into low-intensity nodules, thereby
objectively modeling the reticular texture seen subjectively in
progressive fibrosis.

Another MR-based technique, MR elastography (MRE),
is increasing in popularity and availability for noninvasive
assessment of liver fibrosis. This technique measures the
biomechanical stiffness of the liver, which increases as a
consequence of fibrosis [38]. In a retrospective study inHCV-
infected population [39], the reported AUC, sensitivity, and
specificity of MRE in detecting clinically significant fibrosis
(F ≥ 2) was 0.986, 0.885, and 1.00, respectively, similar to
slightly higher than those of the CCE texture method. How-
ever, texture-basedmethodsmay have a theoretical advantage
of more direct visualization of fibrosis while MRE measures
the tissue biomechanical sequela of fibrosis. Another practical
advantage of texture-basedmethods is that they can be imple-
mented on any clinical scanner using standard sequences,
while MRE requires dedicated hardware (mechanical wave
transducer) and sequences. Disadvantages of texture-based
methods are the need for intravenous access and injection of
contrast agents, including two agents for the CCE technique
described here. Also, visualization of subtle reticulations
associated with early fibrosis is sensitive to patient motion;
consequently we obtained four CCE image sets in separate
breath-holds, to ensure that at least one set was motion-
free. As motion correction/minimization techniques become
more robust and clinically available, it may be possible to
acquire images during free breathing with higher signal-to-
noise ratio and spatial resolution.

A limitation of this study is the use of single liver biopsy
as the reference standard. A typical core biopsy (∼30mm3)
samples only 1/50,000 of the liver and is significantly smaller
than the imaging ROI (>400mm3) used in the texture
analysis. Also, biopsied sites are difficult to colocalize with
imaging ROIs, which is relevant because the severity of
fibrosis can be heterogeneous across the liver. An error fre-
quency of up to 33%has been reported for differences in≥ one
fibrosis stage and cirrhosis may be missed in 10–30% of
blind biopsies [40]. Thus even a “perfect” fibrosis prediction
methodmay have onlymoderate observed accuracy in binary
classification if single-biopsy histology is used as the refer-
ence. Obtaining multiple biopsies may reduce errors in the
reference standard, but increases the complication risk and
was not feasible in this study. Considering these limitations,
moderate accuracy of CCE MR imaging is appropriate and
expected. Determination of the true accuracy of fibrosis
imaging may require histologic evaluation of larger speci-
mens than those obtained by percutaneous biopsy. Another
consideration for the accuracy of biopsy as the reference
standard is observer bias [10]. To minimize the observer bias
and increase the accuracy of fibrosis staging, this study used
the average Metavir score of three hepatopathologists’ inde-
pendent interpretations as the reference standard. While
averaging of an ordinal fibrosis score is less than ideal, it is
arguably themost valid fibrosis severitymetric available from

a single biopsy specimen. Such a practice is not uncommon in
hepatology literature [41–44]. As average Metavir score is
expected to preserve the rank-order relationship of the fibro-
sis severity, it should be sufficient tomathematically construct
a valid fibrosis prediction model.

While this study suggested a promising indication for
SPIO agents in liver fibrosis imaging, ferumoxides were
withdrawn from the US market in 2009. Recently, another
intravenously injectable SPIO-based drug, ferumoxytol (Fer-
aheme, AMAG Pharmaceuticals, Lexington, MA) has been
FDA-approved for iron-deficiency therapy and early data on
its application as contrast agent for MR imaging are promis-
ing [45]. While this new drug likely has similar negative-
contrast effects in the liver as ferumoxides, further studieswill
be necessary to evaluate its effectiveness in CCE imaging.

In summary, this proof-of-concept prospective study
showed that CCE MR imaging and quantitative texture
analysis may permit noninvasive assessment of liver fibrosis
in HCV-infected adults. MR image texture is a potential
noninvasive biomarker of liver fibrosis and, with further tech-
nical refinement and validation, may provide a new tool in
clinical management and research in HCV-infected patients.
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In most diffusion tensor imaging (DTI) studies, images are acquired with either a partial-Fourier or a parallel partial-Fourier
echo-planar imaging (EPI) sequence, in order to shorten the echo time and increase the signal-to-noise ratio (SNR). However,
eddy currents induced by the diffusion-sensitizing gradients can often lead to a shift of the echo in k-space, resulting in three
distinct types of artifacts in partial-Fourier DTI. Here, we present an improvedDTI acquisition and reconstruction scheme, capable
of generating high-quality and high-SNR DTI data without eddy current-induced artifacts. This new scheme consists of three
components, respectively, addressing the three distinct types of artifacts. First, a k-space energy-anchoredDTI sequence is designed
to recover eddy current-induced signal loss (i.e., Type 1 artifact). Second, a multischeme partial-Fourier reconstruction is used to
eliminate artificial signal elevation (i.e., Type 2 artifact) associated with the conventional partial-Fourier reconstruction. Third, a
signal intensity correction is applied to remove artificial signal modulations due to eddy current-induced erroneous 𝑇∗

2
-weighting

(i.e., Type 3 artifact). These systematic improvements will greatly increase the consistency and accuracy of DTI measurements,
expanding the utility of DTI in translational applications where quantitative robustness is much needed.

1. Introduction

Diffusion tensor imaging (DTI) has proven a powerful tool
for characterizing alterations of white matter microstructure
[1–4]. DTI has been successfully applied to studies of human
brain development [5–13] and various neurological and psy-
chiatric diseases [14–16], including bipolar disorder [17, 18],
Creutzfeldt-Jakob disease [19], gliomas [20, 21], depression
[22], aphasia [23], Parkinson’s disease [24], Alzheimer’s dis-
ease [24, 25], and schizophrenia [23]. In order to quantify
these changes (e.g., in terms of the fractional anisotropy or
FA), voxel-wise signal variations across images obtained with
different sets of diffusion-sensitizing gradients are fitted with
a tensor model. It is also possible to fit the acquired data with
alternative models that take non-Gaussian components into
consideration, making it possible to resolve crossing fibers
[26–29].

Since most of the MRI signal is attenuated by strong diff-
usion-sensitizing gradients, the signal-to-noise ratio (SNR)
is inherently low in DTI data. This issue can be addressed

with several approaches. First, the SNR can be improved
by averaging multiple magnitude images from repeated DTI
scans, at the expense of a prolonged scan time. Second, high-
field systems (e.g., 7 Tesla) may be used to generate DTI data
with an inherently higher SNR [30]. However, such systems
are not available at the majority of clinical sites. Third, the
SNR can be increased by shortening the echo time (TE),
based on partial-Fourier echo-planar imaging (EPI), parallel
imaging, or the combination of both (seeAppendix). Another
major benefit of using partial-Fourier EPI, instead of full-
Fourier EPI, is that the signal decay within the acquisition
window can be reduced and thus the point spread function
(PSF) can be improved [31]. In fact, partial-Fourier EPI and
parallel partial-Fourier EPI have become the most widely
used protocols for DTI studies, because of their higher SNR
as compared with full-Fourier EPI.

Even though partial-Fourier EPI and parallel partial-
Fourier EPI can generate DTI data with a higher SNR,
they are susceptible to various types of artifacts related to
the k-space echo-shifting effect. It has been shown that
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the echo-shifting effect caused by intrascan headmotionmay
result in artificial signal variations in DTI [32–34]. We have
further used k-space energy spectrum analysis (KESA) to
demonstrate that the echo-shifting-induced artificial signal
loss (i.e., Type 1 artifact) in partial-Fourier EPI may not
be corrected with postprocessing, while the echo-shifting-
induced artificial signal elevation (i.e., Type 2 artifact) may be
corrected with a multischeme reconstruction algorithm [35].

In addition to intrascan head motion, hardware-related
factors (e.g., eddy currents induced by the diffusion-
sensitizing gradients; concomitant fields) also produce a
pronounced echo-shifting effect [36], which in turn generates
three distinct types of artifacts in partial-Fourier DTI data.
Even though the eddy currents may be globally reduced
through calibrating the gradient preemphasis [37], this cali-
bration may not effectively remove the spatially inhomoge-
neous eddy currents in different regions. Furthermore, the
preemphasis calibration alone may not effectively address
different sources of the echo-shifting effect in DTI data.
Therefore, it is highly desirable to develop a new empirical
approach to effectively remove the spatially inhomogeneous
echo-shifting effects resulting from multiple sources. In this
report, we will demonstrate that all three types of artifacts
caused by the eddy current-induced echo-shifting effect can
be effectively eliminated with a new DTI acquisition and
reconstruction scheme. By using this improved and compre-
hensivemethodology, high-quality and high-SNRDTI can be
achieved reliably.

Since the eddy currents vary significantly among different
MRI scanners, the presence of uncorrected eddy current-
induced artifacts makes it difficult to achieve consistent dif-
fusion measures in multicenter DTI studies. We thus expect
that the improved acquisition and reconstruction methods
proposed in this report will also improve the quantitative
consistency of DTI measures for translational applications
independent of imaging hardware and sites.

2. Theory and Methods

2.1. Quantification of the Echo-Shifting Effect Associated with
Diffusion-Sensitizing Gradients in DTI. Even though most
pulse sequences are designed such that the echo is expected
to appear at the center of k-space, the echo may, in reality,
deviate from the k-space center for different reasons. For
example, susceptibility-inducedmagnetic field gradientsmay
result in an echo displacement or echo-shifting effect in
gradient-echo sequences [38–41], whereas intrascan head
motionmay result in an echo-shifting effect in spin-echo EPI-
based DTI [34]. As shown in our previous paper, the echo-
shifting effect along the phase-encoding direction resulting
from intrascan head motion may result in Type 1 and Type 2
artifacts [35].

Here we will show that, in addition and similar to
intrascan head motion, the eddy currents induced by strong
diffusion-sensitizing gradients in DTI also produce a pro-
nounced echo-shifting effect. For example, Figure 1(a) shows
the central portions (16 × 16) of partial-Fourier DTI k-space
data (with an acquisition matrix size of 96 × 76) obtained
from a spherical gel phantom on a 3 Tesla MRI scanner
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Figure 1: (a) The central portion of partial-Fourier DTI k-space
data shows that the eddy current-induced echo-shifting effect varies
with the diffusion-encoding direction and slice number. (b) The
corresponding echo displacement maps, reflecting the spatially
dependent echo-shifting effect along the phase-encoding direction,
can be derived from the k-space energy spectrum analysis.

(General Electric, Waukesha, WI, USA) with 15 diffusion-
encoding directions, illustrating the impact of diffusion-
sensitizing gradients on the echo-shifting effect along both
readout (horizontal) and phase-encoding (vertical) direc-
tions. As demonstrated in the subsequent sections, the echo-
shifting effect along the phase-encoding direction results in
undesirable artifacts. Other scan parameters used in this
single-refocused spin-echo DTI scan are listed in Section 2.5
(with only the first 10 slices shown in Figure 1).

Note that Figure 1(a) mainly shows the k-space echo
distribution corresponding to the summed signals from all
voxels in an individual slice but does not reveal the spatially
dependent echo-shifting effect. In order to quantify the k-
space energy displacement corresponding to different voxels,
the KESA method should be employed (as described in [35,
40, 41]). This method can be summarized as a three-step
procedure. First, 𝑁

𝑦
images are generated from the same

𝑁
𝑥
× 𝑁
𝑦
2D k-space data by replacing different numbers
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 2: (a) The echo energy peak (indicated by the red dot) is expected to appear at the center of the targeted k-space coverage (enclosed
by the solid black and brown lines) for partial-Fourier EPI (with the gray area representing the acquired data). (b) In the presence of an
echo-shifting effect, the echo energy peak may be shifted outside the k-space acquisition area, resulting in signal loss (i.e., Type 1 artifact).
(c) By using the proposed k-space energy-anchored pulse sequence, the k-space acquisition area (indicated by the gray rectangle) moves
along with the eddy current-induced echo-shifting effect, avoiding Type 1 artifacts. (d) Even though the echo-shifting effect corresponding to
different voxels within a slice may vary slightly, Type 1 artifacts can still be avoided as long as the echo energy peak remains within the k-space
acquisition area. (e) The central 𝑘

𝑦
band (indicated by the dark gray rectangle) can provide phase references to estimate the signals in the

omitted region (indicated by a yellow rectangle) in partial-Fourier reconstruction. (f)When the echo energy peak is shifted outside the central
𝑘
𝑦
band (while remaining within the k-space acquisition area), artificial signal elevation (i.e., Type 2 artifact) appears in the reconstructed

images. (g) Type 2 artifacts may be reduced or even eliminated in data obtained with the k-space energy-anchored sequence. (h) Because of
the spatially dependent echo-shifting effect, the echo energy peaks corresponding to different voxels within a slice may be shifted variably.
In this case, the location of the central 𝑘

𝑦
band should be redefined (in postprocessing), according to the spatially dependent echo-shifting

effect, to minimize Type 2 artifacts.

𝑛 = 1, 2, 3, . . . 𝑁
𝑦
of 𝑘
𝑦
echo-lines with the values predicted

from the remaining 𝑁
𝑦
-n lines based on partial-Fourier

reconstruction. Second, for a particular voxel, the signal
variations across these 𝑁

𝑦
images are analyzed to identify

the image that has the largest signal difference as compared
with its neighboring images. As described in our previous
papers, the echo-shifting effect associated with this particular
voxel is equal to the number of truncated 𝑘

𝑦
lines in the

identified image [40]. Third, a k-space energy displacement
map, reflecting the echo-shifting effect for all voxels, can be
obtained by repeating the second step for all voxels in the
chosen slice.

Figure 1(b) shows the image-domain distribution of the
k-space energy displacement along the phase-encoding direc-
tion (i.e., Δ𝑘

𝑦
maps) obtained from the phantom DTI data. It

can be seen that the echo-shifting effect is relatively uniform
within each slice but varies significantly with the diffusion-
encoding direction. In addition, for a particular diffusion-
encoding direction (e.g., direction number 11), the echo-
shifting effect varies more significantly among the odd slices
(which were acquired first in this interleaved acquisition)

than among the even slices, likely because the eddy currents
have not yet reached a steady-state. Although the echo-
shifting effect along the readout direction may also be
quantified with the KESA method, it does not result in
partial-Fourier DTI artifacts and thus is not quantified in this
paper.

2.2. Correction for Type 1 Artifacts in Partial-Fourier DTI
with k-Space Energy-Anchored Acquisition. In the absence
of an eddy current-induced echo-shifting effect, the k-space
energy peak (as schematically indicated by a red circle
in Figure 2(a)) appears at the center of the targeted k-
space coverage, where only a certain portion (gray area
in Figure 2(a)) is acquired with partial-Fourier DTI. When
there exists a pronounced echo-shifting effect due to eddy
currents, the k-space energy peak may be shifted outside the
acquisition window (Figure 2(b)), resulting in unrecoverable
signal loss post hoc, which is termed Type 1 artifact. Here, we
propose to address this issue with a k-space energy-anchored
DTI acquisition approach. With a prior knowledge of the
eddy current-induced echo-shifting effect, the prephasing
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gradient amplitude along the phase-encoding direction is
modified such that the targeted k-space coverage moves
with the k-space energy displacement (Figure 2(c)), thereby
avoiding Type 1 artifacts. Note that different prephasing
gradient values are used for different slices and different
diffusion-encoding directions according to the correspond-
ing echo-shifting effect. Since the eddy currents are subject-
independent, this sequence may be optimized based on
infrequently performed phantom calibration scans, where
the echo-shifting effect corresponding to different slices and
diffusion-encoding directions is quantified with the KESA
method. Note that the infrequently performed phantom scan
(e.g., once every 6 or 12months) does not increase the clinical
scan time and is thus practical for clinical utilization [42].The
eddy currents are spatially varying, so that the k-space energy
peaks originating from different voxels within a slice may not
always be refocused exactly at the center of the targeted k-
space coverage (e.g., Figure 2(d)). Nevertheless, the variation
of the echo-shifting effect corresponding to different voxels
within an individual slice is insignificant (see Figure 1(b)),
and Type 1 artifacts can be avoided as long as the k-space
energy peaks remain within the acquired k-space.

2.3. Correction for Type 2 Artifacts in Partial-Fourier DTI
with k-Space Energy-Anchored Acquisition and Multischeme
Partial-Fourier Reconstruction. In partial-Fourier DTI, the
intentionally omitted k-space data (yellow area in Figure 2(e))
can be estimated from the acquired data (light and dark gray
areas in Figure 2(e)) by using partial-Fourier reconstruction,
where the k-space data from the central band (dark gray area
in Figure 2(e)) provide phase references. However, when the
k-space energy peaks are shifted outside the central band
due to eddy currents (Figure 2(f)), the conventional partial-
Fourier reconstruction based on these phase references may
result in an artificial signal elevation, termed Type 2 artifact.
By using a k-space energy-anchored pulse sequence, Type
2 artifacts can be reduced or even potentially eliminated as
schematically shown in Figure 2(g). However, since the eddy
currents are spatially varying, the k-space energy peaks from
certain brain regions may be located outside the central band
even with a k-space energy-anchored acquisition, resulting in
spatially variable Type 2 artifacts.

To address this issue, we propose to integrate the k-space
energy-anchored acquisition and our previously developed
multischeme partial-Fourier reconstruction [35], which can
be summarized as a two-step procedure. First, the KESA
method is used to identify the k-space energy peak loca-
tions corresponding to different voxels in the human brain
DTI data obtained with the k-space energy-anchored pulse
sequence. Second, for a particular voxel, the position and
width of the central k-space band used for phase references
in the partial-Fourier reconstruction are chosen based on the
corresponding echo-shifting effect (measured from theKESA
Δ𝑘
𝑦
maps derived in the first step) to ensure that the echo

peak is located at the center of the central band. Even though
the effective spatial resolution along the phase-encoding
direction varies spatially as a result of the echo-shifting effect
inherent to DTI scans, images obtained from multischeme

partial-Fourier reconstruction may be interpolated to the
same spatial resolution. For example, the k-space data to be
reconstructed with the scheme shown in Figure 2(h) can be
zero-filled to the area enclosed by the green square.

2.4. Correction for Type 3 Artifacts in Partial-Fourier DTI
with Signal Intensity Correction. It is well known that the
echo-shifting effect in gradient-echo EPI results in variations
of the effective TE and 𝑇∗

2
-weighting, which in turn pro-

duce undesirable signal variations [39]. Similarly, the echo-
shifting effect in spin-echo EPI also results in an additional
and erroneous 𝑇∗

2
-weighting, producing undesirable signal

variations. Even though such signal variations may not be
very significant in individual diffusion-weighted images, they
actually result in severe artifacts when multiple images are
combined to derive diffusion measures such as FA maps
(as will be shown in the Results section). As schematically
illustrated in Figure 3(a) and (1), the signal intensity (𝑆se)
of spin-echo EPI-based DTI data depends on the TE as a
function of a 𝑇

2
exponential decay (as indicated by a black

dashed line in Figure 3(a)):

𝑆se = 𝑆0 ⋅ exp(−
TE
𝑇
2

) . (1)

In the presence of an eddy current-induced echo-shifting
effect, the effective TE (TEeff) differs from the targeted spin-
echo TE and the generated echoes have both 𝑇

2
- and 𝑇

2
-

weighting (i.e., the spin-echo becomes an asymmetric spin-
echo), as schematically shown in Figure 3(b).The asymmetric
spin-echo signal intensity (𝑆ase) can be represented by either
(2) or (3), where ΔTE = TEeff − TE, depending on the
direction of the echo displacement (see Figure 3(b)):

𝑆ase;𝑅 = 𝑆0 ⋅ exp(−
TE + ΔTE
𝑇
2

) ⋅ exp(−ΔTE
𝑇


2

) ;

for ΔTE > 0
(2)

𝑆ase;𝐿 = 𝑆0 ⋅ exp(−
TE + ΔTE
𝑇
2

) ⋅ exp(ΔTE
𝑇


2

) ;

for ΔTE < 0.
(3)

Equations (2) and (3) can be reformatted to (4) and (5),
respectively:

𝑆ase;𝑅 = 𝑆se ⋅ exp(−ΔTE(
1

𝑇
2

+
1

𝑇


2

)) ; for ΔTE > 0, (4)

𝑆ase;𝐿 = 𝑆se ⋅ exp(−ΔTE(
1

𝑇
2

−
1

𝑇


2

)) ; for ΔTE < 0. (5)

The signal reduction (from 𝑆se to 𝑆ase) resulting from the
echo-shifting effect in DTI is termed Type 3 artifact and can
be corrected by dividing the acquired signal intensity of each
voxel by either exp(−ΔTE/𝑇∗

2
) forΔTE > 0 or exp(−ΔTE/𝑇−

2
)

for ΔTE < 0, where 1/𝑇∗
2
= 1/𝑇

2
+ 1/𝑇



2
and 1/𝑇−

2
= 1/𝑇

2
−

1/𝑇


2
[43]. Note thatΔTE is spatially variable and is computed

as the product of the EPI echo-spacing time and Δ𝑘
𝑦
, which

is measured with the KESA method from the human DTI k-
space data.
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Figure 3: (a) The spin-echo DTI signal (indicated by the red dot)
varies with the echo time according to a𝑇

2
decay curve (indicated by

the dashed curve). (b) In the presence of an echo-shifting effect, the
DTI signal is reduced by an additional𝑇

2
-weighting. 𝑆se = spin-echo

signal intensity (1), 𝑆ase;𝑅 = asymmetric spin-echo signal intensity
for ΔTE > 0 (4), 𝑆ase;𝐿 = asymmetric spin-echo signal intensity for
ΔTE < 0(5). The horizontal arrow represents ΔTE and the vertical
arrow represents the signal reduction from Type 3 artifacts (see text
for details).

2.5. Phantom Experiments and Implementation of the k-
Space Energy-Anchored DTI Pulse Sequence. DTI data were
obtained from a spherical gel phantom on a 3 Tesla MRI
scanner by using a single-refocused spin-echo partial-Fourier
EPI sequence (i.e., with a Stejskal-Tanner diffusion prepara-
tion scheme) with the following scan parameters: TR = 4 s,
TE = 103ms, acquisition matrix size = 96 × 76 (i.e., partial-
Fourier EPI with 28 overscans), voxel size = (2.5mm)3, 𝑏 =
1000 s/mm2, diffusion gradient amplitude = 40mT/m, 𝛿 =
22ms, Δ = 26ms, inter-𝑘

𝑦
echo-spacing time = 0.944ms,

20 slices, and 15 diffusion-encoding directions. The acquired
data were analyzed with the KESA method to quantify

the echo-shifting effect corresponding to different slices
and diffusion-encoding directions. Based on the derived
KESA Δ𝑘

𝑦
maps (Figure 1(b)), a k-space energy-anchored

partial-Fourier EPI pulse sequence, with its phase-encoding
prephasing gradient appropriately adjusted across slices and
diffusion-encoding directions, was then implemented to
minimize Type 1 artifacts.

2.6. Human Data Acquisition and Analysis. The proposed
DTI acquisition and reconstruction methods were evaluated
in three healthy volunteers on our 3 Tesla MRI scanner.
Participants gave written informed consent for a protocol
approved by the institutional review board of Duke Uni-
versity Medical Center. Six sets of DTI data were acquired
from each participant by using both the conventional partial-
Fourier EPI and the new k-space energy-anchored partial-
Fourier EPI sequences, with three different acquisitionmatrix
sizes: 96 × 64 (i.e., 16 overscans), 96 × 60 (i.e., 12 overscans),
and 96 × 56 (i.e., 8 overscans) at TE = 82, 75, and 66ms,
respectively. Other scan parameters were identical to those
used in the phantom scan.

The conventional partial-Fourier EPI data were recon-
structed with Cuppen’s algorithm [44]. The k-space energy-
anchored EPI data (with Type 1 artifacts inherently elimi-
nated)were reconstructedwith theKESA-basedmultischeme
partial-Fourier reconstruction method to correct for Type 2
artifacts, and the signal intensity correction was subsequently
performed to minimize Type 3 artifacts. The signal intensity
correction assumed average values of 𝑇

2
= 80ms and 𝑇∗

2
=

47ms for white matter at 3 T [45]. However, note that, even
for a ±5ms variation in 𝑇

2
and 𝑇∗

2
values, the correction

factors would only vary by about 3% for the largest eddy
current-induced echo shift measured. Even though Cuppen’s
method was used in the current implementation of the
multischeme reconstruction, other types of partial-Fourier
reconstruction algorithm (e.g., homodyne reconstruction)
can also be used in our multischeme reconstruction.

The consistency in the FA maps derived from the three
conventional DTI data sets acquired with different matrix
sizes was assessed by calculating the root mean square errors
between all three possible pairs of FA maps (i.e., 16 versus 12
overscans; 12 versus 8 overscans; and 16 versus 8 overscans)
and by subsequently averaging these three values.This proce-
durewas then repeated for the three k-space energy-anchored
DTI data sets acquiredwith differentmatrix sizes to assess the
FA consistency in the improved DTI scheme.

We also acquired conventional partial-Fourier DTI data
with a larger matrix size of 96 × 76 (i.e., 28 overscans) at TE
= 103ms. Four repeated scans were performed, so that the
reconstructed magnitude data could be averaged to improve
the SNR. Note that this data set, with a large number of
overscans, has inherently low levels of Type 1 and Type 2
artifacts, even when processed with the conventional partial-
Fourier reconstruction algorithm. Type 3 artifacts are also
inherently lower in this data set acquired at a longer TE.
Nevertheless, the very minor residual Type 2 and Type 3
artifacts were corrected with themultischeme partial-Fourier
reconstruction and signal intensity correction, respectively,
before averaging the four sets of magnitude images. The FA
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Figure 4: (a) to (c) show that the k-space data obtained with the conventional partial-Fourier DTI sequence, corresponding to different
numbers of overscans, may be affected by a truncation artifact (i.e., Type 1 artifact) in the presence of an eddy current-induced echo-shifting
effect. (d) to (f) show that this truncation artifact can be avoided in partial-Fourier DTI data obtained with the proposed k-space energy-
anchored pulse sequence, where the k-space coverage moves with the echo-shifting effect.

map generated from this averaged data set was then used as a
reference to assess the accuracy of the other FAmaps obtained
at shorter TEs.

3. Results

Figure 4 compares diffusion-weighted EPI k-space data
obtained from a representative subject using the conventional
partial-Fourier acquisition scheme (top row) and the new
k-space energy-anchored partial-Fourier acquisition scheme
(bottom row) with different numbers of overscans (shown
in three columns). This figure shows that, because of the
eddy current-induced echo-shifting effect, the k-space energy
peaks can easily be truncated in conventional partial-Fourier
EPI, particularly with fewer overscans. Even though such
an undesirable k-space energy truncation can potentially be
avoided by using many overscans (e.g., full-Fourier or near
full-Fourier EPI), the resultant SNR would be significantly
reduced. On the other hand, by using the proposed k-space
energy-anchored acquisition approach, the k-space energy
peaks are consistently located at the center of the targeted
k-space coverage, so that the k-space energy truncation can
be minimized regardless of the number of overscans to avoid
signal losses and ensure a high SNR.

Figure 5 compares diffusion-weighted images obtained
with conventional partial-Fourier EPI (top row) and the

improved acquisition and reconstruction methods (middle
and bottom rows). Because of the echo-shifting effect in
conventional partial-Fourier EPI, the images acquired with
fewer overscans are significantly degraded by unrecoverable
signal loss (i.e., Type 1 artifacts, as indicated by arrows
in the top row). When reconstructing the k-space energy-
anchored EPI data with the conventional Cuppen’s algorithm,
the resulting images are free from Type 1 artifacts but are still
susceptible to artificial signal elevation (i.e., Type 2 artifacts)
in several regions, as shown in the orange boxes in themiddle
row. Both Type 1 and Type 2 artifacts can be effectively
eliminated when the k-space energy-anchored EPI data
are reconstructed with the recently developed multischeme
partial-Fourier reconstruction algorithm, as shown in the
bottom row.

Figure 6 further illustrates the image quality improve-
ment obtained after correcting for Type 3 artifacts, in addition
to Type 1 and Type 2 artifacts. The top row of Figure 6
shows FA maps derived from conventional partial-Fourier
EPI data acquired with three different numbers of overscans.
As expected, the FA map with the fewest overscans has
the most pronounced artifacts. As shown in the middle
row of Figure 6, the FA maps are much more consistent
when Type 1 and Type 2 artifacts are removed with the k-
space energy-anchored acquisition and multischeme partial-
Fourier reconstruction, respectively. However, there still exist
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Figure 5: (a) to (c) show that the conventional partial-Fourier diffusion-weighted images are degraded by Type 1 artifacts, particularly for
data obtained with a smaller number of overscans. (d) to (f) show that Type 1 artifacts can be avoided in data obtained with the k-space
energy-anchored DTI sequence and reconstructed with the conventional partial-Fourier algorithm. However, artificial signal elevation (i.e.,
Type 2 artifact) appears in several regions. (g) to (i) show that both Type 1 and Type 2 artifacts can be eliminated when the multischeme
partial-Fourier reconstruction algorithm is used to reconstruct the data acquired with the k-space energy-anchored pulse sequence.

errors in several areas (e.g., the red color indicated by arrows)
due to signal intensity variations across different diffusion-
encoding directions (i.e., Type 3 artifacts). After correcting
for these residual artifacts, more consistent and accurate FA
maps can be obtained from k-space energy-anchored EPI
data for all numbers of overscans, based on the following
assessments.

First, the averaged values of root mean squares, reflecting
the FA inconsistency across the data obtained with different
numbers of overscans, are 0.31 for conventional DTI (i.e., the
top row of Figure 6), 0.13 for k-space energy-anchored DTI
with Type 1 and Type 2 artifacts removed (i.e., themiddle row

of Figure 6), and 0.13 for k-space energy-anchored DTI with
all three types of artifacts removed (i.e., the bottom row of
Figure 6). In other words, as compared with the conventional
partial-Fourier DTI, the level of FA consistency is improved
by 58% after artifact correction using the developedmethods.

Second, the FA inaccuracy in the nine FA maps shown
in Figures 6(a) to 6(i), estimated by their root mean square
errors relative to the low-artifact reference scan (i.e., with
28 overscans and 4 averages), is (a) 0.19, (b) 0.24, (c) 0.43,
(d) 0.19, (e) 0.22, (f) 0.25, (g) 0.18, (h) 0.21, and (i) 0.24.
In other words, as compared with the conventional partial-
Fourier DTI, the accuracy level can be improved by 5.2%
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Figure 6: (a) to (c) show that the FA maps obtained with conventional partial-Fourier DTI and different numbers of overscans are highly
inconsistent, due to the echo-shifting-induced Type 1 and Type 2 artifacts. (d) to (f) show that more consistent FAmaps, across data acquired
with different numbers of overscans, can be obtained after correcting for Type 1 and Type 2 artifacts. (g) to (i) show that the accuracy, quality,
and consistency level can be further improved after correcting for Type 3 artifacts.

(for 16 overscans) to 44.2% (for 8 overscans) by using the
improved acquisition and reconstruction scheme.

Third, it can be seen that the FAmap obtained at short TE
with the proposedDTI scheme (Figure 6(i)) has a higher SNR
as compared with the FA maps obtained at long TE (Figures
6(a) and 6(g)), which appear to bemore pixelated. Altogether,
these results demonstrate that the artifacts caused by the
eddy current-induced echo-shifting effect in partial-Fourier
DTI can be effectively reduced with the new acquisition and
reconstruction scheme, making it possible to simultaneously
achieve high-quality and high-SNR DTI scans based on
partial-Fourier EPI.

4. Discussion

Theeddy currents and resultingDTI artifacts not only change
with imaging parameters (e.g., TR, TE, diffusion-sensitizing
gradient settings, number of overscans in partial-Fourier
DTI), but also vary significantly from scanner to scanner,
even when using identical scan parameters. As a result, eddy
current-induced artifacts always contribute to the variations
in diffusionmeasures acrossmultiple scanners, making it dif-
ficult to design a standardized diagnostic DTI protocol that is
consistent across multiple centers if only conventional acqui-
sition and reconstruction methods are used. Here, we report
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an improved DTI acquisition and reconstruction scheme
to minimize three distinct types of eddy current-induced
artifacts existing in conventional partial-Fourier DTI. As
demonstrated in this paper, when using the proposed DTI
scheme,more consistent and accurate diffusionmeasures can
be obtained from DTI scans acquired with different levels of
eddy currents.We believe that the developedmethods should
prove highly valuable for generating reliable and consistent
DTI data for translational applications and in multicenter
trials.

Both Type 1 and Type 2 artifacts can inherently be
minimized in full-Fourier DTI and conventional partial-
Fourier DTI with a large number of overscans, however at the
expense of an unavoidably longer TE and thus lower SNR (see
Appendix). On the other hand, conventional partial-Fourier
DTI data obtained with a smaller number of overscans have a
higher SNR but aremore susceptible to eddy current-induced
artifacts. By using the DTI acquisition and reconstruction
scheme presented in this paper, it is feasible to produce
high-quality and high-SNR data with minimal eddy current-
induced artifacts. Note that the goal of this paper is not to
identify a universal set of DTI parameters (e.g., number of
overscans) that optimizes both SNR and image quality, as the
optimal parameters may vary for different DTI applications.
The purpose of this paper is to demonstrate that it is
feasible to minimize eddy current-induced artifacts in high-
SNR partial-Fourier EPI with an improved acquisition and
reconstruction scheme, rather than choosing a conventional
full-Fourier or near full-Fourier DTI protocol that produces
data with a lower SNR.

The k-space energy-anchored DTI pulse sequence,
designed to eliminate Type 1 artifacts, relies on calibration
data measured from a phantom scan. Since the eddy currents
are relatively reproducible, these phantom calibration scans
can be performed very infrequently (e.g., once every 6 or 12
months). Type 2 and Type 3 artifacts, on the other hand, are
removed in postprocessing based on the information derived
with the KESA method from the human brain DTI data. In
addition to Type 1, Type 2, and Type 3 artifacts, eddy currents
also result in geometric distortions and blurring artifacts,
which we did not address in this work (e.g., the edge artifacts
in the FA maps shown in Figure 6). However, additional
distortion correction procedures may be incorporated to
further remove such artifacts [46].

In this initial implementation, we used a phantom cal-
ibration with the same parameters (slice orientation, b-
factor, diffusion-encoding directions, etc.) as the DTI scans
to measure the eddy current-induced echo shifts. However,
to avoid the need for a protocol-specific calibration and to
increase the practical utility of the proposed method, future
implementations may potentially use a single calibration to
model the eddy currents and to compute the resulting echo
shifts for different DTI protocols, as recently proposed for the
correction of eddy current-induced distortions [47, 48].

It has been shown that the eddy currents can be reduced
with a twice-refocused spin-echo DTI sequence [49, 50]. In
this sequence, the diffusion-sensitizing gradient waveforms
are designed to minimize eddy currents with intermediate
decay rates, which contribute the most to temporal phase

variations within the acquisitionwindow and thus to geomet-
ric distortions in EPI [49]. However, eddy currents with short
and long decay rates, which contribute significantly to the
phase error accumulated prior to the EPI acquisition window
and thus to the echo-shifting effect, may not always be nulled
in twice-refocused spin-echo EPI. In this case, the improved
DTI methods presented in this paper can also be applied
to effectively remove the echo-shifting-induced artifacts in
twice-refocused spin-echo DTI.

Finally, in this report, we only demonstrate artifact
removal in partial-Fourier EPI data as a proof of concept.The
proposed k-space energy-anchored acquisition and improved
reconstruction procedures can be readily extended to parallel
partial-Fourier EPI, where eddy currents produce the same
three distinct types of artifacts.

5. Conclusions

In conclusion, we have developed an improved DTI acqui-
sition and reconstruction methodology to effectively remove
three distinct types of eddy current-induced artifacts com-
monly observed in conventional partial-Fourier DTI. We
have also demonstrated that this new methodology can
simultaneously achieve high-SNR and high-quality partial-
Fourier DTI with a small number of overscans. This method
is expected to greatly improve the quantitative consistency of
DTImeasures across subjects and sites, thereby extending the
utility of DTI in translational applications at large.

Appendix

We have performed a numerical analysis to compare the
SNRper unit scan time corresponding to different acquisition
schemes and to illustrate the need for using either partial-
Fourier or parallel partial-Fourier EPI to improve the SNR
per unit scan time, particularly for imaging tissues with
short 𝑇

2
components (e.g., myelin) [51]. Our analysis was

performed based on actual imaging parameters obtained
from our 3T GE system, using a well-known principle that
the SNR per unit scan time in 2D imaging mainly depends
on three factors: (1) the effective TE, (2) the number of phase-
encoding steps, and (3) the minimally allowed TR. Basically,
the SNR decays exponentially with the effective TE and is
proportional to the square root of the number of acquired 𝑘

𝑦
-

lines (for a fixed voxel size). The SNR per unit scan time can
then be subsequently estimated according to the minimal TR
allowed, which is always much longer than the tissue𝑇

1
value

for whole-brain DTI scans.
We have performed numerical simulations with different

combinations of commonly used DTI scan parameters and
have observed similar benefits of using partial-Fourier scans.
For example, for whole-brain DTI scans with in-plane matrix
size 128 × 128, FOV 24 × 24 cm, b-value 1000 s/mm2, and slice
thickness 2mm, the relative SNR per unit scan time achieved
with partial-Fourier EPI with different numbers of overscans
(in reference to full-FourierDTI, i.e., to the data point with 64
overscans) is shown by the blue curve in Figure 7(a), where
the white matter 𝑇

2
value is assumed to be 80ms. The SNR
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Figure 7: (a) The dependence of the relative SNR per unit scan time on the number of overscans for partial-Fourier EPI (blue curve) and
parallel partial-Fourier EPI (red curve) of white-matter tissue (𝑇

2
= 80ms). (b)The dependence of the relative SNR per unit scan time on the

number of overscans for partial-Fourier EPI (blue curve) and parallel partial-Fourier EPI (red curve) of myelin (𝑇
2
= 30ms).

per unit scan time can be improved by more than 2-fold
when using a small number of overscans (e.g., <10). The SNR
per unit scan time achieved with parallel partial-Fourier DTI
(with an acceleration factor of 2) corresponding to different
numbers of overscans is shown by the red dashed curve
in Figure 7(a) (also in reference to nonparallel full-Fourier
DTI), illustrating that it is also beneficial to use a smaller
number of overscans for parallel DTI.

Our numerical analysis further shows that the benefit of
using DTI with a smaller number of overscans is even more
pronounced for detecting the myelin signals (with 𝑇

2
value <

35ms). When assuming the tissue 𝑇
2
value to be 30ms, the

SNRs per unit scan time for partial-Fourier DTI and parallel
partial-Fourier DTI are shown by the blue and red curves in
Figure 7(b), respectively. The SNR per unit scan time can be
improved by more than 10-fold (in reference to full-Fourier
DTI) when choosing a smaller number of overscans (e.g.,
<10) for imaging myelin.
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Objective. To prospectively assess the safety and technical feasibility of volumetric magnetic resonance-guided high-intensity
focused ultrasound (MR-HIFU) ablation with direct skin cooling (DISC) during treatment of uterine fibroids. Methods. In this
proof-of-concept study, eight patients were consecutively selected for clinical MR-HIFU ablation of uterine fibroids with the use of
an additional DISC device to maintain a constant temperature (𝑇 ≈ 20∘C) at the interface between the HIFU table top and the skin.
Technical feasibility was verified by successful completion ofMR-HIFU ablation. Contrast-enhanced T1-weightedMRI was used to
measure the treatment effect (nonperfused volume (NPV) ratio). Safety was evaluated by recording of adverse events (AEs) within
30 days’ follow-up. Results. All MR-HIFU treatments were successfully completed in an outpatient setting. The median NPV ratio
was 0.56 (IQR [0.27–0.72]). Immediately after treatment, two patients experienced coldness related discomfort which resolved at
the same day. No serious (device-related) AEs were reported. Specifically, no skin burns, cold injuries, or subcutaneous edema were
observed. Conclusion. This study showed that it is safe and technically feasible to complete a volumetric MR-HIFU ablation with
DISC. This technique may reduce the risk of thermal injury to the abdominal wall during MR-HIFU ablation of uterine fibroids.
This trial is registered with NTR4189.

1. Introduction

Over the last decade, minimally or noninvasive treatment
options have gained popularity and continue to evolve and
expand with developments in technology and with growing
experience. Numerous technological advances have been
driven by the observed benefits of the minimally inva-
sive approach, including less side effects, shorter recov-
ery time, and favorable cosmetic results. Since the first
feasibility report in 2003 [1], magnetic resonance-guided
high-intensity focused ultrasound (MR-HIFU) has been
successfully employed to treat symptomatic uterine fibroids
in a clinical setting. Although not all uterine fibroids are

symptomatic, they are in at least 25% of the Caucasian
women in their reproductive years associated with significant
morbidity, including abnormal menstrual bleeding, pelvic
discomfort, and reproductive dysfunction [2, 3]. An increas-
ing number of symptomatic patients demand less invasive
treatment methods in order to achieve symptom relief and
a better quality of life. MR-HIFU offers the advantage to
perform completely noninvasive thermal ablation because
the ultrasound transducer is located outside the abdomen
and steers high-intensity focused ultrasound energy into the
targeted area through the intact skin.

Since 2010, a volumetric MR-HIFU system has been
available for routine clinical treatments of uterine fibroids [4].
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The volumetric ablation approach utilizes the accumulation
of heat by electronically steering the focus along outward-
moving concentric circles, producing well-defined regions
of protein denaturation, irreversible cell damage, and coag-
ulative necrosis. However, the treatment of larger ablation
volumes requires more thermal energy which may lead to
a temperature increase along the ultrasound beam axis in
the near field (i.e., intermediate layers located between the
ultrasound transducer and the target region, such as epi-
dermis, dermis, subcutaneous tissue, and deeper abdominal
layers) [5]. During periods of thermal stress, the rate of heat
transfer through the skin surface depends primarily on the
heat capacity (or ability to absorb heat) and the thermal
conductivity (or ability to transfer heat) of the skin to facilitate
heat loss [6]. This heat flux may be enhanced through blood
circulation by carrying the heat to adjacent tissues [7, 8].
Temperature rise within the skin layers will mainly occur
in the subcutaneous tissue due to its lower specific heat
capacity [6], insulator properties [6, 7, 9], and its lower blood
supply [10–12] than that of other tissues in the abdominal
wall. Additionally, reflections at boundaries between different
media (e.g., air-skin and/or skin-fat) can occur because of
differences in the acoustic impedance of various media [13].
The transmission losses from reflection at the skin interface
and attenuation through the skin layers might lead to hot
spots and skin overheating. Although MR-HIFU ablation of
uterine fibroids is related to a low complication rate, skin
toxicity and abdominal discomfort have been described by
several groups [1, 14–21]. Undesired heat accumulation in
the near field and target area is moderated by enforcing
conservative cooling times between the subsequent energy
depositions (sonications) to prevent irreversible thermal
tissue damage [22, 23], such as skin burns, subcutaneous
edema formation, or fat necrosis [24]. The cooling time is
chosen to ensure return of the heated tissue layers to body
temperature, and cooling ranges typically a few minutes
per energy delivery. This leads to undesirably long delays
between the sonications, which contributes to prolonged
overall treatment times. It would therefore be valuable to
regulate the temperature of the skin layers at a constant
(room) temperature to reduce thermal tissue damage during
MR-HIFU ablation, and accordingly, speed up the treatment
procedure.

In this study we demonstrate the concept for the clinical
use of a direct skin cooling (DISC) device added to an MR-
HIFU system during volumetric ablation of uterine fibroids.
The purpose of this study was to evaluate the feasibility and
safety of uterine fibroid treatments using this DISC system as
additional buffer against potential adverse events related to
skin heating.

2. Materials and Methods

2.1. Patients and Lesions. This prospective nonrandomized
proof-of-concept study (NL45458.041.13) was approved by
the Institutional Review Board and was conducted in accor-
dance with the rules for international good clinical practice.
Patients who participated in this study were already selected
for clinical MR-HIFU ablation of uterine fibroids based on

their history, physical examination, and diagnostic pelvic
MRI examination. Routine inclusion and exclusion were
carried out; eligible patients met the following inclusion
criteria [21]: (1) 18 years or older, (2) clinically diagnosed
with symptomatic uterine fibroids, (3) referred by their
gynecologists with an absolute indication for intervention,
(4) premenopausal or perimenopausal, (5) not currently
pregnant or breastfeeding, (6) no general contraindications
for magnetic resonance imaging (MRI) and MR contrast
agents, and (7) able to undergo the MR-HIFU procedure
based on a diagnostic pelvic MRI examination in prone
position (Achieva 1.5-T, Philips Healthcare, Best,TheNether-
lands). Exclusion criteria were (1) the presence of other pelvic
diseases, (2) unavoidable extensive scar tissue in the lower
abdomen (in some cases alternate ultrasound beam paths
were possible to avoid scar tissue, e.g., via beam shaping or
beam angulation), (3) interposition of the bowel between the
anterior abdominal wall and the dominant uterine fibroid, (4)
excessive fibroid size (≥12 cm), and (5) too many lesions (≥10
uterine fibroids). All patients gave written informed consent
for conducting an MR-HIFU procedure with the presence of
the direct skin cooling (DISC) device.

2.2. MR-HIFU System. All treatments were performed on a
modified clinical MR-HIFU fibroid therapy system (Sonal-
leve, Philips Healthcare, Vantaa, Finland) integrated into a
1.5-T MRI scanner (Achieva, Philips Healthcare, Best, The
Netherlands). MR images were used for treatment localiza-
tion, feedback control (beam guidance), real-time temper-
ature mapping with the proton resonance frequency shift
(PRFS) thermometrymethod, and posttreatment verification
of the ablated tissue. The curved patient MR table top incor-
porated a phased-array 256-channelHIFU transducer (radius
of curvature: 14 cm, operating at 1.2MHz) housed in an
electromechanical positioning system to deliver spatially and
temporally controlled heating. The DISC device consisted of
a liquid (water) cooling reservoir which was mounted on
top of the standard clinical MR-HIFU table top, between the
degassed liquid (oil) bath—in which the HIFU transducer is
immersed—and the patients’ skin. A schematic illustration of
the clinical volumetric MR-HIFU system with and without
the presence of the investigational DISC device is shown in
Figure 1.Thewater cooling reservoir was connected to awater
pump, cooling element, temperature regulator, degasser, and
a bubble-trap to assure that air bubbles were extracted from
the DISC system. The temperature of the water cooling
reservoir was regulated at a constant room temperature (𝑇 ≈
20
∘C), such that the temperature was well tolerated on bare

skin. The DISC system was filled with degassed water and
turned on (10minutes) before the start of theMR-HIFU treat-
ment to establish the target temperature of the water cooling
reservoir. By the active displacement of water through the liq-
uid cooling reservoir (circuit) a stable temperature could be
guaranteed. The temperatures in the water cooling reservoir
weremeasured using a fiber-optical temperature sensor (Soft-
Sens,Opsens Inc., Québec,QC,Canada), whichwas placed in
thewater between the twoMylar (polyethylene terephthalate)
membranes outside the immediate acoustic beam path. Since
the skin is in direct contact with the cooled water reservoir
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Figure 1: Schematic illustration of the differences between the clinical volumetric MR-HIFU system with (b) and without (a) the presence of
the investigational DISC device.

(separated only by a 50 𝜇m thick membrane), the measured
water temperature directly reflects the patient’s skin temper-
ature throughout the MR-HIFU ablation. Local hotspots on
skin level that appear during individual sonications are equili-
brated on timescales of some tens of seconds. During acquisi-
tion of diagnostic MR images, the flow within the water cool-
ing reservoir was stopped to prevent artifacts on theMR data.

2.3. MR-HIFU Procedure. All patients were treated in an
outpatient setting. Patient preparation on the day of the MR-
HIFU procedure (i.e., hair removal of the lower abdomen;
insertion of an intravenous line and Foley catheter), treat-
ment planning, and the volumetric ablation protocol have
been described in previous publications [19, 21]. Cooling
times were enforced as in normal MR-HIFU treatments, so
that the DISC device was used as an additional safety buffer
against potential adverse events related to skin heating. The
required cooling times of at least 90 seconds were respected
as suggested by the feedback MR-HIFU system. A stan-
dardized preprocedural pain management protocol was used
with paracetamol 1,000mg intravenous (Paracetamol Kabi,
10mg/mL, Fresenius Kabi Nederland B.V., Schelle, Belgium),
diclofenac 75mg intravenous (Voltaren, 25mg/mL, Novartis
Pharma B.V., Arnhem, The Netherlands), and oxycodone
5mg capsules (OxyNorm, 5mg, Mundipharma Pharmaceu-
ticals B.V., Hoevelaken, The Netherlands). In this study,
patients were asked to lie down in prone position (feet first)
on the patient MR table top with the integrated DISC device.
A wetted ultrasound gel pad (7.5mm) or a thin mixture
(10 : 1) of degassed water and ultrasound gel (gel film) was
used as coupling agents to provide adequate direct contact
for the ultrasound waves to penetrate the patients’ skin.
Two different types of acoustic couplers were evaluated, in
order to assess whether treatment could also be carried out
without the commonly used gel pad. Standard MR images

were acquired to detect any obstacles in the ultrasound
beam path and the contact surface to ensure that MR-
HIFU ablation was safe with respect to heating in unwanted
locations due to the presence of air bubbles, scars, bowel,
bone, and/or implants. A typical representation of the MR
images in the MR-HIFU user interface is shown in Figure 2.
The following MR sequences were used: coronal membrane
bubble scan (three-dimensional (3D) spoiled gradient echo
(FFE) with repetition time [TR], 5.8 milliseconds [ms]; echo
time [TE], 4.0ms; flip angle [FA], 6∘; field of view [FOV],
260mm × 260mm; acquired [ACQ] voxel size, 1.00 × 1.00
× 2.00mm3; reconstructed [REC] voxel size, 0.49 × 0.49 ×
1.00mm3; number of averages [NSA], 6; acquisition time,
00:39 minutes), coronal skin bubble scan (multislice single-
echo FFE with TR, 150ms; TE, 15ms; FA, 55∘; FOV, 280mm
× 280mm; ACQ voxel size, 1.25 × 1.25 × 2.50mm3; REC
voxel size, 0.31 × 0.31 × 2.50mm3; NSA, 2; acquisition time,
00:38 minutes), coronal scar scan (single-echo 3D FFE with
TR, 21ms; TE, 6.0ms; FA, 15∘; FOV, 200mm × 200mm;
ACQ voxel size, 0.89 × 0.89 × 2.00mm3; REC voxel size,
0.31 × 0.31 × 1.00mm3; NSA, 3; acquisition time, 02:06.5
minutes), and anatomical 3D T2-weighted (T2w) turbo spin
echo (TSE) with TR, 1425ms; TE, 130ms; FA, 90∘; FOV,
250mm × 250mm; ACQ voxel size, 1.20 × 1.39 × 3.00mm3;
REC voxel size, 0.49 × 0.49 × 1.50mm3; NSA, 2; acquisition
time, 03:50.8 minutes, and 3D T1-weighted (T1w) FFE with
TR, 3.6ms; TE, 1.90ms; FA, 7∘; FOV, 220mm× 240mm;ACQ
voxel size, 1.25 × 1.53 × 2.50mm3; REC voxel size, 0.47 × 0.47
× 1.25mm3; NSA, 8; acquisition time, 01:57.3minutes. During
the treatment procedure, patients received conscious seda-
tion (propofol-ketamine combination) to reduce and control
pain or discomfort and involuntary movements. Monitored
anesthesia care (MAC) was provided by the anesthesiologist
(procedural sedation specialist), which included preroce-
dural screening, intraprocedural support of vital functions
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Figure 2: Typical representation of theMR images in theMR-HIFU
user interface during treatment of uterine fibroids. The patient was
lying in prone position (feet first) on the MR table top with the
integrated direct skin cooling (DISC) device.The uterine fibroid was
positioned directly above theMR-HIFU transducer.The ultrasound
beam path was planned using T2-weightedMRI in three orthogonal
planes, that is, coronal (top left), axial (top right), and sagittal
(bottom left) plane. During each sonication, color temperaturemaps
were computed by theMR-HIFU system using the proton resonance
frequency shift (PRFS) thermometry method and shown on top
of the anatomical images (top left). Immediately after MR-HIFU
treatment, the volume that was successfully treated was defined
as the nonenhancing part of the fibroid on contrast-enhanced T1-
weighted MRI (bottom right).

and administration of anesthetic agents, and postprocedu-
ral anesthesia management. After completion of the MR-
HIFU procedure, a set of MR images of the target region
was obtained including a contrast-enhanced (gadobutrol,
Gadovist, 0.1mmol/kg, Bayer Schering Pharma) T1-weighted
(CE-T1w) TFE sequence (with TR, 5.4ms; TE, 2.6ms; FA,
10∘; FOV, 250mm × 250mm; ACQ voxel size, 1.49 × 1.89
× 3.00mm3; REC voxel size, 0.49 × 0.49 × 1.50mm3; NSA,
4; acquisition time, 02:14.5 minutes) to allow a sum-of-slice
measurement of the nonperfused volume (NPV), indicating
the volume of fibroid tissue that is nonviable. Following this,
patients were conducted to the recovery room for medical
supervision before being discharged from the hospital on the
same day.

2.4. Data Collection. The primary endpoint of this study was
the technical feasibility of clinical MR-HIFU fibroid treat-
ments with direct skin cooling, as determined by recording
the successfully completed treatments using the investiga-
tional DISC device. Treatment completion was judged by an
experienced operating physician (M.v.d.B.). If a treatment
was aborted before the desired ablation volume was achieved
and the backup CE-labelled MR-HIFU system had to be

used, the treatment was counted as a failure. The extent
of treatment was reported by measuring the NPV ratios,
defined as the nonenhancing part of the fibroid divided by
the fibroid volume. The achieved NPV ratios were compared
to data from the literature to assess whether the performed
treatments represent typical MR-HIFU ablations. In order
to determine the effectiveness of the MR-HIFU treatments
with the DISC device, the energy deposition rate (in kilojoule
per hour [kJ/h]) was calculated by dividing the deposited
treatment energy [kJ] by the total treatment time (1/[h]). The
treatment time was defined as the time from the start of the
first to the end of the last sonication.

The secondary endpoint of this study was to gain insights
into factors influencing the safety. Safety was assessed by
recording (serious) adverse events and whether they were
related to the investigational DISC device, in particular by
inspection of patients’ skin immediately after MR-HIFU
treatment. All adverse events (AEs) were recorded and
classified following the 14155:2011 standard for Good Clinical
Practice in clinical investigation of medical devices for
human subjects issued by the International Organization for
Standardization (ISO). Any AEs observed during or after
MR-HIFU treatment were followed and documented until
they had abated or until a stable situation had been reached.
Patients were contacted by telephone 3 days, 7 days, and 30
days after the MR-HIFU procedure to determine whether
any AEs had occurred. A pain assessment scale was obtained
using the visual analogue scale (VAS) from 0 (no pain) to 10
(worst pain possible). The flow chart in Figure 3 shows the
patients’ progress through the study.

2.5. Statistical Analysis. Data were prospectively collected
and analyzed to evaluate the safety and feasibility of per-
forming MR-HIFU treatment of uterine fibroids in a volu-
metric MR-HIFU system equipped with a DISC device. The
sample size calculation was based on the two-sided Agresti-
Coull 95% confidence interval (95% CI) [25]. The Agresti-
Coull interval is known to provide optimal coverage for
binominal proportions when the sample size is small and the
success probability approaches 0 or 1 [26, 27]. The estimate
of the Agresti-Coull 95% CI showed that 8 successfully
treated patients would be needed to detect a therapy success
rate of at least 63%. Estimations for different proportions
of successful therapy completion are presented in Table 1.
Descriptive statistics were used to describe the distribution
of the patients’ demographic and lesion characteristics. The
treatment data of each patient was subsequently summarized
and reported. Categorical data are presented in number and
percentage, whereas continuous data are given inmedian and
interquartile range (IQR). Statistical analyses were performed
using IBM SPSS Statistics, version 20.0 (Armonk, New York,
USA).

3. Results

Eight Caucasian patients with nine treatable uterine fibroids
were consecutively enrolled in this study. One patient was
treated for two uterine fibroids during the same MR-HIFU
treatment. Three patients had a scar in the lower abdomen:
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Patient selected for MR-HIFU
ablation of uterine fibroids

Patient invited to participate in
DISC study

IC given for
participation

YesNo

Patient not enrolled in study,
scheduled for routine treatment

Patient enrolled in study, scheduled
for DISC study treatment

Patient receives MR-HIFU ablation
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3- and 7-day telephone follow-up

30 days’ telephone follow-up +

Figure 3: Flowchart shows the patients’ progress (𝑛 = 8) through the DISC study. MR-HIFU: magnetic resonance-guided high-intensity
focused ultrasound; DISC: direct skin cooling; IC: informed consent; UFS-QoL: uterine fibroid symptom and health-related quality of life.

Table 1: Estimated binominal proportion confidence intervals using the Agresti-Coull (adjusted Wald) method [25].

Sample sizea
Observed outcome Estimation

Successesa Failuresa 𝑝
95%-CI

Lower Upper
8 8 0 0.84 0.63 1.00
8 7 1 0.75 0.51 1.00
8 6 2 0.67 0.40 0.94
8 5 3 0.58 0.30 0.87
aValues are expressed in numbers; 𝑝: sample proportion of success; CI: confidence interval.

one patient (ID number 4) had undergone an abdominal
myomectomy (Pfannenstiel incision), one patient (ID num-
ber 1) underwent an open appendectomy (McBurney inci-
sion), and one patient (ID number 2) hadminor laparoscopic
scars after a diagnostic laparoscopy due to chronic abdominal
pain. In patient 4, urinary bladder filling (with a saline
solution) was used to avoid the surgical scar in the ultrasound
beam path. Baseline data collected for each patient at the
beginning of the study are presented in Table 2. AllMR-HIFU
treatments were successfully completed using the investiga-
tional DISC device; no technical failure was observed. The
use of the backup CE-labeled MR-HIFU system was not
necessary. The median treatment time was 192 minutes (IQR

[180–225]), with a median energy deposition rate of 67 kJ/h
(IQR [55–92]). The median volume of the uterine fibroids
was 147 cm3 (IQR [49–338]); the median maximum fibroid
diameter was 7.7 cm (IQR [5.1–8.8]). A median nonperfused
volume of 56 cm3 (IQR [14−91]) was achieved, and amedian
NPV ratio of 0.56 (IQR [0.27–0.72]) was found. In one patient
(ID number 7), no NPV could be achieved due to insufficient
heating probably as a result of the tissue characteristics of the
uterine fibroid (type 3) [28]. Table 3 shows an overview of the
treatment data of each patient treated in this study.

No serious (device-related) adverse events were observed
within 30 days’ follow-up. No patient required prolonged
observation before discharge or readmission after hospital
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Table 2: Baseline characteristics and MRI findings (𝑛 = 8).

Patient characteristics
Age (years)a 42.5 (38.8–47.8)
BMI (kg/m2)a 23.1 (19.9–28.1)
Symptomsb

Menorrhagia 3 (38%)
Bulky symptoms 4 (50%)
Infertility 1 (12%)

tSSSa 57.9 (38.3–79.0)
Total HRQoLa 48.7 (28.9–80.4)

Lesion characteristics
Number of fibroidsb

Solitary fibroid 2 (25%)
Multiple fibroids 6 (75%)

2–5 fibroids 4 (67%)
6–10 fibroids 2 (33%)

Location of fibroidsb

Intramural 6 (67%)
Submucosal 3 (33%)

Type of fibroidb

Type 1 4 (45%)
Type 2 3 (33%)
Type 3 2 (22%)

Maximum fibroid diameter (cm)a 7.7 (5.1–8.8)
Uterine fibroid volume (cm3)a 147 (49–338)
aMedian (interquartile range); bnumber (percentage); MR-HIFU: MR-
guided high-intensity focused ultrasound; tSSS: transformed symptom
severity score (range 0–100); high scores indicate more severe symptoms;
HRQoL: health-related quality of life (range 0–100); high scores indicate
better quality of life; type 1: low signal intensity onT2-weighted imaging; type
2: intermediate signal intensity on T2-weighted imaging; type 3: high signal
intensity on T2-weighted imaging; NPV: nonperfused volume.

discharge. In particular, no skin burns, cold injuries, or
subcutaneous edema (determined by increased signal inten-
sity on T2w images) was observed in patients treated with
the DISC device. Several mild AEs were reported, such as
abdominal pain or cramping (𝑛 = 3), back pain (𝑛 =
3), abdominal tenderness (𝑛 = 2), ergonomic problems
(𝑛 = 2), namely, fibular compression neuropathy due to
external pressure at the right fibular head during a long
treatment procedure of 230 minutes (ID number 3) and
pressure marks due to the curved patient table top, dyspepsia
and constipation (𝑛 = 2), dizziness (𝑛 = 3), and lethargy
(𝑛 = 4). One mild device-related AE occurred, namely,
coldness-related discomfort which was rapidly resolved with
a hot water bottle on the day of treatment (𝑛 = 2). At the
moment of hospital discharge, the median VAS score was 1.5
(IQR [0.25–3.0], range [0–7]). Typically, AEs resolved within
7 days’ follow-up and patients were able to resume their daily
activities again. However, after 30 days, two patients were still
recovering from ongoing AEs (constipation and lethargy),
both probably related to the administration of anaesthetic
agents.

4. Discussion

During MR-HIFU treatments, undesired heating outside of
the targeted ablation area may occur, in particular in the near
field region of the HIFU beam. Currently, the risk of near
field damage is mitigated by the time-consuming enforce-
ment of cooling periods between ultrasound sonications.
Introduction of a cooled interface which allows direct cooling
of the patients’ skin may further mitigate undesired heating
(by shifting the baseline temperature), potentially increasing
treatment efficacy and providing an additional buffer. In
this proof-of-concept study we have demonstrated the safety
and feasibility of using a direct skin cooling (DISC) device
added to a volumetric MR-HIFU system for uterine fibroid
treatments. To the best of our knowledge, this concept had
not yet been investigated in a clinical setting. Our results
showed that it is technically feasible and safe to complete
an MR-HIFU treatment with a DISC device. No thermal
damage to the near field, due to temperature increase of
the ultrasound energy emitted from the HIFU transducer,
was observed in this study. All eight patients (100%) could
be treated as in normal clinical practice, representing a
typical case series of uterine fibroidMR-HIFU treatments. No
clinical or technical problems have occurred preventing MR-
HIFU treatments using the DISC device to be successfully
completed. No serious (device-related) AEs occurred after
treatment and the achieved median NPV ratio (0.56 (IQR
[0.27–0.72]) was comparable to data previously published.
Reported NPV ratios ranged from 0.40 to 0.70 with a median
NPV ratio of 0.56 [21, 29–33]. Specifically, no skin redness
and/or irritation of the abdominal wall—either related to skin
heating or skin cooling—were seen. As known, cutaneous
microvascular reactivity (namely, thermoregulatory reflex)
is essential to maintain the human core temperature dur-
ing challenges to thermal hemostasis [34, 35]. Prolonged
exposure of direct cooling of the skin will eventually lead
to cutaneous vasoconstriction [36–38], which may induce
ischemia. Extended exposure to localized cold-induced vaso-
constriction may cause various injuries to the patients’ skin
that typically fall within the domain termed nonfreezing
cold injury (NFCI) [39, 40]. However, these injuries (e.g.,
chilblains or immersion foot) aremost commonly reported to
the body’s lower extremities, such as the legs and feet [41, 42].
In addition, the literature evidence indicates that no serious
thermal tissue damage is to be expected within several hours
until freezing occurs [43, 44]. In general, NFCI occurs at
temperatures of 0∘C to 15∘C. Considering the temperatures
and exposure times relevant for patients during an MR-
HIFU procedure, it can be concluded that the probability of
occurrence for this specific low temperature event was indeed
very unlikely.

It should be noted that this is a technical feasibility
study with a small number of patients (𝑛 = 8). Despite
the promising preliminary results, the current study was
not designed to measure the efficacy of the cooling system.
Therefore, further research is needed to assess the clinical
efficacy of this investigational DISC device as add-on to the
volumetric MR-HIFU system. In a future step, a clinical
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follow-up study will investigate to which extent the DISC
system allows for speeding up uterine fibroid MR-HIFU
treatments by benefiting from reduced cooling times. After
each sonication, the cooling effect in the subcutaneous tissue
layers will be systematically monitored using the T2-based
thermometry as recently described by Baron et al. [45]. The
acquired temperature (cool-down) information in the near
field can be used to provide thermal feedback to the MR-
HIFU system and use this to adjust the cooling periods
between the subsequent energy depositions in real time.This
novel techniquemay result in some advantages for the patient
and their treating physician: (1) ablation of larger volumes of
(fibroid) tissue in the shortest period of time that is safely
possible and (2) more efficient treatment of type 3 uterine
fibroids with a high signal intensity on T2w imaging [28, 46].
The fact that it is technically feasible to produce thermal
lesions safely in the present study highlights the potential of
this DISC system in the futureMR-HIFU ablations of uterine
fibroids. Another practical advantage of using DISC is that
it seems sufficient to use a gel film (water-gel mixture) for
acoustic coupling between the table top membrane and the
depilated skin of the patient. Previously, it was easy to trap air
bubbles between the commonly used (15mm) gel pad and the
patients’ skin in the process of patient positioning. Since air
bubbles may reflect the ultrasound energy—due to their low
acoustic impedance [47]—they can cause abdominal pain or
discomfort and skin burns.This restriction appears alleviated
now by the use of a gel film, because we did not observe
any air bubbles after positioning. Furthermore, without the
insulating gel pad, the patient profits directly from the cooling
effect without dissipation. Finally, the DISC system with gel-
film has the same thickness as the old gel pads (Figure 1).
This means that it is possible to reach targets as deep in the
patient body as before. Consequently, the use of a gel filmwill
potentially reduce risks and offers opportunities to speed up
the patient preparation and overall treatment time.

Several limitations to the present study need to be
acknowledged. First, we did not analyze the patient-reported
outcomes of symptom severity (tSSS) and health-related
quality of life (HRQoL) as measure of the treatment effect.
The focus of the current study was to verify that the use of the
DISC device did not affect the performance of the volumetric
MR-HIFU system.The upcoming studies will require a larger
patient cohort, larger ablation volumes, longer follow-up, and
careful evaluation of the treatment efficacy using this DISC
system. This information could be used to develop targeted
interventions aimed at specific subgroups of patients, such as
patients with hyperintense uterine fibroids on pretreatment
T2w MRI [28] with the use of targeted vessel ablation
[48]. Another limitation of our study is that we did the
postdischarge follow-up by telephone interviewing. While
this may not give us always an objective evaluation (due to
absence of nonverbal cues), it provided us with the required
information about the safety outcome.

In conclusion, in this proof-of-concept study we success-
fully performed clinical volumetric MR-HIFU ablation of
uterine fibroids using an additional DISC device for reducing
the risk of thermal damage to the abdominal wall. On the
basis of the small number of patients studied, using the

additional DISC device in this trial appears to be safe. No
serious (device-related) adverse events occurred.
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Crohn’s disease (CD) is a chronic inflammatory condition with relapsing-remitting behavior, often causing strictures or penetrating
bowel damage. Its lifelong clinical course necessitates frequent assessment of disease activity and complications. Computed
tomography (CT) enterography has been used as primary imaging modality; however, the concern for radiation hazard limits
its use especially in younger population. Magnetic resonance (MR) imaging has advantages of avoiding radiation exposure, lower
incidence of adverse events, ability to obtain dynamic information, and good soft-tissue resolution. MR enterography (MRE) with
oral contrast agent has been used as primary MR imaging modality of CD with high sensitivity, specificity, and interobserver
agreement. The extent of inflammation as well as transmural ulcers and fibrostenotic diseases can be detected with MRE. Novel
MR techniques such as diffusion-weightedMRI (DWI), motility study, PET-MRI, andmolecular imaging are currently investigated
for further improvement of diagnosis and management of CD. MR spectroscopy is a remarkable molecular imaging tool to analyze
metabolic profile of CD with human samples such as plasma, urine, or feces, as well as colonic mucosa itself.

1. Introduction

Inflammatory bowel disease (IBD) includes two major forms
of chronic intestinal disorder: Crohn’s disease (CD) and
ulcerative colitis (UC) [1, 2]. CD is a chronic inflamma-
tory condition characterized by relapsing-remitting clinical
behavior, potentially affecting any portion of the gastroin-
testinal tract from mouth to anus. It can occur at any age
but most often in second or third decade [3]. A systematic
review revealed that the highest annual incidence of CD was
12.7 per 100,000 person-years in Europe, 5.0 person-years in
Asia and the Middle East, and 20.2 per 100,000 person-years
in North America [4]. According to an extensive review of
natural course for CD [5], at the time of diagnosis one-third
of the patients had ileitis, colitis, or ileocolitis, up to one-third
of the patients had evidence of a stricturing or penetrating
intestinal complication. Half of all patients had experienced
an intestinal complicationwithin 20 years after diagnosis.The
combined effects of genetic, environmental, and/or epithelial
barrier dysfunction cause activation of mucosal immune

responses, which in turn lead to inflammatory response [1].
It is not unusual to find intestinal inflammation leading
to progressive bowel damage, increasing disability, and an
impaired quality of life [5].

The diagnosis of CD is made from patient’s history and
physical examination supported by laboratory, endoscopic,
radiologic, and pathologic findings. The European Crohn’s
and Colitis Organisation (ECCO) grouped clinical disease
activity into mild, moderate, and severe but these are not
precisely defined entities. Most clinical trials in patients with
active Crohn’s disease recruit patients with a Crohn’s Disease
Activity Index (CDAI) of >220 [6].This index is a point score
and comprises eight items (stool frequency, abdominal pain,
subjective general wellbeing, presence of complications and
abdominal mass, use of antidiarrheal medications, hemat-
ocrit, and weight deviation) [7]. Treatment of Crohn’s disease
aims to achieve sustained clinical and endoscopic remission
and to interrupt the disease course that ends in intestinal
failure and complications [8].
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2. MRI for CD: Present

2.1. Diagnostic Tools for CD. The gold standard diagnostic
tools for CD are ileocolonoscopy and gastroduodenoscopy,
providing direct and reliable image of mucosal surface. They
have advantage of getting the tissue sample and even treating
bleeding complication. However, they only cover proximal
small bowel or terminal ileum, requiring other modalities for
small bowel evaluation. Transabdominal ultrasound is used
as initial imaging modality but it lacks both sensitivity and
specificity with high interobserver variability [2]. Capsule
endoscopy provides mucosal imaging of small bowel but
can only be used when stricture is excluded. Patients with
extensive small bowel CD are at higher risk of capsule reten-
tion, limiting its clinical use [9, 10]. There have been several
radiologic approaches to assess small bowel in CD. The
small-bowel follow-through (SBFT) has been the standard
modality; however, several studies have shown that SBFT is
not accurate and feasible study over other modalities such
as computed tomography (CT), enterography, or capsule
endoscopy [11, 12]. Among them, CT enterography has been
the most commonly used cross-sectional imaging modality
to evaluate CD patients. However, due to its potential hazard
from ionizing radiation, its repetitive use can be of concern
especially in CD, a disease with early onset and frequent
relapses [13, 14].

Magnetic resonance (MR) imaging is being preferred
because it lacks radiation exposure with validated sensitivity
and specificity in both adults and children [15–18]. MR
imaging hasmany advantages other than the lack of radiation,
such as provision of static and dynamic three-dimensional
information of small bowel, improved soft-tissue contrast
resolution, and lower incidence of adverse events compared
with CT with iodinated contrast agent. On the contrary, it
also has limitations such as higher cost, variations in image
quality, and lower spatial and temporal resolution [17, 19–22].

2.2. MR Enterography (MRE)

2.2.1. Intraluminal Contrast Agents: Type of Contrast. Use of
MRI for bowel has not been popular until recently because
it needed long acquisition time, making the imaging of the
primarily peristaltic organ difficult. Furthermore, lack of
proper contrast for bowel had also limited its use. Imaging
of small bowel needs luminal distension because even large
lesion can be undetected if the bowel is evaluated in collapsed
state [23, 24]. According to these signal properties, agents
can be classified as positive (“bright” lumen), negative (“dark”
lumen), or biphasic agents (“bright” lumen on T1 and “dark”
on T2 or conversely “dark” lumen on T2 and “bright” on T1)
[23].There are a number of hyperosmolar T1 hypointense/T2
hyperintense biphasic oral contrast agents currently available.
Water is cheap, safe, and readily available agent. However,
its rapid absorption limits its role of proper distension of
small bowel [25]. So it is mixed with other agents to improve
luminal distension. Lactose delays the absorption of thewater
in contrast material effectively, obtaining conspicuity of the
bowel [26]. Diatrizoic acid (gastrografin) can achieve very
good distention, homogeneity, and delineation in the central

segments from the ileum to the left colon flexure in majority
of cases, due to the adequate contrast media supply in these
regions. Diarrhea is a major problem affecting nearly all
patients [27]. Recent report showed that 3% sorbitol and a
psyllium based bulk fiber showed no significant difference at
distending the small bowel [28]. Other groups reported that
novel mixture containingmethylcellulose powder with water,
low-concentration (4.9%) barium, and sorbitol allowed good-
quality enterographic images and patient tolerance [29].

2.2.2. Intraluminal Contrast Agents: Methods of Delivery.
Enteroclysis has been employed as one of the usefulMR tech-
niques for evaluation of CD.However, administration of 1.5 to
2 L of isosmotic water solution through nasojejunal catheter
causes patient discomfort. In contrast, MR enterography
(MRE) takes the cross-sectional images targeting small bowel
after administration of large volume of oral enteric contrast
without nasojejunal intubation [20, 30]. Several studies have
shown that MRE has better patient compliance than ente-
roclysis and similar diagnostic efficacy to the method in
evaluating CD [31, 32]. It assesses not only the bowel but
also the surrounding perienteric structures such asmesentery
or adjacent organs [19, 20, 22, 33]. Therefore, proper use
of aforementioned contrast agents does allow MR imaging
evaluation of small bowel CD.

2.3. Conventional Techniques. Antiperistaltic agents are com-
monly used these days in practice as recent studies have
shownbenefits in using antiperistaltic (IV glucagon), improv-
ing visualization of the bowel wall, mainly because they
suppress peristalsis to reduce motion-related blurring and
ghosting artifacts [34].

Although there is no definite consensus or guideline
on oral contrast regimen, the agents described above are
generally administered 10 to 15 minutes before the scanning.
The scout imaging assesses the progression of oral contrast
and distension. If the contrast has not reached terminal
ileum, the further imaging can be postponed. Patients can
be scanned in the prone or supine position in multichannel
torso or body phased array coil on a 1.5- or 3-tesla (T)
magnet [18]. The sequences of the MRE examination include
axial and coronal T2-weighted single-shot fast spin echo
(SSFSE) sequences and balanced steady state free precession
(SSFP) sequences. SSFSE acquires all the necessary data for
reconstruction with one excitation [35]. It is excellent for
visualizing edema, wall thickening, and fluid in bowel wall
and mesentery [18]. Balanced SSFP is characterized by two
unique features, a very high signal-to-noise ratio and a T2/T1-
weighted image contrast [36]. The recent development of
faster pulse sequences provides an opportunity to provide a
movie of cine images [37]. Cine imaging confers the ability
to observe the motion of intestinal segments over a relatively
short period and in real time. It provides high temporal,
spatial, and contrast resolution formonitoring bowel contrac-
tions [38]. After administration of IV gadolinium-containing
contrast material (0.1-0.2mmol/kg), dynamic coronal 3D T1-
weighted gradient echo (GRE) sequenceswith fat suppression
are obtained in time intervals of 45 to 55, 70, and 180 seconds.
These intervals are institutionally specific. Delayed axial and
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coronal postcontrast 2D or 3D T1-weighted sequences with
fat suppression are acquired following dynamic imaging
[18]. Although rapid transit to the right colon is seen in
some patients, most patients require a delay of at least
40–60 minutes from contrast material ingestion to imaging
[39, 40].

The field strength of the MRI magnet will affect the rate
at which images may be obtained [37]. For 1.5 T systems,
the MRI technologist selects 5 to 7 representative coronal
slices of the abdomen using the sagittal localizer image. Each
slice is obtained during a 30-second period with a total of
50 images obtained during that time period. With newer 3 T
systems, it is possible to obtain up to 110 images per loca-
tion during the same 30-second time period. The presence
of “banding” artifact inherent to the SSFP sequence is of con-
cern for 3 T imaging. It is pronounced particularly at air/soft
tissue interfaces [37]. Imaging at higher field strength has
a greater signal-to-noise ratio and also has the potential of
reducing scan times. A retrospective study of 46 childrenwith
biopsy-proven CD reported that, with appropriate attention
to technique and with optimal distension and control of
movement, high-quality 3 T assessment of the abdomen,
pelvis, and perineum is possible [41].

2.4. Diffusion-Weighted MRI (DWI). Like other abdominal
applications, DWI benefits from increased signal-to-noise
ratio at 3 T with improved sensitivity compared with 1.5 T.
However, image distortion from increasedmagnetic suscepti-
bility often results in a loss of image quality at 3 T. Magnetic
susceptibility artifacts may be limited by using parallel imag-
ing techniques such as sensitivity encoding, integrated par-
allel acquisition, generalized autocalibrating partially parallel
acquisition, and array spatial sensitivity encoding [42].

Diffusion-weighted MRI (DWI) has long been used in
other parts of body such as brain. Although application of
DWI to assess bowel is a relatively new trend, DWImay yield
comparable performances for detecting and assessing ileal
inflammation in CD [43]. A high signal intensity in DWI and
restricted diffusion of the bowel wall also have been related to
acute inflammation [44–46].

A review with 18 patients having active CD of terminal
ileum showed that DWI can provide quantitative measures
of small bowel inflammation that can differentiate actively
inflamed small bowel segments from normal small bowel
in CD. It showed better sensitivity compared with dynamic
contrast-enhanced MR [46]. An observational prospective
study with 130 CD patients reported that, at certain apparent
diffusion coefficient, sensitivity and specificity of discrim-
inating active from nonactive CD were 96.9% and 98.1%,
respectively, for the colon/rectum, and 85.9% and 81.6%,
respectively, for ileum.They also reported high interobserver
agreement [47]. A recent study involved 31 CD patients with
ileal involvement to compare DWI with conventional MRE
in estimating inflammation in small bowel CD. DWI hyper-
intensity was highly correlated with disease activity evaluated
using conventional MRE [43]. DWI also showed additional
value to T2-weighted imaging for diagnosis of internal fistula
and sinus tracts, according to a retrospective study reviewing
the 25 fistulous lesions [48].

2.5. MRE Findings in CD. Patients with CD can be classified
by Montreal or Paris classification regarding age of onset,
localization, behavior, and growth. The behavior is subdi-
vided into B1 (nonstricturing/nonpenetrating), B2 (strictur-
ing), and B3 (penetrating). Perianal penetrating diseases are
considered separately, as they show different prognosis than
other penetrating patterns of CD [49]. Although there is
no exact definition or consensus, disease activity is usually
grouped into mild, moderate, and severe. CDAI comprises
relatively complex clinical and laboratory data, limiting its
clinical use [2]. Differentiation between the subtypes is clini-
cally important because active inflammation is usually treated
medically unless there are extramural complications, while
fibrostenotic disease characterised by obstructive symptoms
often requires surgery [50].

Maglinte et al. suggested an imaging-based classification
of small bowel CD subtypes.They radiologically classifiedCD
into four groups: active inflammatory, fibrostenotic, fistuliz-
ing/perforating, and reparative or regenerative subtype.They
reasonably correlate with the clinical classifications [22].

2.6. Active Inflammatory Subtype. Active inflammatory sub-
type of CD is characterized by local inflammation, aphthoid
and deep ulcers, frequent transmural inflammation with
lymphoid aggregates, and granuloma formation. Different
morphological and functional parameters are used to assess
disease activity inMRE.They are thickness of wall, the degree
of wall gadolinium- (Gd-) enhancement, T2 mural signal
intensity, enhancement of local lymph nodes, pattern of
wall Gd-enhancement, increased mesenteric vascularity, and
time-enhancement curves of Gd-wall enhancement. Each of
these parameters has proved to be statistically correlated with
the biological, endoscopic, or histological activity [21, 51–53].

Mesenteric edema is present in some patients with
advanced active disease, and it tracks along the adjacent
mesentery from an inflamed bowel loop [40]. The degree
of thickening has been proven to be correlated with Crohn’s
Disease Activity Index. A wall thickness greater than 3mm
in a distended small bowel loop can be regarded as abnormal.
In patientswith small bowel CD,wall thickness usually ranges
between 5 and 10mm.Thickened wall without edema has low
tomoderate signal intensity on SSFP andHASTE images [40,
54]. Stratified contrast enhancement with avid enhancement
of the mucosa relative to the submucosa and muscular layers
helps confirm active Crohn’s disease [40]. Signal hyperinten-
sity in the bowel wall in T2-weighted images (T2WIs), espe-
cially in fat-suppressed sequences, indicates wall edema and
is a sign of acute inflammation [55]. Increased intravenous
contrast enhancement of the bowel wall also indicates acute
inflammation. Mucosal increased enhancement with submu-
cosal edema is so-called “stratified type of bowel enhance-
ment” and has been especially related to acute disease [30].
Full-thickness nonstratified enhancement of intestinal wall
can represent transmural acute inflammation as well [56].

Onhigh-resolution SSFP imagewith fat suppression, aph-
thous ulcers are seen as a nidus of high signal intensity sur-
rounded bymoderate signal intensity [57]. Transmural ulcers
are outlined by luminal contrast material and seen as linear
high-signal intensity into the bowel wall. Images obtained in
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a plane perpendicular to the bowel allow accurate assessment
of transmural and peri-intestinal inflammatory changes [57].

2.7. Fibrostenotic/Fistulizing Subtype. Small bowel obstruc-
tion is the chief clinical manifestation of fibrostenotic dis-
ease. A fixed narrowing of the affected segment is seen on
MRE. Chronic fibrotic strictures typically are hypointense on
both T1- and T2-weighted images and show inhomogeneous
contrast enhancement, with no evidence of edema or sur-
rounding inflammation of mesentery [20, 57]. Large sinus
tracts andfistulasmay be outlined by enteral contrastmaterial
and are seen as high-signal intensity linear features. Solitary
internal fistulas present as tubular tracts, star-shaped bowel
loops, indicating a complex internal fistula [58].

A recent study with MRE evaluating 76 CD patients
showed high 𝜅 value and Lin’s concordance correlation coef-
ficient between the intraoperative and radiological assess-
ments. The diagnosis of a stricture had highest sensitivity
and the detection of inflammatory mass showed the lowest
sensitivity. Abscesses had the lowest positive predictive value
in that study, while fistulae were found to have the best corre-
lation between the surgical and MRE-based diagnoses [59].
Various efforts have beenmade to improve diagnostic value of
MRE. A study comparing MRE with or without water enema
showed that MRE with enema was statistically superior
to MRE without enema in detecting inflammation in the
terminal ileum, ascending colon, and rectum [60]. Further
improvement of imaging quality, sensitivity, and specificity of
MRE is expected with technical developments.

2.8. MRI for Motility. Many studies have shown that gut
motility at MRI is decreased in active or chronic CD. The
bowel segments affected by CD show significantly increased
number of lesions in individual patient as well as overall
patients with CD [61–64]. The sequence for small bowel
motility is a fast cine sequence using fast T2-weighted SSFP or
echo planar imaging sequences with a maximum repetition
time of 1 second. The images must be acquired before the
application of a spasmolytic drug [61]. There was a study
correlatingMR-detectablemotility alterations of the terminal
ileumwith biopsy-documented active and chronic changes in
CD. It analyzed 43 patients who underwent both MRE and
terminal ileum biopsy. Histopathology correlated with pres-
ence of hypomotility or complete arrest and grade of motility
alterations [63]. Another study measured contraction fre-
quency, amplitude, amplitude diameter ratio, and luminal
diameter via MRI as well as the blood levels of CRP and fecal
levels of calprotectin. A significant inverse linear correlation
was found between the contraction frequency and both the
level of CRP and calprotectin [64]. In addition, a study
with healthy volunteers assessing software-quantified small
bowel motility captured with MRI and testing the ability to
detect changes in motility induced by pharmacologic agents
showed that the repeatability between baselinemeasurements
ofmotility was high.Themeasuredmotility with neostigmine
was significantly higher than that with placebo, whereas that
with butylscopolamine was significantly lower than that with
placebo [65].

3. MRI for CD: Future

3.1. PET-MRI. There are novel MRI-related techniques not
yet easily available or cost-effective but have potential appli-
cation toCD. Both positron emission tomography (PET)with
fluorodeoxyglucose (FDG) and MRI have been shown to be
useful for diagnostic evaluation of a variety of inflammatory
processes. However, only a few PET-MRI units are opera-
tional around the world andmostly only for research use. CD
could be a candidate target of the novel technique PET-MRI
but it currently has no clearly established role [66].

3.2. MR Spectroscopy

3.2.1. Introduction of MRS. Genomics and proteomics have
emerged to explain biological phenomenon. However, they
do not provide dynamic metabolic status of tissue and whole
organism [67]. MRmolecular imaging andMR spectroscopy
(MRS) are still experimental but promising, because they
are some of the leading technologies in metabolomics and
have possibility to analyze and characterize the molecular
composition of inflamed bowel wall [51]. As MRS has more
accurate quantitation and better reproducibility than mass
spectrometry, MRS is already routinely used in many malig-
nant conditions such as brain, breast, and prostate cancer
[68]. The essential goal of MRS is to determine the distri-
bution of metabolites associated with the relevant pathology.
Their presence, absence, or relative amount compared with
other metabolites is analyzed [69]. The MR signal produces
varying but predictive pattern of resonant frequencies corre-
sponding to molecular arrangements of some atomic nuclei
susceptible to perturbations, typically protons.The structural
or chemical information regarding the reaction of the nuclei
can be obtained. After the examination is performed the data
are usually presented in a one-dimensional NMR (nuclear
MR) frequency spectrum [69, 70]. There are a number of
biologically relevant MR-visible isotopes in vivo. The most
common nuclei used are those that do not require exogenous
label such as 31P, 1H, and 23Na which generate spectra from
endogenous metabolites [71].

3.2.2. MRS Techniques in CD. 1HNMR is most commonly
employed in MRS for inflammatory bowel disease. On a
one-dimensional NMR spectrum, the peak shows signal
from a particular chemical configuration of the nucleus (e.g.,
1H) and the intensity is also noted. Area under a peak
relates to the number of nuclei that have identical chemical
bonding configuration [69]. Recently, two-dimensional J-
resolved (JRES) NMR spectroscopy has been introduced.
It additionally disperses the overlapping resonances into
a second dimension. It has advantages such as increased
spectral dispersion, confidence in metabolite identification,
and reduced batch-to-batch variation. It also has some
disadvantages like longer acquisition times, higher technical
variability, and phase-twisted lineshapes [72].

Chemometric analysis and comparison of 1HNMR are
commonly hampered by intersample peak position and line
width variation due to matrix effects. To mitigate this prob-
lem, “targeted profiling” method was introduced. Individual



BioMed Research International 5

NMR resonances of interest are mathematically modeled
from pure compound spectra. This database is then interro-
gated to identify and quantify metabolites in complex spectra
of mixtures, such as biofluids. The method is highly stable
in PCA-based pattern recognition, insensitive to water sup-
pression, relaxation times, and scaling factors. Hence, direct
comparison of data acquired under varying conditions is
made possible [73].

The feasibility of metabonomics in clinical studies was
first suggested using 1HNMR based metabonomic analysis
on plasma and urine samples obtained from healthy subjects.
The 1HNMR spectra obtained for urine and plasma samples
were analysed using principal components analysis (PCA) in
order to generate metabonomic data [74, 75]. 1HNMR-based
metabonomic approach has been suggested as a quantitative
measurement of metabolic response in CD [76].

A recent study tried to findmetabolic biomarkers and the
correlation between serum zinc in CD patients performed
1HNMR spectroscopy experiments on a 500MHz spectrom-
eter and five-millimeter NMR tubes. Deuterium oxide (D

2
O)

100 𝜇L provided NMR lock signal for NMR spectrometer.
Broad resonances caused from combination of high molec-
ular weight components were suppressed by Carr-Purcell-
Meiboom-Gill (CPMG) experiment. It enhanced visualiza-
tion of superimposed sharper resonances from lowmolecular
weight (amino acids and carboxylic acids). CPMG spin echo
pulse sequent was used to record 1D 1HNMR spectra, which
were recorded at 298K. Peaks in the serum spectra were
referenced to the chemical shift of lactate. The integral values
of each spectrum were normalized to a constant sum of all
integrals [77].

Biochemical analysis of fecal extracts has been studied
by several institutions because it is cost-effective and reflects
biochemical changes of bowel disease. Characterization of
fecal extracts obtained from patients with CD and UC by
employing 1HNMR spectroscopy and multivariate pattern
recognition techniques was reported to differentiate two
IBDs. The 400𝜇L of fecal extract was added to 200𝜇L of
water containing D

2
O and a chemical shift reference sodium

3-(trimethylsilyl)propionate-2,2,3,3-d
4
. After centrifuge, the

supernatant was pipetted into 5mmNMR tube and 1HNMR
spectra were acquired for each sample at 600.13MHz for 1H
equipped with a 5mm triple resonance probe with an inverse
detection [78].

3.3. MRS Findings in IBD. There have been several studies
on MRS findings in IBD. Most of them included both UC
and CD for analysis, showing similarities and differences
between them. A study using in vitro 1HNMR reported that
patients with IBD showed similarmetabolic profile inmacro-
scopically involved and uninvolved colonic mucosa com-
pared with that of controls [76]. The past few years have
seen an increase in studies of experimental and human IBD
focusing on the search for small metabolites, such as amino
acids, bases, and tricarboxylic acid (TCA) cycle interme-
diates. Experimental methods for the screening of metabo-
lites in serum, urine, fecal extracts, and colon tissue include
1HNMR spectroscopy [79]. A very recent study tried to

search for metabolic biomarkers and the correlation with
serum zinc in Crohn’s disease patients. The result suggested
valine and isoleucine as differentiating metabolites for CD
diagnosis [77]. The authors have previously proposed that
1HNMR could be used as part of metabonomics to diagnose
CD, as the disease shows signs and symptoms similar to other
medical problems. Applications of NMR and supervised
pattern recognition in the field of metabonomics were also
reviewed in recent years [80].

According to an analysis of the fecal extracts of both
CD and UC patients, they were characterized by reduced
levels of butyrate, acetate, methylamine, and trimethylamine,
reflecting changes in the gut microbiota. Quantities of amino
acids were elevated in the feces from CD and UC, implying
malabsorption. Metabolic differences in fecal profiles were
more marked in the CD group, indicating more extensive
inflammation in the specific study. They reported that glyc-
erol resonances were a dominant feature of fecal spectra
from patients with CD [78]. A basic research also supports
the metabonomic approach to IBD. Metabolic profiling of
the fecal extracts of dextran sulfate sodium- (DSS-) induced
colitis mice with 1HNMR was reported. It was carried out to
assess the effects of probiotics on colonic inflammation. Mice
treated with probiotic lactic acid bacteria showed increased
short chain fatty acids levels in the feces [81].

Quantitative metabonomic profiling of serum, plasma,
and urine from human subjects with active CD and UC was
also performed, employing 1HNMR and “targeted analysis.”
In serum and plasma of IBD patients, methanol, mannose,
formate, 3-methyl-2-oxovalerate, and amino acids such as
isoleucine were prominently increased. In urine, maximal
increases were observed for mannitol, allantoin, xylose, and
carnitine. Both serum and plasma of UC and CD patients
showed significant decreases in urea and citrate, whereas, in
urine, decreases were observed, among others, for betaine
and hippurate.Themetabolic differences between theCDand
UC cohorts are less pronounced [82].

To identify tissue-specific markers associated with CD,
a metabonomic approach to monitor events associated
with the gradual development of CD-like ileitis in the
TNF(ΔARE/WT) mouse model was done using 1HNMR.
The approach showed shifts in the intestinal lipidmetabolism
concomitant to the histological onset of inflammation. The
advanced disease was characterized by a significantly altered
metabolism of cholesterol, triglycerides, phospholipids, plas-
malogens, and sphingomyelins in the inflamed ileal tissue and
the adjacent proximal colon. Modifications of the general cell
membrane composition, alteration of energy homeostasis,
and the generation of inflammatory lipid mediators could
explain the result [83].

Metabolism of the colonic mucosa itself of patients with
IBD was also reported using 1HNMR. In the active phase
of UC and CD, significantly lower concentration of amino
acids (isoleucine, leucine, valine, alanine, glutamate, and
glutamine), membrane components (choline, glycerophos-
phorylcholine, and myoinositol), lactate, and succinate was
observed compared to normal mucosa of controls. Patients
in the active phase of UC and CD also showed increased
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level of alpha-glucose compared to normal mucosa. In con-
trast to active disease, altered level of metabolites indicated
decreased protein and carbohydrate metabolism in patients
with chronic inflammation. Decreased energy status and
deterioration of mucosa integrity during chronic inflamma-
tion could explain these findings [84]. In a study based
on urinary metabolomics, individuals with IBD could be
differentiated from healthy ones. Major differences between
IBD and healthy included TCA cycle intermediates, amino
acids, and gut microflora metabolites [85].

NMR has shown possibilities to differentiate between UC
and CD, which is not always easy on clinical practice. Inter-
estingly, formate was significantly lower in colonic mucosa
of patients with active UC compared to patients with the
active colonic CD, suggesting the potential of in vitroMRS in
the differentiation of these two diseases [84]. NMR of urine
samples also revealed that hippurate levels were lowest in CD
patients and differed significantly between the three cohorts
(UC, CD, and healthy control). Urine formate levels were
higher and 4-cresol sulfate levels were lower in CD patients
than in UC patients or controls. PCA also revealed clustering
of the groups; PLS-DA modeling was able to distinguish the
cohorts [86].

3.4. Nanoparticles. Imaging of inflammatory sites can be
achieved by making use of several different characteristics of
affected tissues. A relatively new and promising application of
lipidic nanoparticles is their use as multimodal MR contrast
agents. The imaging of inflammatory sites has been studied
mainly in cardiovascular diseases such as atherosclerosis or
myocardiac infarction. Nanoparticles are employed not only
for diagnosis but also formonitoring of drug delivery [87, 88].
As many inflammatory conditions have distinct molecular
features in the diseased tissues, lipid-based nanoparticles
could be another possibility to evaluate CD.

Imaging of inflammatory sites can be achieved bymaking
use of several different characteristics of affected tissues.
Specific overexpression of endothelial adhesion molecules
caused by the inflammatory cytokines can be used as a target
for contrast agents. Ongoing angiogenic response could also
be used by injection of a nonspecific contrast agent which
would accumulate at the inflamed site. Magnetic nanopar-
ticles have frequently been used as MRI contrast agents as
they disturb the relaxation of nearby protons, thus darkening
T2-weighted MRIs. Depending on their size, nanoparticles
can be used to detect vascular leak. There was a report on
development of a noninvasive method using ferumoxtran-10
nanoparticles to visualize type 1 diabetes at the target organ
level in patients with active insulitis. Fermoxtran-10 has a
dextran coating and it is readily taken up by macroophages
without provoking activation or inducing proinflammatory
cytokines. It has been used in the noninvasive detection
of clinically occult cancer metastatic to lymph nodes. All
participants underwent at least 3 MRI scans: a premagnetic
nanoparticle (MNP) series, an immediate post-MNP series,
an indicator of vascular volume and useful for pancreas
volume estimates, and a delayed post-MNP series, which
likely reflects leakage of MNPs and retention by phagocytic
cells [89, 90].

In addition, migration of cells involved in inflammation
can be followed after labeling the cells with an appropriate
contrast material when cells are labeled outside the body
and subsequently injected [91, 92]. Currently, much effort
is being put into research on the targeted imaging of cell
adhesion molecules involved in inflammation. Targeting
of the adhesion molecule could be done with antibodies,
proteins, peptides, or small molecules conjugated to an MRI
contrast agent. Lipid-based contrast agents have beenused for
those strategies. However, there have not been enough studies
to apply this strategy specific to CD [93, 94].

Using fluorescent magnetic nanoparticles, a group of
researchers screened the library against different cell lines
and discovered a series of nanoparticles with high speci-
ficity for endothelial cells, activated human macrophages,
or pancreatic cancer cells [95]. Currently the studies using
nanoparticles particularly for CD have been scarce. It could
be a topic for researchers; however it currently has no clearly
established role in CD.

4. Conclusion

In recent years, MRE has become a part of standard diag-
nostic modality in CD. Novel MRI techniques such as DWI,
motility studies, PET-MRI, and molecular imaging might
further contribute to diagnosis and management of this
chronic inflammatory disease.
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Temizöz, “Peroral CT enterographywith lactulose solution: pre-
liminary observations,”American Journal of Roentgenology, vol.
185, no. 5, pp. 1173–1179, 2005.

[27] A. S. Borthne, J. B. Dormagen, K. I. Gjesdal, T. Storaas, I.
Lygren, and J. T. Geitung, “Bowel MR imaging with oral
Gastrografin: an experimental study with healthy volunteers,”
European Radiology, vol. 13, no. 1, pp. 100–106, 2003.

[28] S. Saini, E. Colak, S. Anthwal, P. A. Vlachou, A. Raikhlin, and
A. Kirpalani, “Comparison of 3% sorbitol vs psyllium fibre as
oral contrast agents in MR enterography,”The British Journal of
Radiology, vol. 87, no. 1042, p. 20140100, 2014.

[29] O. Algin, S. Evrimler, E. Ozmen et al., “A novel biphasic oral
contrast solution for enterographic studies,” Journal of Com-
puter Assisted Tomography, vol. 37, no. 1, pp. 65–74, 2013.

[30] D. J. Grand, M. Beland, and A. Harris, “Magnetic resonance
enterography,” Radiologic Clinics of North America, vol. 51, no.
1, pp. 99–112, 2013.

[31] A. G. Schreyer, A. Geissler, H. Albrich et al., “Abdominal MRI
after enteroclysis or with oral contrast in patients with sus-
pected or provenCrohn’s disease,”Clinical Gastroenterology and
Hepatology, vol. 2, no. 6, pp. 491–497, 2004.

[32] A. Negaard, L. Sandvik, A. E. Berstad et al., “MRI of the small
bowel with oral contrast or nasojejunal intubation in Crohn’s
disease: randomized comparison of patient acceptance,” Scan-
dinavian Journal of Gastroenterology, vol. 43, no. 1, pp. 44–51,
2008.

[33] K. P. Murphy, P. D. McLaughlin, O. J. O’Connor, and M. M.
Maher, “Imaging the small bowel,” Current Opinion in Gastro-
enterology, vol. 30, no. 2, pp. 134–140, 2014.

[34] J. R. Dillman, E. A. Smith, S. Khalatbari, and P. J. Strouse, “IV
glucagon use in pediatric MR enterography: effect on image
quality, length of examination, and patient tolerance,”American
Journal of Roentgenology, vol. 201, no. 1, pp. 185–189, 2013.

[35] A. Nozaki, “Single shot fast spin echo (SSFSE),” Nihon Rinsho,
vol. 56, no. 11, pp. 2792–2797, 1998.

[36] K. Scheffler and S. Lehnhardt, “Principles and applications of
balanced SSFP techniques,” European Radiology, vol. 13, no. 11,
pp. 2409–2418, 2003.

[37] J. Courtier, M. Ohliger, S. J. Rhee, O. Terreblanche, M. B.
Heyman, and J. D.Mackenzie, “Shooting amoving target: use of
real-time cinemagnetic resonance imaging in assessment of the
small bowel,” Journal of Pediatric Gastroenterology and Nutri-
tion, vol. 57, no. 4, pp. 426–431, 2013.



8 BioMed Research International

[38] M. Wakamiya, A. Furukawa, S. Kanasaki, and K. Murata,
“Assessment of small bowel motility function with cine-MRI
using balanced steady-state free precession sequence,” Journal of
Magnetic Resonance Imaging, vol. 33, no. 5, pp. 1235–1240, 2011.

[39] D. Lohan, C. Cronin, C.Meehan, A.N. Alhajeri, C. Roche, and J.
Murphy, “MR small bowel enterography: optimization of imag-
ing timing,” Clinical Radiology, vol. 62, no. 8, pp. 804–807, 2007.

[40] D. J.M. Tolan, R. Greenhalgh, I. A. Zealley, S. Halligan, and S. A.
Taylor, “MR enterographic manifestations of small bowel crohn
disease,” Radiographics, vol. 30, no. 2, pp. 367–384, 2010.

[41] C.Dagia,M.Ditchfield,M.Kean, andA.Catto-Smith, “Feasibil-
ity of 3-T MRI for the evaluation of Crohn disease in children,”
Pediatric Radiology, vol. 40, no. 10, pp. 1615–1624, 2010.

[42] K. J. Chang, I. R. Kamel, K. J. Macura, and D. A. Bluemke, “3.0-
T MR imaging of the Abdomen: comparison with 1.5 T,” Radio-
graphics, vol. 28, no. 7, pp. 1983–1998, 2008.

[43] A. Buisson, A. Joubert, P.-F. Montoriol et al., “Diffusion-
weighted magnetic resonance imaging for detecting and assess-
ing ileal inflammation in Crohn’s disease,” Alimentary Pharma-
cology andTherapeutics, vol. 37, no. 5, pp. 537–545, 2013.

[44] A. Oto, F. Zhu, K. Kulkarni, G. S. Karczmar, J. R. Turner,
and D. Rubin, “Evaluation of diffusion-weighted MR imaging
for detection of bowel inflammation in patients with Crohn’s
disease,” Academic Radiology, vol. 16, no. 5, pp. 597–603, 2009.

[45] S. Kiryu, K. Dodanuki, H. Takao et al., “Free-breathing diffu-
sion-weighted imaging for the assessment of inflammatory acti-
vity in crohn’s disease,” Journal of Magnetic Resonance Imaging,
vol. 29, no. 4, pp. 880–886, 2009.

[46] A.Oto, A. Kayhan, J. T. B.Williams et al., “Active Crohn’s disease
in the small bowel: evaluation by diffusion weighted imaging
and quantitative dynamic contrast enhanced MR imaging,”
Journal of Magnetic Resonance Imaging, vol. 33, no. 3, pp. 615–
624, 2011.

[47] C. Hordonneau, A. Buisson, J. Scanzi et al., “Diffusion-weighted
magnetic resonance imaging in ileocolonic Crohn’s disease:
validation of quantitative index of activity,” The American
Journal of Gastroenterology, vol. 109, no. 1, pp. 89–98, 2014.

[48] C. Schmid-Tannwald, G. Agrawal, F. Dahi, I. Sethi, and A. Oto,
“Diffusion-weighted MRI: role in detecting abdominopelvic
internal fistulas and sinus tracts,” Journal of Magnetic Resonance
Imaging, vol. 35, no. 1, pp. 125–131, 2012.

[49] J. Satsangi, M. S. Silverberg, S. Vermeire, and J.-F. Colombel,
“The Montreal classification of inflammatory bowel disease:
controversies, consensus, and implications,” Gut, vol. 55, no. 6,
pp. 749–753, 2006.

[50] N. Griffin, L. A. Grant, S. Anderson, P. Irving, and J. Sanderson,
“Small bowel MR enterography: problem solving in Crohn’s
disease,” Insights into Imaging, vol. 3, no. 3, pp. 251–263, 2012.

[51] F. Maccioni, “Introduction to the feature section on “crohn’s
disease activity: MRI assessment and clinical implications”,”
Abdominal Imaging, vol. 37, no. 6, pp. 917–920, 2012.

[52] G. A. J. Sempere, V. M. Sanjuan, E. M. Chulia et al., “MRI eval-
uation of inflammatory activity in Crohn’s disease,” American
Journal of Roentgenology, vol. 184, no. 6, pp. 1829–1835, 2005.

[53] R. del Vescovo, I. Sansoni, R. Caviglia et al., “Dynamic contrast
enhanced magnetic resonance imaging of the terminal ileum:
differentiation of activity of Crohn’s disease,” Abdominal Imag-
ing, vol. 33, no. 4, pp. 417–424, 2008.

[54] M. Zappa, C. Stefanescu, D. Cazals-Hatem et al., “Which mag-
netic resonance imaging findings accurately evaluate inflamma-
tion in small bowelCrohn’s disease?A retrospective comparison

with surgical pathologic analysis,” Inflammatory Bowel Diseases,
vol. 17, no. 4, pp. 984–993, 2011.

[55] S. Punwani, M. Rodriguez-Justo, A. Bainbridge et al., “Mural
inflammation in Crohn disease: location-matched histologic
validation of MR imaging features,” Radiology, vol. 252, no. 3,
pp. 712–720, 2009.

[56] P. Rodriguez, R. Mendez, F. Matute, P. Hernandez, and J. L.
Mendoza, “Imaging crohn disease: MR enterography,” Journal
of Computer Assisted Tomography, vol. 38, no. 2, pp. 219–227,
2014.

[57] R. Sinha, P. Rajiah, P.Murphy, P.Hawker, and S. Sanders, “Utility
of high-resolution MR imaging in demonstrating transmural
pathologic changes inCrohn disease,”Radiographics, vol. 29, no.
6, pp. 1847–1867, 2009.

[58] K. A. Herrmann, H. J. Michaely, C. J. Zech, J. Seiderer, M. F.
Reiser, and S.O. Schoenberg, “Internal fistulas inCrohndisease:
magnetic resonance enteroclysis,” Abdominal Imaging, vol. 31,
no. 6, pp. 675–687, 2006.

[59] G. Schill, I. Iesalnieks, M. Haimerl et al., “Assessment of disease
behavior in patients with crohn’s disease by MR enterography,”
Inflammatory Bowel Diseases, vol. 19, no. 5, pp. 983–990, 2013.

[60] C. Friedrich, A. Fajfar, M. Pawlik et al., “Magnetic resonance
enterography with and without biphasic contrast agent enema
compared to conventional ileocolonoscopy in patients with
Crohn’s disease,” Inflammatory Bowel Diseases, vol. 18, no. 10,
pp. 1842–1848, 2012.

[61] F. Maccioni, M. A. Patak, A. Signore, and A. Laghi, “New
frontiers ofMRI in Crohn’s disease: motility imaging, diffusion-
weighted imaging, perfusionMRI,MR spectroscopy,molecular
imaging, and hybrid imaging (PET/MRI),”Abdominal Imaging,
vol. 37, no. 6, pp. 974–982, 2012.

[62] S. Bickelhaupt, J. M. Froehlich, R. Cattin et al., “Software-
assisted small bowelmotility analysis using free-breathingMRI:
feasibility study,” Journal ofMagnetic Resonance Imaging, vol. 39,
no. 1, pp. 17–23, 2014.

[63] J. L. Cullmann, S. Bickelhaupt, J. M. Froehlich et al., “MR imag-
ing in Crohn’s disease: correlation ofMRmotility measurement
with histopathology in the terminal ileum,”Neurogastroenterol-
ogy and Motility, vol. 25, no. 9, pp. e749–e577, 2013.

[64] S. Bickelhaupt, S. Pazahr, N. Chuck et al., “Crohn’s disease:
Small bowelmotility impairment correlates with inflammatory-
related markers C-reactive protein and calprotectin,”Neurogas-
troenterology and Motility, vol. 25, no. 6, pp. 467–473, 2013.

[65] A. Menys, S. A. Taylor, A. Emmanuel et al., “Global small bowel
motility: assessment with dynamic MR imaging,” Radiology,
vol. 269, no. 2, pp. 443–450, 2013.

[66] H. Jadvar and P. M. Colletti, “Competitive advantage of PET/
MRI,” European Journal of Radiology, vol. 83, no. 1, pp. 84–94,
2014.

[67] J. K. Nicholson, J. C. Lindon, and E. Holmes, ““Metabonomics”:
understanding the metabolic responses of living systems to
pathophysiological stimuli viamultivariate statistical analysis of
biological NMR spectroscopic data,” Xenobiotica, vol. 29, no. 11,
pp. 1181–1189, 1999.

[68] K. Pinker, A. Stadlbauer, W. Bogner, S. Gruber, and T. H.
Helbich, “Molecular imaging of cancer: MR spectroscopy and
beyond,” European Journal of Radiology, vol. 81, no. 3, pp. 566–
577, 2012.

[69] M. E. Mullins, “MR spectroscopy: truly molecular imaging;
past, present and future,” Neuroimaging Clinics of North Amer-
ica, vol. 16, no. 4, pp. 605–618, 2006.



BioMed Research International 9

[70] A. W. J. M. Glaudemans, F. Maccioni, L. Mansi, R. A. J. O.
Dierckx, and A. Signore, “Imaging of cell trafficking in Crohn’s
disease,” Journal of Cellular Physiology, vol. 223, no. 3, pp. 562–
571, 2010.

[71] R. J. Gillies and D. L. Morse, “In vivo magnetic resonance spec-
troscopy in cancer,” Annual Review of Biomedical Engineering,
vol. 7, pp. 287–326, 2005.

[72] C. Ludwig andM. R. Viant, “Two-dimensional J-resolved NMR
spectroscopy: reviewof a keymethodology in themetabolomics
toolbox,” Phytochemical Analysis, vol. 21, no. 1, pp. 22–32, 2010.

[73] A. M. Weljie, J. Newton, P. Mercier, E. Carlson, and C. M.
Slupsky, “Targeted pofiling: quantitative analysis of 1H NMR
metabolomics data,” Analytical Chemistry, vol. 78, no. 13, pp.
4430–4442, 2006.

[74] E. M. Lenz, J. Bright, I. D. Wilson, S. R. Morgan, and A. F.
P. Nash, “A 1H NMR-based metabonomic study of urine and
plasma samples obtained fromhealthy human subjects,” Journal
of Pharmaceutical and Biomedical Analysis, vol. 33, no. 5, pp.
1103–1115, 2003.

[75] E.M. Lenz, J. Bright, I. D.Wilson et al., “Metabonomics, dietary
influences and cultural differences: a 1H NMR-based study
of urine samples obtained from healthy British and Swedish
subjects,” Journal of Pharmaceutical and Biomedical Analysis,
vol. 36, no. 4, pp. 841–849, 2004.

[76] U. Sharma, R. R. Singh, V. Ahuja, G. K. Makharia, and N.
R. Jagannathan, “Similarity in the metabolic profile in macro-
scopically involved and un-involved colonic mucosa in patients
with inflammatory bowel disease: an in vitro proton ((1)H) MR
spectroscopy study,” Magn Reson Imaging, vol. 28, no. 7, pp.
1022–1029, 2010.

[77] F. Fathi, L. Majari-Kasmaee, A. Mani-Varnosfaderani et al., “1H
NMR based metabolic profiling in crohn’s disease by random
forest methodology,”Magnetic Resonance in Chemistry, vol. 52,
no. 7, pp. 370–376, 2014.

[78] J. R.Marchesi, E. Holmes, F. Khan et al., “Rapid and noninvasive
metabonomic characterization of inflammatory bowel disease,”
Journal of Proteome Research, vol. 6, no. 2, pp. 546–551, 2007.

[79] M. Storr, H. J. Vogel, and R. Schicho, “Metabolomics: is it
useful for inflammatory bowel diseases?” Current Opinion in
Gastroenterology, vol. 29, no. 4, pp. 378–383, 2013.

[80] F. Fathi, F. Ektefa, M. Hagh-Azali, and H. A. Aghdaie, “Metabo-
nomics exposes metabolic biomarkers of Crohn’s disease by
1HNMR,” Gastroenterology and Hepatology from Bed to Bench,
vol. 6, supplement 1, pp. S19–S22, 2013.

[81] Y.-S. Hong, Y.-T. Ahn, J.-C. Park et al., “1H NMR-based meta-
bonomic assessment of probiotic effects in a colitis mouse
model,” Archives of Pharmacal Research, vol. 33, no. 7, pp. 1091–
1101, 2010.

[82] R. Schicho, R. Shaykhutdinov, J. Ngo et al., “Quantitative meta-
bolomic profiling of serum, plasma, and urine by 1HNMRspec-
troscopy discriminates between patients with inflammatory
bowel disease and healthy individuals,” Journal of Proteome
Research, vol. 11, no. 6, pp. 3344–3357, 2012.

[83] P. Baur, F.-P.Martin, L. Gruber et al., “Metabolic phenotyping of
the Crohn’s disease-like IBD etiopathology in the TNFΔ𝐴𝑅𝐸/𝑊𝑇
mouse model,” Journal of Proteome Research, vol. 10, no. 12, pp.
5523–5535, 2011.

[84] K. Balasubramanian, S. Kumar, R. R. Singh et al., “Metabolism
of the colonic mucosa in patients with inflammatory bowel dis-
eases: an in vitro proton magnetic resonance spectroscopy
study,” Magnetic Resonance Imaging, vol. 27, no. 1, pp. 79–86,
2009.

[85] N. S. Stephens, J. Siffledeen, X. Su, T. B. Murdoch, R. N.
Fedorak, and C. M. Slupsky, “Urinary NMR metabolomic pro-
files discriminate inflammatory bowel disease from healthy,”
Journal of Crohn’s and Colitis, vol. 7, no. 2, pp. e42–e48, 2013.

[86] H. R. T.Williams, I. J. Cox,D.G.Walker et al., “Characterization
of inflammatory bowel disease with urinary metabolic profil-
ing,” The American Journal of Gastroenterology, vol. 104, no. 6,
pp. 1435–1444, 2009.

[87] B. C. te Boekhorst, G. A. van Tilborg, G. J. Strijkers, and K.
Nicolay, “Molecular MRI of inflammation in atherosclerosis,”
Current Cardiovascular Imaging Reports, vol. 5, no. 1, pp. 60–68,
2012.

[88] L. E. Paulis, T. Geelen, M. T. Kuhlmann et al., “Distribution of
lipid-based nanoparticles to infarcted myocardium with poten-
tial application for MRI-monitored drug delivery,” Journal of
Controlled Release, vol. 162, no. 2, pp. 276–285, 2012.

[89] S. A. Sargsyan and J. M.Thurman, “Molecular imaging of auto-
immune diseases and inflammation,”Molecular Imaging, vol. 11,
no. 3, pp. 251–264, 2012.

[90] J. L. Gaglia, A. R. Guimaraes, M. Harisinghani et al., “Noninva-
sive imaging of pancreatic islet inflammation in type 1Adiabetes
patients,” Journal of Clinical Investigation, vol. 121, no. 1, pp. 442–
445, 2011.

[91] M. E. Kool, V. C. Cappendijk, K. B. J. M. Cleutjens et al., “Accu-
mulation of ultrasmall superparamagnetic particles of iron
oxide in human atherosclerotic plaques can be detected by in
vivo magnetic resonance imaging,” Circulation, vol. 107, no. 19,
pp. 2453–2458, 2003.

[92] M. F. Kircher, J. R. Allport, E. E. Graves et al., “In vivo high
resolution three-dimensional imaging of antigen-specific cyto-
toxic T-lymphocyte trafficking to tumors,”Cancer Research, vol.
63, no. 20, pp. 6838–6846, 2003.

[93] J. Barkhausen,W. Ebert, C. Heyer, J. F. Debatin, and H.-J. Wein-
mann, “Detection of atherosclerotic plaque with gadofluorine-
enhanced magnetic resonance imaging,” Circulation, vol. 108,
no. 5, pp. 605–609, 2003.

[94] W. J. M. Mulder, G. J. Strijkers, G. A. F. van Tilborg, A. W. Grif-
fioen, and K. Nicolay, “Lipid-based nanoparticles for contrast-
enhanced MRI and molecular imaging,” NMR in Biomedicine,
vol. 19, no. 1, pp. 142–164, 2006.

[95] R.Weissleder, K. Kelly, E. Y. Sun, T. Shtatland, and L. Josephson,
“Cell-specific targeting of nanoparticles by multivalent attach-
ment of small molecules,” Nature Biotechnology, vol. 23, no. 11,
pp. 1418–1423, 2005.



Clinical Study
Pretreatment Diffusion-Weighted MRI Can Predict
the Response to Neoadjuvant Chemotherapy in Patients with
Nasopharyngeal Carcinoma

Guo-Yi Zhang,1 Yue-Jian Wang,1 Jian-Ping Liu,2 Xin-Han Zhou,2 Zhi-Feng Xu,2

Xiang-Ping Chen,1 Tao Xu,1 Wei-Hong Wei,1 Yang Zhang,1 and Ying Huang3

1Cancer Center, Cancer Research Institute, Foshan Hospital, Sun Yat-sen University, Foshan, Guangdong 528000, China
2Imaging Diagnosis Center, Foshan Hospital, Sun Yat-sen University, Foshan, Guangdong 528000, China
3Department of Radiation Oncology, State Key Laboratory of Oncology in Southern China, Collaborative Innovation Center of
Cancer Medicine, Cancer Center, Sun Yat-sen University, Guangzhou, Guangdong 510060, China

Correspondence should be addressed to Ying Huang; huangying@sysucc.org.cn

Received 22 August 2014; Revised 31 March 2015; Accepted 1 April 2015

Academic Editor: Zhengchao Dong

Copyright © 2015 Guo-Yi Zhang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Purpose. To explore the potential of diffusion-weighted (DW) magnetic resonance imaging (MRI) using apparent diffusion
coefficient (ADC) for predicting the response to neoadjuvant chemotherapy in nasopharyngeal carcinoma (NPC). Methods
and Materials. Ninety-two consecutive patients with NPC who underwent three cycles of neoadjuvant chemotherapy were
retrospectively analyzed. DW and anatomical MRI were performed before and after neoadjuvant chemotherapy prior to
radiotherapy. Pretreatment ADCs and percentage increases in ADC after chemotherapy were calculated for the primary lesions and
metastatic adenopathies. Receiver operating characteristic curve analysis was used to select optimal pretreatment ADCs. Results.
Pretreatment mean ADCs were significantly lower for responders than for nonresponders (primary lesions, 𝑃 = 0.012; metastatic
adenopathies, 𝑃 = 0.013). Mean percentage increases in ADCwere higher for responders than for nonresponders (primary lesions,
𝑃 = 0.008; metastatic adenopathies, 𝑃 < 0.001). The optimal pretreatment primary lesion and metastatic adenopathy ADCs for
differentiating responders fromnonresponders were 0.897× 10−3mm2/sec and 1.031× 10−3mm2/sec, respectively.Conclusions. NPC
patients with low pretreatment ADCs tend to respond better to neoadjuvant chemotherapy. Pretreatment ADCs could be used as
a new pretreatment imaging biomarker of response to neoadjuvant chemotherapy.

1. Introduction

Nasopharyngeal carcinoma (NPC) is one of the most com-
mon malignancies in Southeast Asia, especially in the south-
ern provinces of China [1]. In patients with advanced NPC,
neoadjuvant chemotherapy has been established as an alter-
native treatment for reducing tumor size, thereby facilitating
local control and improving the disease-free survival rate, but
not the overall survival rate, after administration of subse-
quent concurrent chemoradiotherapy [2–7]. However, not all
patients respond to neoadjuvant chemotherapy, so identifi-
cation of nonresponders at the time of pretreatment staging
would allow the treatment regimens of individual patients
to be modified or altered to concurrent chemoradiotherapy.

Currently, anatomical magnetic resonance imaging
(MRI) is normally used to assess the tumor response after
neoadjuvant chemotherapy in NPC [8, 9], though changes
in the morphologically based measures of tumor diameter
and volume occur relatively late during the treatment course.
Furthermore, anatomical MRI cannot be used to predict
the tumor response to neoadjuvant chemotherapy prior to
treatment. The value of 18F-fluorodeoxyglucose positron
emission tomography (FDG-PET) with respect to predicting
tumor response is often hampered by its false-positive and
expensive check cost [10, 11]. Therefore, it would be advan-
tageous to identify novel imaging biomarkers that could
predict the response to neoadjuvant chemotherapy prior to
treatment in patients with NPC.
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Diffusion-weighted (DW) MRI measures the diffusivity
of water molecules within tissue extracellular spaces, which
is quantified using apparent diffusion coefficients (ADCs).
In general, intratumoral cell death induced by treatment
increases water diffusion and leads to an increase in the
ADC. Some early studies showed that DWMRI is helpful for
predicting or detecting the response to chemoradiotherapy
or radiosensitivity in head and neck carcinoma [12–19]. How-
ever, the efficacy of pretreatment ADCs obtained byDWMRI
for predicting the response to neoadjuvant chemotherapy
in NPC, or other head and neck carcinomas, has not been
reported.The purpose of this study was to evaluate the poten-
tial of DW MRI using ADCs for predicting the response to
neoadjuvant chemotherapy in patients with NPC.

2. Materials and Methods

2.1. Patients. This retrospective study was approved by the
institutional review board and written informed consent was
obtained from all participating patients or their next of kin.
This study comprised 98 ethnic Chinese patients who were
newly diagnosed with untreated and nonmetastatic NPC
and who underwent both DW MRI and anatomical MRI
before (baseline MRI) and after neoadjuvant chemotherapy
but before radiotherapy (follow-up MRI) between March
2010 and April 2014. Median time between baseline MRI
and the start of chemotherapy was 8 days (range, 2–21 days).
Median time between the completion of chemotherapy and
follow-upMRI was 16 days (range, 6–21 days). All 98 patients
underwent the same neoadjuvant chemotherapeutic regimen
and subsequently received intensity-modulated radiotherapy
(IMRT). Six patients were later excluded from the study for
the following reasons: four failed to complete three cycles
of neoadjuvant chemotherapy, and two had inadequate DW
MRI image quality due to excessive susceptibility or motion
artifacts.The remaining 92 patients included 70 males (mean
age, 46.5 years; range, 21–73 years) and 22 females (mean age,
44.3 years; range, 20–71 years). The World Health Organi-
zation (WHO) histologic type distribution was as follows:
type I (𝑛 = 1), type II (𝑛 = 9), and type III (𝑛 = 82).
According to the 2010 American Joint Committee on Cancer
(AJCC) tumor-node-metastases (TNM) staging system [20],
the prechemotherapy clinical stage distribution was as fol-
lows: stage III, 52 patients; IVA, 29; and IVB, 11.

Neoadjuvant chemotherapy consisted of docetaxel
(60mg/m2 or 65mg/m2 d1), cisplatin (60mg/m2 or 65mg/
m2 d1), and fluorouracil (600mg/m2 or 650mg/m2 d1–5) via
intravenous infusion, repeated every 21 days for 3 cycles. After
neoadjuvant chemotherapy, all patients were treated with
definitive IMRT followed by concomitant chemotherapy (30–
40mg/m2 cisplatin or nedaplatin weekly).

2.2. Imaging Protocol. All patients underwent MRI using a
1.5 Tesla system (Signa CV/i, GE Healthcare, Milwaukee, WI,
USA). The region from the suprasellar cistern to the inferior
margin of the sternal end of the clavicle was examined using
a head and neck combined coil. A T2-weighted fast spin-echo
(FSE) sequence in the axial plane with a matrix of 512 × 512
and repetition time (TR)/echo time (TE) = 2889ms/70.8ms,

a T1-weighted FSE sequence in the axial, coronal, and sagittal
planeswith amatrix of 560× 560 andTR/TE=627ms/8.6ms,
and an echo-planarDWI sequencewith amatrix of 224× 224,
TR/TE = 1360ms/89.8ms, and 𝑏-values of 0, 100, 500, and
1,000 s/mm2 were obtained before injection of contrast mate-
rial. After intravenous injection of Gd-DTPA at a dose of
0.1mmol/kg body weight, T1-weighted axial and sagittal
sequences and T1-weighted fat-suppressed coronal sequences
were performed sequentially, with parameters similar to
those applied before the Gd-DTPA injection. The section
thickness and interslice gap were 5 mm and 0 mm, respec-
tively.

2.3. Image Assessment. The MRI scans were evaluated
independently on a work station (Medi-PACS, Vancouver,
Canada) by two radiologists, each with over 10 years of
experience interpreting NPC MR images; any differences
were resolved by consensus. Both radiologists were blinded to
the therapeutic responses to neoadjuvant chemotherapy and
other clinical findings.

Regions of interest (ROIs) were placed on the primary
lesions and metastatic adenopathies on the images acquired
using a 𝑏-value of 0 s/mm2 (excluding any necrotic regions
identified with the aid of the T2-weighted and T1-weighted
postcontrast MR images), and then the ROIs were automat-
ically copied to the other 𝑏-value images by the software.
Subsequently, all ROIs were merged per lesion for each 𝑏-
value, and the average SI was calculated for the entire lesion.
ADCs were derived using the following equation: ADC =
− ln[SI(𝑏)/SI(0)]/𝑏, where 𝑏 is the diffusion weighting factor
and SI(𝑏) and SI(0) are the signal intensities with and without
diffusion-sensitizing gradients, respectively [19]. Percentage
increases inADC (ADC%)were calculated as follows: ADC%
= (ADCpost − ADCpre)/ADCpre × 100, where ADCpre and
ADCpost are the pre- and posttreatment ADCs, respectively.

For each lesion, contours were drawn around the lesion
border at each slice position based on anatomical MRI. Sub-
sequently, the volume of each lesion was calculated using the
following equation: (Σsurface at each slice position) ∗ (slice
thickness + interslice gap). Percentage increases in volume
(𝑉%)were calculated as follows:𝑉%= (𝑉post−𝑉pre)/𝑉pre×
100, where 𝑉pre and 𝑉post are the pre- and posttreatment
tumor volume, respectively.

The Response Evaluation Criteria in Solid Tumors
(RECIST) guidelines were used to classify patients as respon-
ders or nonresponders on the basis of anatomical MRI [21].
A patient was considered to be a responder if all assessable
lesions (both primary lesion and metastatic adenopathies)
completely disappeared or partially reduced (≥30% in the
sum of the maximal diameters) on the follow-up MRI. A
patient was considered to be a nonresponder if measurable
lesions were stable (<30% reduction or <20% increase in the
sum of themaximal diameters) or progressed (≥20% increase
in the area(s) of the original lesion(s) or the appearance of
new lesions) on the follow-up MRI.

2.4. Statistical Analysis. Interreader agreement was evaluated
with Cohen K coefficient for the image assessment. A K
value of 0.4–0.6 indicatedmoderate agreement; 0.6–0.8, good
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agreement; and above 0.8, very good agreement [22]. The
independent-samples t-test was used to compare the respon-
ders and nonresponders with respect to tumor volume
(mean tumor volume of primary lesions and metastatic
adenopathies before and after chemotherapy), pre- and post-
treatment mean ADCs, and percentage increases in ADCs
after chemotherapy. Fisher’s exact test was used to compare
age, sex, tumor pathology, and clinical stage between respon-
ders and nonresponders. Spearman’s rank correlation was
performed to evaluate the correlation between (a) the changes
in ADCs and change in tumor volume on follow-up MRI
and (b) pretreatment tumor ADCs and percentage change in
tumor volume after chemotherapy.

To determine the optimal pretreatment ADC cutoff val-
ues with which to differentiate responders from nonrespon-
ders, receiver operating characteristic (ROC) curves and the
areas under the curve (AUCs) were to evaluate the effective-
ness of different criteria.The optimal cutoff value was defined
as the value corresponding to the highest average sensitivity
and specificity. The overall accuracy was represented by the
AUC: the larger the area, the better the test. Sensitivity,
specificity, and accuracy were calculated using the standard
definitions [23]. SPSS version 16.0 (IBM, Armonk, NY, USA)
was used for all data analyses, except for Fisher’s exact test
and ROC curve analysis that were performed using MedCalc
software version 10.3.0.0 (MedCalc software, Mariakerke,
Belgium). P-values < 0.05 were considered significant.

3. Results

3.1. Interobserver Agreement. In the per-lesion analysis, there
was excellent agreement for the image assessment between
observers 1 and 2, with K coefficients of 0.930 and 0.932
for pre- and posttreatment volume of primary lesions, 0.937
and 0.934 for pre- and posttreatment volume of metastatic
adenopathies, 0.927 and 0.924 for pre- and posttreatment
ADCs of primary lesions, and 0.931 and 0.928 for pre- and
posttreatment ADCs of metastatic adenopathies. Any differ-
ences between observers 1 and 2 were resolved by consensus.

3.2. Treatment Outcomes. After completion of neoadju-
vant chemotherapy, the primary tumor treatment responses
were distributed as follows: complete resolution, 24 (26.1%)
patients; partial resolution, 55 (59.8%) patients; and stability,
13 (14.1%) patients. The treatment responses of the metastatic
cervical lymph nodes were distributed as follows: complete
resolution, 44 (55.0%) patients; partial resolution, 26 (32.5%)
patients; and stability, 10 (12.5%) patients. When the treat-
ment responses of the primary tumor and metastatic cervical
lymph nodes were considered together, 76 (82.6%) of the 92
patients were categorized as responders, and 16 (17.4%) were
categorized as nonresponders (Table 1). No significant differ-
ences were observed between responders and nonresponders
with respect to age, sex, tumor histology, or clinical stage
(Table 2).

3.3. DW MRI and Tumor Volume. The mean tumor vol-
umes of the primary lesions and metastatic adenopathies
at prechemotherapy MRI were 37.2 cm3 (median, 36.6 cm3;

Table 1: Response to neoadjuvant chemotherapy in 92 patients with
NPC.

Response
Number of patients

NP
(𝑛 = 92)

LN
(𝑛 = 80)∗

Combination
(NP + LN)

Responders
Complete response 24 (26.1%) 44 (55.0%) 20 (21.7%)
Partial response 55 (59.8%) 26 (32.5%) 56 (60.9%)

Nonresponders
Stable disease 13 (14.1%) 10 (12.5%) 16 (17.4%)
Progressive disease 0 (0%) 0 (0%) 0 (0%)

NP = nasopharynx; LN = regional neck lymph nodes.
∗12 patients with N0 disease were not included in the analysis.

Table 2: Clinicopathologic features of the responders and nonre-
sponders.

Characteristic
Number of patients

𝑃-valueResponders
(𝑛 = 76)

Nonresponders
(𝑛 = 16)

Sex
Male 58 12 1.000
Female 18 4

Age
≥50 years 26 6 0.802
<50 years 50 10

WHO pathologic type
Type 1 1 0

0.834Type 2 7 2
Type 3 68 14

Clinical stage (2010)
III 43 9

0.997IVA 24 5
IVB 9 2

WHO =World Health Organization.

range, 3.8–96.5 cm3) and 18.4 cm3 (median, 16.2 cm3; range,
1.3–49 cm3), respectively. No significant difference was
observed between responders and nonresponders in terms
of the mean pretreatment tumor volume (primary lesions,
36.6 cm3 ± 2.7 (standard error) versus 40.4 cm3 ± 6.7, P =
0.770; metastatic adenopathies, 18.6 cm3 ± 1.7 versus 19.5 cm3
± 4.5, P = 0.906). However, after completion of neoadjuvant
chemotherapy, responders had a smaller mean tumor volume
than nonresponders (primary lesions, 9.2 cm3 ± 1.2 versus
28.0 cm3 ± 4.7, P = 0.014; metastatic adenopathies, 2.6 cm3 ±
0.5 versus 12.6 cm3 ± 2.9, P = 0.003) (Table 3).

Before neoadjuvant chemotherapy, the mean ADCs of
responders were significantly lower than that of nonrespon-
ders (primary lesions: [0.798 ± 0.007] × 10−3mm2/sec versus
× 10−3mm2/sec, P = 0.012; metastatic adenopathies: [0.964 ±
0.010] × 10−3mm2/sec versus [1.135 ± 0.042] × 10−3mm2/sec,
P = 0.013). After completion of neoadjuvant chemotherapy,
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Figure 1: (a) Comparison of pretreatment ADCs for responders and nonresponders in patients with NPC. Responders had significantly
lower pretreatment ADCs (primary lesions, P = 0.012; metastatic adenopathies, P = 0.013). (b) Comparison of ΔADCs for responders and
nonresponders. Responders had significantly higher ΔADCs (primary lesions, P = 0.008; metastatic adenopathies, P < 0.001). Box-whisker
plots are presented withmedian (-), interquartile range (box), andminima/maxima (-). NP = nasopharynx; LN = regional neck lymph nodes.

Table 3: Tumor volume and ADCs of the primary tumor and
metastatic adenopathies in 92 patients with NPC.

Characteristic
Number of patients

𝑃-valueResponders
(𝑛 = 76)

Nonresponders
(𝑛 = 16)

Tumor volume (cm3)
NP pretreatment 37.3 ± 2.7 36.2 ± 7.0 0.884
NP posttreatment 9.1 ± 1.2 23.7 ± 4.7 0.010
LN pretreatment 18.2 ± 1.7 20.0 ± 4.6 0.708
LN posttreatment 2.4 ± 0.5 14.3 ± 3.1 0.004

ADC (×10−3mm2/sec)
NP pretreatment 0.809 ± 0.009 0.953 ± 0.038 0.003
NP posttreatment 1.276 ± 0.007 1.306 ± 0.033 0.182
LN pretreatment 0.966 ± 0.010 1.121 ± 0.045 0.007
LN posttreatment 1.354 ± 0.009 1.355 ± 0.045 0.983

Increase in ADC (%)
NP 58.5 ± 1.0 38.2 ± 3.1 <0.001
LN 40.4 ± 0.5 21.2 ± 1.3 <0.001

NP = nasopharynx; LN = regional neck lymph nodes.

no significant difference in the mean ADCs was observed
between responders and nonresponders (primary lesions:
[1.274 ± 0.011] × 10−3mm2/sec versus [1.366 ± 0.020] ×
10−3mm2/sec, P = 0.526; metastatic adenopathies: [1.354 ±
0.013] × 10−3mm2/sec versus [1.427 ± 0.031] × 10−3mm2/sec,
P = 0.217). However, the mean percentage increases in the
ADCs were significantly greater in responders than in non-
responders (primary lesions, 60.0% ± 2.4 versus 34.8% ± 3.2,
P = 0.008; metastatic adenopathies, 40.7% ± 2.7 versus 26.5%
± 3.3, P < 0.001) (Figures 1 and 2) (Table 3). Additionally, the
changes in theADCs correlatedwith the change in tumor vol-
ume at follow-up MRI (primary lesions: r = 0.611, P < 0.001;

metastatic adenopathies: r = 0.676, P < 0.001). Furthermore, a
strong negative correlation was observed between the mean
pretreatment tumor ADC and percentage change in tumor
volume after chemotherapy (primary lesions: r = −0.570, P <
0.001; metastatic adenopathies: r = −0.423, P < 0.001).

3.4. ROC Curve Analysis. The optimal pretreatment primary
tumor ADC for differentiating responders from nonrespon-
ders using ROC curve analysis was 0.897× 10−3mm2/sec; this
cutoff value had a sensitivity of 89.9% (71/79; 95% confidence
interval: 81.0–95.5%), specificity of 76.9% (10/13; 95% con-
fidence interval: 46.2–95.0%), and area under the empirical
ROC curve of 0.821 (95% confidence interval: 0.727–0.893).
The optimal pretreatment metastatic adenopathy ADC cutoff
value for differentiating responders from nonresponders was
1.031 × 10−3mm2/sec, which yielded a sensitivity of 85.7%
(60/70; 95% confidence interval: 75.3–92.9%), specificity of
80.0% (8/10; 95% confidence interval: 44.4–97.5%), and area
under the empirical ROC curve of 0.830 (95% confidence
interval: 0.730–0.905) (Figure 3).

4. Discussion

This study demonstrated that, in patients with NPC, respon-
ders to neoadjuvant chemotherapy have significantly lower
pretreatment ADCs than nonresponders, and a strong nega-
tive correlation exists between the mean pretreatment ADCs
and percentage change in tumor volume on follow-up MRI.
The patients with lower pretreatment ADCs had a better
response to neoadjuvant chemotherapy compared to those
with higher pretreatment ADCs, in accordance with other
clinical studies [24–27]. In rectal cancer [24, 25] and breast
cancer [26, 27], responders had lower ADCs before neoadju-
vant chemotherapy than nonresponders. Therefore, we sug-
gest that pretreatment ADCs could be used as a novel imag-
ing biomarker to predict the response before neoadjuvant
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(a) (b)

(c) (d)

Figure 2: DWMRI findings in a 48-year-old female patient with NPC who responded to neoadjuvant chemotherapy. Pretreatment (a) axial
contrast-enhanced T1-weighted image and (b) ADC maps showing an enlarged lymph node in the left retropharyngeal space (arrow). The
mean pretreatment ADC of this lesion was 0.993 × 10−3mm2/sec. Posttreatment (c) axial contrast-enhanced T1-weighted image and (d)
ADC maps showing that the formerly enlarged right lymph node partially resolved; the volume of this lesion reduced by 83%. Neoadjuvant
chemotherapy increased the mean ADC of this lesion to 1.383 × 10−3mm2/sec.

chemotherapy in patients with NPC. This could facilitate
tailored therapeutic approaches in NPC, with some patients
spared from ineffective and unnecessary treatment toxicities.

After completion of neoadjuvant chemotherapy, the per-
centage increases in the ADCs of responders were signifi-
cantly greater than that of nonresponders, and the changes
in the ADCs correlated with the change in tumor volume
at follow-up MRI. Previous studies have shown that low
pretreatment ADCs indicate viable tumor tissue with a high
cellularity, whereas high ADCs reflect less metabolic tumor
tissue with a low cellularity [28, 29]. Tumor tissue with a high
rate of cellular proliferation is more sensitive to chemother-
apy or radiotherapy, which acts by inducing cellular damage

and lysis in proliferating cells followed by a reduction in
cellular volume, thereby enhancing the diffusion of water
molecules and increasing the ADCs values on DW MRI.
However, tumors with a low cellularity are likely to be in a
situation of hypoxia and ischemia, which reduces the delivery
of chemotherapeutic agents to the tumor. Furthermore, can-
cer cells that have a slow rate of metabolism are less sensitive
to cytotoxic chemotherapy or radiotherapy [28]. Therefore
the changes in the ADCs of tumors with a low cellularity
after completion of chemotherapy or radiotherapywill always
be lower than the changes in the ADCs of tumors with a
high cellularity. Interestingly, some studies have shown that
large changes in ADCs during the early stages of treatment
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Figure 3: ROC curves of the ability of pretreatment primary tumor ADC (a) or metastatic adenopathy ADC (b) to predict the response
to neoadjuvant chemotherapy in patients with nasopharyngeal carcinoma. The optimal pretreatment ADC cutoff values for the primary
tumor and metastatic adenopathy were 0.897 × 10−3mm2/sec and 1.031 × 10−3mm2/sec, with areas under the ROC curves of 0.830 and 0.821,
respectively.

(after the first or second cycle of neoadjuvant chemotherapy
or 1-2weeks after the start of radiotherapy), which occur prior
to changes in tumor diameter or volume, indicate a better
response to treatment [12, 18, 30]. Therefore, in most malig-
nant tumors, an obvious increase in the ADC is regarded
as an important imaging biomarker of successful treatment
[12–19, 24–27].

Over the last 10 years or so, DW MRI has been suc-
cessfully employed in head and neck cancer to distinguish
between residual disease or tumor recurrence and inflam-
mation or necrosis after completion of (chemo)radiotherapy
[31]. Additionally, pretreatment ADCs or changes in ADCs
during (chemo)radiotherapy have been reported as useful
markers for predicting locoregional failure or progression-
free survival in head and neck carcinoma [17, 32]. Some
early studies indicated the potential of ADCs for evaluating
treatment response in head and neck carcinoma [12, 14, 18].
King et al. [14] reported that a large change in ADCs within
two weeks of treatment was predictive of a better response to
(chemo)radiotherapy. Kim et al. [18] observed that low pre-
treatment ADCs or a significant increase in ADCs within one
week of treatment was indicative of a higher rate of locore-
gional remission after concurrent chemoradiation. Recently,
a study of 31 patients with NPC showed that high ADCs
and early large increases in ADCs after initiation of neoad-
juvant chemotherapy were indicative of a better response to
subsequent concurrent chemoradiotherapy [12]. However, to
our knowledge, the use of pretreatment ADCs for predicting
the response to neoadjuvant chemotherapy in patients with
NPC or other head and neck carcinomas has not yet been
reported. This study showed that patients with NPC and
low pretreatment ADCs were more likely to respond to
neoadjuvant chemotherapy, and large increases inADCs after

completion of neoadjuvant chemotherapy correlated with
a better response to neoadjuvant chemotherapy. There-
fore, assessment of ADCs may help identify patients who
will fail to respond to neoadjuvant chemotherapy, thereby
enabling individualized treatment planning and allowing
some patients to avoid unnecessary chemotherapy and the
associated toxicities.

It should be stressed that DW MRI was not performed
after each cycle of neoadjuvant chemotherapy in this study.
Other studies reported that changes in ADCs after the first
cycle of neoadjuvant chemotherapy could provide more
detailed information on tumor response [30]. Furthermore,
the sample size in this study was relatively small, and
most of the patients with NPC responded to neoadjuvant
chemotherapy, which could result in statistical bias.Thus, one
should be wary of applying the ADC cutoff values defined in
this population for defining responders and nonresponders.
In addition, pathologic confirmation of imaging findings is
not possible in patients with NPC, who are typically treated
with radiotherapy rather than surgery.Thus, determining the
treatment response to chemotherapy based on anatomical
MRI may be inaccurate. Therefore, we acknowledge that
prospective, large cohort, and multicentre studies are neces-
sary to confirm our findings and recommendations.

5. Conclusions

In NPC, patients with low pretreatment ADCs tended to
respond better to neoadjuvant chemotherapy. Pretreatment
ADCs have potential as a novel imaging marker to predict
the response to neoadjuvant chemotherapy, which could
facilitate individual therapeutic approaches and allow some
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patients with NPC to avoid ineffective chemotherapy and
unnecessary treatment toxicities.
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This study was to evaluate the proposed consecutive multishot echo planar imaging (cmsEPI) combined with a parallel imaging
technique in terms of signal-to-noise ratio (SNR) and acceleration for a functional imaging study. We developed cmsEPI sequence
using both consecutively acquired multishot EPI segments and variable flip angles to minimize the delay between segments and
to maximize the SNR, respectively. We also combined cmsEPI with the generalized autocalibrating partially parallel acquisitions
(GRAPPA) method. Temporal SNRs were measured at different acceleration factors and number of segments for functional
sensitivity evaluation. We also examined the geometric distortions, which inherently occurred in EPI sequence. The practical
acceleration factors, 𝑅 = 2 or 𝑅 = 3, of the proposed technique improved the temporal SNR by maximally 18% in phantom
test and by averagely 8.2% in in vivo experiment, compared to cmsEPI without parallel imaging. The data collection time was
decreased in inverse proportion to the acceleration factor as well. The improved temporal SNR resulted in better statistical power
when evaluated on the functional response of the brain. In this study, we demonstrated that the combination of cmsEPI with the
parallel imaging technique could provide the improved functional sensitivity for functional imaging study, compensating for the
lower SNR by cmsEPI.

1. Introduction

In functional magnetic resonance imaging (fMRI) studies,
echo planar imaging (EPI) technique has beenwidely used for
investigating brain functions in which the signal is based on
blood-oxygen-level-dependent (BOLD) contrast, reflecting
the relationship between neuronal activity and concentration
of deoxyhemoglobin in a blood vessel [1, 2]. Since EPI is
one of the fastest imaging techniques, it has been suitable
for observing functional dynamic changes of the brain.
For high-resolution functional imaging, a segmented EPI,
that is, multishot EPI (msEPI), has been employed as an
alternative to a typical single-shot EPI (ssEPI) [2–5], because
ssEPI image showed severe geometrical distortion and signal
loss caused by accumulated magnetic susceptibility or field
inhomogeneity. Also, the effective spatial resolution became

worse byT∗
2
filter effect of a tissue, as a readout period in ssEPI

increases [3, 6, 7].
In the previous study [4], the authors suggested msEPI to

be performed by the acquisition of all the segments in a single
slice before continuing on to the next slices in turn.The study
demonstrated that optimum contrast sensitivity in BOLD-
based fMRI experiments using msEPI could be achieved by
using the short repetition time (TR) values between segments
and the long echo train length. The short TR between
segments was achievable withminimized intersegment delay.
The other studies suggested variable flip angles (VFA) to
maximize signal-to-noise ratio (SNR) for a short duration
of a segment, rather than the Ernst angle [5, 8]. Thus, both
the minimum intersegment delay and VFA were employed
to optimize msEPI for functional imaging. This technique
was named as interleaved or snapshot EPI in the previous
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studies [5, 8]. To avoid confusing with other multishot
EPI techniques, we called it as consecutive multishot EPI
(cmsEPI).

In the meantime, the advance of RF multicoil arrays
and their encoding capability has made the parallel imaging
acquisition possible, whichwas associatedwith the significant
scan time reduction in many clinical applications. Many
parallel imaging reconstruction methods such as sensitivity
encoding (SENSE) [9], simultaneous acquisition of spatial
harmonics (SMASH) [10], and generalized autocalibrating
partially parallel acquisitions (GRAPPA) [11] have been
suggested. However, they also come with a nonuniform
noise enhancement and then with a nonuniform loss in
SNR compared to nonaccelerated images as presented in the
previous studies [9, 12, 13]. Nevertheless, the utilization of
the parallel imaging acquisitions became essential due to the
enhancement of imaging speed and sensitivity, especially at
high field MRI above 3T [14].

The combined technique, however, of cmsEPI with a
parallel imaging has not been reported in ultrahigh field
7T MRI. In this study, therefore, we investigated cmsEPI
with GRAPPA technique to improve SNR and evaluated the
functional sensitivity of the proposed technique.

2. Materials and Methods

2.1. Sequence Design. Each segment of cmsEPI pulse
sequence consisted of a fat-saturating RF pulse, a slice-
selective RF pulse, navigators, and a data acquisition as
plotted in Figure 1(a). The minimized interval between the
segments required VFA for the slice-selective RF pulses,
which allowed the segments to have an equivalent transverse
magnetization theoretically. A typical Cartesian k-space was
filled with k-space trajectories as many as the number of
segments without overlapping. The relative size of a blip
along a phase-encoding direction of each segment was also
the same as the number of segments.

For the accelerated acquisition, the number of segments
to be measured was reduced by the factor of 1/𝑅, in which 𝑅
denoted the reduction or acceleration factor.The correspond-
ing modified VFA were also adjusted to the reduced number
of segments, which was defined as the following:

𝜃
𝑛
= sin−1 ( 1

√𝑁/𝑅 − 𝑛 + 1

) , (1)

where 𝜃
𝑛
, 𝑁, and 𝑛 denote the 𝑛th flip angle, the number

of segments, and an integer in range between 1 and 𝑁/𝑅,
respectively.

For 6 segments, for example, a sequence of flip angles was
24∘, 26∘, 30∘, 35∘, 45∘, and 90∘ in order, as shown in Figure 1(b).
In a reduction factor of 2 (𝑅 = 2), only three flip angles
were required, that is, 35∘, 45∘, and 90∘, in order. In a k-
spacewith a reduction factor of 2, three segmentswere chosen
to make a trajectory with a constant interval along phase-
encoding direction. Two measurements were conducted for
the reference lines, each of which had 3 segments (1st, 3rd,
and 5th segments or 2nd, 4th, and 6th segments) as described
in Figures 1(c) and 1(d). Parallel imaging reconstruction was
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Figure 1: Simplified pulse sequence diagram. (a) The definition of
a segment in multishot EPI, which consists of a fat-saturating RF
pulse, a slice-selective RF pulse, navigators, and a data acquisition.
Timing diagrams of (b) cmsEPI for 6 segments and (c) accelerated
cmsEPI with reduction factor of 𝑅 = 2 for 6 segments. For the
reference data of 𝑅 = 2, all six segments need to be acquired but in
two sets: one includes 1st, 3rd, and 5th segments and the other 2nd,
4th, and 6th segments as described in (d). Fat Sat.: fat saturation; FA:
flip angle; Nav.: navigation echo; Seg.: segment; TR: repetition time
or time for acquisition of one slice.

conductedwith the autocalibration of a GRAPPA reconstruc-
tion kernel [11, 15].

At the same time, the navigator echoes following the exci-
tation pulse were used for correcting not only the misalign-
ment between alternating echoes along readout direction but
also the intersegment amplitude discontinuities along phase-
encoding direction [5]. A varying timing gap, namely, echo
time shifting, was also inserted prior to data acquisition for
preventing phase discontinuities of intersegment [16, 17].

2.2. Data Acquisition. For investigating the effect of parallel
imaging on cmsEPI, we obtained images with different
segments and acceleration factors, that is, 8 segments with
𝑅 = 1, 2, and 4 or 6 segments with 𝑅 = 1, 2, and 3. The
acquisitions were performed three times on different days
for reproducibility. The data with 𝑅 = 8 in 8 segments and
𝑅 = 6 in 6 segments were excluded, because the image
reconstruction failed. Each dataset consisted of 50 volumes
with which the temporal SNR (tSNR) was calculated. This
experiment was performed with a spherical phantom filled
with water.

Functional in vivo experiments consisted of two proto-
cols: one was performed without any stimulus in order to
analyze tSNR with the acquired 50 volumes during a resting
state and the other was performed with visual stimulus, in
which a flickering checker board of 8Hz was utilized. A
dummy period of 18 seconds was given prior to the initial
session. A stimulus session of 18 seconds and a resting session
of 18 seconds were repeated 4 times. Hence, each functional
experiment was conducted for 162 seconds and 54 volumes
were acquired. In functional in vivo experiment, only two
conditions of 6 segments with 𝑅 = 1 and 𝑅 = 3were acquired
for comparison. The functional data were preprocessed and
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analyzed with SPM8 (TheWellcome Department of Imaging
Neuroscience, London, UK).

All imaging was performed in 7T MRI (MAGNETOM,
SIEMENS, Erlangen). Data acquisition parameters were as
follows: field of view (FOV) 220 × 220mm2, in-plane resolu-
tion 1.0 × 1.0mm2, partial Fourier factor 6/8, slice thickness
1.0mm, TE 30ms, TR 3000ms, 5 slices, and 3.0mm interslice
gap. Note that TR 3000ms means the time interval between
subsequent volumes. The actual TR between segments was
about 55ms per segment per slice. For the acceleration factor
𝑅 = 3, only 2 segments were acquired with an additional
temporal gap of 220ms between slices, which corresponds to
the duration of 4 segments.

2.3. Image Reconstruction. Based on the reference data, the
images were reconstructed by using multicolumn multiline
interpolation (MCMLI) with a kernel of 5 × 4 (𝑘

𝑥
× 𝑘
𝑦
),

resulting in nonaliased images. Both nearest acquired line
(𝑘
𝑦
) and column (𝑘

𝑥
)neighboring points were interpolated to

reconstruct each missing data in the k-spaces from multiple
channels [15].

To compensate for the error of intersegment, the acquired
navigators were used to determine the amplitude gains of
segments, in which each navigator’s energy, that is, sum
of square of navigator, was calculated. Then, the interseg-
ment amplitude discontinuity was corrected by the gains.
The accelerated data were recovered by GRAPPA algorithm
implemented on MATLAB program (The MathWorks, Inc.,
Natick, Massachusetts, USA).

2.4. Data Analysis. Datasets for tSNR analysis were handled
with a voxel-based analysis by the following equation [18, 19]:

tSNR (𝑟) =
mean
𝑘=1⋅⋅⋅𝐾
(𝑆
𝑁
(𝑟, 𝑘))

stdev
𝑘=1⋅⋅⋅𝐾
(𝑆
𝑁
(𝑟, 𝑘))
, (2)

where 𝑆
𝑁
, 𝑟, and 𝐾 denoted a noised (measured) signal, a

voxel position, and the number of measurements.
For in vivo dataset, region-of-interest (ROI) was deter-

mined within the gray matters chosen by threshold of the
magnitude of a mean image. The threshold was selected to
determine a midrange between representative intensities of
CSF and white matter, which played a role in making a mask.
The ROI was divided to three regions along a phase-encoding
direction in order to evaluate the nonuniform loss in tSNR,
and the mean and the standard deviation of voxels of each
ROI or all the ROIs were evaluated.

3. Results

Figure 2 showed the normalized tSNRs at different acceler-
ation factors of cmsEPI in a phantom test. Comparing with
𝑅 = 1, the mean tSNR in𝑅 = 2 increased by 18% and 12% in 6
and 8 segments, respectively. After that, with the acceleration
factors of 3 and 4, the tSNR was decreased as acceleration
factor increased. The mean tSNR with 6 segments and 𝑅 = 3
was similar to that of 𝑅 = 1.

In in vivo experiment, Figures 3(a) and 3(b) showed the
tSNR maps of cmsEPI with 𝑅 = 3 and 𝑅 = 1, respectively.
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Figure 2: Comparison of temporal SNR at different conditions in
phantom test. All of data were normalized to 𝑅 = 1.

Table 1: Comparison of averaged tSNRs on ROIs selected from the
gray matter compartment.

𝑅 = 1 𝑅 = 3 Gain (%)
ROI 1 33.7 ± 7.6 38.5 ± 9.0 +14.2
ROI 2 34.1 ± 7.9 34.3 ± 7.9 +0.6
ROI 3 30.4 ± 6.9 32.2 ± 7.5 +6.0
Whole ROIs 33.1 ± 7.7 35.8 ± 8.7 +8.2

Basically, voxels including CSF tended to have a relatively
high tSNR and voxels around brain ventricle had the highest
tSNR. The tSNR difference between reduction factors was
plotted in Figure 3(c). The most brain area of cmsEPI with
𝑅 = 3 had a higher tSNR than that with 𝑅 = 1 in in vivo
experiment, although only the small portion of the image,
especially at the midline of an image, had a decreased tSNR.
For quantitatively evaluating the gain in tSNR, a mean and a
standard deviation of voxels at ROIs were calculated from the
tSNR difference map, and the result was presented in Table 1.
The tSNR of each ROI of cmsEPI with 𝑅 = 3 was equal to or
larger than 𝑅 = 1, and an average gain of the tSNR was about
8.2% up to 14.2%.

In functional experiments, the visual stimulus was uti-
lized in order to observe the activations on the primary visual
area of the brain. As a result, Figures 4(a) and 4(b) showed the
activation maps obtained by cmsEPI with 𝑅 = 3 and 𝑅 = 1,
respectively. To compare the two statistical values, they were
displayed in the same range of 𝑡-value. The result of cmsEPI
with𝑅 = 3 had larger activated areas and higher 𝑡-values than
that of 𝑅 = 1. Figure 4(c) showed activation profiles in white
lines on Figures 4(a) and 4(b), which showed similar patterns
to each other. The profile of 𝑅 = 3, however, provided better
statistical power for activation than that of 𝑅 = 1.

Figure 5 showed the distortion comparison between
cmsEPI and ssEPI. Images in cmsEPI had almost the same
degree of distortion, regardless of acceleration factors, while
ssEPI showed explicit geometric distortion.
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Figure 3: tSNR maps with/without parallel acquisition. (a) tSNR map with parallel acquisition. (b) tSNR map without parallel acquisition.
(c) Difference of temporal SNR. In (c), the difference map was derived by subtraction of both maps (tSNRR=3 − tSNRR=1).

4. Discussion

In this study, we demonstrated that cmsEPI combined with
GRAPPA reconstruction provided increased tSNR compared
to cmsEPI without acceleration. The image quality of the
accelerated image such as signal deformation and geometrical
distortion was preserved similarly to or better than the
nonaccelerated image. The functional experiment to prove
the functional effectiveness showed the increased functional
sensitivity, in which the activated area was much broader and
𝑡-values were higher than in the nonaccelerated cmsEPI.

According to the previous study [20], better tSNR resulted
from improved static SNRwithin some boundaries. Similarly,
the static SNR mainly improved by the modified VFA in
the parallel imaging acquisition could lead to increased
tSNR. With employing acceleration acquisition, VFA were

increased, leading to gain of a magnitude of transverse
magnetization for each segment. When a longitudinal mag-
netization of𝑀

0
was given, the transverse magnetization of

𝑀
0
/√𝑛/𝑅 will be applied to each segment of cmsEPI by the

modified VFA. For instance, 6 segments with 𝑅 = 1 or
𝑅 = 3, would lead to the applied transverse magnetization
of 0.4 ⋅𝑀

0
(≈ 𝑀
0
/√6) or 0.7 ⋅𝑀

0
(≈ 𝑀
0
/√6/3), respectively.

Hence, the modified VFA by parallel imaging acquisition
could produce higher strength of signal.

It should be noted that the improved tSNR seems to
mitigate the disadvantage of parallel imaging reconstruction
such as noise enhancement. Typically, parallel imaging such
as GRAPPA resulted in a loss in tSNR by a factor of 𝑔√𝑅,
where 𝑔 denoted nonuniform loss in tSNR based on coil
geometry. With considering the transverse magnetization
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and the effect of parallel imaging, the tSNRs can be estimated
as follows:

tSNRnon
∝ (
𝑀
0

√𝑛
)

2

=
𝑀
2

0

𝑛
,

tSNRacc
∝ (
𝑀
0

√𝑛/𝑅

)

2

⋅
1

𝑔√𝑅
=
√𝑅

𝑔
⋅
𝑀
2

0

𝑛
.

(3)

In (3), the superscripts of “non” and “acc” denoted
a nonaccelerated and an accelerated cmsEPI, respectively.
According to the equations, the tSNR of the accelerated
cmsEPI entirely increased by a square root of a reduction
factor but still could be decreased locally and nonuniformly
by 𝑔-factor. Here, the variable of √𝑅 at the equation led to
improvement of the tSNR, when implemented with modified
VFA described in (1). It was a contrast from the original VFA
consistently decreasing the tSNR as shown in the supple-
mentary figure, in Supplementary Material available online
at http://dx.doi.org/10.1155/2015/394213, where the original

VFA was in a condition without taking account of the accel-
eration factor of 𝑅 in (1). Therefore, the modified VFA could
essentially increase the tSNR in accelerated acquisitions.

In functional study, acceleration factor𝑅 = 3was selected
instead of 𝑅 = 2, although 𝑅 = 2 provided higher tSNR than
𝑅 = 3. Since tSNR of 𝑅 = 3 was similar to 𝑅 = 1 in phantom
test, the physiological effect of 𝑅 = 3 could be investigated
and compared with 𝑅 = 1 in vivo test. And the acceleration
factor of 𝑅 = 3 or 4 has been used in most of functional
experiments as well as 𝑅 = 2 in ssEPI. In comparison of
𝑅 = 1 and 𝑅 = 3, tSNR difference between phantom and
in vivo tests was observed due to the possible existence of
physiological noise. It showed that images in 𝑅 = 3 were less
affected by physiological noise due to the shorter acquisition
time so that tSNR in 𝑅 = 3might be better than expected in
in vivo test.

It was not performed to directly compare the tSNR of
the proposed method with the tSNR of ssEPI. The tSNR
in ssEPI has been known to decrease with the acceleration
factor, which is typically proportional to𝑀2

0
/𝑔√𝑅. However,

the accelerated acquisition in ssEPI could additionally pro-
vide the shorter TE due to the reduced echo train length.
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Figure 5: Comparison with single-shot EPI. Images were acquired by cmsEPI with 6 segments and (a, b, and c)𝑅 = 1, 2, and 3 and single-shot
EPI with (d, e, and f) 𝑅 = 1, 2, and 3, respectively. The yellow dotted line was drawn from the outline of (a).

The reduced TE would have more influence on tSNR than
the acceleration factor and the 𝑔-factor. In practical cases,
possibly minimal TEs of ssEPI having the in-plain resolution
of 1.0mm2 were 68ms and 29ms in 𝑅 = 1 and 𝑅 =
3, respectively. Considering a voxel with T∗

2
of 60ms, the

signal intensity in TE of 29ms would apparently be about 1.9
times higher than in TE of 68ms. Thus, since the tSNR was
determined by imaging parameters, the direct comparison of
the tSNR would not be necessary. As the same TE was given,
the proposed method would provide lower tSNR than ssEPI.

Artifacts on the image could occur by intersegment
modulations arising from VFA, which would occur in both
magnitude and phase. The magnitude modulation would be
caused by a nonideal shape in a slice-selective RF profile
and different sensitivities of a RF coil to various flip angles,
but it could be almost compensated by the comparison of
navigators of segments. The intersegment phase modulation
would be also caused by B1 field differences of various flip
angles, that is, signal phase difference between practical
excitation RF pulses with 45∘ and 90∘. In contrast to the
magnitude modulation described above, the level of the
artifact by the phase modulation could be changed in the
region where B1 significantly deviates from the nominal one.
Further study will be needed for handling these artifacts.

The proposedmethod has the similar image contrast with
conventional ssEPI, because cmsEPI with parallel imaging
can preserve the image contrast given by the same TR and
TE as ssEPI. The image contrast of a typical msEPI, however,
includes the different T1 recovery effect as well as the T∗

2

relaxation effect due to a time interval between excitation RF
pulses, compared with ssEPI.

In addition, the proposed method with the shorter echo
time and the echo train length could function as an alternative
and controllable geometrical distortion correction technique,
leading to reduction in the geometrical distortion inherently
and preventing of the signal loss by field inhomogeneity.
Though the postprocessing distortion correction techniques
such as PSF-mapping can produce a distortion-corrected
image similar to the distortion-free gradient-recalled echo
image (GRE) [21], the information loss by a fast T∗

2
decay

is hard to be recovered completely. Therefore, the proposed
method is possible to be easily implemented with other
postprocessing correction techniques.

The proposed method also has the potential capabil-
ity of further improving the imaging coverage. The future
extension of the proposed method for imaging coverage can
be achieved by multiband (MB) or simultaneous multislice
(SMS) techniques based on 2D imaging [22]. However, direct



BioMed Research International 7

3D approach using multiple excitations should be carefully
applied to the proposedmethod, because minimum interseg-
ment can be conflicted by multiple excitations with constant
interval or toomany segments can cause the decrease in static
SNR of an image.

5. Conclusions

This study proposed an advanced technique of cmsEPI for
functional study. We demonstrated that the combination of
cmsEPI with parallel imaging acquisition could provide a
synergic effect to improve functional sensitivity.
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A reliable in vivo imaging method to localize transplanted cells and monitor their viability would enable a systematic investigation
of cell therapy. Most stem cell transplantation studies have used immunohistological staining, which does not provide information
about the migration of transplanted cells in vivo in the same host. Molecular imaging visualizes targeted cells in a living host, which
enables determining the biological processes occurring in transplanted stem cells. Molecular imaging with labeled nanoparticles
provides the opportunity to monitor transplanted cells noninvasively without sacrifice and to repeatedly evaluate them. Among
several molecular imaging techniques, magnetic resonance imaging (MRI) provides high resolution and sensitivity of transplanted
cells. MRI is a powerful noninvasive imagingmodality with excellent image resolution for studying cellular dynamics. Several types
of nanoparticles including superparamagnetic iron oxide nanoparticles andmagnetic nanoparticles have been used tomagnetically
label stem cells and monitor viability by MRI in the urologic field. This review focuses on the current role and limitations of MRI
with labeled nanoparticles for tracking transplanted stem cells in urology.

1. Introduction

Molecular imaging technologies have evolved recently and
facilitate functional monitoring and evaluation of genes and
organs for their roles in health and disease [1, 2]. Stem cell
transplantation has good prospects for clinical application.
However, the challenges in molecular imaging are to develop
effective imaging strategies with a combination of imaging
modalities, labeling reporter systems, and probes. Several
studies have usedmagnetic resonance imaging (MRI) to trace
transplanted stem cells in animal models [3, 4].

Several molecular imaging modalities including positron
emission tomography (PET), MRI, and newer modalities
are based on transmitting light through tissues, such as
in vivo bioluminescence imaging and fluorescence imaging.
Among them, MRI is the most popular imaging modality.
MRI used in conjunction with magnetically labeling is a
powerful technique for noninvasively detecting and tracking
transplanted cells in longitudinal animal studies [1, 2, 5].

Labeling materials have great importance in the field of
molecular imaging. Labeling stem cells makes merged cells

distinguishable from host cells to follow transplanted stem
cells.

Molecular materials for labeling should first reveal cel-
lular and molecular processes throughout the entire study
period. Secondly, the probes should be highly sensitive to
small changes in cell function and distribution. Finally, they
should not significantly alter the labeled biological process
itself [1, 2, 5].

Gadolinium and ferric oxide are two common cell label-
ing contrast media used during MRI [6]. New technologies
with tumor targeting and drug delivery are being concep-
tualized. Developments in nanotechnology have provided
more innovative and effective approaches in various areas
of clinical research, such as diagnosis [7], monitoring [8,
9], and therapy [10–12]. Labeling with nanoparticles is an
emerging trend, particularly in oncology such as “cancer
nanotheranostics,” which includes simultaneous imaging and
treating cancer cells by applying nanoparticles [13].

Although many studies have investigated the efficiency
of molecular imaging using MRI with labeled nanoparticles,
few studies are available in the urologic field. The aim of
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Figure 1: Schematic imaging of stem cell tracking using magnetic resonance imaging (MRI) combined with nanoparticle labeling.

this study was to review MRI and labeling techniques for
tracking transplanted stem cells (physiological labeling) in
the urologic field and to review the characteristics and
limitations of current nanoparticle labeling methods.

2. Stem Cell Labeling

Cell labeling can be divided into physical cell labeling and
reporter gene imaging. Physical cell labeling is completed
before cell administration and can be accomplished with
superparamagnetic iron oxide (SPIO) particles for MRI [14,
15] and radionuclide labeling for single-photon emission
computed tomography [16] and PET [17]. In reporter gene
imaging, a gene coding synthesis of a detectable protein
is introduced into a target cell line or tissue via viral or
nonviral vectors. As a result, changes in signals following cell
administration can be used as indicators of cell proliferation
and death [18].

Many labeling techniques involve incubating cells and
use of transfection agents. The different magnetic labeling
techniques result in a considerable increase in the cellular
iron content [26], which is 100 times greater than physio-
logical levels [27]. The largest amount of intracellular iron
oxide particles and the use of high-resolution gradient echo
sequences allow for highly sensitive in vivoMRI methods for
detecting viability and efficiency of transplanted stem cells.

Most studies have tracked physically labeled trans-
planted stem cells (Figure 1). Migration of lymphocytes [28],
hematopoietic stem cells [29], mesenchymal stromal cells
(MSCs) [30], neuronal precursor cells [31], and tumor cells
[32] has been demonstrated in different disease models using
in vivo MRI. Specific cancer stem cell antigens or receptors
have been detected by reporter gene imaging.

Application of conventional GFP-like fluorescent pro-
teins, including eGFP, DsRed, and mCherry, has limitations
due to the penetration depths of visible light in the body
[33]. To overcome this limitation, near-infrared fluorescent
protein (IFP) has been developed from the DrBphP bacte-
rial phytochrome of Deinococcus radiodurans and showed

the possibility in the application of IFPs for protein labeling
and in vivo tracking imaging [5].

3. Iron Oxide Nanoparticles

The original iron oxide nanoparticles were developed in 1995
and were Dextran-coated iron oxide nanoparticle with a
100–150 nm hydrodynamic radius and contained a 5–10 nm
iron oxide core [34]. These standard, well-characterized
iron oxide nanoparticles have been used widely, but low
labeling amounts and efficiencies were shortcomings [35]. To
overcome this weak point, simple transfection agents were
combined with ferumoxides enabling robust labeling of a
number of cell types [36].

Most recently, a nanomaterial consisting of a mixture of
ferumoxytol, heparin sulfate, and protamine sulfate has been
reported and can be used to safely label various types of cells
for tracking by MRI [8]. Ferumoxytol, heparin sulfate, and
a protamine sulfate conjugate is currently the most popular
material for physical cell labeling in urology [37]. Dextran-
coated superparamagnetic iron oxide nanoparticles (SPI-
ONs) and micron-sized iron oxide particles were developed
for MRI-based cell tracking [26, 38]. The size of iron oxide
particles for cell labeling ranges from very small particles to
micron-sized particles, and SPIO is a medium-sized particle
[39–41].

Among the different types of nanoparticles, SPIONs are
promising candidates for use withmolecular imagingmodal-
ities due to their superparamagnetic behavior and surface-
modification properties. One of the important features of
SPIONs is that they lose their magnetism and become highly
dispersed when the magnetic field is switched off, which
prevents easy recognition and engulfment by macrophages
[42].

As SPIONs are biodegradable and biocompatible, they
can be applied in various biomedical fields, such as magneto-
fection [43], gene therapy [44], and cell and biological mate-
rial separation [45]. SPIONs are mostly magnetite (Fe

3
O
4
),

and they convert to maghemite when exposed to oxygen.



BioMed Research International 3

They can be metabolized easily and transported by proteins,
such as ferritin, transferrin, and hemosiderin, and they can be
stored in endogenous iron reserves of the body for later use
[1, 2].

The advantage of applying a magnetic field to guide
nanoparticles to their target is to reduce stem cell waste,
lower the frequency of stem cell administration, and avoid
unwanted side effects [1, 2]. SPIONs are very promising
materials for biomedical applications due to their increased
ability to covalently attach to various receptors, peptides,
antibodies, or ligands [46]. Furthermore, SPIO particles have
no adverse effects on viability or proliferation of labeled cells
[40, 47].

4. Non-SPION Nanoparticles

Most magnetic labeling procedures depend on Dextran-
coatedmagnetic nanoparticles. Several magnetic cell labeling
methods have been developed but the most commonly used
one is coincubating Dextran-coated nanoparticles with a
transfection agent [48].

However, these materials follow a low-efficiency fluid-
phase endocytosis pathway and require long incubation times
or the use of transfection agents to achieve substantial iron
uptake.Moreover, the complexes formed by the nanoparticles
and transfection agents are not easily controlled.

Anionic magnetic nanoparticles (AMNPs) have negative
surface charges, are free of a Dextran coating, adsorb readily
to cell membranes, and are internalized without the need
for transfection agents or long incubation times [20, 49,
50]. AMNPs permit controlled uptake by various cell types
[20, 51–53]. AMNPs have advantages of easy and rapid
absorption and subsequent internalization by endocytosis
[50, 54, 55]. AMNP biocompatibility has been demonstrated
in many preclinical studies, including local cell grafts for
tissue regeneration [20, 56] and immune cell trafficking after
systemic injection [52, 57, 58].

Fluorescentmagnetic nanoparticles (MNPs) contain rho-
damine B isothiocyanate within a silica shell to overcome
the negative surface charge. This tagging material does not
require a transfection agent during cell labeling, the MNP
core is composed of ferrite, and the inner silica shell portion
contains fluorescent materials [59]. It has both magnetic and
optical features, and Prussian blue staining is not necessary
to detect viability and efficiency of transplanted stem cells
within tissue. In vivo tracking of transplanted MSCs labeled
with fluorescent MNPs in a liver cirrhosis rat model by MRI
has been reported [60].

Among the six studies that used MRI and physical
labeling, three used SPIONs, two used MNPs, and one used
AMNPs (Table 1).

Gadolinium (Gd) based contrast agents are normally
used to reduce 𝑇1 period and to give positive contrast in MR
images. Available agents are different kinds of gadolinium
ion based chelates which are relatively stable molecules. To
date, Gd based contrast agent has evolved to bemore efficient
contrast agents including Gd3+ based agents with higher
molecular weight like Gd-DTPA functionalized polymers,

Gd-DTPA terminated dendrimers, and Gd complex loaded
liposomes as well as high density lipoprotein nanoparti-
cles or micelles [61]. Recently, several new nanoparticles
are introduced for in vivo imaging including Fe

3
O
4
@SiO
2

nanoparticles and Gd-DOTA-peptides [62–64].

5. Ideal Features of Labeled Nanoparticles

Nanoparticles for any biological application must be bio-
compatible, nontoxic, and stable at physiological pH. The
ideal features are high magnetization and a narrow size dis-
tribution. The nanoparticles should have contrast enhance-
ment properties for imaging and tracking of malignant
cells/tissues, and their surfaces should be coated with
biodegradable material. They should have the ability to
conjugate with a range of receptors with high targeting and
drug-delivery efficiencies. The half-life should be long, and
the zeta-potential should be optimized [1, 5, 9].

6. Current Uses for
MRI Techniques in Urology

MRI is a widely used powerful imaging technique that
provides high resolution in the field of urology. It is used
to evaluate stem cells transplanted to urologic organs. MRI
alone or MRI with a physical labeling method has been
used to monitor the efficiency of cell transplantation, cellular
homing, and targeting. MRI has been used in prostate cancer
research, bladder dysfunction research, urethral sphincter
studies, and a penis study (Table 1).

6.1. Prostate Cancer. Molecular imaging combined with a
labeling technique has been used to detect specific prostate
cancer antigens. Two studies showed the efficiency of MRI
for detecting transplanted stem cells as a vector for prodrug
therapy. Abrate et al. [21] reported that MRI can be used to
follow orthotopic tumor progression. Although those authors
did not apply a physical labeling method, they demonstrated
that intravenous injections of CD-MSC cells, followed by
intraperitoneal administration of 5-fluorocytosine, caused
tumor regression in transgenic adenocarcinoma of themouse
prostate model, which develops aggressive and spontaneous
prostate cancer.

Lee et al. [19] reported monitoring the migration of
genetically modified stem cells by MRI after labeling the cells
with fluorescent MNPs. Human neural stem cells encoding
CD (HB1.F3.CD) were prepared and labeled with MNPs
(Figure 2). HB1.F3.CD stem cells systemically transplanted
into tumor-bearing C57B mice migrated toward the tumor,
and tumor implant volume decreased significantly in combi-
nation with the prodrug 5-FC.

6.2. Bladder. Traditionally, many studies showed the effi-
cacy of stem cell treatment in bladder dysfunction [65–67];
however only several studies introduced molecular imaging
techniques. Yun and Ja [24] showed similar viability of MSCs
loaded with SPIONs compared to unlabeled cells. SPIO-
labeled MSCs underwent normal chondrogenic, adipogenic,
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Figure 2: Intravascular delivery of stem cells (HB1.F3.CD) targeting prostate cancer. (a) Schematic illustration of inducing prostate cancer
using TRAMPC2, a systemic injection of HB1.F3.CD cells, and migration of the gene-modified stem cells toward the prostate cancer. Blue =
TRAMPC2; red = HB1.F3.CD cells. (b) X-gal staining of induced prostate cancer 2 days after injecting HB1.F3.CD cells. Arrow indicates the
cells. (c)Magnetic resonance imaging (MRI) of prostate cancer 48 hr after injectingHB1.F3.CD cells intomice. Arrow indicates the cells (scale
bar, 100𝜇m). HB1.F3, neural stem cells; CD, cytosine deaminase.

and osteogenic differentiation. MRI signal intensity in the
areas of SPION-labeled MSCs in rat and rabbit bladders
decreased and was confined locally. MRI demonstrated that
SPION-labeled MSCs injected into the bladder could be seen
for at least 12 weeks.

Lee et al. [22] reported that MRI images were use-
ful to track transplanted MSCs in bladder outlet obstruc-
tion induced bladder dysfunction. Serial T2-weighted MRI
images were taken immediately after transplant of SPION-
labeled MSCs and at 4 weeks after transplantation. T2-
weighted MRI showed a clear hypointense signal induced by
the SPION-labeledMSCs. Collagen and transforming growth
factor-𝛽 expression protein increased after bladder outlet
obstruction, and the expression of both returned to original
levels after MSC transplantation.

Lee et al. [25] reported the efficiency of MRI for tracking
transplanted MSCs in a spinal cord injury-induced bladder
dysfunction model. MNP-labeled B10 cells were injected into
the bladder wall 4 weeks after the spinal cord injury. Serial

MRI was taken immediately after MNP-B10 injection and at
4 weeks after transplantation.

6.3. Penis. Song et al. [23] suggested that MRI can be used
to investigate the long-term therapeutic potential of MSCs
to treat erectile dysfunction. SPION-labeled MSCs injected
into the corpus cavernosa of rats and rabbits were evaluated
noninvasively by molecular MRI. MRI signal intensity at
the areas of SPION-labeled MSCs in the rat and rabbit
corpus cavernosa decreased and was confined locally. MRI
demonstrated that the MSCs could be observed for at least 12
weeks after injection into the corpus cavernosum.

6.4. Urethral Sphincter. Rivière et al. [20] magnetically
labeled muscle implants with AMNPs. They evaluated the
biocompatibility of the labeling procedure and its utility
for noninvasive MRI follow-up of cell therapy in a female
pig model. AMNPs were adsorbed onto the implant surface
of myogenic precursor cells and were magnetically labeled
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within the implants. Magnetic labeling did not affect cell
proliferation or differentiation. Autograft detection in vivo by
0.3-T MRI was possible for up to 1 month.

7. Discussion

Although molecular imaging techniques have evolved signif-
icantly during the last decade, no single imaging modality
can provide all the information required to track transplanted
stem cells and monitor their functional effects. Each imaging
modality used for stem cell tracing has its advantages and
disadvantages [54, 68]. PET has high sensitivity for tracking
biomarkers in vivo but lacks the ability to provide detailed
anatomic structure. Optical imaging has high molecular
sensitivity but provides less anatomical localization and is
mainly used in small animals. MRI coupled with physical
labeling has high resolution and the capabilities of three-
dimensional anatomical imaging.However,MRI has low sen-
sitivity for cell tracing.Moreover, it cannot detect cell number
or location by cell division because cell division may dilute
intracellular markers with the shedding of iron particles [69].
Hence, it is necessary to combine complementary imaging
methodologies as with multimodality imaging approaches.

Some nonspecific signal problems occur with differ-
ent imaging modalities as a result of dead transplanted
cells. For example, dead transplanted cells containing iron
oxide nanoparticles may result in MRI signals representing
macrophage phagocytosis of labeled cell debris [1, 2, 5].
Limitations continue in the basic knowledge about the
pivotal biological characters of transplanted stem cells, such
as survival, integration, and migration, and the influence
of the host microenvironment. Despite the potential for
biomedical applications, SPIONs face some targeting and
imaging limitations. The proportion of SPIONs that reach
the target through surface-bound antibodies is low, thereby
limiting their application for imaging and drug delivery.

MRI is a commonly used imaging modality and it could
be used in a large animal model. To detect successful
delivery and subsequent migration using iron oxide–based
agents, ex vivo labeling of the stem cells are required [1].
The robust negative contrast image generated by iron oxide
agents has shown efficient cell labeling. Studies have also
reported successful tracking at near single-cell resolution
[70]. However, to assess the viability additional techniques
are needed such as using promoter genes, engineering cells to
overexpress transferrin receptors, andnongenomic technique
using manganese-enhanced MRI.

To date, the important pitfalls of MRI with SPIO labeled
cells or luciferase-based bioluminescent imaging are that
these modalities could provide the information about cell
survival, anatomical coregistration of engrafted cells together
with real time, and image-guided delivery. To overcome
these limitations, chemical exchange saturation transfer is
an emerging MRI contrast mechanism based on the use of
radiofrequency saturation pulses to detect agents containing
protons that exchange rapidly with water [27]. Chan et
al. [9] reported that pH nanosensor-based MRI technique
can monitor cell death in vivo noninvasively. They demon-
strated that specific MRI parameters related with cell death

of microencapsulated hepatocytes are associated with the
measured bioluminescence imaging radiance.

To overcome this problem, classic physical labeling must
be upgraded with a reporter gene imaging technique. In fact,
this combined modality is being investigated in cancer stem
cell studies. SPIONs with specific tumor-targeting ligands
and sensitive imaging probes must be developed [71]. To
date, most in vivo imaging studies showed the limitations in
detecting the engraftment of stem cells [72].

Another major problem facing drug delivery using
nanoparticles is the burst effect. When drug-coated nanopar-
ticles are injected into a system, a significant quantity of
the drug is liberated suddenly due to alterations in the
physiological host environment, which can be dangerous to
the patient [1, 2, 5]. To overcome this effect, nanoparticles
must be cross-linked with polymers or incorporated into a
polymermatrix that providesmore rigidity and helps provide
sustained drug delivery under in vivo conditions for longer
times [1, 2, 5]. Mahmoudi and Laurent [73] demonstrated
increased stability of drug-loaded SPIONs under in vivo
conditions using a PEG-cofumarate cross linking agent.
Other issues that must be solved regarding nanoparticles
include toxicity, gene alternations, penetration of the blood-
brain barrier, and colloidal stability [1, 2, 5].

Molecular imaging combined with a nanoparticle label-
ingmethod is useful not only for physical labeling tomonitor
stem cells but also to detect prostate cancer antigens. Recent
preclinical studies on multimodal molecular imaging meth-
ods have the potential to be helpful for noninvasive prostate
cancer diagnosis and image-guided immunotherapy [74, 75].
Multiple groups are actively pursuing the development of
imaging probes for cellular andmolecularMRI [75–79].More
studies are needed to develop various molecular markers,
including ligands, antibodies, and peptides that can easily
bind MRO probes.

In vivo imaging represents a dedicated platform to eval-
uate and quantify molecular and cellular events related to
cellular engraftment. This integrative approach should be
more developed with validation for systematic translation of
stem cell therapy.

8. Conclusions

Molecular imaging is a new discipline that allows for in
vivo cellular and molecular imaging of pathophysiological
processes and the results of therapeutic interventions. MRI
is a contending and complementing modality for stem cell
studies in urology. MRI can be used to evaluate migration
and survival of transplanted stem cells in prostate cancer
and bladder dysfunction models. It has also shown potential
utility for use on erectile dysfunction and urethral sphincter
dysfunction. Noninvasive imaging methods using MRI have
the advantage of longitudinal monitoring of transplanted
stem cells in animals.
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We applied a “temporal decomposition” method, which decomposed a single brain functional network into several “modes”;
each of them dominated a short temporal period, on a continuous, “state-” related, “finger-force feedback” functional magnetic
resonance imaging experiment. With the hypothesis that attention and internal/external information processing interaction could
be manipulated by different (real and sham) feedback conditions, we investigated functional network dynamics of the “default
mode,” “executive control,” and sensorimotor networks. They were decomposed into several modes. During real feedback, the
occurrence of “defaultmode-executive control competition-related”modewas higher than that during sham feedback (𝑃 = 0.0003);
the “default mode-visual facilitation-related” mode more frequently appeared during sham than real feedback (𝑃 = 0.0004).
However, the dynamics of the sensorimotor network did not change significantly between two conditions (𝑃 > 0.05). Our results
indicated that the visual-guidedmotor feedback involves higher cognitive functional networks rather than primarymotor network.
The dynamics monitoring of inner and outside environment and multisensory integration could be the mechanisms. This study is
an extension of our previous region-specific and static-styled study of our brain functional architecture.

1. Introduction

Many studies have suggested that our brain is an intricate
system [1, 2]. Understanding the spatial and temporal orga-
nization of this complex system is of great importance to
both basic and clinical neuroscience. Various studies have
demonstrated the complexity of the human brain using
functional magnetic resonance imaging (fMRI) based on
spatiotemporal characteristics with methods such as inde-
pendent component analysis (ICA) [3] and complex network
analysis [4].

Nowadays, a new characteristic of the brain functional
networks has been catching researchers’ eyes. It is the
dynamic functional networks or time-varied functional con-
nectivity which treats the brain functioning as a nonstation-
ary process. Dedicated analysismethods have been proposed.
Among various methods, “temporal decomposition” [5–7]
does not rely on statistical hypothesis, and it is simple, intu-
itive, and straightforward. The main idea of this method is
that only a small proportion of the time frames corresponding

to “suprathreshold signal” of a seed region are utilized and
classified into different subgroups or “modes” depending
on the spatial similarity of these frames. The modes were
interpreted to reflect the intermittent or brief interaction
between the seed region and other different brain regions at
different time [5–7].

However, in their original paper [7], the analysis was only
performed on resting-state fMRI data. The interpretation
and the biological meaning of their findings have only been
simply discussed because the resting-state brain activity and
its functions have been still an elusive concept [8]. In their
latter paper [5, 6], they made a methodological alteration in
which the fMRI data was totally blindly decomposed without
a priori seed region definition.The total data-driven method,
in addition to passive resting-state experimental design, has
hindered us from further interpretation of the biological
meaning and underlying mechanism of this method. To our
best knowledge, there has been no study utilizing thismethod
in a task-related experiment. Hence, the resultant dynamic
modes could not be compared between different states which
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are manipulated by researchers. In turn, one could not
understand the specific function of the dynamic modes.

In the current study, we applied this method to a con-
tinuous, “state-related” task fMRI experiment and sought to
discover different dynamic characteristics during different
conditions. We hypothesized that, through such an exper-
imental manipulation, the dynamic feature of some modes
could be modulated. We specifically conducted a continuous
finger force feedback experiment on a group of healthy
volunteers. The manipulation was finger force control with
true pressure data shown via a visual feedback “real feed-
back” or with false pressure feedback data “sham feedback.”
Previous fMRI studies using the similar experiment have
found task activation differences [9] and fractional amplitude
of low-frequency fluctuation (fALFF) differences [10] in the
DMN between different feedback conditions. Besides, block-
designed fMRI studies have reported differences in activation
in the contralateral motor cortex during various motor feed-
back tasks [11, 12]. Neurofeedback can also improve executive
functioning in children [13], indicating the alternation of
the executive control network (ECN) [14]. Therefore, we
chose the PCC, left motor cortex (LMC), and dorsolateral
prefrontal cortex (DLPFC) as seed regions, which are key
nodes of the DMN, sensorimotor network (SMN) [15], and
ECN, respectively.

The first goal was to investigate dynamic characteristics of
these brain networks under continuous feedback condition,
which could reveal the competition or cooperation among
different brain networks during brief time period.The second
goal was to investigate the difference in participation of these
networks between the real and sham feedback conditions,
to further understand the biological mechanisms of the
dynamic brain functional organization.

2. Materials and Methods

2.1. Subjects. There were totally forty-three healthy right-
handed adults (22.7 ± 1.6 years, range 19–25; 23 females) par-
ticipating in this study. Each subject gave written informed
consent.The entry criteria included no history of brain injury,
neurological illness, and psychiatric disorders. Data from five
subjects were excluded due to technical problems or excessive
head motion. The remaining 38 subjects (mean age 22.3 ±
1.6 years; 19 females) were further analyzed. All experiments
were approved by the Ethics Committee of the National Key
Laboratory of Cognitive Neuroscience and Learning, Beijing
Normal University, and were conducted in accordance with
the Declaration of Helsinki.

2.2. Experimental Design. Each participant underwent three
8-minute fMRI scans during resting state, the real feedback
state (RF), and the sham feedback state (SF). During resting
state, subjects were instructed to keep their eyes closed,
remain still, and stay relaxed.The purpose of this session was
to allow the subjects to adapt to the fMRI scanning environ-
ment. The order of RF and SF sessions was counterbalanced
across subjects. In the RF state, the subjects were asked to grip
a pressure sensor using the right index finger and thumb.This

sensor is one module of an MRI-compatible physiological
multichannel analyzer (modelMP150, BIOPACSystems, Inc.,
Goleta, CA, USA). The sampling frequency was 250Hz and
the pressure sensitivity was 0.01 cmH

2
O.The sensor recorded

the pressure in real time via an airtight tube.The pressure was
synchronously presented to the participant on a screen. The
target force was set at 20mmH

2
O, which is small enough to

reduce the possibility of muscular fatigue. The subjects were
asked to continuously maintain the pinch force at the target
level. In the SF state, the subjects were also asked to maintain
the pinch force at the same level, but with a video of another
participant’s performance during RF presented. Before the
experiment, all the subjects had a short training session. For
more details please refer to our previous paper [10].

2.3. Image Acquisition. MR images were collected using a
Siemens Trio 3-Tesla scanner in the imaging center at Beijing
NormalUniversity.The participants lied supinewith the head
snugly fixed by foampads tominimize headmovement. After
localization scanning, three fMRI sessions were conducted
using echo-planar imaging sequence with the same parame-
ters: 33 axial slices, repetition time (TR) = 2000ms, echo time
(TE) = 30ms, flip angle = 90∘, thickness/gap = 3.5/0.7mm,
field of view (FOV) = 200 × 200mm2, and matrix = 64 ×
64. Then a 3D T1 magnetization-prepared rapid gradient
echo (MPRAGE) image was acquired (128 sagittal slices,
thickness/gap = 1.33/0mm, in-plane resolution = 256 × 192,
TR/TE = 2530/3.39ms, inversion time = 1100ms, flip angle =
7∘, and FOV = 256 × 256mm2).

2.4. Image Preprocessing. The fMRI data was preprocessed
using DPARSFA v2.3 [16] and REST v1.8 [17] based on SPM8
(http://www.fil.ion.ucl.ac.uk/spm/) and Matlab 2013a (the
MathWorks, Inc., Natick, MA, USA). Major steps included
removal of the first four time points, slice timing correction,
head motion correction, spatial normalization to Montreal
Neurological Institute (MNI) space, spatial smoothing with
a Gaussian kernel (FWHM = 6mm), temporal filtering
(0.01–0.08Hz), removal of linear and quadratic trends, and
regression of covariates, including the global signal, the time
series of the white matter and cerebrospinal fluid, and six
affine motion parameters [7]. The exclusion criterion for
excessive headmotion was >2mm translation or >2∘ rotation
in any direction. We also calculated framewise displacement
(FD) as anothermeasure of headmotionwhich could identify
possible “bad” frames [18]. These bad frames might affect the
following temporal decomposition result. To rule out such an
effect, we conducted the following analyses with and without
removing the bad frames.

2.5. Temporal Decomposition. We chose the PCC, LMC, and
DLPFC as regions of interest (ROIs), which are the major
nodes of the DMN, SMN, and ECN. Seed regions were 12mm
diameter spheres centered at (0, −53, 26), (−38, −22, 56),
and (44, 36, 20) in MNI coordinates, respectively, which
were chosen based on previous studies [19–21]. The average
time series in each ROI was extracted. A 15% threshold was
applied on the time series extracted from the PCC, LMC,
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Figure 1: The posterior cingulate cortex- (PCC-) related modes after temporal decomposition. All results were converted to Z-maps and
arranged by the occurrence frequency. The first line represents the average pattern of the four modes. Black arrow in the first row points out
the seed region approximately.

and DLPFC; that is, only time frames with BOLD intensity
exceeding that threshold were selected for following analysis
[7]. This threshold can be set manually, but here we only
follow parameter setting of Liu et al. The fMRI frames for all
subjects and both RF and SF sessions were chosen and put
together and then sorted by 𝑘-means clustering method [22]
based on their spatial similarities. The fMRI frames sorted
into the same cluster were averaged and transformed to Z-
statistical maps by dividing the SE. In paper by Liu et al.,
after inspection of a series of results with different cluster
numbers, the one which showed the best balance between
richness and redundancy was reserved. Several automatic
cluster number estimation methods were also used but the
results were suboptimal [5, 6]. Following their method, we
also set this number to be 4, 6, and 8 and then inspected
the clustering results separately. We found that the resultant
“modes” were clearer when the number of clusters was 4.
Therefore, we only showed this result in this paper.

2.6. Characterizing Participation of Each Mode and Compar-
ing It betweenDifferent States. If a specificmode is dominant,
it will show more frequently. We used the occurrence of a
specific mode to characterize participation of each mode in
the task. We hypothesized that the occurrence of the same
modes should be different between real and sham feedback
states. We calculated the number of suprathreshold time
frames of the four modes for every subject and for RF and SF
sessions separately and used the ratio between this number
and the total time frames as the occurrence of modes. Paired
t-tests were performed on the ratios between the real and
sham feedback states.

3. Results

3.1. DynamicModes of PCC, LMC, andDLPFC. The temporal
decomposition results based on the seed regions of the PCC,
LMC, and DLPFC are shown in Figures 1–3. They were

ranked by the occurrence of modes despite the task state
(i.e., overall occurrence for both RF and SF sessions). The
DMN, SMN, and ECN were dominant in these three results.
Besides this, several other brain networks also took part in
the feedback process. In Figure 1, the average map of the four
modes matched well with the DMN, while the spatial pattern
of the four modes differed from each other. Mode 1 showed
activation of the DMN as well as deactivation of the regions
in dorsal attention network (DAN) and ECN [19], whichwere
typical anticorrelated networks demonstrated by Fox and his
colleagues [23]. Mode 2 also showed activation of the DMN,
but without obvious anticorrelated networks. Besides DMN,
the activation of the frontoparietal control network (FCN)
[24] was also found in a few upper slices. Mode 3 showed
the coactivation of the SMN and DMN, with deactivation
of the DAN and ECN. Mode 4 showed the coactivation of
the DMN and the visual areas. With all bad frames removed,
reanalyses of the temporal decomposition produced similar
results (see Figure S1 in Supplementary Material available
online at http://dx.doi.org/10.1155/2015/824710). A quantita-
tive differentiation of these modes was further conducted
using Dice coefficient to measure the dissimilarity among
them, indicating a fundamental difference in spatial pat-
tern between each other (see Supplementary Material and
Figure S2).

In Figure 2, the averaged map shows an obvious pattern
of sensorimotor network. However, Mode 1 looked like the
combination of the DAN and ECN, with the decreased
activity of the DMN.Mode 2 showed the activationmainly in
the SMN.Modes 3 and 4 both showed activation of the SMN,
but in Mode 3 we also found the pattern of DMN, while in
Mode 4 we could have found the decreased activity in visual
areas.

The averaged map in Figure 3 shows ECN dominance.
Mode 1 shows the anticorrelation between the ECN and the
DMN. FromMode 2, we could find the activation of the ECN
and FCN and the deactivation of the visual areas. Mode 3
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Figure 2:The left motor cortex- (LMC-) related modes after temporal decomposition. All results were converted to Z-maps and arranged by
occurrence frequency. The first line represents the average result of the four modes. Black arrow in the first row points out the seed region
approximately.

M
od

e4
M

od
e3

M
od

e2
M

od
e1

M
ea

n

R L

z = −35 −23 −11 1 13 25 37 49 61 73

−1.5

1.5

Z

Figure 3: The dorsal lateral prefrontal cortex- (DLPFC-) related modes after temporal decomposition. All results were converted to Z-maps
and arranged by occurrence frequency. The first line represents the average result of the four modes. Black arrow in the first row points out
the seed region approximately.

showed the coactivation of the ECN and the visual areas.
Mode 4 showed the coactivation of the FCN and DMN.

3.2. Different Occurrence Frequency under Different Feedback
States. Figure 4 shows the occurrence frequency of the dif-
ferent modes derived from three different seed regions under
real and sham feedback states. The paired t-test was per-
formed on occurrence frequency between the two states for
every mode. As we performed totally 12 times (3 seed regions
× four modes) of paired t-tests, we divided a significant P
value of 0.05 by 12 to performmultiple comparison correction
(i.e., use P < 0.0042 to achieve the corrected P value of
0.05).

We found that PCC-related Mode 1 (real > sham, P =
0.0003) and Mode 4 (sham > real, P = 0.0004) were signif-
icantly modulated by different feedback states. However, for

LMC-related modes, no difference was found. For DLPFC-
related modes, Mode 1 (real > sham, P = 0.0011) and Mode
3 (sham > real, P = 0.0031) were found to have different
occurrence between two states. The surface view of these
modes as well as their occurrence frequency for all subjects
under RF and SF states is plotted in Figures 5 and 6.

4. Discussion

In this study, we performed a new method, investigated the
dynamic characteristics of brain networks on finger force
feedback fMRI data, and had two main findings. Firstly, we
found that the DMN, SMN, and ECN did not act inde-
pendently. Instead, several other networks or brain regions
are coactivated or competed with them, which formulated
different modes from a brief time period. Secondly, different
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the occurrence frequency. The sign of ∗ represents the P value lower than 0.05 (corrected).

modes participated differently during RF and SF states. Such
a difference was not in spatial pattern but in temporal
information (i.e., occurrence frequency).

4.1. Biological Meaning of Different Modes. We found that
different modes did not represent different brain networks;
they were more likely to be combinations of several networks
[25]. Previous study has already shown a complex and
dynamic functional architecture of the PCC [26]. This may
explain the variety of the modes derived from the time
frames when PCC was active. From PCC-related Mode 1 and
DLPFC-related Mode 1, we found an obvious competition
between the DMN and ECN.Thismight reflect the reciprocal
relationship between internal monitoring or self-reference
and high-order cognition-related functions. Interestingly,
though this competition occupied most of the time, PCC-
related Mode 2 and DLPFC-related Mode 4 indicated that
these two networks could be coactivated sometimes. PCC-
related Mode 2 validated the finding from Spreng et al. [24]
in which they found that the FCN acted as regional con-
vergence zones that functionally interact with both default
and dorsal attention regions during cognitive tasks [24].
Another interesting finding is that, for all seed regions, there

were always several modes having a close relationship with
the visual areas. Although such a relationship was not
predominant throughout the time course, it occurred at some
brief time period as discovered by the dynamic analysis
method we used. This might be due to the intensive visual
feedback during the tasks. We also compared the temporal
decomposition result with that derived from a widely used
functional connectivity analysis method, ICA, using MICA
toolbox (http://www.nitrc.org/projects/cogicat/, [27]). The
two results were quite different (see Supplementary Mate-
rial and Figure S3), indicating that conventional stationary
analysis method could not find dynamically interacted brain
networks.

4.2. Different Occurrence of the Modes under Different Feed-
back States. We found all of the modes based on both RF
and SF feedback fMRI data. However, the same modes did
not mean the same occurrence. The paired t-test results
showed significant differences in occurrence frequency of the
PCC-related Modes 1 and 4 as well as the DLPFC-related
Modes 1 and 3. The PCC-related Mode 1 and the DLPFC-
related Mode 1 (they both reflected “default mode-executive
control competition”) appeared more frequently during RF,
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while the other two modes (“default mode-visual facilita-
tion” or “executive control-visual facilitation”) appearedmore
frequently during SF. The “default mode-executive control
competition” might be the basis of finger force feedback,
since this type of feedback involves both self-monitoring and
executive controlling. The “default mode/executive control-
visual facilitation” might be caused by the unmatched self-
produced finger force and visual feedback. We should note
that although subjects had realized that the finger force curve
shown in the screen was not produced by themselves, they
might still try to follow the curve in some instant. This
speculation was further validated by inquiring the subjects
after the experiments. No significant difference in occurrence
frequency was found for the SMN-related modes. We specu-
lated that, for motor network, there was no difference in task
demand between RF and SF states, since both tasks required
similar continuous finger force pressure holding.

4.3. Limitations. Our study has several limitations. First, the
RF and SF data were put together into temporal decomposi-
tion, which has to be based on a hypothesis that the spatial
pattern of the modes should be similar during two states.
However, we had no direct evidence to support this point.
Second, the combination and competition of different brain
networks need to be extensively investigated, together with
integration of other data, such as behavioral performance and
physiological signal recording, to facilitate the interpretation.
Third, we only simply averaged the time frames in the
same category and this may eliminate the information of
the occurrence orders (i.e., precise timing information).
Such information may be more informative, which needs
further investigation. Fourth, as the intersubject differences
or variability is of great importance in neuroscience specially
resting-state studies, we also did the temporal decomposition
for a randomly selected subject. However, with blurred
patterns (result not shown here), the four modes derived
from this subject had no correspondence with those derived
from all the subjects. We admitted that the application of
this method at individual level is currently not applicable.
High individual variability should be expected. However,
such an individual variability could be an interesting topic for
correlation with individual behavior data. Finally, the spatial
and temporal resolution will affect the result, especially for
dynamic functional connectivity studies like ours. As cluster-
ing is based on spatial similarity, the higher spatial resolution
is the more accurate spatial clustering result that can be
achieved. Besides, the increase of temporal resolution will
produce more frames for the following clustering, and one
might detect much more transient functional connectivity
patterns. In the future, an imaging sequence with both high
spatial and temporal resolution should be used, that is,
multiband echo-planar imaging [28].

5. Conclusions

In this study, we performed temporal decomposition analysis
on a group of subjects who performed finger force feedback
tasks and revealed different modes combined by various

brain networks. The occurrence frequency of several modes
showed difference between two feedback states. These find-
ings could help us better understand the dynamics of the
functional integration of our brain.
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Purpose. We have focused on finding a classifier that best discriminates between tumour progression and regression based on
multiparametric MR data retrieved from follow-up GBM patients. Materials and Methods. Multiparametric MR data consisting
of conventional and advanced MRI (perfusion, diffusion, and spectroscopy) were acquired from 29GBM patients treated with
adjuvant therapy after surgery over a period of several months. A 27-feature vector was built for each time point, although not all
features could be obtained at all time points due to missing data or quality issues. We tested classifiers using LOPO method on
complete and imputed data. We measure the performance by computing BER for each time point and wBER for all time points.
Results. If we train random forests, LogitBoost, or RobustBoost on data with complete features, we can differentiate between tumour
progression and regression with 100% accuracy, one time point (i.e., about 1 month) earlier than the date when doctors had put a
label (progressive or responsive) according to established radiological criteria. We obtain the same result when training the same
classifiers solely on complete perfusion data. Conclusions. Our findings suggest that ensemble classifiers (i.e., random forests and
boost classifiers) show promising results in predicting tumour progression earlier than established radiological criteria and should
be further investigated.

1. Introduction

GBM is the most common and malignant intracranial tumor
[1], representing as much as 30% of primary brain tumors
with increasing incidence in some geographic regions [2].
The patients have a median survival of only 10 to 14 months
after diagnosis with only 3 to 5% of patients surviving more
than three years. Recurrence is universal, and, at the time
of relapse, the median survival is only five to seven months
despite therapy [3].

The current standard of care is surgical resection followed
by radiotherapy and concomitant and adjuvant temozolo-
mide (TMZ) chemotherapy [4].

Magnetic resonance imaging (MRI) is the most widely
used medical imaging technique for identifying the location
and size of brain tumours. However, conventional MRI has
a limited specificity in determining the underlying type of
brain tumour and tumour grade [5, 6]. More advanced MR
techniques like diffusion-weighted MRI, perfusion-weighted
MRI, and chemical shift imaging (CSI) are promising in the
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characterization of brain tumours as they give potentially
more physiological information [7–9].

Diffusion-weighted imaging (DWI) and diffusion kur-
tosis imaging (DKI) visualize the tissue structure and are
useful for assessing tumour cellularity, because they give
information about the movement of the water inside differ-
ent tissues including biological barriers. Typical parameters
related to diffusion are apparent diffusion coefficient (ADC),
mean diffusivity (MD), mean kurtosis (MK), and fractional
anisotropy (FA). MD is a general parameter that accounts for
the mean diffusivity in all directions, MK might be a specific
parameter for tissue structure [10], and FA is a general index
of anisotropy, with a value of zero corresponding to isotropic
diffusion and a value of one corresponding to diffusion only
in one direction.

Perfusion-weighted MRI (PWI) provides measurements
that reflect changes in blood flow, volume, and angiogenesis.
Hypervascularity due to glioma-induced neoangiogenesis
may show up as high relative cerebral blood volume (rCBV)
while necrosis of different tissues may show up as low rCBV
[11].

MR spectroscopy provides information aboutmetabolites
present in normal and abnormal tissues [12]. This informa-
tion can be represented as metabolite maps using CSI.

We have studied patients with GBM that had the tumour
surgically removed and afterwards were treated according to
two different protocols developed for evaluating dendritic cell
immunotherapy: HGG-IMMUNO-2003 [13–16] and HGG-
IMMUNO-2010 [13].

The focus of our paper is finding a map between the
multiparametric MR data acquired during the follow-up of
the patients and the relapse of the brain tumour after surgery,
as described by the clinically accepted RANO criteria [17].
In order to do this, we test different families of classifiers
on multiparametric MR data, starting from simple ones, for
example, 𝑘-nearest neighbours (𝑘-NN) and linear discrimi-
nant analysis (LDA), and moving to nonlinear classifiers, for
example, random forests and neural networks, using a total
of 27 features extracted from PWI, DKI, and CSI data.

2. Materials and Methods

2.1. Study Setup. There are 29 patients included in this study,
out of which 16 patients were treated according to the HGG-
IMMUNO-2003 protocol [13–16] and 13 patients according
to the HGG-IMMUNO-2010 protocol [13].

Patients that were treated according to the HGG-
IMMUNO-2003 protocol are patients with relapsed GBM
that received immune therapy as the sole treatment strategy.

Patients that were treated according to the HGG-
IMMUNO-2010 protocol are patientswith primaryGBMthat
had surgery. For the follow-up treatment after surgery the
patients were split into two groups.The first group consisting
of 6 patients who received radiochemotherapy and the
immune therapy vaccine. The second group consisting of the
remaining 7 patients who received just radiochemotherapy
for the first six months after surgery, and after those six
months all 7 patients received radiochemotherapy plus the

immune therapy vaccine.We refer to the first group as “HGG-
IMMUNO-2010 vaccine” and to the second group as “HGG-
IMMUNO-2010 placebo.”

All 29 patients were offered monthly MRI follow-up, but
after six months under immune therapy all patients switched
to a three-monthly schedule.

The local ethics committee approved this study and
informed consent was obtained from every patient before the
first imaging time point.

Based on radiological evaluation of the follow-up MRI
scans using the current guidelines for response assessment of
high grade glioma [17], each patient was assigned to one of
two clinical groups:

(i) patients with progressive disease during follow-up
which exhibit an increase of ≥25% in the sum of
the products of perpendicular diameter of enhancing
lesions compared to the smallest tumour measure-
ment obtained either at baseline or best response,

(ii) patients with complete responsewith disappearance of
all measurable and nonmeasurable disease sustained
for at least 4 weeks.

Based on this assessment, each MRI time point for
each patient was considered to be labeled or unlabeled as
follows: labeled as “responsive” for all time points at and after
the moment when the patient was considered as “complete
response”; labeled as “progressive” for all time points at and
after the moment when the patient was considered as “pro-
gressive disease”; or “unlabeled” for all time points preceding
the decision moment.

2.2. MRI Acquisition and Processing. Magnetic resonance
imaging was performed on a clinical 3 Tesla MR imaging sys-
tem (PhilipsAchieva, Best,Netherlands), using a body coil for
transmission and a 32-channel head coil for signal reception.
The imaging protocol consisted of diffusion kurtosis imaging,
dynamic susceptibility weighted contrast-MRI (DSC-MRI),
and MR spectroscopy, combined with standard anatomical
imaging (T1-weighted MRI after contrast administration,
T2-weighted MRI, and FLAIR (fluid attenuated inversion
recovery) MR images).

2.2.1. Anatomical Magnetic Resonance Imaging. MR images
were acquired as previously described [9, 18, 19]. In
brief, an axial spin echo T2-weighted MR image (TR/TE:
3000/80msec, slice/gap: 4/1mm, field of view (FOV): 230 ×
184mm2, turbo factor (TF): 10, and acquisition matrix: 400 ×
300), an axial fluid-attenuated inversion recovery (FLAIR)
image (TR/TE/IR: 11000/120/2800msec, slice/gap: 4/1mm,
and acquisition matrix: 240 × 134), and a T1-weighted 3D
spoiled gradient echo scan (fast field echo-FFE, TR/TE:
9.7/4.6msec, flip angle: 8∘, turbo field echo factor: 180, acqui-
sition voxel size: 0.98 × 0.98 × 1mm3, 118 contiguous parti-
tions, and inversion time: 900msec) after contrast adminis-
trationwere acquired as high-resolution anatomical reference
images.

Regions of interest (ROI) were manually drawn around
the solid contrast-enhancing region if present, avoiding areas
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Figure 1: Delineations on T1 MR image postcontrast. Green—
necrosis, red—CE, and blue—ED.

of necrosis (N) or cystic components such as the surgical
cavity. A second ROI was manually drawn around the entire
lesion (TO), that is, contrast enhancement (CE) and per-
ilesional oedema (ED). The ROI containing the perilesional
oedema was obtained by extracting the contrast-enhancing
portion from the total lesion. Finally, a separate ROI was
drawn around the contralateral normal appearing white mat-
ter (NAWM) to standardize the hemodynamicmeasurements
of DSC-MRI.

The manual delineations were drawn by a radiologist
(SVC) with 5 years experience of MR imaging of brain tum-
ours. An example of delineations on T1 post contrast image
can be seen in Figure 1, where green is the necrosis, red is CE,
and blue is ED.

2.2.2.Magnetic Resonance Spectroscopy. A2D-CSI short echo
time protocol was used as validated in [20]. The volume of
interest (VOI) is positioned on the slice of the transverse
reconstruction of the T1-weighted 3D-FFE sequence with the
largest section of contrast enhancement. The slice thickness
of the VOI is 10mm and the VOI is 80 × 80 × 10mm3, with
each voxel being 5 × 5 × 10mm3 (16 × 16 voxels in total). If the
contrast-enhancing lesion was smaller than 2 cm3 or the con-
trast enhancement is located in areas with large susceptibility
differences, for example, the basal forebrain or the anterior
temporal lobes, a single voxel (SV) technique was performed
(TR/TE: 2000/35msec, minimal volume: 1 cm3).

MR spectra were processed using the MATLAB 2010b
environment (MathWorks, MA, USA) with SPID graphical
user interface [21] as described in detail in [20].

Ninemetabolites were quantified using the AQSES-MRSI
quantification method [22]: N-acetyl aspartate (NAA), glu-
tamine (Gln), glutamate (Glu), total creatine (Cre), phospho-
rylcholine (PCh), glycerophosphorylcholine (GPC), myo-
inositol (Myo), and lipids (Lips) at 0.9 and 1.3 ppm, referred to

as Lip1 and Lip2, respectively. Glu + Gln and PCh + GPC
were reported as Glx and tCho (total choline), respectively.
For each metabolite, AQSES-MRSI reported metabolite con-
centrations in institutional units and their error estimates
as Cramer-Rao lower bounds (CRLBs) [23]. After quan-
tification, good quality voxels were selected based on the
CRLBs and spectral quality assessment as recommended by
Kreis (FWHMofmetabolites <0.07–0.1 ppm, no unexplained
features in the residuals, no doubled peaks or evidence for
movement artifacts, symmetric line shape, no outer volume
ghosts or other artifacts present) [24]. CRLB lower than 20%
for tCho, NAA, Glx, Cre, and Lips and CRLB lower than
50% for Myo were considered sufficient. From these repre-
sentative voxels, the mean metabolite ratios as proposed by
Kounelakis et al. were calculated [25] over the CE region:
NAA/tCho, NAA/sum, tCho/sum, NAA/Cre, Lips/tCho,
tCho/Cre, Myo/sum, Cre/sum, Lips/Cre and Glx/sum (10
parameters). The sum represents the sum of the concentra-
tions of all quantified metabolites.

Sixty-six percent (66%) of all spectroscopic time points
are not included in this study. There are two reasons for this:
(1) quantification was not possible for all time points (MR
spectroscopy data was not acquired for all patients due to
patient movement) and (2) the rest of them did not pass the
quality control recommended by Kreis [24].

2.2.3. Dynamic Susceptibility Weighted Imaging (DSC-MRI).
Perfusion images were obtained using a standard DSC per-
fusion MR imaging protocol consisting of a gradient echo-
EPI sequence, TR/TE: 1350/30msec, section thickness/gap:
3/0mm, dynamic scans: 60, FOV: 200 × 200mm2, matrix:
112 × 109, number of slices: 23, and scan time: 1 minute 26
seconds. EPI data were acquired during the first pass follow-
ing a rapid injection of a 0.1mmol/kg body weight bolus of
megluminegadoterat (Dotarem, Guerbet, Villepinte, France)
via a mechanical pump at a rate of 4mL/sec, followed by a
20mL bolus of saline. Preload dosing was performed accord-
ing to Hu et al. in order to correct for T1-weighted leakage
(preload dose 0.1mmol/kg megluminegadoterat, incubation
time 10min) [26].

DSC data were analyzed using DPTools (http://www
.fmritools.org), as described in [18].

The mean values of the considered perfusion parameters
were retrieved in the CE, ED, and NAWM regions. We report
relative rCBV (rrCBV), relative rCBF (rrCBF), and relative
DR (rDR) of tumoural tissue by using the corresponding
parameter value in the contralateral NAWM as internal
reference.

Although quantification was possible for all time points,
after quality assessment done by visual inspection by SVC,
30% of them were not included in this study.

2.2.4. Diffusion Kurtosis Imaging (DKI). DKI data were
acquired according to the previously described protocol in
[18, 19] (SE-EPI-DWI sequence with TR/TE: 3200/90msec,
𝛿/Δ: 20/48.3msec; FOV: 240 × 240mm2, matrix: 96 ×
96, number of slices: 44, 1 signal average acquired, sec-
tion thickness/gap: 2.5/0mm, and 𝑏-values: 700, 1000, and
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2800 sec/mm2 in 25, 40, and 75 uniformly distributed direc-
tions, resp.) [27]. The DKI data were processed as described
in [18]. Fractional anisotropy (FA), mean diffusivity (MD),
and mean kurtosis (MK) were derived from the tensors [10,
28]. A nonlinear registration of the parameter maps to the
anatomical MR imaging data was performed to minimize
the local misalignment between the EPI distorted DKI data
and the anatomical data on which the ROIs were manually
positioned. MK, MD, and FA were determined in the CE and
ED regions.

Although quantification was possible for all time points,
after quality control according to [27], 44% of them were not
included in this study.

2.2.5. Summary of MRI Acquisition and Processing. In total,
from 29 patients, we have 178 data points of follow-up MR
imaging sessions, and each of these ones has 27 features:

(i) 3 volumes, contrast enhancement (CE), oedema (ED),
and necrosis (N)

(ii) 6 perfusion features, rrCBV, rrCBF, and rDR for CE
and ED

(iii) 6 diffusion features, MK, MD, and FA for CE and ED
(iv) 10 spectroscopic features, from CE—NAA/tCho,

NAA/sum, tCho/sum, NAA/Cre, Lips/tCho, tCho/
Cre, Myo/sum, Cre/sum, Lips/Cre, and Glx/sum

(v) a parameter (0 or 1) for total resection of the tumour
(vi) a parameter (0, 1, or 2) to describe the group of the

patient, HGG-IMMUNO-2003, HGG-IMMUNO-
2010 placebo, or HGG-IMMUNO-2010 vaccine.

Out of all 178 measurements, if we extract just the ones
with complete features, it will result in a subset of 18 patients
with 45 measurements. This implies that more than 75% of
the measurements have at least one feature missing. Five
features are always present: the three volumes, the parameter
for tumour resection, and the parameter for different groups.

2.3. Classifiers. We have used several supervised and semisu-
pervised classifiers, as presented in Table 1, with the goal of
testing whether the unlabeled data could have been reliably
labeled before the actual labeling was performed in the clinic
according to the RANO criteria.

The list of classifiers in Table 1 is representative for the
most important families of classification methods, starting
from simple classical methods such as linear discriminant
analysis (LDA) and 𝑘-nearest neighbour (𝑘-NN) up to more
complex nonlinear classifiers such as random forests and
neural networks.

Each classifier is based on a mathematical model, which
needs to be optimised on the basis of a training dataset. The
training set consists here of labeled data, that is, data at and
after a clinical decision has been made. The test set on which
we compare classifiers consists of data that have no label,
that is, time points before the decision of “progressive” or
“responsive” has been made.

All classifiers are implemented in MATLAB R2013a
(MathWorks, MA, USA). All classifiers except least squares

Table 1: Supervised and semisupervised classifiers tested in this
paper.

Supervised classifiers Handles missing values
Random forests ✓

Classification tree ✓

Boost ensembles ✓

Neural networks —
SVM —
LSSVM —
𝑘-NN —
dLDA —
Semisupervised classifiers
LDS —
SMIR —
S4VM —

support vector machines (LSSVMs) and the semisupervised
ones are part of the Statistics Toolbox and Neural Networks
Toolbox of MATLAB R2013a.
𝑘-NN [29] is one of the basic classifers in machine learn-

ing.The class label of a new testing point is given by the most
common class among its 𝑘 neighbours. We used the default
MATLAB R2013a (Statistics Toolbox) function “𝑘nnclassify”
to run a grid search for the best combination of number of
neighbours (𝑘) and type of distance. We varied 𝑘 between
1 and 11 and the distance was either “euclidean,” “cityblock,”
“cosine,” or “correlation.” We found the best results for the
combination of 3 neighbours and the “correlation” distance.

Diagonal LDA (dLDA [30]) is a simple modification of
linear discriminant analysis, which implies that we use the
pseudoinverse of the covariance matrix instead of the actual
inverse. We used the default MATLAB R2013a implementa-
tion “classify” from the Statistics Toolbox.

SVMs [31, 32] are among the most popular machine
learning models because they are easy to understand: given
a training set with points that belong to two classes, we try
to find the best hyperplane to differentiate between the two
types of points.We can try this in the original space or we can
map the points to another space by using the kernel trick. We
used the default MATLAB R2013a (Statistics Toolbox) imple-
mentations “svmtrain” and “svmclassify.” We used different
types of kernel: linear, polynomial, radial basis function, and
multilevel perceptron.

Classification tree [33] is an algorithm commonly used in
machine learning. Like in a real tree there are leaves which
represent class labels and branches. At each node of a tree
a single feature is used to discriminate between different
branches. We used the default MATLAB R2013a (Statistics
Toolbox) implementation “classregtree.”

Neural networks [34–37] are built on interconnected
layers of artificial “neurons” that try to map an input vector
to its specific output. There are three types of layers: input,
hidden, and output. The weights between different neurons
are trained until a maximum number of iterations or a mini-
mum error is reached. We used the default MATLAB R2013a
(Neural Network Toolbox) implementation “net” with 10
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hidden neurons. We tested four types of neural networks:
pattern net, feed forward net, cascade forward net, and fit net.

Random forests [38, 39] are part of the ensemblemethods
for classification that use a collection of decision trees. Each
decision tree learns a rule and then it can classify a new point.
The new point is assigned to the class voted by the majority
of the decision trees. We used the default MATLAB R2013a
(Statistics Toolbox) implementation “TreeBagger” with 100
trees.

Boosting algorithms [40–43] start with a collection of
weak classifiers (e.g., decision trees) and with each iteration
they try to improve the overall classification by learning
what was misclassified at the previous step. We used the
default MATLAB R2013a (Statistics Toolbox) implementa-
tion “fitensemble” with 100 trees. We tested seven types
of boosting algorithms: AdaBoost, LogitBoost, GentleBoost,
RobustBoost, LPBoost, TotalBoost, and RUSBoost.

LSSVMs [44, 45] are a powerful machine learning tech-
nique. We downloaded LSSVMlab from [46] and followed
the instructions from [47] to tune the parameters. We used
different types of kernel: linear, polynomial, radial basis
function, and also the Bayesian approach on LSSVM.

The semisupervised classifiers used in this paper are low
density separation (LDS [48]), squared-loss mutual infor-
mation regularization (SMIR [49]), and safe semisupervised
support vector machine (S4VM [50, 51]). In the last years
there has been a steady increase in the use anddevelopment of
semisupervised classifiers, as they take into account informa-
tion from unlabeled data also, not just from labeled data.This
makes thempowerfulmachine learning tools.The implemen-
tation for semisupervised classifiers was downloaded from
[52–54].

Classifiers were tested first with all features described in
Section 2.2.5 taken as input, but then also by selecting subsets
of the available features as input, that is, only the features
pertaining to a single modality (perfusion, diffusion, and
spectroscopy). Additionally, classifiers were tested first on the
smaller dataset containing 45 time points with a complete set
of features and then on the larger dataset containing 178 time
points where missing values have been imputed according to
Section 2.4, presented below.

2.4. In-House Imputation Method. Some classifiers have
built-in strategies of handlingmissing values, but other classi-
fiers do not handlemissing values (see Table 1).This is whywe
developed our own in-house imputation method, so the
handling of missing values will be the same for all classifiers.

Ourmethod is based on the volumes of contrast enhance-
ment and oedema regions, in the sense that if the volume
of a tumour region is zero, that missing tissue is considered
healthy tissue. If we have values of any modality (perfusion,
diffusion, and spectroscopy) that are missing from CE or ED,
and the volume of CE or ED corresponding to that measure-
ment is zero, and then we assume that those missing values
belong to a normal type of tissue. For perfusion, because we
normalize every parameter to the normal appearing white
matter value, the missing values will be replaced by 1’s. For
diffusion and spectroscopy, the missing values will be

replaced by the average of the features taken over the mea-
surements which were labeled as responsive, because we con-
sider that these measurements are recorded from a healthy
tissue. If we have missing values without association to zero
volume for CE or ED, they will be replaced by the average
taken over all the labeled measurements.

2.5. Performance Indices

Leave One Patient Out (LOPO). Classifiers are trained on
labeled data from all patients except one who is the test
patient. Each patient in turn is selected as test patient. All
time points that belong to the test patient are classified inde-
pendently. Results for each classifier are averaged per time
point over all patients relative to the time point at which the
clinical decision was made.

This way of testing is intuitive from a medical point of
view and provides us with information about how good is the
classificationwhenwe approach the decision time. In this way
we can look at the temporal evolution of the classification for
each patient.

We compute the balanced error rate (BER) at each time
point before and after the decision, using the clinical decision
assigned to each patient as expected label for all time points
of this patient. BER is computed as

BER
𝑖
=
ERRresp
𝑖
+ ERRprog

𝑖

2
, (1)

where
ERRresp
𝑖
= (Number of responsive patients

misclassified as progressive)

× (Total number of responsive patients)−1 ,
ERRprog
𝑖
= (Number of progressive patients

misclassified as responsive)

× (Total number of progressive patients)−1 .
(2)

For each classifier we have a grand total of 17 time points,
due to the fact that there are patients with up to 6 time points
after the decision time point and there are others with up to 11
time points before the decision. In order to compare the clas-
sifiers by using just one error number instead of 17, we com-
pute a weighted average for each classifier’s time response.
This performancemeasurement is denoted by “weighted BER
(wBER)” in the Results section.

We use two sets of weights:

(i) one for the temporal response—the classifier should
perform better when we approach the labeling time
point and after it:

𝑊
𝑡

𝑖
= 1, if 𝑖 ≥ decision time point,

𝑊
𝑡

𝑖
= 1 −
0.5

11
⋅ 𝑖, if 𝑖 < decision time point

(3)
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Table 2: Detailed BER results for each time point for the best 6 classifiers when using the leave-one-patient-out method on complete features
for all MR modalities. The decision moment marked by bold font. Some time points do not have results because there were no complete
measurements.

BER Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 — — — — — —
𝐿 + 4 — — — — — —
𝐿 + 3 0 0 0 0 0 0

𝐿 + 2 0 0 0 0 0 0

𝐿 + 1 0 0 0 0 0 0

L 0 0.1 0.217 0 0 0.1
𝐿 − 1 0 0.125 0 0 0 0.125

𝐿 − 2 0.25 0.25 0.5 0.25 0.25 0.25

𝐿 − 3 0.5 0.5 1 0.5 0.5 0.25

𝐿 − 4 1 1 1 1 1 0.5

𝐿 − 5 0.25 0.25 0.25 0.25 0.25 0.25

𝐿 − 6 0.5 0 0 0.5 0.5 0

𝐿 − 7 1 0 1 1 1 0

𝐿 − 8 — — — — — —
𝐿 − 9 0 0 0 0 0 0

𝐿 − 10 — — — — — —
𝐿 − 11 0 0 1 0 0 0

wBER 0.148 0.172 0.276 0.148 0.148 0.136

Table 3: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
imputed features for all MR modalities. The decision moment marked by bold font.

BER Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 0 0 0 0 0 0

𝐿 + 4 0 0 0 0 0 0

𝐿 + 3 0 0 0 0 0 0

𝐿 + 2 0.125 0.25 0.125 0.125 0.125 0

𝐿 + 1 0.171 0.071 0.071 0.171 0.171 0.071

L 0.105 0.022 0.149 0.188 0.105 0.359
𝐿 − 1 0.214 0.065 0.130 0.3 0.192 0.192

𝐿 − 2 0.444 0.417 0.194 0.444 0.472 0.5

𝐿 − 3 0.418 0.382 0.282 0.418 0.418 0.482

𝐿 − 4 0.475 0.413 0.388 0.475 0.413 0.475

𝐿 − 5 0.688 0.438 0.563 0.688 0.688 0.688

𝐿 − 6 0.368 0.467 0.3 0.567 0.567 0.567

𝐿 − 7 0.375 0.375 0.75 0.5 0.75 0.625

𝐿 − 8 0.5 0.333 0.583 0.5 0.75 0.333

𝐿 − 9 0.333 0.333 0.833 0.333 0.833 0.5

𝐿 − 10 0.5 0.75 0.75 0.5 1 0.75

𝐿 − 11 0.5 0.5 1 0.5 0.5 0.5

wBER 0.294 0.216 0.242 0.335 0.325 0.352

Table 4: Weighted BER for the best 6 supervised classifiers when using the leave-one-patient-out method with complete features for each
MR modality separately.

Weighted BER Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
Perfusion 0.148 0.256 0.220 0.148 0.148 0.193
Diffusion 0.358 0.259 0.255 0.367 0.367 0.349
Spectroscopy 0.571 0.561 0.600 0.609 0.623 0.629
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Table 5: Weighted BER for the best 6 supervised classifiers trained on imputed features from each MR modality separately.

Weighted BER Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
Perfusion 0.294 0.311 0.275 0.289 0.265 0.282
Diffusion 0.277 0.327 0.322 0.277 0.277 0.380
Spectroscopy 0.412 0.401 0.423 0.423 0.408 0.415

Table 6: wBER comparison between our in-house method of
imputingmissing values and built-in imputation strategy of different
supervised classifiers.

Weighted BER Our method Built-in method
Random forests 0.294 0.423
AdaBoost 0.324 0.333
LogitBoost 0.335 0.241
GentleBoost 0.308 0.245
RobustBoost 0.325 0.296
LPBoost 0.256 0.369
TotalBoost 0.289 0.323
RUSBoost 0.308 0.361
Decision tree 0.346 0.651

(ii) one for patient population—the time points with
more patients get a higher weight (see Table 14 from
the Appendix):

𝑊
𝑝

𝑖
=
Number of patients at time point 𝑖

Total number of patients
. (4)

The equation of wBER is

wBER =
∑𝑊
𝑝

𝑖
⋅ 𝑊
𝑡

𝑖
⋅ BER
𝑖

∑𝑊
𝑝

𝑖
⋅ 𝑊
𝑡

𝑖

. (5)

3. Results and Discussion

3.1. Results

3.1.1. LOPO When Using All Modalities. Table 7 from the
Appendix shows how different classifiers perform on com-
plete and on imputed features when using all MRmodalities.

We selected the best 6 classifiers (marked by bold font in
Table 7) and present their detailed BER results for each time
point in Table 2.

Table 3 shows the detailed BER results for each time point
for the best 6 classifiers (marked by bold font in Table 7) when
using data with imputed features.

3.1.2. LOPO When Using Each Modality. Table 4 shows how
the best 6 supervised classifiers (marked by bold font in
Table 7) perform on complete features when using each MR
modality separately.

Tables 8, 9, and 10 from theAppendix list the performance
of the best supervised classifiers (marked by bold font in
Table 7) when using, respectively, perfusion, diffusion, or
spectroscopy data separately, considering complete features
only.

Table 7: Weighted BER for supervised and semisupervised classi-
fiers trained on complete and imputed data. We marked the best 6
classifiers by bold font.

Weighted BER Complete
features

Imputed
features Average

dLDA 0.172 0.216 0.194
SVM-lin 0.276 0.242 0.259
SVM-poly 0.285 0.334 0.310
SVM-rbf 0.493 0.520 0.507
SVM-mlp 0.136 0.352 0.244
Bayesian
LSSVM 0.371 0.469 0.420

LSSVM-lin 0.452 0.280 0.366
LSSVM-poly 0.462 0.362 0.412
LSSVM-rbf 0.408 0.320 0.364
Random forests 0.148 0.294 0.221
AdaBoost 0.505 0.324 0.415
LogitBoost 0.148 0.335 0.242
GentleBoost 0.296 0.308 0.302
RobustBoost 0.148 0.325 0.237
LPBoost 0.505 0.256 0.381
TotalBoost 0.505 0.289 0.397
RUSBoost 0.281 0.308 0.295
Classification
tree 0.268 0.346 0.307

3-NN
(correlation) 0.357 0.428 0.392

Pattern net 0.449 0.288 0.366
Feed forward
net 0.399 0.411 0.405

Cascade
forward net 0.586 0.485 0.535

Fit net 0.535 0.350 0.443
LDS 0.442 0.534 0.488
SMIR 0.278 0.436 0.357
S4VM 0.456 0.473 0.465

Table 5 shows how the best 6 classifiers (marked by bold
font in Table 7) performon imputed features when using each
MR modality separately.

Tables 11, 12, and 13 from the Appendix list the perfor-
mance of the best supervised classifiers (marked by bold font
in Table 7) when using, respectively, perfusion, diffusion, or
spectroscopy data separately, considering imputed features
only.
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Table 8: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
complete perfusion features.The decisionmomentmarked by bold font. Some time points do not have results because there were no complete
perfusion measurements.

BER on perfusion Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 — — — — — —
𝐿 + 4 — — — — — —
𝐿 + 3 0 0 0 0 0 0
𝐿 + 2 0 0 1 0 0 0
𝐿 + 1 0 0 1 0 0 0
L 0 0.217 0.05 0 0 0.05
𝐿 − 1 0 0.187 0.187 0 0 0.187
𝐿 − 2 0.25 0.25 0.375 0.25 0.25 0.25
𝐿 − 3 0.5 0.5 0.5 0.5 0.5 0.5
𝐿 − 4 1 1 1 1 1 0.5
𝐿 − 5 0.25 0.25 0.25 0.5 0.5 0.5
𝐿 − 6 0.5 0.5 0.5 0.5 0.5 0.5
𝐿 − 7 1 1 1 1 1 1
𝐿 − 8 — — — — — —
𝐿 − 9 0 0 0 0 0 0
𝐿 − 10 — — — — — —
𝐿 − 11 0 0 0 0 0 0

Table 9: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
complete diffusion features.The decisionmoment marked by bold font. Some time points do not have results because there were no complete
diffusion measurements.

BER on diffusion Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 — — — — — —
𝐿 + 4 — — — — — —
𝐿 + 3 0 0 0 0 0 1

𝐿 + 2 0 0.25 0 0 0 0.5

𝐿 + 1 0 0 0 0 0 0

L 0.217 0.1 0.1 0.217 0.217 0.267
𝐿 − 1 0.562 0.25 0.125 0.562 0.562 0.562
𝐿 − 2 0.5 0.25 0.5 0.5 0.5 0.375
𝐿 − 3 0.5 0.75 0.75 0.5 0.5 0.25
𝐿 − 4 0.5 1 0.5 0.5 0.5 0.5
𝐿 − 5 0.25 0.25 0.5 0.5 0.5 0
𝐿 − 6 0.5 0 0.5 0.5 0.5 0
𝐿 − 7 0 0 0 0 0 0
𝐿 − 8 — — — — — —
𝐿 − 9 1 1 1 1 1 0
𝐿 − 10 — — — — — —
𝐿 − 11 1 1 1 1 1 0

3.1.3. In-House Imputation Strategy versus Built-In Imputation
Strategy. Table 6 shows howdifferent classifiers performwith
our in-house imputation of missing values (Section 2.4)
versus the built-in imputation strategy of missing values for
the classifiers marked in Table 1.

3.2. Discussion. A first conclusion that we can draw from
a comparative analysis of the different classifiers is that we

obtain the lowest error when training classifiers on data with
complete features and not on data with imputed features, no
matter the imputation method (our in-house method or the
built-in method). In order to improve the performance of
classifiers, improving the quality of the data would help.

The lowest error when using complete features is around
0.14 (SVM-mlp—0.136), while if we use imputed features the
lowest error is 0.216 (dLDA). The best classifiers on complete
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Table 10: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
complete spectroscopy features. The decision moment marked by bold font. Some time points do not have results because there were no
complete spectroscopy measurements.

BER on spectroscopy Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 — — — — — —
𝐿 + 4 — — — — — —
𝐿 + 3 0 0 0 0 0 0

𝐿 + 2 1 0.75 0.75 1 1 1

𝐿 + 1 1 1 1 1 1 0

L 0.55 0.583 0.632 0.6 0.55 0.583
𝐿 − 1 0.562 0.562 0.813 0.5 0.562 0.687
𝐿 − 2 0.625 0.625 0.25 0.625 0.75 0.875
𝐿 − 3 0.25 0.5 0.25 0.5 0.5 0.25
𝐿 − 4 0.5 0.5 1 0.5 0.5 1
𝐿 − 5 0.5 0.5 0 1 1 1
𝐿 − 6 0.5 0 0.5 0.5 0.5 0.5
𝐿 − 7 0 0 1 0 0 0
𝐿 − 8 — — — — — —
𝐿 − 9 1 1 1 1 1 0
𝐿 − 10 — — — — — —
𝐿 − 11 1 1 1 1 1 0

Table 11: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
imputed perfusion features. The decision moment marked by bold font.

BER on perfusion Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 0 0 0 0 0 0
𝐿 + 4 0 0 0 0 0 0
𝐿 + 3 0 0.25 0 0 0 0.25
𝐿 + 2 0.125 0 0 0.125 0 0.125
𝐿 + 1 0.171 0.071 0.071 0.171 0.071 0
L 0.127 0.109 0.043 0.127 0.043 0.109
𝐿 − 1 0.130 0.196 0.152 0.214 0.130 0.279
𝐿 − 2 0.444 0.528 0.472 0.389 0.444 0.417
𝐿 − 3 0.418 0.464 0.418 0.373 0.418 0.281
𝐿 − 4 0.475 0.475 0.475 0.412 0.475 0.512
𝐿 − 5 0.687 0.687 0.687 0.625 0.687 0.562
𝐿 − 6 0.567 0.567 0.567 0.567 0.567 0.567
𝐿 − 7 0.5 0.5 0.5 0.5 0.5 0.5
𝐿 − 8 0.5 0.5 0.5 0.5 0.5 0.5
𝐿 − 9 0.333 0.5 0.5 0.333 0.333 0.333
𝐿 − 10 0.5 0.5 0.5 0.5 0.5 0.25
𝐿 − 11 0.5 0.5 0.5 0.5 0.5 0

features are ensemble classifiers (random forests and boosting
algorithms), dLDA, and SVM, while the best classifiers on
imputed features are dLDA, SVM-lin, and random forests.

If we compare the results of single MR modalities when
training classifiers on data with complete features, we can say
that the use of spectroscopy only leads to the worst results
with a minimum error of 0.561. The single use of perfu-
sion generates better results than using only diffusion data,
especially when using ensemble methods (random forests,
LogitBoost, and RobusBoost), with a minimum error of
0.148 compared to 0.255. When using imputed features, the
minimum error almost doubles.

An interesting aspect when looking at detailed measure-
ments on complete features (Table 2) is the fact that we have
error equal to zero (perfect classification), one time point
before the actual labeling according to the RANO criteria,
when using random forests, LogitBoost, or RobustBoost.This
means that we can predict the patient outcome (progressive,
responsive) with 100% accuracy one time point (i.e., about 1
month in our study) earlier than the actual clinical decision
was made. When looking at each MR modality separately
(Tables 8, 9, and 10) we notice that the same result could have
been obtained by using solely the perfusion data.This is a very
important finding, mainly because perfusion is very fast to
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Table 12: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
imputed diffusion features. The decision moment marked by bold font.

BER on diffusion Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 0 0 0 0 0 0
𝐿 + 4 0 0 0 0 0 0
𝐿 + 3 0 0 0 0 0 0.25
𝐿 + 2 0 0.125 0 0 0 0
𝐿 + 1 0.1 0.243 0.243 0.1 0.1 0.314
L 0.105 0.297 0.192 0.105 0.105 0.420
𝐿 − 1 0.254 0.257 0.257 0.254 0.254 0.424
𝐿 − 2 0.361 0.25 0.25 0.361 0.361 0.278
𝐿 − 3 0.282 0.473 0.473 0.282 0.282 0.436
𝐿 − 4 0.45 0.637 0.637 0.45 0.45 0.387
𝐿 − 5 0.562 0.5 0.562 0.562 0.562 0.437
𝐿 − 6 0.433 0.367 0.533 0.433 0.433 0.433
𝐿 − 7 0.5 0.5 0.5 0.5 0.5 0.75
𝐿 − 8 0.667 0.167 0.667 0.667 0.667 0.667
𝐿 − 9 0.667 0.667 0.667 0.667 0.667 0.5
𝐿 − 10 0.75 0.75 0.75 0.75 0.75 0.75
𝐿 − 11 1 0.5 1 1 1 1

Table 13: Detailed BER results for each time point for the best 6 supervised classifiers when using the leave-one-patient-out method on
imputed spectroscopy features. The decision moment marked by bold font.

BER on spectroscopy Random forests dLDA SVM-lin LogitBoost RobustBoost SVM-mlp
𝐿 + 5 0 0 0 0 0 0
𝐿 + 4 0 0 0 0 0 0
𝐿 + 3 0 0 0 0 0 0.25
𝐿 + 2 0.25 0.25 0.125 0.25 0.25 0.25
𝐿 + 1 0 0 0 0 0 0
L 0.562 0.504 0.609 0.587 0.543 0.569
𝐿 − 1 0.293 0.337 0.380 0.315 0.293 0.359
𝐿 − 2 0.389 0.389 0.389 0.389 0.389 0.389
𝐿 − 3 0.436 0.436 0.381 0.436 0.436 0.336
𝐿 − 4 0.55 0.55 0.612 0.55 0.55 0.55
𝐿 − 5 0.687 0.687 0.562 0.687 0.687 0.687
𝐿 − 6 0.433 0.433 0.533 0.6 0.433 0.433
𝐿 − 7 0.75 0.75 0.875 0.75 0.75 0.75
𝐿 − 8 0.667 0.667 0.667 0.667 0.667 0.667
𝐿 − 9 0.667 0.167 0.667 0.667 0.667 0.667
𝐿 − 10 0.75 0.75 0.25 0.75 0.75 0.75
𝐿 − 11 1 1 1 0.5 1 1

measure (2-3 minutes) and it has the lowest rate of missing
data, which makes it reliable. Our study is not the only
one that shows that perfusion parameters are very reliable
when it comes to differentiating between tumour tissues and
other tissues. Multiple studies (among others Barajas Jr. et al.
[55] and Hu et al. [56]) prove that perfusion parameters
are strongly correlated with tumour progression and overall
survival. The main reason behind this strong correlation is
the fact that tumours grow very fast, so they require large
amounts of nutrients to develop, which is reflected in the
angiogenesis of the tumour. This increase in angiogenesis is
visualised and measured using perfusion imaging.

When comparing the two methods of imputing missing
values, our in-house method (Section 2.4), and the classifier-
dependent built-in strategies, the difference between them
is not important with respect to the performance of the
classifiers.

Usingmachine learning for classification of brain tumoral
tissue is a field with an increasing amount of work.

In [57] Hu et al. use a support vector machine approach
on multiparametric MRI (perfusion, diffusion, and anatom-
ical MRI) to automatically differentiate between radiation
necrosis voxels and progressive tumour voxels coming from
patients with resected GBM.They optimize a one-class SVM
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Table 14: Number of samples for each time point. The decision
moment marked by bold font.

Number of complete
samples

Number of imputed
samples

𝐿 + 5 0 2
𝐿 + 4 0 2
𝐿 + 3 1 3
𝐿 + 2 3 8
𝐿 + 1 1 12
L 13 29
𝐿 − 1 9 29
𝐿 − 2 6 24
𝐿 − 3 3 16
𝐿 − 4 2 13
𝐿 − 5 2 12
𝐿 − 6 2 8
𝐿 − 7 1 6
𝐿 − 8 0 5
𝐿 − 9 1 4
𝐿 − 10 0 3
𝐿 − 11 1 2

based on the area under receiver operator curve from 6000
training voxels manually delineated from 8 patients and then
tested on manually delineated voxels from 8 new patients.
Their results show that perfusion and diffusion have a high
discrimination rate between radiation necrosis and tumour
progression.

In [55] Barajas Jr. et al. use perfusion MR imaging to
investigate which parameters can be used to differentiate
between recurrent GBM and radiation necrosis. Their study
was based on 57 patients, they used Welch 𝑡 test to compare
measurements between groups, and they found that all perfu-
sion parameters (relative CBV, peak height, and percentage of
signal intensity recovery) are strongly correlated with tumour
progression.

In [56] Hu et al. use perfusion metrics on contrast
enhancement lesions (CBV mean, mode, maximum, width,
and a new thresholding metric called fractional tumor bur-
den (FTB)) to see how they correlate to overall survival (OS).
Their studywas based on 25 patients with recurrentGBMand
found that all parameters are strongly correlated with OS.

In [58]Weybright et al. used chemical shift imaging (CSI)
to differentiate voxels with tumour recurrence and radiation
injury. Their study was based on 29 patients and they had
high quality data for 28 of them (97%). They found that
the Cho/NAA and Cho/Cr ratios may be the best numerical
discriminators between tumour recurrence and radiation
injury.

Although we cannot compare our results directly to
the ones from the studies presented before due to different
approaches on classifying different tissues, it is becoming
more obvious that a learning algorithm based on multi-
parametric MR data will evolve in the near future and will

help clinicians in differentiating between progressive tumoral
tissue and other types (necrotic or normal).

4. Conclusions

In this paperwe compare different supervised and semisuper-
vised classifiers. We train them on multiparametric MR data
with complete and imputed features. The data was acquired
from 29 patients selected from follow-up studies of GBM.
We investigate the leave-one-patient-out testing method and
come to the conclusion that the same label according to
the RANO criteria could have been put earlier with at least
one month with 100% accuracy, if we train random forests,
LogitBoost, or RobustBoost on data with complete features.
More interesting is the fact that the same result is achieved by
the same classifiers using only complete perfusion data.

For future work we plan on using the temporal evolution
of the featureswhen classifying differentMR sessions and also
allowupdating the class labels in time.Moreover, we are going
to try newmethods of processing the rawMRdata to improve
the quality of it.

Appendix

In Tables 7–14 we use balanced error rate (BER) andweighted
balanced error rate (wBER) to present the performance of the
classifiers. BER and wBER are numbers between 0 and 1, 0
being perfect classification and 1 being total misclassification.
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To evaluate MRI for neoadjuvant therapy response assessment in locally advanced rectal cancer (LARC) using dynamic contrast
enhanced-MRI (DCE-MRI) and diffusion weighted imaging (DWI), we have compared magnetic resonance volumetry based
on DCE-MRI (𝑉(DCE)) and on DWI (𝑉(DWI)) scans with conventional T2-weighted volumetry (𝑉(C)) in LARC patients
after neoadjuvant therapy. Twenty-nine patients with LARC underwent MR examination before and after neoadjuvant therapy.
A manual segmentation was performed on DCE-MR postcontrast images, on DWI (𝑏-value 800 s/mm2), and on conventional
T2-weighted images by two radiologists. DCE-MRI, DWI, and T2-weigthed volumetric changes before and after treatment
were evaluated. Nonparametric sample tests, interobserver agreement, and receiver operating characteristic curve (ROC) were
performed.Diagnostic performance linked toDCE-MRI volumetric changewas superior toT2-w andDW-MRI volumetric changes
performance (specificity 86%, sensitivity 93%, and accuracy 93%). Area Under ROC (AUC) of 𝑉(DCE) was greater than AUCs of
𝑉(C) and 𝑉(DWI) resulting in an increase of 15.6% and 11.1%, respectively. Interobserver agreement between two radiologists was
0.977, 0.864, and 0.756 for 𝑉(C), 𝑉(DCE), and 𝑉(DWI), respectively. 𝑉(DCE) seems to be a promising tool for therapy response
assessment in LARC. Further studies on large series of patients are needed to refine technique and evaluate its potential value.

1. Introduction

Rectal cancer is a frequent malignancy in both men and
women, accounting for 40.290 new cases in the USA in 2012
[1]. Despite the efforts done to introduce screening programs,
most patients are diagnosed in a locally advanced stage of
the disease (T3-T4, Nx, and Mx). Total mesorectal excision

(TME) combined with preoperative radiation therapy and
concurrent chemotherapy (pCRT) is the current standard
for locally advanced rectal cancer (LARC) [2]. TME is
associated with significant morbidity and functional compli-
cations, evolving conservative treatment strategies are being
developed for patients with early rectal cancer at diagnosis
and patients with significant/complete tumor regression after

Hindawi Publishing Corporation
BioMed Research International
Volume 2015, Article ID 514740, 8 pages
http://dx.doi.org/10.1155/2015/514740

http://dx.doi.org/10.1155/2015/514740


2 BioMed Research International

pCRT. A further conservative strategy has been to adopt
a “wait and see” policy, omitting surgery when a complete
clinical response is obtained after pCRT. This strategy has
the advantage of reducing morbidity and provides a “true”
organ-sparing approach, considering that sphincter preser-
vation without adequate function has questionable benefit.
CRT induces tumor downstaging and complete or partial
pathologic responses through vascular changes and cell death
[3]: a pathologic complete response (pCR) was verified in up
to 24% of patients. A pCR is known to be associated with a
favorable oncologic outcome, with regard to both recurrence
and survival [4, 5].MorphologicalMRI evaluation (mMRI) is
considered the best available tool for LARC staging, allowing
an accurate evaluation of the disease extent, up to and
beyond and over the mesorectal fascia, and of the lymph
node involvement [6]. However, there are some limitations
in depicting the changes after CRT through morphological
MRI alone. A favorable tumor response may not correspond
to an appreciable tumor size reduction. MR imaging, like
other morphologic imaging techniques (endorectal ultra-
sonography and computed tomography) is hampered by
interpretation difficulties in assessing the presence of residual
tumor within areas of radiation-induced fibrosis [6]. Studies
are therefore focusing on the potential added benefit of func-
tional and/or quantitative methods of MR image evaluation.
Functional MRI visualizes underlying biological characteris-
tics of tumors, adding a new dimension to the morphological
information from conventional MRI. The combination of
objective MRI biomarkers with detailed morphological MRI
makes MRI a potentially powerful response measurement
tool that provides comprehensive information on tumor
heterogeneity and changes in heterogeneity as a result of
treatment. Dynamic contrast-enhanced MRI (DCE-MRI)
has proven useful in detecting residual tumor after CRT [7].
Previous studies have been investigated functional parame-
ters derived by DCE-MRI dataset for noninvasive response
assessment in various malignancies, including rectal cancer
[8, 9]. Moreover, in various oncology fields, researchers have
recently suggested that diffusion-weighted imaging (DWI)
can potentially be used to identify biomarkers of treatment
response [3]. These assertions are based on the fact that DWI
could provide individual tumor apparent diffusion coefficient
(ADC) increase rates during the course of CRT, which could
reflect biological tumor changes.

DCE and DW MR imaging after CRT were shown to be
more valuable than morphologic MR imaging to recognize
pathological response from residual tumor, because on DCE
and DW images, viable tumor remnants are more easily rec-
ognized, as they appear hyperintense compared with the low
signal intensity (SI) of the surrounding non neoplastic tissue.
Hence, it can be hypothesized that volumetry of the tumor
that is based on SI characteristics on DCE or DW images
may be more accurate than conventional MR volumetry to
distinguish between complete and noncomplete responders.

With this study, we aim to determine the diagnostic
performance of DCE and DW imaging for the assessment
of a pathological response after CRT in patients with LARC
by means of volumetric SI measurements (𝑉(DCE) and
𝑉(DWI), resp.) and to compare the performance of DCE and

DW imaging with volumetry on conventional T2-weighted
MR images.

2. Materials and Methods

2.1. Patient Selection. Twenty-nine consecutive patients with
a median age of 62 years (range 29–76 years) were enrolled in
this prospective study, from March 2010 to November 2013.
All patients had a biopsy-proven rectal adenocarcinoma.
Endorectal ultrasonography, MRI of the liver and pelvis, CT
of the abdomen and pelvis, and chest X-ray were used as
staging procedures. Inclusion criteria were patients with clin-
ical T4, nodal involvement, or T3 N0 with a tumor location
of ≤5 cm from the anal verge, or a circumferential resection
margin of ≤5mm, defined by MRI. Exclusion criteria were
inability to give informed consent, previous rectal surgery,
and contraindications to MRI or to MR contrast media. All
patients were enrolled within the phase I-II prospective trial
described in [10] which was approved by the Independent
Ethical Committee of our institution. They all gave written
informed consent to participate in the trial.

2.2. Neoadjuvant Therapy. External radiation therapy was
performed using a 3-field technique (one posteroanterior and
two lateral fields). Standard fractions of 1.8 Gy/day to the
reference point were given, 5 times a week up to a total dose of
45Gy. All patients received biweekly bevacizumab at 5mg/kg
plus three biweekly cycles of oxaliplatin at 100mg/m2 and
raltitrexed at 2.5mg/m2, on day 1, and levo-folinic acid at
250mg/m2, and 5-Fluorouracil at 800mg/m2 on day 2 [2, 10].

2.3. MRI Data Acquisitions. All patients underwent DCE-
MRI examination before and after pCRT (90 days on average,
range 86–94 days between the twoMRI evaluations). Imaging
was performed with a 1.5 T scanner (Magnetom Symphony,
Siemens Medical System, Erlangen, Germany) equipped
with a phased-array body coil. Patients were placed in a
supine, head-first position. Mild rectal lumen distension was
achieved with 60–90mL of nondiluted ferumoxil (Lumirem,
Guerbet, RoissyCdGCedex, France) suspension introduced
per rectum [11]. Precontrast coronal T1w 2D turbo spin-echo
images and sagittal and axial T2w 2D turbo spin-echo images
of the pelvis were obtained. After that, axial DWIs were
acquired (spin-echo diffusion-weighted echo-planar imaging
[SE-DW-EPI]) at three 𝑏-values of 0, 400, and 800 sec/mm2.
Subsequently, axial, dynamic, contrast-enhanced T1w,
FLASH 3D gradient-echo images were acquired.We obtained
one sequence before and ten sequences, without any delay,
after IV injection of 2mL/kg of a positive, gadolinium-based
paramagnetic contrast medium (Gd-DOTA, Dotarem,
Guerbet, RoissyCdGCedex, France). The contrast medium
was injected using Spectris Solaris EP MR (MEDRAD Inc.,
Indianola, PA), with a flow rate of 2mL/s, followed by a 10
mL saline flush at the same rate. Temporal resolution was
0.58 minutes, corresponding to 35 seconds (as reported
in Table 1). Total acquisition time for precontrast and ten
postcontrast sequences was 6.4 minutes. Then, sagittal, axial,
and coronal postcontrast T1w 2D turbo spin-echo images,
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Table 1: Pulse sequence parameters on MR studies.

Sequence Orientation TR/TE/FA (ms/ms/deg.) AT (min) FOV (mm ×mm) Acquisition matrix ST/Gap (mm/mm) TF
T1w 2D TSE Coronal 499/13/150 2.36 450 × 450 256 × 230 3/0 3
T2w 2D TSE Sagittal 4820/98/150 4.17 260 × 236 256 × 139 3/0 13
T2w 2D TSE Axial 3970/98/150 3.48 270 × 236 256 × 157 3/0 13
SE-DW-EPI Axial 2700/83 6.37 136 × 160 160 × 102 4/0 /
T1w FLASH 3D Axial 9.8/4.76/25 0.58 330 × 247 256 × 192 3/0 /
T1w FLASH 3D Axial 9.8/4.76/25 0.58 × 10 330 × 247 256 × 192 3/0 /
T1w 2D TSE Sagittal 538/13/150 2.35 250 × 250 256 × 230 3/0 5
T1w 2D TSE Coronal 538/13/150 2.52 250 × 250 256 × 230 3/0 5
T1w 2D TSE Axial 450/12/150 2.31 270 × 236 256 × 202 3/0 5
Note: TR = repetition time, TE = echo time, FOV = field of view, FA = flip angle, ST = slice thickness, TF = turbo factor, and AT = acquisition time.

with and without fat saturation were obtained (Table 1). The
axial images were acquired without any angulation. Axial
T1-w pre- and postcontrast sequences were acquired at the
same position as the T2-w sequence. MRI total acquisition
time was around 40 minutes. Patients did not receive bowel
preparation, antispasmodic medication, or rectal distention
before any of the MR examinations.

2.4. Image Data Analysis. The MR images were evaluated
on a picture archiving and communication system and were
independently analyzed by two radiologists with years of
specific expertise reading pelvic MR images. The observers
were blinded to each other’s results, the clinical patient data,
and pathology reports.The readers calculated tumor volumes
by manually tracing the tumor boundaries slice by slice on
DCE-MRI derived images obtained subtracting the basal and
the 5th post-contrastographic series (𝑉(DCE)), on diffusion
weighted image a 𝑏-value of 800 s/mm2 (𝑉(DWI)) and on
conventional T2-weighted images (𝑉(C)).

Whole-tumor volume was then calculated considering
the total number of pixel (slice by slice) and multiplying this
by pixel size in mm2. On the T2-weighted images, tumor
was defined as areas of isointense signal as compared with
the relatively lower hypointense signal of the normal adjacent
muscular rectal wall. On post-CRT T2-weighted MR images,
areas of markedly low SI at the location of the primary tumor
bedwere interpreted as fibrosis. As the risk for residual tumor
in these fibrotic areas is known to be ±50%, they were also
included in the volumetric measurements [12]. On DCE-
MRI data sets, measurements were performed on subtraction
images considering basal signal and 5th postcontrastographic
series. Area of hyper-intense signal compared with normal
bowel wall or background of lower SI tissue, were considered
as tumor. On theDW images, measurements were performed
on high 𝑏 value (800 sec/mm2) images and were based on a
visual analysis. To avoid errors due to T2 shine effect only
areas with high SI on high-𝑏 value images and low SI on
ADC maps, when compared with the normal bowel wall or
background of lower SI tissue on high-𝑏 value images, were
considered tumor.

For each data sets (DCE, DWI, and T2-weigthed), the
readers determined (a) pre-CRT tumor volume; (b) post-CRT

tumor volume (TV); and (c) the tumor volume reduction
ratio (Δ volume), which was calculated as follows: (TVpre −
TVpost) × 100/TVpre, where TVpre is pre-CRT tumor volume
and TVpost is post-CRT tumor volume.

2.5. Surgical Approach and Evaluation of Pathologic Response.
All patients underwent total mesorectal excision after com-
pleting pCRT. An anterior resection or an abdominoperineal
resection was performed on the basis of the results of post-
CRT restaging. The surgical specimens containing the tumor
were processed and evaluated by a single pathologist whowas
not aware of the clinical and MRI findings. Specimens were
examined according to the Sixth American Joint Committee
on Cancer TNM staging system. The tumor regression grade
(TRG) was evaluated according to the method of Mandard
et al. [13, 14]. TRG 1 means a complete response with absence
of residual cancer and fibrosis extending through the wall.
TRG 2 is the presence of residual cancer cells scattered
through the fibrosis. TRG 3 corresponds to the presence of
fibrosis and tumor cells, with predominancy of fibrosis. TRG
4 indicates as fibrosis and tumor cells, with predominancy
of tumor cells. TRG 5 is the absence of regressive changes.
Patients with a TRG 1 or 2 score were considered as respon-
ders, whereas the remaining patients (TRG 3, 4, or 5) were
classified as not responders [9].

2.6. Statistical Analysis. Tumor volume percentage changes
of the responder and nonresponder groups were analyzed
using the Mann-Whitney test. A Wilcoxon signed-rank test
was used to compare pre- and post-CRT volumes. Receiver
Operating Characteristic (ROC) curves were also used to
compare the diagnostic performance of 𝑉(DCE), 𝑉(DWI)
and 𝑉(C) reduction rates after pCRT. Area Under ROC
Curve (AUC) were calculated [15] and optimal thresholds
were obtainedmaximizing the Youden index [16]. Sensitivity,
specificity, positive predictive value and negative predictive
value were performed considering optimal cut-off values.
Fischer exact tests were used to investigate if results were
statistically significant. Interobserver agreement was also
obtained using interobserver correlation coefficient (ICC) for
continuous variables (0–0.20, poor agreement; 0.21–0.40, fair
agreement; 0.41–0.60, moderate agreement; 0.61–0.80, good
agreement; and 0.81–1.00, excellent agreement).
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A 𝑝 value < 0.05 was considered significant for all tests.
All analyses were performed using Statistics Toolbox of
Matlab R2007a (The Math-Works Inc., Natick, MA).

3. Results

Histopathologic analysis of the surgical specimen yielded the
following findings: 5 patients had T0, 6 had T1, 14 had T2,
3 had T3, and 1 had T4 tumor. Five patients had TRG 1, 9
patients had TRG 2, 7 patients had TRG 3, and 8 patients had
TRG 4.

Table 2 shows patient characteristics and volume changes
assessed by the three volumetric methods: T2-w volumetric
change, DCE-MRI volumetric change and DW-MRI volu-
metric change. Table 3 shows median and standard deviation
values of volumes assessed by tree volumetric approaches
before and after treatment. Wilcoxon’s test findings reported
significant decreases in volumetric measures, between pre-
and posttreatment, assessed with all methods (Table 3):𝑉(C)
median value decreased from 36.9 cm3 to 16.7 cm3; 𝑉(DCE)
median value decreased from 30.9 cm3 to 16.5 cm3; 𝑉(DWI)
median value decreased from 14.59 cm3 to 6.0 cm3 (𝑝 < 0.01).

Statistically significant differences between responders
and not responders, in the volumetric percentage changes
were obtained by Mann-Whitney test for all volumetric
approaches (Table 3) and these were visualized in boxplots
(Figure 1). Table 4 reports the performance of three volumet-
ric methods in terms of sensitivity, specificity, and area under
ROC. Optimal cut-off values were also reported. The results
are statistically significant (Fisher test 𝑝 < 0.01).

According to TRG, DCE-MRI volume estimations
change after pCRT showed best results in terms of specificity,
sensitivity, and accuracy, respectively, of 86%, 93%, and 93%.
𝑉(C) showed a significant correlation between response
and TRG with a sensitivity, a specificity and an accuracy,
respectively, of 86%, 73%, and 79% (37% cut-off, AUC
0.76), and 𝑉(DWI) showed a sensitivity, a specificity and an
accuracy, respectively, of 64%, 94%, and 76% (39% cut-off,
AUC 0.81). Figure 2 shows ROCs for three volumetric
approaches. AUC of 𝑉(DCE) change is superior of AUCs of
𝑉(C) change and 𝑉(DWI) change resulting an increase of
15.6% and of 11.1%, respectively.

Interobserver agreement was 0.977 (95% confidence
interval (CI) 0.954–0.989), 0.864 (95% CI 0.835–0.884), and
0.756 (95% CI 0.705–0.780) for𝑉(C),𝑉(DCE), and𝑉(DWI).

4. Discussion

4.1. Synopsis of New Findings. The focus of this study was
to clarify the association between manual tumor volume
estimations obtained by T2-weigthed imaging, DWI, DCE-
MRI images, and TRG to predict LARC response after pCRT.
This study shows that manual tumor volume estimation
using DCE-MRI can furnish better performance in terms
of sensitivity, specificity, and accuracy. To the best of our
knowledge, no prior studies have compared the performances
ofmanual tumor volumemeasurements onT2-weighted (T2-
w), DWI, and DCE-MRI images to predict LARC response
after pCRT.

Table 2: Patient characteristics with volumetric change for individ-
ual patient.

Patient
number Age pT pN TRG

𝑉(C)
change
[%]

𝑉(DCE)
change
[%]

𝑉(DWI)
change
[%]

1 74 2 0 4 37,10 33,28 38,86
2 50 1 0 2 70,76 91,34 61,08
3 75 1 0 3 −96,50 29,88 36,67
4 54 1 0 2 61,22 67,40 −5,60
5 50 2 0 2 77,65 35,07 81,40
6 58 0 0 1 52,36 46,52 7,69
7 57 1 0 3 53,18 −3,71 62,42
8 67 0 0 1 80,34 70,57 72,33
9 70 1 1 2 59,99 39,59 46,72
10 75 2 0 2 77,81 78,21 22,49
11 78 2 1 3 8,85 −38,50 1,51
12 68 2 0 3 20,20 27,42 18,58
13 48 0 0 1 92,84 86,56 92,89
14 44 2 1 3 2,37 21,72 3,00
15 59 4 0 4 94,93 8,51 24,50
16 60 1 0 2 −4,52 28,52 39,50
17 63 2 0 3 21,73 13,52 −86,38
18 58 2 0 4 35,39 −2,57 43,52
19 44 2 0 4 66,01 34,08 22,63
20 63 3 1 4 28,05 3,26 −77,05
21 69 2 1 2 48,51 44,32 64,58
22 76 2 1 2 42,17 68,19 25,73
23 72 0 0 1 85,58 79,34 84,50
24 61 2 0 4 14,12 −83,35 −45,41
25 64 3 1 4 −45,75 20,64 21,25
26 58 3 0 3 44,51 18,94 28,28
27 76 2 0 2 50,72 60,61 36,40
28 77 2 0 4 13,16 75,04 −16,52
29 57 0 1 1 −23,73 12,45 49,65
Note: pT = pathological T stage; pN = pathological N stage; 𝑉(C) = con-
ventional T2-weighted volumetry; 𝑉(DWI) = diffusion-weighted imaging
volumetry; 𝑉(DCE) = dynamic contrast enhanced volumetry.

4.2. Comparisons with Other Studies. Tumor volume has
been proven to be an important prognostic indicator for a
variety of tumors, although the extra workload necessary
to perform manual tumor volume measurements on MRI
images have limited its applications in clinical routine. The
goal to be achieved after pCRT for LARC is pathologic
complete response. The latter could be assessed using the
TRG, a pathological score widely considered as a potential
tool to guide therapy in patients with LARC being an
independent predictor of the likelihood of local recurrence,
distant metastasis, and overall and disease-free survival [5].
Many approaches using MRI have been investigated to
compare response after pCRT with TRG. The correlation
shown between MR tumor volume estimation on T2-w
images and the pCR has been the subject of many reports
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Table 3: Volume measures assessed by the three volumetric methods (𝑉(C), 𝑉(DCE), and 𝑉(DWI)).

Tool All (𝑛 = 29) Responders (𝑛 = 14) Nonresponders (𝑛 = 15) p value
𝑉(C)

Pre-CRT [cm3] 36.9 ± 34.4 30.6 ± 22.6 38.4 ± 26.6
Post-CRT [cm3] 16.7 ± 8.8 12.4 ± 6.9 20.6 ± 9.5
Volume change [%] 44.5 ± 43.0 60.6 ± 33.2 21.7 ± 46.6 <0.001∗

𝑉(DCE)
Pre-CRT [cm3] 30.9 ± 29.1 31.4 ± 23.7 33.9 ± 25.4
Post-CRT [cm3] 18.5 ± 8.1 11.1 ± 6.7 24.7 ± 10.8
Volume change [%] 33.3 ± 38.4 64.0 ± 23.7 19.0 ± 36.9 <0.001∗

𝑉(DWI)
Pre-CRT [cm3] 14.6 ± 12.6 12.5 ± 10.1 15.8 ± 9.3
Post-CRT [cm3] 9.0 ± 5.1 6.4 ± 4.4 7.9 ± 5.5
Volume change [%] 28.3 ± 43.1 48.2 ± 30.0 21.2 ± 44.0 <0.001∗

Note: results are expressed as median value ± standard deviation.
∗Wilcoxon signed-rank test.
CRT, chemoradiation therapy; 𝑉(C), conventional T2-weighted volumetry; 𝑉(DWI), diffusion-weighted imaging volumetry; 𝑉(DCE), dynamic contrast
enhanced volumetry.

Table 4: Performance of volumetric approaches (𝑉(C), 𝑉(DCE), and 𝑉(DWI)).

Sensitivity [%] Specificity [%] Accuracy [%] Cut-off [%] AUC
𝑉(C) change 0.86 0.73 0.79 37.4 0.76
𝑉(DCE) change 0.86 0.93 0.93 34.2 0.90
𝑉(DWI) change 0.64 0.94 0.76 39.1 0.81
Note: 𝑉(C), conventional T2-weighted volumetry; 𝑉(DWI), diffusion-weighted imaging volumetry; 𝑉(DCE), dynamic contrast enhanced volumetry; AUC,
area under ROC.

[17–19], even if conflicting results were reported: Kang et al.
[20] showed a significant association with pCR for patients
with a tumor volume reduction rate of more than 75%,
whilst Kim et al. [21] observed no significant difference
between patient with a pCR and those with residual disease.
DW-MRI is an alternative technique potentially able to
overcome part of 𝑉(C) limits, being capable of showing
viable neoplastic tissue due to its reliability in detecting the
restricted proton diffusion in hypercellular tissues with high
nucleocytoplasmic ratio. According to some authors, the vol-
ume measurements obtained on post-CRT DW MR images
were significantly more accurate than those obtained on
post-CRT T2-w MR images to assess pathological complete
response [22–25]. DCE-MRI is another technique that can
provide functional information on tumor viability deriving
tumoral neoangiogenic changes linked to contrast medium
kinetics. Many authors described its potential advantages in
predict response to therapy in different tumors [5–7], where
neoformed tumor capillaries, being leaky, can determine
a rapid gadolinium uptake, an early wash-out and overall
shorter first pass, especially if compared with healthy tissues.
Moreover, this kinetic behavior of contrast agent in DCE-
MRI has been observed as correlated with some biomarkers
expressed by highly vascularized tumoral tissues, such as
the vascular endothelial growth factor expression and the
microvessel density [7–9, 26]. Volumetric measure could
be utilized in association with functional quantitative MRI
parameters to increase their accuracy for tumor response

therapy assessment. In fact, a recent study of Bajpai et al.
[27] reported that apparent diffusion coefficient obtained on
DW-MRI did not correlate with necrosis after chemotherapy
in osteosarcoma but on adjusting for volume (apparent
diffusion coefficient per unit volume); significant correlation
was found and this appears to be a sensitive substitute for
response evaluation in osteosarcoma. Future investigations
could be done using these recent findings.

However, few authors have proposed a tumor volume
estimation based on DCE-MRI images, using a manual or
an automatic segmentation, mainly focusing their works on
breast cancer [27, 28].Moreover, to the best of our knowledge,
no study has investigated the association between these
volumes measured by DCE-MRI and TRG in LARC.

4.3. Study Limitations. 𝑉(C) showed a significant correlation
between response and TRG with a sensitivity, a specificity
and an accuracy, respectively, of 86%, 73%, and 79% (37%
cut-off, AUC 0.76). Despite the excellent agreement between
observers (0.977), understaging was present in 5 patients
in which were assessed a decrease in volume >38% and a
TRG of 3 or 4, confirming that T2-w volume assessment
alone is not sufficiently accurate, being not able to identify
between the persistence of viable tissue and the peritumoral
fibrosis present after radiation therapy. Moreover, according
to observers, was difficult to decide which fibrotic areas,
remaining suspicious for tumor on T2-w images, should be
included in the volumemeasurements and which should not.
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Figure 1: Boxplots of three volumetric approaches: (a) shows𝑉(C) boxplot, (b) shows𝑉(DCE) boxplot, and (c) shows𝑉(DWI) boxplot.The
middle line is the median value. The inferior and superior extremes of the box correspond to the first and third quartiles, respectively. The
whiskers lines correspond to values within 1.5 times the interquartile range from the ends of the box. Outliner data beyond the ends of the
whiskers are displayed with a + sign.
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Figure 2: ROCs of three volumetric approaches (𝑉(C), 𝑉(DCE),
and 𝑉(DWI)).

𝑉(DWI) showed a sensitivity, a specificity, and an accuracy,
respectively, of 64%, 94%, and 76% (39% cut-off, AUC 0.81)
confirming the ability of 𝑉(DWI) in reducing the under-
staging observed with 𝑉(C) estimations. The agreement
between observers was good (0.756) and both observers
during segmentation easily and quickly recognized high-
SI areas of “viable tumor” thus avoiding the inclusion of
fibrotic areas that, due to their poor water content coupled
with lower nucleocytoplasmic ratio, were not visible on
either high 𝑏-value images and ADC maps. However, the
low sensitivity of 64% obtained in our series reflects some
intrinsic limits of 𝑉(DWI) measurements: during evaluation
it is mandatory to remember that small bleedings or friable
haemorrhagic/necrotic tissues can impact negatively on DW
evaluations, causing field inhomogeneity due to susceptibility
artefacts that, causing “enlargement” and “distortion” of
“bright” areas on 𝑏-800 images, can make the tumor segmen-
tation not accurate; the low spatial resolution with relative
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“small voxels” obtained, despite the large Field of View (FOV)
used, can be a source of wide differences in estimated volumes
causing tumor overestimation on post-CRT scans. Moreover,
to reduce potential sources of false negative due to overes-
timation of residual tumor, a comparative evaluation with
ADCmaps ismandatory when areas of necrosis are identified
and can be wrongly included in tumor being recognised like
bright areas on images acquired with high 𝑏-values (≥𝑏-800)
due to the “T2 shine effect” [29].𝑉(DCE) showed best results
with a sensitivity, a specificity, and an accuracy, respectively,
of 86%, 93%, and 93% (34% cut-off, AUC 0.90) coupled with
an excellent agreement between observers (0.864). Under
staging, only in 1 patient was present that, although showing a
great decrease in volume >37% on pCRT scan (75%), showed
a TRG of 4.This false negative was probably due to the tumor
appearance, which wasmainly vegetant, with a great decrease
in volume on 𝑉(DCE) measurements particularly on lumen
side, whilst the persisting extramural viable tumor tissue
was more easily detectable on T2-w and DW scans (as large
spiculae in mesorectal fat-pad or high intensity areas on 𝑏-
800 images). Only 2 patientswere false positive: these patients
constituted the main limit of 𝑉(DCE) segmentation. The
choice of segmenting tumor on subtracted images obtained
after 140s from contrast agent administration leaded to an
inclusion of those areas in which inflammation phenomena
were prominent (areas characterized by a continuous rise
in SI followed by a stable intensity over the time) with
an intrinsic potential overestimation, mainly on after pCRT
scans. However, being 𝑉(DCE) focussed to identify “not
effective” neoadjuvant treatments a false positive could be
more tolerated than a false negative.

4.4. Clinical Applicability of the Study. Despite interesting
results in terms of overall performance of𝑉(DCE), currently,
standard methods for tumor volume assessment based on
manual delineation of volumes are time consuming. The
mean time required to perform a volume measurement
using multiple ROIs was approximately 10–15 minutes when
pre-and post-CRT scans were considered and experienced
radiologists employed, which is impractical.Therefore, semi-
automated segmentation is needed.

5. Conclusions

In literature comparative studies between DCE-MRI, DW-
MRI, and conventional MR volumetry are not present to
assess therapy response evaluation after pCRT in LARC. In
our series, manual segmentation of tumor volumes, made
on DCE-MRI subtracted images, showed the best results in
terms of sensitivity, specificity, and accuracy. When these
results are validated in a larger prospective study and semiau-
tomated software will be available they could be implemented
in routine practice.
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Conventional functional magnetic resonance imaging (fMRI) technique known as gradient-recalled echo (GRE) echo-planar
imaging (EPI) is sensitive to image distortion and degradation caused by local magnetic field inhomogeneity at high magnetic
fields. Non-EPI sequences such as spoiled gradient echo and balanced steady-state free precession (bSSFP) have been proposed
as an alternative high-resolution fMRI technique; however, the temporal resolution of these sequences is lower than the typically
used GRE-EPI fMRI. One potential approach to improve the temporal resolution is to use compressed sensing (CS). In this study,
we tested the feasibility of k-t FOCUSS—one of the high performance CS algorithms for dynamic MRI—for non-EPI fMRI at
9.4T using the model of rat somatosensory stimulation. To optimize the performance of CS reconstruction, different sampling
patterns and k-t FOCUSS variations were investigated. Experimental results show that an optimized k-t FOCUSS algorithm with
acceleration by a factor of 4 works well for non-EPI fMRI at high field under various statistical criteria, which confirms that a
combination of CS and a non-EPI sequence may be a good solution for high-resolution fMRI at high fields.

1. Introduction

Functional magnetic resonance imaging (fMRI) has had a
wide impact in both the research and clinical community
since its development. In conventional fMRI studies, positive
blood oxygen level-dependent (BOLD) response signal is
used as a measure to map neural activity in the brain [1],
and the most common MR pulse sequence for acquiring
BOLD fMRI images has been gradient-recalled echo (GRE)
echo-planar imaging (EPI) due to its fast acquisition speed
and high sensitivity to BOLD effect. However, this tech-
nique is susceptible to local magnetic field inhomogeneity
and becomes sensitive to image distortion and degradation
especially at highmagnetic fields. Non-EPI sequences such as
spoiled gradient echo or balanced steady-state free precession
(bSSFP) can be used as an alternative tool for fMRI [2–9];
however, the major drawback of using these sequences for

fMRI studies is the low temporal resolution compared to the
typically used GRE-EPI.

One solution to overcome the low temporal resolution
of non-EPI sequences is to adopt parallel imaging technique
[10–12]. Although proven useful, the usage of parallel imaging
results in reduced signal-to-noise ratio (SNR) due to the
acceleration factor, the geometric factor of the different coil
elements, and the 𝑘-space filling trajectory.Theother solution
to improve the temporal resolution of non-EPI sequences is
to use compressed sensing (CS) [13–15]. CS theory states that
it is possible to reconstruct an aliasing-free image even at
sampling rates dramatically lower than the Nyquist sampling
limit, as long as the nonzero signal is sparse and sampled
incoherently. These requirements can be well satisfied in
dynamic MRI, since arbitrary trajectories can be imple-
mented to incoherently sample data and dynamicMR images
can be sparsified due to high temporal redundancy [16, 17].
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Recently, CS theory was successfully applied to dynamicMRI
in a new algorithm called k-t FOCUSS by employing random
sampling pattern in 𝑘-t space and by using various sparsifying
temporal transforms such as Fourier transform (FT) and
Karhunen-Loéve transform (KLT) to utilize the temporal
redundancies [16, 18].

Though CS theory has gained attraction for its vast
potential for MRI application, CS had been successfully
applied to fMRI in only a few studies in the past. In most
of the studies, CS was applied to GRE-EPI fMRI: ordinary
GRE-EPI [19, 20] and spiral scan GRE-EPI [21]. Despite its
application, GRE-EPI is generally known to suffer from the
contribution of magnetic field inhomogeneity, which can
degrade the performance of CS algorithms. Recently, it has
been reported that application of CS to GRE-fMRI may
increase statistical performance of activation detection [22].
Non-EPI sequences such as bSSFP or GRE may work better
withCS algorithms thanGRE-EPI, since the sequences utilize
different RF excitations for each TR.

The signal dynamics of steady-state sequences such as
bSSFP are known to bemore complicated than other conven-
tional sequences and may need careful examination prior to
the application of CS to real data. Also, due to the large degree
of freedom in CS application, it is important to understand
the artifacts and effects related to CS reconstruction without
any confounding factors from true physical artifacts. Thus,
an extensive simulation study prior to actual CS applica-
tion is required to reconstruct data appropriately, preserve
fMRI signal details, and eventually create a general CS
framework.

In this study, we tested the feasibility of CS for non-
EPI fMRI at 9.4T using the model of rat somatosensory
stimulation. Fully sampled data with high-resolution spoiled
gradient echo and 4 independent pass-band bSSFP fMRI each
with different phase-cycling angles (0∘, 90∘, 180∘, and 270∘)
underwent retrospective downsampling and reconstruction
using k-t FOCUSS algorithm. Various sampling patterns
and sparsifying transforms such as temporal FT and KLT
were employed to systematically study the effects of different
𝑘-space sampling pattern and the effects of choosing a
different CS reconstruction algorithm in high field CS fMRI.
The baseline image quality and sensitivity and specificity
of activation maps from data with CS reconstruction were
compared to those from the original full-sampled data. The
potential for improving the temporal resolution of non-EPI
fMRI at high magnetic fields without sacrificing quality of
fMRI activation maps is demonstrated in this paper.

2. Methods

2.1. Animal Preparation and Data Acquisition. Three male
Sprague-Dawley rats weighing 250∼450 g (Charles River
Laboratories, Wilmington, MA, USA) were used with the
approval from the Institutional Animal Care and Use Com-
mittee (IACUC) at University of Pittsburgh. Animal prepa-
ration was the same as previously published [7]. Briefly, the
rats were intubated for mechanical ventilation (RSP-1002,
Kent Scientific, CT, USA). The catheters were inserted in

the femoral artery and femoral vein for blood gas sampling
and fluid administration (5% dextrose in saline infused at
0.4mL/hr), respectively. Once the surgery was finished, the
isoflurane level was maintained at 1.4%. Ventilation rate and
volumewere adjusted based on blood gas analysis results (Stat
profile pHOx; Nova Biomedical, MA, USA).

Electrical stimulation was applied to either the right or
left forepaw using two needle electrodes inserted under the
skin between digits 2 and 4 [23]. Stimulation parameters for
activation studies were as follows: current = 1.2∼1.6mA, pulse
duration = 3ms, repetition rate = 6Hz, stimulation duration
= 15 s, and interstimulation period = 3min.

All experiments were carried out on a Varian 9.4T/31 cm
MRI system (Palo Alto, CA) with an actively shielded
gradient coil of 12 cm inner diameter, which operates at a
maximum gradient strength of 40G/cm and rise time of
120 𝜇s. A homogeneous coil and a surface coil (NovaMedical,
Wilmington, MA) were used for RF excitation and reception,
respectively. Localized shimming was performed with point
resolved spectroscopy [24] over a coronal slab (∼12 × 6
× 6mm3) covering forelimb somatosensory cortex to yield
a water spectral linewidth of 20∼30Hz. Spoiled gradient
echo (which is denoted by GRE throughout this paper) and
pass-band bSSFP studies were performed with TR/TE =
20/10ms and 10/5ms, respectively. The bSSFP fMRI studies
were performed with four different phase-cycling angles (𝜃)
of 0∘, 90∘, 180∘, and 270∘ (which are denoted by PC 0,
PC 1, PC 2, and PC 3, resp., throughout this paper). The
resolution parameters were the same for all studies: matrix
size = 256 × 192, FOV = 2.4 × 2.4 cm2, number of slice =
1, and slice thickness = 2mm. Flip angles for all the bSSFP
and GRE fMRI studies were 16∘ and 8∘, respectively. Forty-
eight measurements were acquired for each bSSFP fMRI
study: 16 during prestimulus baseline, 8 during stimulation,
and 24 during the poststimulus period. These numbers of
measurements were reduced by half for GRE fMRI study, in
order tomaintain the same spatial resolution. Four bSSFP and
one GRE fMRI studies composed one full set and each full set
was repeated 15 to 25 times for averaging per subject rat.

2.2. 𝑘-Space Sampling Patterns. The initial data to undergo
CS reconstruction is important to guarantee high perfor-
mance of CS algorithms. All fMRI studies in this work were
conducted with block design paradigm; thus downsampling
was considered in the 𝑘-𝑡 (i.e., 𝑘-space-temporal) domain
to utilize CS algorithms optimized for exploiting temporal
redundancy in dynamic MRI. In order to determine the
optimal sampling pattern for CS application on fMRI data
acquired at high field, four different sampling patterns were
considered (Figures 1(b)–1(e)): sampling masks were gener-
ated using uniform random sampling (Figure 1(b)), Gaussian
random sampling (Figure 1(c)), a mixture of Gaussian and
uniform random sampling (Figure 1(d)), and a mixture of
Gaussian and uniform random sampling with full sampling
of 𝑘-space center 1 line (Figure 1(e)). The generated sampling
masks were applied to each full-sampled 𝑘-space dataset for
retrospective downsampling before the CS reconstruction
procedure.
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Figure 1: Masks of five different sampling patterns with downsampling factor of 4. Patterns of (a) full sampling of 𝑘-space center, (b) uniform
random sampling, (c) Gaussian random sampling, (d) mixture of Gaussian and uniform random sampling, and (e) mixture of Gaussian and
uniform random sampling with full sampling of center 1 line are shown. All masks are generated to sample only a quarter of the total data
(total size of the data indicated by dashed box). Notice that no 𝑘-space high frequency information is included in (a) and (c).

In this study, a fixed downsampling factor of 4was applied
to all datasets: only a quarter of the original 𝑘-space data
was used for CS reconstruction. Each 2D sampling mask was
generated for each time frame and a fixed number of 𝑁PE/4
lines were sampled along the phase-encoding (PE) direction
to maintain the downsampling factor of 4 (where 𝑁PE indi-
cates the total number of PE lines). Note that bSSFP or GRE
sequences utilize differentRF excitations for eachTR; thus the
acceleration factor depends on the total number of PE lines
sampled.The uniform random sampling mask was generated
by sampling the PE lines according to a uniform probabil-
ity distribution. The Gaussian random sampling mask was
generated by sampling the PE lines according to a Gaussian
probability distribution of 𝑃(𝑘

𝑦
) = 𝐴𝑒

−(𝑘𝑦)
2
/2𝜎
2

, with 𝜎 =
𝑁PE/9 (where 𝑘𝑦 indicates 𝑘-space PE line number index in
the range of −95 to 96, 𝜎 indicates standard deviation, and 𝐴
indicates theweighting factor whichwas adjusted tomake the
equation a valid probability density function).Themixture of
Gaussian and uniform random samplingmask was generated
by sampling𝑁PE/6 number of PE lines according to the above
Gaussian probability distribution and subsequently sampling
𝑁PE/12 number of PE lines according to a uniform random
probability distribution (𝑁PE/6 + 𝑁PE/12 = 𝑁PE/4 lines
were sampled in total).Themixture of Gaussian and uniform
random sampling with full sampling of 𝑘-space center 1 line
was generated similarly, but with continuous sampling of the
𝑘-space center 1 line (i.e., 𝑘

𝑦
= 0) for each time frame along

the temporal dimension. Pseudocodes for generation of the
sampling patterns are provided as follows.

Pseudocode for Generation of 𝑘-Space Downsampling Pattern
on 2D Time-Series MRI Data.

For downsampling factor (𝐷), one has the following.

(A) Uniform Random Sampling Mask
(1) Generate uniformprobability distribution along

the PE dimension of 𝑘-space data.
(2) Sample𝑁PE/𝐷 number of PE lines according to

the uniform probability distribution.
(3) Repeat steps (1)-(2) for each time frame.

(B) Gaussian Random Sampling Mask
(1) Define 𝜎 in relation to𝑁PE.
(2) Generate Gaussian probability distribution
𝑃(𝑘
𝑦
) = 𝐴𝑒

−(𝑘𝑦)
2
/2𝜎
2

along the PE dimension of
𝑘-space data.

(3) Sample𝑁PE/𝐷 number of PE lines according to
the Gaussian probability distribution.

(4) Repeat steps (1)–(3) for each time frame.

(C) Mixture of Gaussian and Uniform Random Sampling
Mask (Gaussian : Random = 𝑎 : 𝑏)
(1) Define 𝜎 in relation to𝑁PE.
(2) Generate Gaussian probability distribution
𝑃(𝑘
𝑦
) = 𝐴𝑒

−(𝑘𝑦)
2
/2𝜎
2

along the PE dimension of
𝑘-space data.

(3) Sample (𝑁PE/𝐷)×(𝑎/(𝑎+𝑏)) number of PE lines
according to the Gaussian probability distribu-
tion.

(4) Generate uniformprobability distribution along
the PE dimension for the remaining PE lines.

(5) Sample (𝑁PE/𝐷)×(𝑏/(𝑎+𝑏)) number of PE lines
according to the uniform probability distribu-
tion.

(6) Repeat steps (1)–(5) for each time frame.
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(1) for 𝑘 = 1, . . . , 𝑁FOC1 do
(2) Compute the weighting matrixW(𝑘)

W(𝑘) =((

(


𝑞
(𝑘−1)

1



𝑝

0 ⋅ ⋅ ⋅ 0

0

𝑞
(𝑘−1)

2



𝑝

⋅ ⋅ ⋅ 0

.

.

.
.
.
. d

.

.

.

0 0 ⋅ ⋅ ⋅

𝑞
(𝑘−1)

𝑁



𝑝

)
)

)

. (∗)

(3) Perform𝑁CG1 iterations of CG to obtain q(𝑛) from the following minimization problem:
q(𝑘) = argmin

q
{

y − Ax(0) − AW(𝑘)q

2

2

+ 𝜆‖q‖2
2
} (∗∗)

(4) Set x(𝑘) = x(0) +W(𝑘)q(𝑘).
(5) end for
(6) Set X(𝑘) = unvec(x(𝑘)).
(7) Set Û = X(𝑘)Φ𝐻.

Algorithm 1: Û = ktFOCUSS(𝑝
1
, 𝜆
1
, 𝑁CG1, 𝑁FOC1,Φ, x(0)).

Inputs: 𝑝, 𝜆,𝑁CG,𝑁FOC, and x(0).
(1) SetΦ as temporal Fourier Transform.
(2) Set Û = ktFOCUSS(𝑝

1
, 𝜆
1
, 𝑁CG1, 𝑁FOC1,Φ, x(0)).

(3) for 𝑘 = 1, . . . , 𝑁KLT do
(4) SetΦ← eig(Û𝐻Û).
(5) Set Û = ktFOCUSS(𝑝

2
, 𝜆
2
, 𝑁CG2, 𝑁FOC2,Φ, x(0)).

(6) end for

Algorithm 2: 𝑘-𝑡 FOCUSS with Karhunen-Loéve transform.

(D) Mixture of Gaussian and Uniform Random Sam-
pling Mask with Full Sampling of Center 1 Line
(Gaussian : Random = 𝑎 : 𝑏)

(1) Sample 1 PE line from the 𝑘-space center (e.g.,
𝑘
𝑦
= 0).

(2) Repeat all steps from (C)with𝑁PE/𝐷−1number
of PE lines.

The Gaussian probability distribution was considered as
a derivative form of 𝑘-space center-weighted downsampling
pattern, with stronger weighting on 𝑘-space low-frequency
information. Sampling using a mixture of Gaussian and
uniform random probability distributions was considered as
a further variation preserving information at both high and
low frequencies. The inclusion of 𝑘-space center 1 line was
considered as an option to preserve the lowest frequency
information, since the center of 𝑘-space contains most of
the contrast information for an MR image. For comparison
analysis, original full-sampled data was used as the ground
truth to study the effect of CS reconstruction, and a simple
quarter downsampled mask with full sampling of 𝑘-space
center (Figure 1(a)) was used as a control. Throughout the
paper, uniform random sampling pattern, Gaussian random
sampling pattern, mixture of Gaussian and uniform random
sampling pattern, and mixture of Gaussian and uniform
random sampling pattern with full sampling of center 1

line will be denoted by PatternR, PatternG, PatternGR, and
PatternGRC1, respectively.

2.3. CS Algorithms. Two variations of k-t FOCUSS algo-
rithms, temporal FT and KLT (which will be further denoted
by Algorithms 1 and 2, resp.), were used in this study (see the
Appendix for detailed description of k-t FOCUSS algorithms)
[16].The covariancematrix for Algorithm 2was defined to be
constructed from an initial reconstruction using Algorithm 1
with preliminary parameter of𝑁FOC1 = 2 for each dataset:

C = Û𝐻Û, (1)

where Û = [û
1
, û
2
, . . . , û

𝑇
] indicates the reconstruction

from Algorithm 1 (please refer to the Appendix for detailed
definition of Û). The eigenvectors of the covariance matrix
were further used as the KL transform (Φ) and𝑁KLT = 1 was
used to updateΦ once.

2.4. k-t FOCUSS Parameters. For both algorithms, weighting
matrix power factor (𝑝) of 0.5 was used to find the sparse
solution equivalent to the 𝑙

1
solution of CS [16]. Conjugate

gradient (CG) iteration number (𝑁CG) of 30 was considered
sufficient and was used for both Algorithm 1 (𝑁CG1) and
Algorithm 2 (𝑁CG2), based on previous application with k-t
FOCUSS [25]. Regularization factor (𝜆) of 0.1 was used for
Algorithm 1 (𝜆

1
) [16] and 0.01 was used for Algorithm 2 (𝜆

2
)

[22].
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Both Algorithms 1 and 2 were optimized based on
variation in the FOCUSS iteration number (𝑁FOC) param-
eters (i.e., 𝑁FOC1 and 𝑁FOC2, resp.). The following stopping
criterion is used to determine the optimal 𝑁FOC value from
each dataset in training phase:


Û(𝑘) − Û(𝑘−1)𝐹

Û(𝑘)𝐹

< 0.1, (2)

where Û(𝑘) denotes the CS reconstruction of the spatiotem-
poral fMRI data at 𝑘th FOC iteration, Û(𝑘−1) denotes the CS
reconstruction of the spatiotemporal fMRI data at (𝑘 − 1)th
FOC iteration, and ‖ ⋅ ‖

𝐹
denotes the Frobenius norm. The

performance of k-t FOCUSS algorithms with the proposed
stopping criterion for 𝑁FOC parameters was evaluated via
subject-based leave-one-out cross-validation (i.e., the 𝑁FOC
value for data from each subject was determined based on a
training set consisting of data from the other subjects).

The effects of𝑁CG and 𝜆 were investigated separately for
verification with the determined optimal 𝑁FOC value (i.e.,
value found during the training phase) for each subject data.
The reconstruction of phase-cycled bSSFP and GRE data was
used for investigation with all cases of sampling patterns as
follows. Residual error = ‖y − ŷ‖2

2
was used as a measure to

observe data fitting and convergence in each k-t FOCUSS
algorithm with increase in𝑁CG, where y denotes the 𝑘-space
time-series data of the sampled 𝑘-space lines and ŷ denotes
the CS reconstruction of the 𝑘-space time-series data for
the corresponding 𝑘-space lines. Average mean square error
(MSE) of the whole time-series data was used as a measure
to observe the noise level in the reconstructed image with
variation in 𝜆, which was calculated as follows:

Average MSE =
∑
𝑇

𝑡=1

u𝑡 − û𝑡


2

2

𝑇𝑁
, (3)

where u
𝑡
denotes the original full-sampled spatiotemporal

fMRI data at time frame 𝑡, û
𝑡
denotes the CS reconstructed

spatiotemporal fMRI data at time frame 𝑡, 𝑇 denotes the total
number of time frames, and 𝑁 denotes the total number of
image pixels at each time frame.

2.5. Region of Interest Selection. A region of interest (ROI)
was selected to help compare the effects of different sampling
patterns and CS algorithms. The regions determined to be
functionally active (i.e., rejecting the null hypothesis 𝐻

0
)

according to the 𝑡-statistics map of the original full-sampled
data were chosen as the ROI for further analysis. New ROIs
were defined for each dataset.

2.6. Quantitative Analysis. Frame-by-frame normalized
MSE, 𝑡-statistics functional map, ROI time course plot,
and receiver operating characteristics (ROC) curve were
calculated for further investigation of the applicability of CS
for fMRI data at high field. These analyses were performed
on the bSSFP data with PC2 for clear evaluation of the
effect of CS application, since the sequence corresponds to
the conventional bSSFP sequence (i.e., 180∘ phase-cycling)

displaying a fairly uniform signal contrast without any
significant banding artifacts and showed clear activation foci
in the full-sampled data.

The frame-by-frame normalized MSE calculation at time
𝑡 was performed using the following equation:

Frame-by-frame normalized MSE (𝑡) =
u𝑡 − û𝑡



2

2

u𝑡


2

2

. (4)

Student’s 𝑡-test was performed for each dataset to statistically
analyze fMRI data and generate the 𝑡-statistics functional
map. The 𝑇-score is calculated on a pixel by pixel basis over
time as follows:

𝑇-score =
𝑥 − 𝑦

√𝑠
2

𝑥
/𝑛
𝑥
+ 𝑠2
𝑦
/𝑛
𝑦

, (5)

where ⋅ denote the mean, 𝑠
⋅
denote the standard deviation,

and 𝑛
⋅
denote the length of the baseline time-series𝑥 and acti-

vation time-series 𝑦, respectively. The 𝑡-statistics functional
mapwas generated for a significance level of 0.05, and clusters
less than 6 pixels were rejected. ROI time course was plotted
as the mean ROI value.

The ROC curve was generated to provide standardized
and statistically meaningful means for comparing fMRI
signal-detection accuracy [26]. For each dataset, the 𝑡-
statistics map generated from the original full-sampled data
with significance level of 0.05 was used as the ground truth.
True positive fraction (TPF) and false positive fraction (FPF)
were calculated over various significance levels to generate
the ROC curve. The performance was measured by the
area under the curve (AUC) ranging from 0 to 1, with 1
representing better performance. The TPF and FPF were
calculated using the following equations:

TPF = (Number of True-Positive Activation Voxels)

× (Number of Truly Activated Voxels from

Ground Truth)
−1

,

FPF = (Number of False-Positive Activation Voxels)

× (Number of Truly Non-Activated Voxels

from Ground Truth)
−1

,

(6)

where TPF relates to sensitivity and 1 − FPF relates to
specificity.

3. Results

3.1. Determination of 𝑁
𝐹𝑂𝐶

. 𝑁FOC values determined via
subject-based leave-one-out cross-validation for Algorithm 1
were 4, 3, 3, and 3 for PatternR, PatternG, PatternGR, and
PatternGRC1, respectively, and those for Algorithm 2 were 5,
4, 4, and 4 for PatternR, PatternG, PatternGR, and PatternGRC1,
respectively. Identical 𝑁FOC values were found regardless of
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the pulse sequence type (i.e., GRE and bSSFP PC0, PC1,
PC2, and PC3) in all the subjects. All further analyses were
performed with the determined𝑁FOC values for each subject
data, to evaluate the performance of 𝑘-t FOCUSS algorithms
with the proposed stopping criterion.

3.2. OriginalData:High Field bSSFP. Different phase-cycling
angles in the fMRI maps of full-sampled bSSFP data showed
shifting in activation foci (i.e., the activation foci were located
around the cortical surface area for PC1 and 2, while they
were located in the middle cortical regions for PC0 and 3, as
indicated by white arrows in Figure 2(b)).This spatial shift of
activation foci as a function of PC angle implies that the high
field phase-cycled bSSFP maps are spatially heterogeneous
due to magnetic field inhomogeneity and was used in this
study to confirm that CS with an appropriate downsampling
scheme can preserve the details of the spatial pattern of the
functional activation.

3.3. Reconstruction with Algorithm 1: k-t FOCUSS with Temp-
oral FT. Visually the original baseline images becameblurred
with artifacts after downsampling was applied (Figure 3).
Despite the distortion and degradation after downsam-
pling, the baseline images were well reconstructed using
Algorithm 1 regardless of sampling pattern (Figures 4(a)–
4(d)). Visually the image contrast and resolution were well
preserved for CS reconstructed images from all sampling pat-
terns compared to the original baseline image (Figure 2(a))
and downsampled baseline image with only 𝑘-space low-
frequency information (Figure 2(c)). The frame-by-frame
normalized MSE values from all the CS sampling patterns
were significantly lower than those from downsampling
with only 𝑘-space low-frequency information (Figure 5),
indicating high reconstruction performance of Algorithm 1.
In particular, the mixture of Gaussian and uniform random
sampling scheme (i.e., PatternGR and PatternGRC1) showed
the lowest frame-by-frame normalized MSE values across all
time frames. Overall, all Gaussian-weighted sampling pat-
terns showed increased spatial resolution and SNR (Figures
4(b), 4(c), and 4(d)) with reduction of artifacts (indicated
by yellow arrow in Figure 2(a)) for all phase-cycled bSSFP
data, while downsampling with only 𝑘-space low-frequency
information showed increase of artifacts (Figure 2(c)).

The fMRI maps were also reconstructed well from all
Gaussian-weighted sampling patterns using Algorithm 1
(Figures 6(b), 6(c), and 6(d)), while those from PatternR
did not show any meaningful functional activations
(Figure 6(a)). The fMRI maps from downsampling
with only 𝑘-space low-frequency information showed
significant blurring in the activation region (Figure 2(d)).
The fMRImaps fromPatternGR (Figure 6(c)) and PatternGRC1
(Figure 6(d)) were closer to the original fMRI maps than
those from PatternG (Figure 6(b)) in terms of preserving
details in activation foci shift, presumably due to the inclusion
of appropriate high frequency 𝑘-space information.

The time course of the mean ROI value was also rela-
tively well preserved in images from all Gaussian-weighted
sampling patterns (Figures 7(b), 7(c), and 7(d)), while those

from PatternR differed from the original with significantly
increased temporal fluctuation (Figure 7(a)). Mean ROI time
courses of images from all Gaussian-weighted sampling
patterns resembled those of the original data; even with only
(1/4)th of the whole data, themean ROI time course followed
the trend of the original time course with slightly reduced
mean amplitude difference, percent signal change, and also
signal fluctuation.These observationswere applicable regard-
less of acquisition method and different PC angles for
bSSFP. The AUC value of ROC curves indicated overall high
sensitivity and specificity of all Gaussian-weighted sampling
patterns using Algorithm 1 (Table 1). PatternGRC1 displayed
the highest ROC performance than other sampling patterns
including downsampling with only 𝑘-space low-frequency
information.

The reconstruction times of the k-t FOCUSS algorithms
are shown for bSSFP PC2 and GRE in Table 2. Only one
representative case is shown for each bSSFP and GRE data
since similar results were obtained regardless of bSSFP
PC angle, sampling pattern, and subject rats, despite the
difference in total time due to the usage of different 𝑁FOC
parameter values.The reconstruction time for the bSSFP data
was approximately twice as long as that of the GRE data, since
the speed of reconstruction is largely dependent on the size of
thematrix and number of time frames (recall that the number
of time frames of GRE data was half of that of bSSFP data).

3.4. Reconstruction with Algorithm 2: k-t FOCUSS with KLT.
Results of Algorithm 2 in terms of baseline images, frame-by-
frame normalized MSE plot, fMRI maps, ROI time course,
and AUC values in ROC curve are shown in Figures 8,
9, 10, and 11 and Table 1, respectively. Overall the results
were similar to those of Algorithm 1. Slight differences were
observed between algorithms in the view points of sensitivity
and specificity depending on sampling pattern. The images
from all sampling patterns for Algorithm 2 showed slightly
lower sensitivity and specificity than those for Algorithm 1.
The reconstruction time of Algorithm 2 was longer than that
of Algorithm 1, mainly due to the calculation of covariance
matrix requiring the preliminary estimation (Table 2).

3.5. Investigation of𝑁
𝐶𝐺

and 𝜆 Effect. Representative results
from CS reconstruction of PatternGRC1 using Algorithms 1
and 2 are shown in Figures 12, 13, 14, and 15, and similar
results were obtained regardless of acquisition method and
sampling patterns. Based on the results from Figures 12 and
14, the𝑁CG value of 30 (i.e., value used for both Algorithms 1
and 2 throughout the paper) seems to be sufficient to ensure
data fitting and error convergence. As shown in Figures 13
and 15, the reconstruction error of k-t FOCUSS algorithms
was relatively insensitive to𝜆 variation andminimal errorwas
achieved with small values of 𝜆 (e.g., less than 1).

4. Discussion

To our knowledge, it is the first study to apply CS to high
field bSSFP fMRI and to systematically evaluate effects of
CS sparsity schemes on non-EPI fMRI. The CS sampling
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Table 1: ROC curve AUC values from fMRI maps of bSSFP time-series data with PC angle of 180∘ of a representative rat.

4x Down Center (control) CS
PatternR PatternG PatternGR PatternGRC1

0.9794 Algorithm 1 0.8943 0.9800 0.9795 0.9827
Algorithm 2 0.8639 0.9726 0.9714 0.9825

Table 2: Reconstruction speed of 𝑘-𝑡 FOCUSS algorithms on downsampled time-series data using PatternGRC1 of a representative rat.

Algorithm 1 Algorithm 2
Single FT-CG iteration Total time Covariance calculation Single KLT-CG iteration Total time

bSSFP PC2 0.46 s 41.35 s 27.81 s 0.64 s 77.26 s
GRE 0.24 s 21.29 s 14.27 s 0.29 s 34.98 s
∗FT: Fourier transform, CG: conjugate gradient method, and KLT: Karhunen-Loéve transform.
∗∗Calculated on PC (Windows 7), CPU: 3.30GHz, RAM: 4.00GB.

scheme should be determined in relation to the CS algo-
rithm to preserve detailed image information appropriately.
Dense sampling in 𝑘-space center region such as Gaussian-
weighting or inclusion of 𝑘-space center 1 line was better
for CS, due to the fact that most energy is located in the
𝑘-space center region and also due to incoherent aliasing
effects from variable-density sampling [13, 16]. The recon-
struction results from PatternGR and PatternGRC1 also verify
that a variation in sampling scheme with more 𝑘-space
high frequency information leads to better reconstruction
performance preserving signal details (e.g., activation foci
shifting phenomenon in bSSFP), which may become critical
for applications such as fMRI studies. Inclusion of more 𝑘-
space low-frequency information implies less 𝑘-space high
frequency information which may lead to an enlargement or
blurring of the activation foci in fMRI maps (e.g., Figures
2(d), 6(b), and 10(b)). Thus, both 𝑘-space center and edge
regions are important, and methods that achieve a certain
balance between them need to be exploited for correct
reconstruction of non-EPI fMRI data using CS. Overall the
mixture of Gaussian and uniform random sampling scheme
reconstructed both the baseline images and fMRI maps well
while preserving the signal details and thus seems to be an
ideal sampling scheme for CS applied to non-EPI fMRI.

The two algorithms of k-t FOCUSS with temporal FT
and KLT showed similar performances overall. The slight
differences in their results are presumed to be due to the
utilization of different transformation domains for each itera-
tion. Interestingly, k-t FOCUSS with temporal FT performed
slightly better than k-t FOCUSS with KLT in terms of
ROC performance in this study, despite the fact that KLT is
known as an efficient spectral decorrelator [27, 28]. Several
factors may account for this. First, the fMRI studies were
performed with block design paradigm in this work, and
temporal redundancy from the spatial-temporal frequency
domain may have been exploited better for such data type.
Since KLT is a data-driven transform, k-t FOCUSS with
KLT may potentially perform better in cases of rapid event-
related paradigms. Second, the decorrelation of nonperiodic
noise might not have been noticeable in the image, since
bSSFP sequence is known to provide the highest SNR per

unit time [29, 30] and the simulation studies were performed
on datasets with enough averaging (e.g., 15 to 25 times).
Recently, it has been reported that application of CS to
fMRI can increase FPF in real acquisition settings, and k-
t FOCUSS with KLT has shown to reconstruct fMRI maps
with reduced false activations [22]. Thus, the effectiveness of
both algorithms needs verification with real fMRI studies.
Nonetheless, results from the current study indicate that both
algorithms are potentially good solutions for acceleration of
high field non-EPI fMRI.

Appropriate choice of CS reconstruction parameters is
one of the main concerns of the application of CS. The
optimal parameters may vary depending on noise level,
temporal resolution, and other possible factors in actual
data acquisition environment. In general, reconstruction
parameters are found with known noise level [31] or alter-
natively are selected via cross-validation [32–34]. There are
multiple parameters involved for the case of k-t FOCUSS
algorithm, which requires hyperparameter optimization and
thus increases the computation burden [16]. Therefore, the
effect of two different k-t FOCUSS parameters, 𝜆 and 𝑁CG,
is additionally investigated in this study. Considering the
physical meaning of each parameter, two different metrics
were used for evaluation. Since the regularization parameter
𝜆 is a tuning parameter used to find the solution with best
improvement in SNR, average MSE was used to show its
effect on the noise level in the reconstructed image. Since
the CG method is employed to iteratively find the solution
to the unknown signal (i.e., denoted by x in (A.9) of the
Appendix), residual error was used to investigate data fitting
and convergence with decreases in measurement error (i.e.,
difference between sampled 𝑘-space measurements y and
estimation ŷ) as number of CG iterations increases (note
that the signal-measurement relationship is defined in (A.4)
of the Appendix and can be used to find ŷ from x). Based
on the results from Figures 12 and 14, fixation of 𝑁CG to
a sufficient value (e.g., 30 in case of our study) and 𝜆 to a
small value is preferred to reduce parameter variability and
to simplify the usage of k-t FOCUSS algorithms on high
field non-EPI fMRI studies.These results agree with previous
applications of k-t FOCUSS where a sufficient value of 𝑁CG
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Figure 3: Baseline images after downsampling. Baseline images of downsampled data using (a) PatternR, (b) PatternG, (c) PatternGR, and
(d) PatternGRC1 are shown. The 20th and 10th time frame of bSSFP and GRE is shown, respectively. Downsampling pattern and acquisition
method are shown on the top and left-hand side of the images, respectively. Notice the blurring and artifacts in the downsampled images.
The case from a representative rat is shown since similar results were obtained for different subject rats.

and a small value of 𝜆 are used and are proven to performwell
in high-quality fMRI studies from real scanner acquisitions
[16, 22]. However, care should be taken for extrapolation
of these parameters for data types different from those of
the current studies. With fixation of 𝑁CG and 𝜆, the only
issue for the application of k-t FOCUSS algorithms for high

field bSSFP fMRI data lies in the choice of 𝑁FOC. The 𝑁FOC
parameters found from the current study need to be tested
in the context of real CS application for verification and
general usage. The choice of a high 𝑁FOC value may ensure
minimal error for most cases of applications; however, this
also leads to increased number of calculations required for CS
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Figure 4: Comparison of baseline images reconstructed using Algorithm 1 (k-t FOCUSS with temporal FT). Baseline images of CS
reconstructed data using Algorithm 1 and (a) PatternR, (b) PatternG, (c) PatternGR, and (d) PatternGRC1 are shown. The 20th and 10th time
frame of bSSFP and GRE is shown, respectively. Downsampling pattern and acquisition method are shown on the top and left-hand side of
the images, respectively. The case from a representative rat is shown since similar results were obtained for different subject rats.

reconstruction. Thus, the trade-off between minimization of
error and increase in postprocessing timemust be considered
appropriately before choosing the 𝑁FOC value for future
studies.

Eddy currents can cause problems in bSSFP imaging with
nonlinear phase-encoding orders.The problemsmay become
noticeable when the sparsity schemes tested in this study are
implemented in real acquisition settings. Previously Bieri et
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Table 3: ROC curve AUC values from reconstructed fMRI maps
using 𝑘-𝑡 FOCUSS algorithms and pairwise sampling of PE lines
with PatternGRC1 on bSSFP time-series data with PC angle of 180∘
of a representative rat.

Algorithm 1 Algorithm 2
Pairwise PE PatternGRC1 0.9810 0.9736

al. [35] discovered a simple method to suppress the eddy
current effect by pairing two consecutive 𝑘-space lines. By
incorporating this idea, a simulation study was performed
to see the effect of pairwise downsampling scheme. A paired
PatternGRC1 was generated with a downsampling factor of
4. The downsampling scheme and reconstructed fMRI maps
from each k-t FOCUSS algorithm are shown in Figure 16,
and the ROC performance of the reconstructed data is shown
in Table 3. The employment of pairwise sampling scheme
showed maintenance of activation foci shift but decrease in
both activation detection sensitivity and specificity compared
to the results without pairwise sampling (Figures 6(d) and
10(d)), regardless of PC angle and k-t FOCUSS algorithm.
Overall, these results indicate that the pairwise sampling
scheme may be used to suppress eddy current artifacts in
bSSFP fMRI with CS, but there exists trade-off between the
suppression of eddy current effect and fMRI sensitivity as well
as specificity.

Application of CS to high field non-EPI fMRI can be
meaningful for high-resolution fMRI studies, since conven-
tional GRE-EPI fMRI is sensitive to image distortion and
degradation caused by local magnetic field inhomogeneity

at high magnetic fields. Although the temporal resolution of
non-EPI sequences is lower than the typically used GRE-EPI,
it is shown through the study that the temporal resolution
or the spatial coverage can be improved using CS. Several
potential advantages of CS can be derived for fMRI studies
in this regard. First, better temporal resolution increases the
number of time frames within a given time and can in turn
improve the statistical power of BOLD activations [22, 36].
Second, the weighted-norm process of the CS algorithm
can reduce artifacts from scanner-related drifts, respiratory-
induced noise, cardiac pulsation, and subject motion [37–39]
and can also improve the activation detection sensitivity in 𝑡-
statistics [22]. Lastly, CS can improve spatial coverage which
is essential for many fMRI studies that require a big ROI or
ROIs frommultiple brain regions.Thus, the application of CS
in fMRI has great potential in practice.

One negative aspect of CS in fMRI studies is the addition
of postprocessing time related to CS reconstruction. The
reconstruction time of k-t FOCUSS algorithms is largely
affected by the iteration parameters and the size of the
data (e.g., matrix size, number of slices, number of time
frames, etc.).The results fromTable 2 imply that the temporal
resolution or spatial coverage of non-EPI sequence fMRI
studies can be improved using CS at the cost of reason-
able addition of postprocessing time (i.e., several minutes).
Therefore, depending on applications, the trade-off between
reconstruction time and temporal resolution (and/or spatial
coverage)must be investigated before applying CS algorithms
to fMRI studies.

In the past, there have been many dynamic MRI studies
other than fMRI with acceleration factor of 8 or higher using
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Figure 6: Comparison of fMRI maps reconstructed using Algorithm 1 (k-t FOCUSS with temporal FT).The fMRI maps of CS reconstructed
data using Algorithm 1 and (a) PatternR, (b) PatternG, (c) PatternGR, and (d) PatternGRC1 are shown for significance level of 0.05.
Downsampling pattern and acquisition method are shown on the top and left-hand side of the images, respectively. Notice the activation
foci shift (white arrow) in the phase-cycled bSSFP data. The case from a representative rat is shown since similar results were obtained for
different subject rats.
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Figure 7: Comparison of mean ROI time course plots between full-sampled original data and CS reconstructed data using Algorithm 1 (k-t
FOCUSS with temporal FT). The time course of mean ROI from CS reconstructed data using Algorithm 1 and (a) PatternR, (b) PatternG,
(c) PatternGR, and (d) PatternGRC1 is shown. Mean ROI is calculated from bSSFP time-series data with PC angle of 180∘. The case from a
representative rat is shown since similar results were obtained for different subject rats.

CS [18, 40–42]. However, CS has been applied to fMRI in
a limited number of studies and acceleration factor up to
4 was used in most of the truly accelerated fMRI studies
[21, 22]. Decrease in image quality has also been reported

in some pilot studies after CS reconstruction even with 2-
fold acceleration [21]. This may be attributed to the fact
that distinct from other dynamic MRI studies fMRI requires
detection of fine signal changes, which can be achieved by
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Figure 8: Comparison of baseline images reconstructed using Algorithm 2 (k-t FOCUSS with KLT). Baseline images of CS reconstructed
data using Algorithm 2 and (a) PatternR, (b) PatternG, (c) PatternGR, and (d) PatternGRC1 are shown. The 20th and 10th time frame of bSSFP
and GRE is shown, respectively. Downsampling pattern and acquisition method are shown on the top and left-hand side of the images,
respectively. The case from a representative rat is shown since similar results were obtained for different subject rats.

preserving high frequency information. Based on the results
from our studies, acceleration factor of 4 seems sufficient
for CS application on high field non-EPI fMRI studies. For
example, for a bSSFP fMRI experiment withmatrix size = 128
× 128 and TR = 5ms, the temporal resolution becomes 0.64 s
for a single slice. Thus, the 4-fold acceleration can improve

the temporal resolution up to 0.16 s (i.e., close to the temporal
resolution of EPI) or the spatial coverage up to 24 slices (i.e.,
nearwhole brain coverage) with temporal resolution less than
4 s (note that although TR was 10ms in this study, bSSFP
with TR ≤ 10ms has been successfully applied to fMRI at
high field ≥7T). Nonetheless, improvements can be made to
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Figure 9: Comparison of frame-by-frame normalized MSE plots
from reconstructed baseline images usingAlgorithm 2 (k-t FOCUSS
with KLT). The frame-by-frame normalized MSE plots of bSSFP
time-series data with PC angle of 180∘ are shown. The case from a
representative rat is shown since similar results were obtained for
different subject rats.

increase the acceleration factor above 4 and the quality may
depend on the scan condition (e.g., scan resolution, SNR). A
systematic study for different acceleration factors may need
to be conducted to further improve application of CS on high
field non-EPI fMRI studies.

In this paper, the effect ofCS is investigated through retro-
spective downsampling of full-sampled fMRI data.Therefore,
further works are necessary to verify the downsampling
schemes that were retrospectively evaluated in this study, by
implementing them and performing real fMRI studies, which
is beyond the scope of this paper.

5. Conclusion

The CS reconstruction of fMRI data acquired at high field
using k-t FOCUSS varies greatly with sampling scheme and
thus the sampling scheme must be selected appropriately.
Information in both 𝑘-space low and high frequency regions
is important for better reconstruction performance and
preservation of signal details, respectively, and thus sampling
schemes that achieve a certain balance between the two must
be selected for the application of CS to non-EPI fMRI data.
The two k-t FOCUSS algorithms, temporal FT and KLT,
showed good reconstruction results overall with effective
suppression of downsampling artifacts and improved spatial
resolution and thus are good candidates for CS in high
field non-EPI fMRI studies. The application of CS to fMRI
has great potential in practice for improvement of temporal
resolution and/or spatial coverage.

Appendix

Review of 𝑘-𝑡 FOCUSS

k-t FOCUSS with Temporal Fourier Transform. k-t FOCUSS
is a recent CS algorithm developed for the reconstruction
of dynamic image data [16, 18]. As the name indicates, it is
based on FOCal Underdetermined System Solver (FOCUSS)
algorithm and utilizes random sampling in the 𝑘-𝑡 domain
[16, 43, 44]. Here, the basic structure of the algorithm will be
speculated. For simplicity, only the case of Cartesian 𝑘-space
trajectory will be discussed, with downsampling only in the
phase-encoding direction and full sampling in the frequency-
encoding direction.

In a discrete setup, the measurement-signal relationship
at time 𝑡 is

y
𝑡
= Fu
𝑡
, 𝑡 = 1, . . . , 𝑇, (A.1)

where F ∈ C𝑚×𝑛 denotes a downsampled Fourier transform
(FT) along the phase-encoding direction, y

𝑡
∈ C𝑚 denotes

the 𝑘 space measurement vectors, u
𝑡
∈ C𝑛 denotes the image

vector at time 𝑡, and 𝑇 denotes the number of time frames. If
image content varies periodically over time, we can sparsify
its temporal variation using 𝑇 × 𝑇 FT matrixΦ such that the
corresponding coefficients {x

𝑡
} become sparse:

U ≜ [u
1
, u
2
, . . . , u

𝑇
] = [x

1
, x
2
, . . . , x

𝑇
]Φ
𝐻

= XΦ𝐻, (A.2)

where X ≜ [x
1
, x
2
, . . . , x

𝑇
].

Then, the measurement-signal relationship becomes

Y ≜ [y
1
, y
2
, . . . , y

𝑇
] = FXΦ𝐻. (A.3)

Using the property vec(ABC) = (A⊗C𝐻) vec(B), where vec(⋅)
denotes columnwise vectorization operation, we have

y = (F ⊗Φ) x = Ax, (A.4)

where y = vec(Y) ∈ C𝑚𝑇 and x = vec(X) ∈ C𝑛𝑇. In k-t
FOCUSS, the unknown signal x is further decomposed as

x = x
0
+ Δx, (A.5)

where x
0
denotes a predicted signal (such as temporal mean)

andΔx denotes residual signal that needs to be reconstructed
using CS. Accordingly, the CS formulation is given by

min ‖Δx‖
1

s.t. y − Ax0 − AΔx
2 ≤ 𝜖. (A.6)

As an optimization method for (A.6), k-t FOCUSS employs
weighted-𝑙

2
minimization or FOCUSS algorithm by convert-

ing Δx = Wq, which provides the following unconstrained
form of cost function:

𝐶 (q) = y − Ax0 − AWq
2

2
+ 𝜆 ‖q‖2

2
, (A.7)

where

W = (

𝑞1


𝑝

0 ⋅ ⋅ ⋅ 0

0
𝑞2


𝑝

⋅ ⋅ ⋅ 0

.

.

.
.
.
. d

.

.

.

0 0 ⋅ ⋅ ⋅
𝑞𝑁


𝑝

),
1

2
≤ 𝑝 ≤ 1. (A.8)
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Figure 10: Comparison of fMRI maps reconstructed using Algorithm 2 (k-t FOCUSS with KLT). fMRI maps of CS reconstructed data using
Algorithm 2 and (a) PatternR, (b) PatternG, (c) PatternGR, and (d) PatternGRC1 are shown for significance level of 0.05. Downsampling pattern
and acquisitionmethod used are shown on the top and left-hand side of the images, respectively. Notice the activation foci shift (white arrow)
in the phase-cycled bSSFP data. The case from a representative rat is shown since similar results were obtained for different subject rats.
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Figure 11: Comparison of mean ROI time course plots between full-sampled original data and CS reconstructed data using Algorithm 2 (k-t
FOCUSSwithKLT).The time course ofmeanROI fromCS reconstructed data usingAlgorithm 2 and (a) PatternR, (b) PatternG, (c) PatternGR,
and (d) PatternGRC1 is shown. Mean ROI is calculated from bSSFP time-series data with PC angle of 180∘. The case from a representative rat
is shown since similar results were obtained for different subject rats.
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Figure 12: Example showing the effect of 𝑁CG1 on reconstruction using Algorithm 1 (k-t FOCUSS with temporal FT). Residual error with
𝑁CG1 variation using Algorithm 1 on (a) bSSFP PC0, (b) bSSFP PC1, (c) bSSFP PC2, (d) bSSFP PC3, and (e) GRE data is shown for each
different𝑁FOC1. Plots are obtained from reconstruction of downsampled data using PatternGRC1 during testing phase of a representative rat,
and similar results were obtained from different sampling patterns and different subject rats. Notice that residual error reaches convergence
as𝑁CG1 increases. The chosen𝑁CG1 value of 30 is represented in each plot as a red dashed line.
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Figure 13: Example showing the effect of 𝜆
1
on reconstruction using Algorithm 1 (k-t FOCUSS with temporal FT). Average MSE with 𝜆

1

variation using Algorithm 1 on (a) bSSFP PC0, (b) bSSFP PC1, (c) bSSFP PC2, (d) bSSFP PC3, and (e) GRE data is shown. Plots are obtained
from reconstruction of downsampled data using PatternGRC1 and optimal𝑁FOC1 found during testing phase of a representative rat, and similar
results were obtained from different sampling patterns and different subject rats. Notice that reconstruction error is relatively invariant to 𝜆

1

variation and minimal error is achieved with small values of 𝜆
1
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Figure 14: Example showing the effect of 𝑁CG2 on reconstruction using Algorithm 2 (k-t FOCUSS with KLT). Residual error with 𝑁CG2
variation using Algorithm 2 on (a) bSSFP PC0, (b) bSSFP PC1, (c) bSSFP PC2, (d) bSSFP PC3, and (e) GRE data is shown for each different
𝑁FOC2. Plots are obtained from reconstruction of downsampled data using PatternGRC1 during testing phase of a representative rat, and similar
results were obtained from different sampling patterns and different subject rats. Notice that residual error reaches convergence as 𝑁CG2
increases. The chosen𝑁CG2 value of 30 is represented in each plot as a red dashed line.
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Figure 15: Example showing the effect of 𝜆
2
on reconstruction using Algorithm 2 (k-t FOCUSS with KLT). Average MSE with 𝜆

2
variation

using Algorithm 2 on (a) bSSFP PC0, (b) bSSFP PC1, (c) bSSFP PC2, (d) bSSFP PC3, and (e) GRE data is shown. Plots are obtained from
reconstruction of downsampled data using PatternGRC1 and optimal 𝑁FOC2 found during testing phase of a representative rat, and similar
results were obtained from different sampling patterns and different subject rats. Notice that reconstruction error is relatively invariant to 𝜆

2

variation and minimal error is achieved with small values of 𝜆
2
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Here,q = [𝑞
1
, . . . , 𝑞

𝑁
]denotes the estimated signal x from the

previous iteration with 𝑁 = 𝑛𝑇. Then, the optimal solution
of the problem is found by calculating the following:

x = x
0
+ΘA𝐻 (AΘA𝐻 + 𝜆I)

−1

(y − Ax
0
) , (A.9)

where Θ = WW𝐻. Since the direct calculation of (A.9) is
computationally demanding due to the matrix inversion of
a large size matrix, conjugate gradient (CG) method is used
to minimize the cost function (A.7).

A generic formof the implementation of k-t FOCUSS that
utilizes temporal FTΦ is summarized in Algorithm 1.

k-t FOCUSS with KLT. Even though k-t FOCUSS has been
developed as above utilizing temporal FT asΦ in (A.3), other
temporal transformations could also be used to efficiently
sparsify the signal [16]. One example is the utilization of
Karhunen-Loéve transform (KLT), which is also known as
principal component analysis (PCA) [45].
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KLT or PCA is a data-dependentmathematical procedure
that uses an orthogonal transformation to convert possi-
bly correlated elements of the data into a set of linearly
uncorrelated components called “principal components.”The
transformation leads to a result in which the first principal
component accounts for the largest possible variance of the
data, and each succeeding component has the next largest
variance possible under the restriction that it is orthogonal
(i.e., uncorrelated) to the preceding components. The trans-
form is known to compact most of the energy into a small
number of expansion coefficients [45] and thus is ideal in CS
perspective [16].

The application of KLT within k-t FOCUSS requires
calculation of a covariance matrix from a trained dataset. In
this paper, the result from k-t FOCUSS that utilizes temporal
FT using Algorithm 1 is used for the calculation of covariance
matrix. Once the training dataset is defined, the covariance
matrix is constructed as follows:

C = Û𝐻Û. (A.10)

Then, the eigenvectors ofC can be used for the KL transform;
that is,

Φ← eig (C) . (A.11)

After updating Φ, we can perform additional k-t FOCUSS
iterations. The algorithm is summarized in Algorithm 2.
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Functional magnetic resonance imaging (fMRI) plays a key role in modern psychiatric research. It provides a means to assay
differences in brain systems that underlie psychiatric illness, treatment response, and properties of brain structure and function
that convey risk factor for mental diseases. Here we review recent advances in fMRI methods in general use and progress made
in understanding the neural basis of mental illness. Drawing on concepts and findings from psychiatric fMRI, we propose that
mental illness may not be associated with abnormalities in specific local regions but rather corresponds to variation in the overall
organization of functional communication throughout the brain network. Future research may need to integrate neuroimaging
information drawn from different analysis methods and delineate spatial and temporal patterns of brain responses that are specific
to certain types of psychiatric disorders.

1. Introduction

The human brain is the most mysterious and vital organ.
Recent neuroimaging techniques, including functional mag-
netic resonance imaging (fMRI), electroencephalography
(EEG), and magnetoencephalography (MEG), now allow us
to probe the brain at unprecedentedly high temporal or
spatial resolution without the use of invasive techniques.
Since the first fMRI brain scans of the 1980s, scientists have
achieved great progress not only in technical procedures
employed to acquire brain imaging data but also in data
processing methods which subsequently reveal an inspir-
ing understanding of the brain drawn from various data
perspectives. fMRI has become the dominant technique in
neuroimaging due to its noninvasiveness, lack of radiation
exposure, a relatively good spatial and temporal resolution,
and relative ease to acquire.

In this paper, we will review popular data processing
methods used in task-based fMRI and resting-state fMRI (see
Figure 1 for a summary of mainstream fMRImethods). Some
methods introduced in task-based fMRI, such as MVPA, are
also applied in the case of resting-state fMRI data. Different

analysis methods probe specific brain activity patterns. The
application of these methods to investigating psychiatric dis-
orders will be discussed in great detail.We also point out here
that within neuropsychology there is an ongoing paradigm
shift from identifying foci of abnormalities to delineating the
functional connectivity among several brain regions, towards
developing a global understanding of aberrations at the level
of large-scale, whole brain networks. The advantages and
disadvantages of each neuroimaging method are discussed
and compared in order to help researchers select themethods
most appropriate to their purposes.

2. Task-Based fMRI

Due to the great sensitivity of fMRI signals to event-related
changes in neuronal blood flow, we can compare the BOLD
signal differences between patients with psychiatric disorders
and normal subjects when performing different kinds of tasks
in order to elucidate how a brain in a state of disorder func-
tions differently from a normal one. In this section, we will
introduce several methods frequently used in task-related
fMRI analyses and discuss the advantages and disadvantages
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Resting-state
fMRI

Task-based
fMRI

• Seed-based functional connectivity
• ReHo (regional homogeneity)
• ALFF (amplitude of low-frequency

fluctuations)
• PCA (principal component analysis)

• Graph theory

• GLM (general linear model)

• SEM (structural equation model)
• DCM (dynamic causal model)
• GCM (Granger causality model) 

Functional 
MRI

• MVPA (multivoxel pattern
analysis) 

• PPI (psychophysiological
interaction)

• ICA (independent component
analysis)

Figure 1: A summary of mainstream fMRI neuroimaging methods.

of each method (see Table 1). Also note that these techniques
are not mutually exclusive, such that two or more of them
may be applied to the same dataset according to the quality
of the dataset and the purpose of the study. Of importance,
we discussed how these analyses can inform each other and
some caveats in using these methods, such as choosing the
frequency bands in resting-state fMRI (R-fMRI).

2.1. Subtraction and Correlation. The general linear model
(GLM) has gained growing popularity in task-related fMRI
analysis since its introduction into the neuroimaging com-
munity by Friston et al. [1] in 1994, due to its easy inter-
pretability and fast computability. GLM provides a frame-
work for most kinds of data modeling and can minimize
confounding factors, such as head motions or respiration
from the subject, provided that these data are modeled. The
aim of the general linear model is to explain the variation
of the time course, 𝑦

1
, . . . , 𝑦

𝑖
, . . . , 𝑦

𝑛
, in terms of a linear

combination of explanatory variables plus a Gaussian error
term.The general linear model in matrix form can be written
as

𝑌 = 𝑋𝛽 + 𝜀, (1)

where 𝑌 is the vector of observed pixel values, 𝛽 is the
vector of parameters, and 𝜀 is the vector of error terms. The
matrix 𝑋 is known as the design matrix (Figure 2(a)). It has
one row for every time point in the original data and one
column for every explanatory variable in the model. In the
GLM, the columns of 𝑋 contain vectors corresponding to
the “on” and “off” elements of the stimulus presented. By
finding the magnitude of the parameter in 𝛽 corresponding
to these vectors, the presence or absence of activation can be
detected. The aim of GLM analysis is to identify the brain
regions that show significant signal change in response to
the experimental conditions. Each pixel is assigned a value
dependent on the likelihood of the null hypothesis being
false. The null hypothesis is that the observed signal changes
can be explained purely by random variation in the data.

The brain image containing such information for all voxels
is called a statistical parametric map [1]. One of the simplest
methods for obtaining results from an fMRI experiment
is to perform a simple subtraction on two experimental
conditions. By averaging together all the images acquired
during the “on” phase of the task and subtracting the average
of all the “off” images, brain regions that are activated during
the “on” phase of the task can be drawn out of the data pool
and identified. Using parametric design, researchers can also
examine parametric correlation with behavior in the brain.
GLM is also the base of the majority of functional/effective
connectivity estimation techniques which will be introduced
in the following sections.

GLM is the dominant method used in task-based fMRI.
Studies on psychiatric disorders have used this method to
compare brain activities induced by certain experimental
manipulations in the patient group and in the control
group. For example, Juckel et al. [2] scanned patients with
schizophrenia and healthy subjects using fMRI while they
performed a “monetary incentive delay” task, in which they
anticipated potential monetary gain, loss, or neutral out-
comes. Following preprocessing, the fMRI data was modeled
by GLM with three explanatory variables (“gain,” “loss,” and
“neutral outcome,” indicating experimental cues) convolved
withCohen’s gamma-function. Activations of different exper-
imental conditions can be compared based on the BOLD
response differences which can be assessed using linear
combinations of the estimated GLM parameters (𝛽 values).
Within-group activation (e.g., “gain versus neutral outcome”)
and intergroup differences can be compared by including
the BOLD response variations of all subjects in each group
in a second-level random effects analysis. However, GLM
has also undergone some criticism focusing primarily on
the assumptions the model makes [3]. Greater attention
should be paid to checking the model’s assumptions when
applying GLM as a tool to analyze task-related fMRI data.
This approach is the main method used in task-based fMRI
in psychiatric research.

2.2. Psychophysiological Interaction (PPI). One important
goal of neuroimaging research is to describe the pattern
of brain connectivity among different regions. Functional
connectivity refers to undirected associations between brain
regions while effective connectivity reveals a directed and
causal relationship. Psychophysiological interaction, in a
clever use of the GLM,measures how functional connectivity
is affected by psychological variables without specifying the
directions of such influences [4]. It examines how brain
activity can be explained by the interaction between an exper-
imental variable (e.g., level of attention) and the coupling
between signals from a particular brain area (the source
area) and signals from voxels in the rest of the entire brain
(Figure 2(b)). A psychophysiological interaction means that
the contribution of one area to another changes significantly
with the experimental or psychological context. In other
words, regional responses in the source area to an exper-
imental or psychological factor are modulated by signals
from a distal brain region. Das et al. [5] used a behavioral
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Table 1: Comparisons among different task-based fMRI analysis methods.

Methods Purposes Strengths Limitations

General linear model

Estimating to what extent each
known predictor contributes to the
variability observed in the voxel’s
BOLD signal time course

(i) Mathematically simple, easily
interpreted, and readily available in
standard packages (e.g., the SPM
software)
(ii) Flexible to incorporate multiple
quantitative and qualitative
independent variables, such as low-
frequency drifts and head motion

(i) Relies on assumptions such as
appropriate repressors in the matrix
and normality of the fMRI noise
which are difficult to check

Psychophysiological
interaction

“Searching” for regions that
correlate differently with a
particular region under certain
experimental context

(i) Can explore the connectivity of the
source area to the rest of the brain and
how it interacts with the psychological
variables

(i) Only involves one region of
interest in one model
(ii) Limited in the extent to which
you can infer a causal relationship

Structural equation
model

Estimating the degree to which the
activity between different brain
regions is connected and how this
connectivity is affected by an
experimental variable

(i) Can examine interactions of several
regions of interest simultaneously and
offer estimations of causal
relationships
(ii) Predetermined connections are
based on prior anatomical or
functional knowledge

(i) Causality is predetermined, and
this might overlook several aspects
of neural activity
(ii) Assumes the interactions are
linear (i.e., structural equation
models are not time-series)
(iii) Lacks temporal information

Dynamic causal
model

Estimating and making inferences
about the coupling among brain
regions and how this coupling is
affected by changes in experimental
context at the neuronal level

(i) Biologically more accurate and
realistic than other methods because
DCMmodels interactions at the
neuronal rather than the
hemodynamic level and complex
connectivity patterns between regions
can be arbitrarily postulated

(i) Prespecified models are needed
(ii) Requires much longer time to
estimate parameters than SEM
(iii) Neurodynamics in each region
are characterized by a single state
variable (“neuronal activity”)

Granger causality
model

Measuring the predictability of one
neural time-series from another

(i) No a priori specification of a model
is needed. Thus this model can
complement the hypothesis-driven
methods and help to form directed
graph models of regions and their
interactions

(i) The causal relationship may be
caused by the differences in
hemodynamic latencies in different
parts of the brain if long repetition
times (TR) are used

Multivoxel pattern
analysis

Applying pattern- classification
algorithms to demonstrate the
relationship between measures of
brain activity and a perceptual state
and provide an
information-theoretic framework
for the isolation of regions that
uniquely represent a behavior

(i) Simultaneously examines the
disparate signals carried within a set of
voxels rather than examining
individual voxels in parallel
(ii) Can decode more complex
information due to improved
sensitivity and use of spatial
information

(i) The possibility of overfitting
increases as the classifier becomes
more complex, which may result in
poor performance in tests of
generalization

task in which schizophrenia patients and healthy participants
were asked to identify the emotions displayed on a series of
facial images presented either supraliminally or subliminally
during scanning. Subtraction analyses of fMRI data showed
that, compared to healthy controls, schizophrenia patients
showed reduced activity in the right amygdala and MPFC
during conscious perception of fear (relative to neutral) and
also in the bilateral amygdala and rostral ACC of the MPFC
during subliminal perception of fear. PPI analyses revealed
reduced neural activity in schizophrenia patients, relative
to control subjects, in the pathway from the amygdala and
its projection to the medial prefrontal cortex (MPFC) in
response to fear perception. In another fMRI study, Wang
et al. [6] applied PPI analysis to explore how abnormal
functional connectivity in mPFC in schizophrenics altered
as a result of psychological context or variables. They found

that schizophrenic patients showed highermPFC-LSTG con-
nectivity under self-generated conditions than under other-
generated conditions.

2.3. Structural Equation Model (SEM). The structural equa-
tionmodel, which was developed in the field of econometrics
and first applied to neuroimaging data in 1991 [7], is another
way to measure effective connectivity. Like PPI, SEM is
also used to describe how effective connectivity is affected
by experimental context. But, compared to PPI, SEM is
better at identifying causal relationships and it combines
covariances in activity between different brain areas with
anatomical models of these brain areas’ connections [8, 9].
SEM contains a group of regions and a group of directed
connections and these connections are presumed to represent
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Figure 2: A summary of task-related fMRI analysis methods. (a) An example of the general linear model containing the BOLD signal time-
series 𝑌 within a particular voxel, the design matrix𝑋 including three regressors of interest, the regressor parameters 𝛽, and the unexplained
residuals 𝜀. (b) Psychophysiological interaction can identify how the connectivity between two particular brain regions is modulated by an
experimental variable or how a specified region modulates the relationship between an experimental variable and another brain region. (c)
Structural equation model includes the stimulus to have an influence on all variables without input within the model. (d) An illustration of
the dynamic causal model. (e) An illustration of the Granger causality model. Time-series A can be said to cause time-series B because the
pattern of B is similar to A and A has temporal precedence. (f) An example of multivoxel pattern analysis. A specific classifier is chosen to
identify the pattern of a certain mental state, whereafter the accuracy of the classifier will be tested using a new dataset.

causal relationships (Figure 2(c)). SEM requires an a priori
assumption of causality without inference from the data and
from this basis subsequently builds a model about how the
regions are connected to each other. Free parameters in these
models are “path coefficients”—representing the strength
of connections. This approach offers a move from corre-
lational analysis (inherently bidirectional) to unidirectional
connections (paths) which imply causality. One well-known
strength of SEM is the method’s ability to specify latent
variable models that provide separate estimates of relations
among latent constructs and their manifest indicators (the
measurement model) and of the relations among constructs
(the structural model) [10]. Another strength of SEM is
the availability of measures of global fit that can provide a
summary evaluation of even complex models that involve a
large number of linear equations [10]. It has proved useful
in distinguishing a patient’s neural network from a normal
subject’s neural network in one fMRI simulation study [11].
In another fMRI study, schizophrenic patients were scanned
while performing a “2-back” working memory task. SEM
was used to assess effective connectivity within a cortical-
subcortical-cerebellar network for mnemonic information
processing and comparison of group differences [12].

2.4. Dynamic Causal Model (DCM). Similar to SEM, the
dynamic causal model is also an approach to estimate
effective connectivity and how this connectivity is influenced
by experimental variables. However, underlying SEM and
DCM are two very distinct generative models (see [10] for a
comprehensive comparison of DCM and SEM). DCM treats
the brain as a deterministic, dynamic systemwith a nonlinear
and dynamic nature in which the observed BOLD signal
recorded by fMRI results from changes in neuronal activity
caused by external inputs [6, 13, 14], while SEM does not
distinguish “neuronal” levels from “hemodynamic” levels and
changes in effective connection lead directly to changes in the
covariance structure of the observed hemodynamics in this
method. Considering changes in effective connectivity in the
brain occur at a neuronal level, DCM is a better method for
fMRI analysis.

The goal ofDCM is to estimate andmake inferences about
the coupling among brain areas and how that coupling is
influenced by changes in experimental context by building
a reasonably realistic neuronal model of interacting brain
regions. This model is then supplemented with a forward
model of how neuronal or synaptic activity is transformed
into a measured response such as the BOLD signal [13]. This
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enables estimation of the parameters of effective connectivity
from observed data. With DCM, a causal model is built in
which neuronal activity in a certain region causes changes
in neuronal activity in other regions through interregional
connections and self-connections that can be modulated by
experimental variables (Figure 2(d)). Effective connectivity
is parameterized in terms of coupling among unobserved
brain states (e.g., neuronal activity in different regions).
The objective is to estimate these parameters by perturbing
the system and measuring the response. In brief, the core
of DCM distinguished from conventional approaches such
as SEM and GCM is that it attempts to model neuronal
interactions instead of signals [15] and explore the estimation
problem according to the designed perturbations that accom-
modate experimental inputs. DCM has been broadly used
in psychiatric fMRI. For example, in a stoke patient’s fMRI
study, Grefkes et al. [14] applied DCM of a bilateral network
comprising M1, the lateral premotor cortex, and the supple-
mentary motor area (SMA) to assess changes in the endoge-
nous and task-dependent effective connectivity between the
cortical motor areas activated by a hand movement task at
baseline, following vertex stimulation and contralesional M1
stimulation with repetitive transcranial magnetic stimulation
(rTMS). In another fMRI study, Roebroeck et al. [16] used
DCM to examine the effects of Parkinson’s disease and
dopaminergic therapy and concluded that the DCM model
selection is robust and sensitive enough to study clinical
populations and their pharmacological treatment.

2.5. Granger CausalityModel (GCM). GCM is another popu-
lar method of estimating effective connectivity [16–18], based
on the reasoning that one time-series can be considered to
cause another if using the past information of the former
can help forecast the latter better than only using the past
information of the latter [19]. GCM can provide an estimate
of connection directionality when one time-series resembles
a time-shifted version of the other, supposing that one with
temporal precedence caused the other [20] (Figure 2(e)).This
method does not depend upon an a priori assumption of a
structural model that contains preselected ROIs and connec-
tions between them, which differs from SEM with the goal
of contrasting the predefined causal model with real datasets.
Furthermore, GCM defines the causal relationship between
two stochastic time-series relying purely on temporal prece-
dence in their interdependency. Demirci et al. [21] scanned
schizophrenic patients and healthy subjects with fMRI while
performing a Sternberg item recognition paradigm (SIRP)
and auditory oddball (AOD) tasks. The fMRI data were
then decomposed into maximally independent spatial com-
ponents and corresponding time courses by applying ICA.
The time courses for each of the components that were most
related to the cognitive task with the most important and
meaningful activation patterns were then used as inputs to
a Granger causality test that investigated group differences in
causal relationships between independent components over
a frequency spectrum. Granger causality can also be applied
to resting-state fMRI data to infer instantaneous correlation
and causal influences. Hamilton et al. [22] measured BOLD

signals of patients suffering from major depressive disorder
during resting state and found that hippocampal and vACC
activation in depressed participants predicted subsequent
decreases in dorsal cortical activity by applying GCM.

2.6. Multivoxel Pattern Analysis (MVPA). MVPA is gaining
increasing interest in the neuroimaging community because
it allows us to detect differences between conditions with
higher sensitivity than conventional univariate analysis by
focusing on the analysis and comparison of distributed
patterns of activity (Figure 2(f)). In such a multivariate
approach, data from individual voxels within a region are
jointly analyzed. MVPA applies pattern-classification algo-
rithms like support vector machines (SVM) [23–27], neural
networks [28–30], or linear discriminant analysis (LDA) [31,
32] as classifiers to distinguish spatial patterns of different
mental states and decode the perceptual or cognitive states
of an individual. In the analysis of fMRI data, the features
that are descriptive of the objects are first chosen, whereafter
a subset of these features to be used for classification is
selected. The data is divided into two parts: a “training
set” and a “testing set.” The pattern-classification algorithm
utilizes the training set to train the classifier with the features
and the prespecified classes of objects. The classifier thus
“learns” a functional relationship between the features and
the classes. Finally, the classification algorithm is tested for its
generalization capabilities with the testing set.Thepercentage
of correct classifications can be measured.

Like other multivariate approaches (e.g., PCA and ICA),
MVPA takes into accountmultivoxel patterns of brain activity
or connectivity. Information contained in these patterns can
then be decoded by applying powerful pattern-classification
algorithms. This method thus incorporates spatially dis-
tributed patterns of activity into the analysis, unlike univari-
ate methods which treat every brain voxel independently.
MVPA is often presented in the context of “brain reading”
applications reporting that specific mental states or represen-
tational content can be decoded from fMRI activity patterns
after performing a “training” or “learning phase.”

MVPA has been successfully applied to identify func-
tional connectivity difference between males and females
[23], patterns in perception of pain [33], moral intentions
[34], consciousness [35, 36], and brain maturity [37]. In
a study on subjects with autism spectrum disorder (ASD)
conducted by Coutanche et al. [38], reliable correlations
between MVPA classification performance and standardized
measures of symptom severity that exceeded those observed
using a univariate measure were found, which indicated
MVPA had the potential to predict clinical symptom severity.

3. Resting-State fMRI Analyses

Brain regions which are active when our minds wander
may hold a key to understanding neurological disorders
and even consciousness itself. Resting-state fMRI, which
measures spontaneous low-frequency fluctuations (<0.1Hz)
in the BOLD signal, is a relatively new pathway for evaluating
regional interactions in the absence of tasks [39–41]. For a
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Table 2: Comparisons among resting-state fMRI analysis methods.

Methods Purposes Strengths Limitations

Seed-based FC analysis
Estimating correlations between
the predefined voxel or regions
and the rest of the brain voxels

(i) Easy to calculate and
understand

(i) Requires a priori selection of ROI,
which may lead to potential biases

Regional homogeneity

Using Kendall’s coefficient
concordance to measure the
similarity of a given voxel with its
nearest neighbors based on the
BOLD time-series

(i) Easy to calculate and
understand

(i) Potential biases attached to prior
seed selection

Amplitude of
low-frequency fluctuations

Estimating the intensity of
regional spontaneous brain
activity by calculating the
voxel-wise magnitude within a
defined low-frequency range

(i) Can serve as a potential
confounding variable when
investigating functional
connectivity and network

(i) Sensitive to physiological noise,
which makes fractional ALFF (fALFF)
approach a better choice

Principal component
analysis

Finding spatial and temporal
components that capture as
much of the variability of the
data based on decorrelation as
possible

(i) Can verify the facticity of
difference in the activations
between conditions or groups
without specifying any prior
knowledge of the form of BOLD
response or the structure of the
experimental design

(i) Based on strong assumptions like
linearity, orthogonal principal
components, and high signal noise
ratio

Independent component
analysis

Separating distinct resting-state
networks that are spatially or
temporally independent of each
other and identifying noise
within the BOLD signal

(i) Can generate spatially or
temporally distributed DM
functional connectivity patterns
with relatively few a priori
assumptions

(i) May be less sensitive to
interindividual variation in the
composition of such networks and
may be more likely to produce errors
at the group level if a network is
presented across multiple components
in some subjects.

Graph theory

Describing the topology of the
functional brain networks by
calculating connectional
characteristics of the graph
comprised of nodes (voxels) and
edges (connections between
voxels)

(i) Directly describes and
compares different brain
networks utilizing topological
parameters

(i) Difficult to interpret

long time neuroscientists have thought that the brain enters
a “quiet” state while a person is not doing anything but
remaining still. However, the recent studies of resting-state
fMRI reveal that there is a persistent level of background
activity in the brain during rest, which is called “the default
mode” (DM) [8, 11, 41–43]. Some neuroscientists believe
that the default mode network (DMN) may be critical in
uncovering the neural mechanism of psychiatric disorders
ranging from Alzheimer’s disease to depression [44–51]. On
the other hand, due to its capacity for exploring individual
differences, as well as its ease of acquisition, resting-state
fMRI has become one of the most popular techniques in
neuroimaging. In this section we will introduce several
popular resting-state fMRI analysis methods and compare
their advantages and disadvantages (see Table 2).

3.1. Seed-Based FC Analysis. The seed-based approach
extracts BOLD time-series data from a “seed”—a priorly
selected voxel or ROI—and assesses the correlation between
the average BOLD signal of the seed and the time course of all
other brain voxels (Figure 3(a)). Seed-based analysis has been

applied in resting-state fMRI to explore the relationships
between resting-state brain activity and motor response
regions [39], intelligence [52], descent into sleep [53],
cognitive decline in normal aging [54], memory [55],
task-related activation correlated with schizophrenia [56],
and task-positive and task-negative networks [57]. In an
fMRI study conducted by Zhou et al. [58], to investigate
patients with paranoid schizophrenia, the right dorsolateral
prefrontal cortex and the posterior cingulate cortex were
selected as two seed regions. Then, the investigators
computed a correlation map by computing the correlation
coefficients between the reference time-series in the seed
region and the time-series from all other brain voxels from
which they found abnormal interregional connectivity
in the intrinsic organization in patients with paranoid
schizophrenia. Parkinson’s disease (PD) is characterized by
motor symptoms resulting from the death of dopamine-
generating cells. Previous studies on PD have been associated
with abnormal task-related brain activation in sensory and
motor regions as well as reward related network. In order
to study corticostriatal skeletomotor circuit dysfunction
in Parkinson’s disease, in a recent resting-state fMRI
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(a) Seed-based FC analysis (b) Regional homogeneity
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(c) Amplitude of low-frequency fluctuations

(d) Principal component
analysis

(e) Independent compo-
nent analysis

(f) Graph theory

Figure 3: A summary of research analysis methods applied to resting-state functional MRI. (a) With seed-based functional connectivity
analysis, a voxel or region is predefined and correlations are estimated between the selected “seed” and the remaining brain voxels. (b) An
illustration of regional homogeneity (ReHo). (c) An illustration of amplitude of low-frequency fluctuations (ALFF). (d) Principal component
analysis (PCA) transforms the original data into a new coordinate system where orthogonal variables are identified while retaining most of
their variance. (e) Independent component analysis (ICA) is useful for searching a set of underlying sources of resting-state signals that are
maximally independent of each other which can explain the resting-state patterns. (f) Graph theory views ROIs as nodes and correlations
between them as the connectivity of the edges and then computes the connectional features of the graph.

study, the putamen and supplementary motor area (SMA)
were selected as seed regions due to their roles in reward
processing andmotor control [59]. Enhanced putamen-SMA
functional connectivity was also found in the PD group.
Similarly, the periaqueductal gray (PAG) plays a key role
in the descending modulation of pain and its functional
connectivity has been intensively examined in chronic
pain patients [60]. While seed-based FC analysis has the
advantage of statistical transparency and comprehensible
results, seed-based analysis also suffers from the potential
biases attached to prior seed selection. For example, to
examine the default network, researchers have used a variety
of seeds and generated different versions of the default mode
network [61].

3.2. Regional Homogeneity (ReHo). ReHo is another straight-
forward technique that uses Kendall’s coefficient concor-
dance (KCC) to measure the similarity of a given voxel
with its nearest neighbors based on the BOLD time-series
[62] (Figure 3(b)). Multiple studies which applied ReHo to
resting-state fMRI data processing have shown diminished
ReHo of specific regions in heavymale smokers [63], patients
with Alzheimer’s disease [64], patients with depression [65,
66], patients with schizophrenia [67], patients with Parkin-
son’s disease [68], children with ASD [69, 70], adults with
ADHD [49], and normal aging people [68]. On the contrary,
a positive correlation has also been found between ReHo of
certain regions and intelligence [71], early blindness [72], and
internet addiction disorder [73]. ReHo is very useful in iden-
tifying regional abnormality in psychiatric disorders, which
may guide further network based analysis. For example,

a recent study found that ReHo changes in schizophrenia are
widespread [74], leading to brain-wide network analysis in
schizophrenia [75, 76].

3.3. Amplitude of Low-Frequency Fluctuations (ALFF). ALFF
is an index that reflects the intensity of regional spontaneous
brain activity by calculating the voxel-wise magnitude within
a defined low-frequency range (Figure 3(c)). In order to
reduce ALFF’s sensitivity to physiological noise, Zou et al.
[77] proposed a fractional ALFF (fALFF) approach calcu-
lating the ratio of power spectrum of low-frequency (0.01–
0.08Hz) to that of the entire frequency range. A number
of resting-state fMRI studies have observed higher ALFF in
the DMN areas than other areas [77–79]. Applications of
ALFF in studies of conditions like depression [80], ADHD
[81], PTSD [82], normal aging [83], and schizophrenia [84]
have also revealed some exciting findings. Recently, by
decomposing R-fMRI low-frequency (typically 0.01–0.1Hz)
oscillations (LFOs) into two distinct frequency bands [slow-5
(0.01–0.027Hz), slow-4 (0.027–0.073Hz)], researchers found
that LFO amplitudes in the slow-4 band were higher than
those in the slow-5 in many brain regions [85, 86]. Yu et al.
(2014) further demonstrated that the abnormalities of LFOs
in schizophrenia are dependent on the frequency band and
suggest that future studies should take the different frequency
bands into account when measuring intrinsic brain activity
[85].

3.4. Principal Component Analysis (PCA). PCA is a data-
driven method that does not require the input of any prior
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information about the connectivity pattern. It has been found
useful in estimating whether there are functional regions
with correlated signal responses in human brain mapping
[87]. It was first formulated by Pearson [88] and then devel-
oped as a useful technique for reducing the dimensionality
of complex data sets and for extracting new orthogonal
variables identified as principal components [89]. The basic
idea of PCA is to find a set of orthogonal bases that can
maximize the variance of data and to separate out the most
meaningful information from the noise so as to uncover
the hidden structure (Figure 3(d)). For fMRI data, PCA has
the advantage of verifying the facticity of differences in the
activations between conditions or groups without specifying
any prior knowledge of the form of BOLD response or the
structure of the experimental design [90]. It is often applied
in psychiatric fMRI analysis combined with other techniques
such as ICA andMVPA. For example, Shen et al. [91] aimed at
classifying individuals into schizophrenic and healthy control
groups by a quantitative method. They collected fMRI data
from patients with schizophrenia and healthy subjects and
reduced the data size by using PCAdecomposition.Then ICA
was employed to extract data on the functionally connected
networks in the brain, yielding less noisy components, which
would be used as input to the classifier algorithm. However,
the effectiveness of PCA is based on strong assumptions like
linearity, orthogonal principal components, and high signal
noise ratio (SNR) [92]. Sometimes data sets cannot be said to
fit within these assumptions.

3.5. Independent Component Analysis (ICA). As an extension
of PCA, ICA is likewise a data-driven method that has been
successfully used in describing fMRI data [93–96]. With the
identical goal of finding a new set of variables with lesser
redundancy that would provide the best possible represen-
tation of observed phenomena, ICA measures redundancy
by the much richer concept of independence (Figure 3(e))
and only requires relatively weak assumptions about the
independence of source signals compared with PCA, which
extracts interested variables based on decorrelation and
requires some stringent assumptions [97]. The independent
components are assumed statistically independent in ICA.
One of the most useful applications of ICA is reducing the
negative effects of artifacts for standard GLM-based analysis
by using decomposition information [98, 99]. Another useful
application of ICA is in detecting the resting-state functional
connectivity and identifying RSNs (resting-state networks)
[39, 94, 96, 100, 101]. Besides, ICA is also used in task-
related fMRI group analysis called FENICA [102]. ICA has
been widely applied to the study of brain diseases, such as
Alzheimer’s disease [20, 44], schizophrenia [21, 22], bipolar
disorder [2, 103], and epilepsy [2].

3.6. GraphTheory. A hot recent method used in resting-state
fMRI is graph theory. Graph theory is a mathematical theory
and approach to studying graphs made up of nodes and
edges and how these nodes connected by edges interact with
each other [58, 104] (Figure 3(f)). The brain network can be
described as being analogous to a graph in which voxels can

be viewed as nodes and connections between voxels as edges
[105]. In fMRI studies, graph theory has been used by some
ambitious researchers seeking to present a comprehensive
map of how the brain is organized. The unique character-
istic of graph theory compared with the more traditional
univariate fMRI methods is that graph theory can serve
as a tool to directly describe and compare different brain
networks utilizing topological parameters such as clustering-
coefficient, characteristic path length, degree of connectivity,
centrality, and modularity [106]. Evidence from graph theory
in fMRI studies has shown that the brain is structured in a
highly efficient organization with both a small-world topol-
ogy achieved through the presence of hubs and a scale-free
topology [107, 108]. Graph theory has been applied not only
to resting-state fMRI and task-based fMRI so as to analyze
the topology of functional brain networks [105, 109] but also
to studies of cortical thickness [110, 111], surface area, and
diffusion weighted imaging data [91, 112, 113] so as to analyze
the topology of structural brain networks. These studies
have illustrated an alteration of arrangements in structural
and functional brain networks associated with normal aging
[114, 115], multiple sclerosis [116, 117], Alzheimer’s disease
[118–120], schizophrenia [121–123], depression [124, 125], and
epilepsy [110, 126].

4. Conclusion

Over the past decades, the development of fMRI tech-
niques has made great contributions to our understanding
of the neural mechanism underlying psychiatric disorder.
In the present review, we summarize several major MRI
methods widely used in psychiatric neuroimaging. Some
methods such as ReHo and VBM focus on regional changes,
whereas others take a systematic approach and emphasize
the whole brain network. These methods together can reveal
the abnormalities in brain structures and functions in psy-
chiatric disorders. However, the functional significance of
many measures such as ReHo and ALFF is still not well
understood. Psychiatric disorders may be associated with
very subtle changes in the brain. One single method may not
be enough to fully capture the nature of such alternations.
A systematic approach using multimodal neuroimaging and
a variety of analysis methods has the potential to identify
reliable biomarkers for specific psychiatric disorders. With
ongoing progress being made in neuroimaging methods,
neuroimaging holds clear promise in helping to diagnose and
quantify psychiatric diseases.
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This review will present the added value of perfusion and diffusion MR sequences to characterize adnexal masses. These two
functionalMR techniques are readily available in routine clinical practice.Wewill describe the acquisition parameters and amethod
of analysis to optimize their added value compared with conventional images. We will then propose a model of interpretation
that combines the anatomical and morphological information from conventional MRI sequences with the functional information
provided by perfusion and diffusion weighted sequences.

1. Introduction

The clinical suspicion of an adnexal mass is one of the most
frequent indications for gynecologic imaging. In this setting,
the first imaging technique is ultrasonography with Doppler
[1–6]. A large majority of women will not need any other
imaging technique for characterization of the adnexal lesion
because the lesion either has typically benign features (such
as anechoic cyst) or is overtlymalignant (such as the presence
of peritoneal implants) [7]. In the latter case, the extent of
disease will then be determined with computed tomography
(CT) which is the current standard of care for preoperative
staging.

However, when an echoic area is discovered at ultrasound,
the question remains whether or not this represents a solid
soft tissue component consistent with tumour. If the sono-
grapher detects blood flow within the echoic area, a solid
component surely exists butmany benign lesionsmay display
a solid component [8]. If no blood flow is detected in the
echoic portion, the question remains without answer as solid

tissuemaynot display any bloodflowonultrasound [9].Thus,
when no typical signs of benignity ormalignancy are present,
the lesion remains indeterminate and a second line technique
is needed with a frequency that depends on sonographer’s
experience [10, 11].

Pelvic magnetic resonance (MR) imaging has clearly
been demonstrated to be the best imaging technique to
characterize indeterminate or complex adnexalmasses due to
its excellent tissue contrast [12, 13]. Firstly, the conventional
sequences (T2, T1, and T1 with fat saturation) are evalu-
ated. MR imaging is very accurate for the identification of
endometriotic or fatty masses using these sequences whereas
sonography can only suggest these diagnoses in some cases
[14, 15]. Moreover, conventional MR imaging readily distin-
guishes cystic from solid soft tissue components, as solid
soft tissue enhances after gadolinium injection [16, 17].
Malignancy can only be suggested if there are enhancing solid
components, such as thickened irregular septa, solid papillary
projections, or a solid mass. These enhancing solid compo-
nents are grouped under the name of “solid tissue” [18, 19].
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Table 1: Acquisition parameters.

Sequences Parameters

Sag T2 without FS
(i) FOV: 24 cm
(ii)Thickness ≤6mm
(iii) +/−motion correction if available

Ax T2 without FS (i) FOV: 30 cm, from kidney to symphysis.
(ii)Thickness: 5mm/1.0 spacing

Ax T1
Ax or sag T1 FS

(i) Exact same location as Ax T2 without FS
(ii) FOV: 30 cm
(a) 2D thickness 5mm/1.0 spacing
(b) 3D reconstruction thickness 3mm/0.0 spacing

Ax DWI
(i) Exact same location as Ax T2 without FS
(ii) 𝑏 value: 1000–1200 with black urine
(iii)Thickness: 6mm/0.0 spacing or 5mm/1.0 spacing

Ax PWI

(i) 3D T1 without FS
(ii) Temporal resolution <15 sec
(iii) Spatial resolution and slice thickness = 3mm/0.0 sp
(iv) Size of box >15 cm
(v) Loc. per slab >50
(vi) 4 acquisitions without gadolinium (baseline)
(vii) Reformat good quality of sagittal and coronal reconstruction +++
(viii) Time duration: 4mn

Ax or sag T1 FS gadolinium (i) Copy Ax or sag T1FS without gadolinium

Others types of solid component such as thin smooth septa or
cyst wall are not considered as solid tissue and do not require
any functional characterization. If solid tissue is detected
within an adnexal lesion, early publications demonstrated
that the T2 signal intensity of the solid tissue is useful
to distinguish benign from malignant tumors [12] because
some benign tumors contain fibrous material in their solid
tissue and thus appear with a typically low T2 weighted
signal. The accuracy of MRI interpretation to differentiate
benign from malignant masses using only the conventional
sequences is about 80% according to the published literature
[17, 20–22]. However, Huchon et al. demonstrated that most
ovarian tumors undergo surgery without any MR analysis
and there is a high rate of incomplete surgery [23]. More
recently, perfusion and diffusion weighted sequences were
demonstrated to improve diagnostic confidence about 25%
and 15%, respectively [24], allowing an accuracy of up to
94.6%. This increase in the diagnostic accuracy of MRI may
help to increase the clinician’s confidence in MR imaging.

This review will present these two functional techniques
that are readily available in clinical routine, including acqui-
sition parameters, method of analysis, and added value
compared with conventional images. Then, we will propose
a synthesis consisting of an interpretation model combining
conventional and functional criteria.

2. Perfusion Weighted MR Sequence

Ovarian cancer is characterized by an anarchic neovascular-
ization resulting in a wide number of immature microvessels.
These vessels are characterized by a lack of coverage by
pericytes and the higher expression of one of the receptors of

Vascular Endothelial Growth Factor (VEGF) namedVEGFR-
2 on both endothelial and epithelial cells of ovarian cys-
tadenocarcinomas. These physiopathogenic characteristics
have been demonstrated to be in line with variations of MR
perfusion parameters [25].

2.1. Technical Features. All the parameters required to per-
form MRI for adnexal masses characterization are provided
in Table 1.

2.2. MR Acquisition Parameters. For female pelvic imaging,
perfusion MR technique is based on a Dynamic Con-
trast Enhanced (DCE) Gradient Echo (GRE) T1 weighted
sequence.Themain important parameters include a temporal
resolution which must be lower than 15 seconds and the
total sequence duration should be at least 3 minutes. External
myometrium is used as an internal reference because it
is enhanced to approximately the same extent as ovarian
tumour tissue [26]. Ideally, an axial 3D GRE T1 sequence
should be performed with high quality reformats postcon-
trast in the sagittal and coronal planes. If only a 2D sequence
can be performed, the acquisition plane should be placed in
order to cover external myometrium and the tumor, both of
which need to be analyzed [27] (Figure 1).

2.3. MR Analysis. For perfusion data, three types of analysis
exist. The first one is the time intensity curve analysis. For
adnexal mass characterization, as shown in Figure 1, two
regions of interest are placed on both external myometrium
and solid tissue of the adnexal mass on DCE MR sequence.
Then, the evolution of relative signal intensity according
to time can be assessed using time intensity curves. For
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Figure 1: Perfusion MR acquisition. The sequence may be acquired in 2D plane in order to cover both external myometrium and the tumor
or in axial 3D plane with a high quality of reformatting imaging in sagittal and coronal planes.

characterization of adnexal masses, time intensity curve of
solid tissue in an adnexal mass is compared to that of external
myometrium, which acts as the internal reference. The use of
an internal reference overcomes to some extent the lack of
reproducibility which is well known to be themain limitation
of this type of postcontrast perfusion data. Thus, when solid
tissue is enhanced with a weak and progressive curve in
comparison to the myometrium, the curve is named “type 1.”
When solid tissue is enhanced with a moderate enhancement
in comparison to myometrium with a plateau, the curve
is named “type 2.” Finally, when solid tissue is enhanced
with a curve steeper than that of myometrium, whatever the
intensity of enhancement, the curve is named “type 3” [28]
(Figure 2).

The second type of analysis is named semiquantitative
analysis based also on relative signal intensity of the curve
as descriptive analysis. Area under the enhancing curve may
be easily calculated and the initial area under the curve
(before 60 sec) named Initial Area under Curve (IAUC60)
has been demonstrated useful for adnexal masses characteri-
zation [28, 29]. Using different mathematic models, the time
intensity curve can be fitted. With a high temporal resolution
acquisition data, Thomassin-Naggara et al. determined three
semiquantitative parameters by fitting with Hill equation:
enhancement amplitude (EA), time of half rising (THR), and
maximal slope (MS) of the curve. These parameters were
demonstrated to be useful to characterize adnexal masses
because a correlation was proven between enhancement
amplitude and maximal slope with pericyte coverage index
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Figure 2: Time intensity curve.

(PCI) and high expression of VEGFR-2 on both epithelial
and endothelial cells [25]. Moreover, an independent exter-
nal validation of these parameters was performed later on
another population studied in another center [29]. With a
lower temporal resolution acquisition data of 30 seconds,
Dilks et al. demonstrated the usefulness of other parameters
including mean SImax, a lower SIrel, and a wash-in rate
(WIR) that corresponds to the ratio between enhancement
amplitude and time [30] (Figure 3).These authors underlined
the simplicity of this technique because the software used to
calculate enhancement parameters is widely available on MR
imaging workstations [31].
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Figure 3: Semiquantitative analysis. Different parameters published
were EA (enhancement amplitude), THR (time of half rising),
maximal slope (MS), SIrel (maximal relative enhancement), WIR
(wash-in rate), and SImax.

As we underlined before, descriptive and semiquan-
titative analysis are based on signal intensity evaluation.
However, usingMR imaging, signal intensity dependsmainly
on the type of acquisition parameters, such as flip angle
and TR. Image contrast provided by the administration of
contrast agent and linearity between signal intensity variation
and contrast agent concentration are highly dependent on
these parameters [32]. Thus, many authors argue that we
need to obtain reproducible perfusion parameters inde-
pendent of acquisition conditions. We needed to develop
perfusion parameters that are not expressed according to
signal intensity but to gadolinium concentration [33]. Then,
a more recent approach consists in a quantitative analysis
which is based on a pharmacokinetic modeling allowing
conversion of signal intensity into gadolinium concentration
[34, 35]. Depending on the temporal resolution of the acqui-
sition, different pharmacokinetic models may be applied.
At low temporal resolution acquisition (>10 sec), Carter
et al. demonstrated the usefulness of Tofts-Kety model to
differentiate benign from malignant tumors using 𝐾trans and
𝐾ep [29]. Tofts-Kety model is the most used pharmacokinetic
model in this context thanks to its good reproducibility [35].
However, the original Tofts-Kety is not a physiological model
resulting in parameters with values depending on acquisition
settings [36]. Moreover, descriptive and semiquantitative
analysis showed that the initial part of the curve is the most
informative to distinguish benign from malignant tumors
which suggests that tissue blood flow would be the most
informative parameter. Thus, using high temporal resolution
acquisition (3 sec) [37], de Bazelaire et al. described a Brix
modified model [38] that allows the determination of tissue
blood flow (𝐹

𝑇
), blood volume fraction (𝑉

𝑏
), permeability-

surface area product (𝑃
𝑆
), and interstitial volume fraction (𝑉

𝑒
)

and this proved useful for adnexal mass characterization [39]
(Figure 4).

2.4. Added Value for Adnexal Mass Characterization. The
perfusion weightedMR sequence provides additional criteria
for adnexal characterization.

Red cells

Tissue cells

TissueArtery

AIF
F

Dt

Plasma (Vb)

Interstitium (Ve)

PS

Figure 4: Pharmacokinetic model: Brix modified model with 4
quantitative parameters including tissue blood flow (𝐹), blood
volumetric fraction (𝑉

𝑏
), the product of capillary wall permeability

and surface area (𝑃
𝑆
), interstitial volume (𝑉

𝑒
), and the delay for the

contrast media to reach tissue (𝐷
𝑡
).

Using descriptive analysis, first publications demon-
strated in a population of 37 epithelial tumors that a slow,
low-level enhancement pattern typical of a type 1 curve has
a sensitivity of 70% and a specificity of 88.8% for benign
tumor, whereas a rapid and high level of enhancement typical
of a type 3 curve was only found in invasive malignant
tumors with a sensitivity of 67%. A type 2 curve was mostly
found in borderline tumors (sensitivity 72.4%) but with a
lower specificity [28]. The added value of perfusion weighted
imaging was tested in a larger population of 87 complex
adnexal masses [24] and the addition of time intensity curve
analysis resulted in an increase in diagnostic confidence of
25% for a senior reader in pelvic MR imaging. The diagnosis
was correctly changed in 7% (3/41) of malignant masses and
in 62% (10/16) of benignmasses. No diagnosis was incorrectly
changed. In our experience, the time intensity curve analysis
is particularly interesting for benign tumors with fibrous
component such as ovarian fibroma or cystadenofibroma that
do not always display a low T2 signal due to oedematous
areas. These lesions typically enhance with time intensity
curve type 1 [40] (Figure 5). Moreover, time intensity curve
analysis is also useful to differentiate borderline from invasive
malignant tumors. Typically, borderline tumors display solid
papillary projections whereas invasive malignant tumors dis-
play a solid mass with or without solid papillary projections.
When there is no clear solid mass but grouped solid papillary
projection, it can be difficult to be sure if the tumor is only a
borderline tumor or an early invasive ovarian cancer. Another
application of time intensity curve analysis is to help charac-
terize a solid pelvic mass when the ovarian or uterine origin
cannot be clearly identified. In menopausal women, normal
ovarian parenchyma is more difficult to identify on T2
weighted sequences than in premenopausal women because
follicles are usually no longer seen. The two most frequent
solid pelvic masses in women are uterine leiomyoma and
ovarian fibroma.When a uterine leiomyoma is pedunculated,
morphological criteria are sometimes insufficient to be sure
of the origin. Moreover, T2 signal intensity is not very useful
to distinguish these two tumors. Time intensity curve analysis
can be useful in this situation because uterine leiomyomas
are typically enhanced with virtually the same time intensity
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Figure 5: Ovarian fibroma right adnexal mixed cystic solid mass with an intermediate T2 weighted signal intensity in the solid component
(A), a high DW signal (B), and a time intensity curve weak and progressive without any plateau (dotted line) in comparison with myometrial
enhancement (continuous line).

Figure 6: T2 “dark though” effect—cystadenofibroma. The fibrous component of this tumor was highly cellular with an ADC value lower
than 1 ⋅ 10−3mm2/s. However, the tumor is not bright on DW image because of its low T2 signal (T2 dark through effect).

curve as the myometriumwhereas ovarian fibromas display a
weak and progressive manner (type 1 curve) [41] (Figure 6).

Using semiquantitative analysis, Bernardin et al. demon-
strated that benign lesions displayed a lower mean maximal
signal intensity (SImax), a lower relative signal intensity (SIrel),
and a lower wash-in rate (WIR) than borderline and malig-
nant tumors [42] (Figure 3). In this study, the authors found
a sensitivity of 67% and specificity of 88% in predicting bor-
derline/invasive malignancy applying a cutoff WIR of 9.5 l/s,
although there was overlap between borderline and benign
lesion with a range of 2–8 l/s. Moreover, in a more recent
study, the same team confirms that all benign cystadenofi-
broma solid tissues have a WIR less than 5.8 l/s [40]. Using
myometrium as internal reference, Thomassin-Naggara et al.
showed that the enhancement amplitude ratio (EAratio), time
of half rising ratio (THRratio), and maximal slope (MSratio)
were significantly higher in invasive malignant tumors than
in benign and borderline tumors. Moreover, in this last study,
borderline tumors were characterized by a higher EAratio
than benign tumors whereas no differences between benign
and borderline tumors were found using WIR values [43].
Thus, in our experience, the use of myometrium as internal
reference improves the diagnostic value of semiquantitative

parameters when viewed in combination with the descriptive
parameters.

Using quantitative analysis, Thomassin-Naggara et al.
demonstrated that benign tumors displayed a lower tissue
blood flow (𝐹

𝑇
), a lower blood fraction volume (𝑉

𝑏
), a

higher interstitial volume (𝑉
𝑒
), and a lower relative AUC

(rAUC) thanmalignant tumors.Moreover, borderline tumors
displayed a lower 𝐹

𝑇
and a higher 𝐷

𝑡
than invasive ovarian

tumors [39].With data acquired at lower temporal resolution,
malignant tumors display a higher 𝐾ep in their solid compo-
nent than benign tumors (𝑃 < 0,001) [29].

3. Diffusion Weighted MR Sequence

Diffusion weighted (DW) MR imaging is based on the
analysis of the movement of water molecules in a tissue. In a
highly cellular tissue, a restriction of the movement of water
molecules (a reduction in diffusivity) exists between cells and
the tissue appears as high signal intensity on high 𝑏 value
DW image with associated low ADC (apparent diffusion
coefficient). In less cellular tissue, there is less restriction
of the movement of water molecules. Thus, ADC is high
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and the tissue typically appears without any high signal
intensity on the high b value DW images. Indeed, depending
on acquisition parameters, DW signal will be due to both
cellularity (ADC values) and T2 signal.

3.1.MRAcquisition Parameters andMRAnalysis. For adnexal
mass characterization, many studies have underlined the
usefulness of DW signal intensity, although the ADC analysis
for solid component analysis can be unhelpful [29, 44,
45]. In fact, many benign tumors have fibrous tissue that
restricts the movement of water molecules. Thus, there is
a great overlap between ADC values of the solid tissue of
benign and malignant tumors [29, 45]. However, as the
DW signal is the combination of water diffusivity and T2
signal intensity, the typically very low T2 weighted signal
intensity of fibrous tissue in these benign adnexal tumors
decreases the theoretical high DW signal intensity due to
the high cellularity of these tumors (T2 dark though effect)
(Figure 6). Thus, the analysis of DW signal allows correct
classification as benign in this group of tumors and makes
such criteria accurate to distinguish benign from malignant
adnexal tumors.

Then, as mainly DW signal is useful for adnexal mass
characterization, we need to optimize a sequence to obtain
a sequence with the lowest T2 signal effect with a maximal
contrast to noise ratio. T2 signal effect decreases with the
increase of 𝑏 values. At 𝑏

0
value, the sequence is weighted

as a T2 weighted sequence. To find the optimal 𝑏 value, we
use urine as internal reference. As we want to suppress T2
effect, we need to obtain dark urine. In our experience, the
right 𝑏 value is between 𝑏

1000
and 𝑏

1200
depending on the

manufacturer.

3.2. Added Value for Adnexal Masses Characterization. Many
publications have studied the value of diffusionMR sequence
for adnexal mass characterization. First publications studied
the value of diffusion weighted MR imaging to character-
ize endometriotic cystic component or mature cystic ter-
atoma [46]. The accuracy of MR imaging with conventional
sequences is very high for these benign masses (up to 95%)
[14, 47–49]. Thus, the added value of diffusion weighted
imaging in this setting is limited and has never been statis-
tically demonstrated. Nevertheless, in mature cystic teratoma
with paucity of fat, the very low ADC value should be useful
to identify keratinoid content [46, 50].

Using DWI to characterize solid tissue, many authors
demonstrate that ADC values are not useful to distinguish
benign from malignant tumors due to the overlap with
benign fibrous tumors [44, 51]. However, thanks to “dark
through” effect, the value of the absence of DW signal was
demonstrated for predicting benignity (positive likelihood
ratio = 10.1). Moreover, the combination of a low T2
weighted signal with a low DW signal allows a confident
exclusion of malignancy. These preliminary data were con-
firmed in further studies that underlined the added value
of diffusion weighted sequence to increase diagnostic con-
fidence in 15% and especially for benign tumors [24]. The
diagnosis was correctly changed in 8.9% (4/45) of malignant

masses and in 28% (8/28) of benign masses. One diagnosis
was incorrectly changed in one case of ovarian fibroma
(Figure 7).

4. Combination of Functional Parameters in
an Interpretation Model

Finally, some studies have evaluated the usefulness of the
added combination of perfusion and diffusion weighted
analysis to conventional analysis.These studies demonstrated
that functional analysis is useful especially for reclassifying
as benign tumors that were misclassified as malignant using
conventional criteria. In our experience, that is themain issue
for clinical practice. Indeed, recent trials have shown that
unnecessary interventions in women with benign adnexal
lesions lead to significant morbidity and mortality [52].
All women have operative and anesthetic risks, which are
increased inmenopausalwomenwith additional comorbidity
factors (obesity, diabetes, and hypertension). Moreover, in
premenopausal women, preservation of fertility is a major
issue as ovarian surgery mainly based on cystectomy is asso-
ciated with the risk of ovarian reserve alteration, especially
for cysts greater than 5 cm in diameter [53, 54].

AlthoughMRI is the most accurate imaging technique to
characterize adnexal masses [54, 55], a debate exists on its
use among clinicians explaining why only 25% of surgeons
performed MR imaging before surgery and thus the high
incidence of preoperative misdiagnoses [23].

One hypothesis is the lack of standardization of the MR
report and the absence of combination of conventional and
functional criteria and this could in part be responsible.
In this context, the first MR diagnostic score was recently
built and described each complex adnexal mass according its
positive predictive value of malignancy with a five categories
score named ADNEXMRSCORING system [19] (Table 2). If the
complexmass does not display any enhancing solid tissue, the
classification is ADNEXMRSCORE 2 or 3 with a PPV lower than
5%. If a complex adnexal mass displays an enhancing solid
tissue, in the absence of peritoneal implants, we need to take
account of the evaluation of diffusion weighted (DW) signal
and time intensity curve analysis. Functional sequences are
included in this score as follows: If there is a low T2 and
low DW signal on the high 𝑏 value image, the tumor is
always benign (ADNEXMRSCORE 2). If not, time intensity
curve analysis allows differentiating probably benign masses
(ADNEXMRSCORE 3) (if the solid tissue is enhanced accord-
ing to a type 1 time intensity curve), indeterminate mass
(ADNEXMRSCORE 4) (if the solid tissue is enhanced according
to a type 2 time intensity), and probably malignant mass
(ADNEXMRSCORE 5) (if the solid tissue is enhanced with a type
3 time intensity curve) (Figure 8). This score was developed
and validated with a very high accuracy (AUROC > 0.94). A
score ≤ 3 has been associated with benignity with a sensitivity
of 96.6% and a specificity of 93.5%. A multicentre European
prospective study (the “EURAD study”) is currently in
recruitment, with the aim of validating the proposed scoring
system (clinical trial NCT01738789). The potential impact of
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Table 2: ADNEXMRSCORING system.

ADNEXMRSCORE 1 Absence of mass —

ADNEXMRSCORE 2 Benign mass

Purely cystic mass
Purely endometriotic mass
Purely fatty mass
Mass without wall enhancement
Low T2 and low DW signal of solid component

ADNEXMRSCORE 3 Probably benign mass Bi- or multiloculate cyst without solid component
Curve type 1 of solid component

ADNEXMRSCORE 4 Indeterminate All others lesions (including curve type 2 of solid component)

ADNEXMRSCORE 5 Probably malignant mass Curve type 3 of solid component
Peritoneal implants

(a) (b)

(c) (d)
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Figure 7: Added value of perfusion and diffusion weighted imaging. Right side: mature cystic teratoma (purely fatty mass: ADNEXMRscore
2). Left side: borderline serous cystadenoma (solid tissue which is bright on T2 and DW sequence and that enhances with a TIC type 2:
ADNEXMRscore 4). T2 weighted sequence (a), T1 weighted sequence (b), T1 weighted sequence with fat saturation (c), T1 weighted sequence
with gadolinium (d), DW sequence (e), and PW analysis comparing myometrial TIC (1) and tumoral TIC (2) (f).
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Complex or
indeterminate
adnexal masses

No mass
Score 1

Absence of
peritoneal implants

Presence of
peritoneal implants

Score 5

No enhanced tissue Presence of enhanced tissue

Purely cystic
Purely

endometriosic
Purely fatty

Absence of wall
enhancement

Score 2

Other lesions

Score 3

Intermediate T2 and/or
intermediate DW signal
intensity of solid tissue

Curve type 1
Score 3

Curve type 2
Score 4

Curve type 3
Score 5

signal of solid tissue
Score 2

Low T2 and low DWI

Figure 8: ADNEX MR scoring system (19).

the score on therapeutic management will then be tested in a
future trial.

In this review, we present the development of perfusion
and diffusion analysis to characterize sonographically inde-
terminate adnexalmasses. Using time intensity curve analysis
and visual assessment of DW signal, functional criteria help
the radiologist to improve lesion characterization especially
for benign lesions and should help the clinician to avoid
unnecessary surgeries. Currently, few data are available to
validate in clinical routine more reproducible perfusion
analysis for the characterization of adnexal masses. Very
recently, new developments of DWI were reported thanks
to 3T acquisition including the analysis of the heterogeneity
of the tumor (ADC entropy) [51]. This method of research
would be interesting in the future to find new criteria of
characterization.

5. Key Points

(1) Perfusion weighted and diffusion weightedMR imag-
ing help to characterize adnexal masses.

(2) Benign tumors with solid components typically dis-
play a low DWI signal.

(3) Benign solid tumors are typically enhanced with a
type 1 time intensity curve.

(4) ADNEXMRSCORING system is helpful to relay the radi-
ologist’s suspicion of malignancy.
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A key issue in the field of noninvasive brain stimulation (NIBS) is the accurate localization of scalp positions that correspond
to targeted cortical areas. The current gold standard is to combine structural and functional brain imaging with a commercially
available “neuronavigation” system. However, neuronavigation systems are not commonplace outside of specialized research
environments. Here we describe a technique that allows for the use of participant-specific functional and structural MRI data
to guide NIBS without a neuronavigation system. Surface mesh representations of the head were generated using Brain Voyager
and vectors linking key anatomical landmarks were drawn on the mesh. Our technique was then used to calculate the precise
distances on the scalp corresponding to these vectors. These calculations were verified using actual measurements of the head and
the technique was used to identify a scalp position corresponding to a brain area localized using functional MRI.

1. Introduction

Noninvasive brain stimulation (NIBS) techniques such as
repetitive transcranial magnetic stimulation (rTMS) and
transcranial direct current stimulation (tDCS) allow for the
temporary modulation of neural activity within the human
brain. rTMS involves the induction ofweak electrical currents
within targeted regions of the cortex via brief, time-varying
magnetic fields produced with a hand-held coil [1]. tDCS
employs head-mounted electrodes, which allow for a weak
direct current to interact with the underlying cortex [2]. NIBS
can be used to investigate the role of individual brain areas
in specific cognitive, behavioral, or perceptual processes [1].
In addition, these techniques are being investigated from a
clinical perspective and current evidence suggests that NIBS
may be applicable to the treatment of multiple neurological
and psychiatric disorders [3, 4].

Studies involving the use of NIBS begin by selecting a
target brain area for stimulation. This process is typically
informed by evidence from brain imaging, animal neuro-
physiology, or studies involving neurological patients. Subse-
quent steps include the selection of appropriate stimulation
parameters and ensuring that the stimulation is delivered
to the correct brain area. This latter point is particularly
important as the stimulation effects are most pronounced in
close proximity to the rTMS coil and tDCS electrodes [5].
Therefore, accurate, participant-specific localization of stim-
ulation sites on the scalp is required for optimal stimulation
[6].

A number of approaches can be used to identify the
correct scalp position for stimulation. Single pulse TMS can
be used to activate specific regions of the primary motor
cortex resulting in motor evoked potentials (MEPs) within
the corresponding peripheral muscle [7]. The scalp location
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that evokes the strongest MEP can then be used as the
location for rTMS or tDCS. A comparable technique also
exists for the visual cortex whereby single pulse TMS of
the occipital pole can be used to evoke the percept of a
phosphene [8]. The scalp location that induces the most
robust phosphene or a phosphene in a specific visual field
location can be used for visual cortex stimulation. A similar
technique can be used for motion sensitive, extra-striate
visual area V5 whereby TMS can be used to induce moving
phosphenes [9]. It has been shown that this technique is
in good agreement with localization of V5 using functional
magnetic resonance imaging [10]. However, it is not possible
to use this approach outside of the motor and visual cortices
becausemost brain regions do not produce acute neurophysi-
ological or perceptual effects in response to single pulse TMS.

An alternative technique for identifying participant-
specific stimulation sites on the scalp is the 10–20-electrode
system, which was originally designed for positioning EEG
electrodes [11]. This approach defines a grid of positions on
the scalp that are separated by 10% or 20% of the distance
between anatomical landmarks such as the nasion and the
inion. This approach has been used successfully in a large
number of brain stimulation studies; however, themapping of
particular 10–20 system locations to specific brain areas can
vary across participants [12].

Another alternative is to use structural and functional
brain imaging techniques to localize specific brain areas
in individuals with millimetre resolution. A number of
frameless stereotactic navigation systems exist for real-time
coregistration of a participant to their ownMRI images. Tools
such as a “pointer” or a TMS coil can also be registered
within the volume. These systems typically involve ultra-
sound devices or infrared cameras and a number of reference
targetsmounted on the head andNIBS apparatus.When used
in combination with structural and functional MRI images
these “neuronavigation” systems allow for precise identifica-
tion of the scalp position corresponding to a particular brain
area [13].

The combination of brain imaging and a neuronavigation
system is the current gold standard in the field of NIBS
[14] and may improve the results of NIBS-based therapeutic
interventions [15–20]; however, there are some disadvan-
tages. These include difficulty in using these systems for
studies of posterior brain areas that can fall outside of the
neuronavigation system’s field of view and, most importantly,
the high cost of these systems, which can exceed $50,000.
Techniques have been described that allow NIBS to be
targeted using generic MRI datasets [21] or when structural
but not functional MRI data are available for individual
participants [22]. Furthermore, techniques for identifying
optimal scalp locations for stimulation based on individual
participant’s neuroanatomy are also available [23]. However,
each of these approaches requires the use of a neuronaviga-
tion system. Here we describe a technique that allows the use
of individual structural and functional MRI to guide NIBS
in the absence of a neuronavigation system. The approach
is based on vectors drawn on a mesh that is morphed to
participant-specific MRI data. These mesh vectors are then
transposed to the participant’s head by converting them to

head measurements anchored to anatomical landmarks. We
report comparisons between measurements made using our
technique and actual head measurements. We also give an
example of how the technique can be used in combination
with fMRI to localize a stimulation site for visual area V5 in a
single subject. Visual area V5 was chosen for this example as
it can be readily localized using fMRI and the correspond-
ing scalp position cannot be identified based on a single
anatomical landmark. Therefore, a number of measurements
are required to triangulate the correct scalp location for
stimulation. A MATLAB package is also provided, which
allows the use of our technique in conjunction with the
commercially available Brain Voyager software package or
any other software platform that supports the morphing of
meshes to MRI data.

2. Methods

2.1. Participants. Six healthy adult participants (5 male and
1 female, mean age 32 years) provided written informed
consent and took part in this study. fMRI data were collected
from one participant to provide a participant-specific exam-
ple of how our technique can be used in combination with a
functional localizer. All study procedures were approved by
the institutional ethics review board and were in accordance
with the Declaration of Helsinki.

2.2. Magnetic Resonance Imaging. MRI data were acquired
using a 3.0 Tesla Philips Achieva scanner equipped with
an 8-channel head coil. A T1-weighted 3D turbo field-echo
anatomical volume (1000ms inverted prepulse, 1×1×1mm3
voxel resolution, 180 sagittal slices, 2.7ms TE, 5.9ms TR, and
8∘ flip angle) was acquired for each participant. For functional
localization of V5, four functional scans were conducted
using a T2∗-weighted gradient echo, EPI sequence (TR = 2 s,
TE = 30ms, and flip angle = 65∘) to acquire 160 volumes
constructed from 39 axial slices covering the whole brain
at voxel resolution of 3 × 3 × 3mm. During the functional
scans the participant viewed static and dynamic radial grating
stimuli (10∘× 20∘, 0.4 cycles per degree, 3% contrast, and
9Hz temporal frequency whenmoving) presented on amean
luminance background (5 cd/m2) [24]. Dynamic gratings
were presented in 20-second blocks separated by 20-second
blocks of stationary gratings. There were 6 dynamic blocks
per scan. During each dynamic block the participant fixated
centrally and performed a task whereby they judged the
relative speed of two grating movements, one centripetal
and one centrifugal. Each movement lasted 250ms with an
interstimulus interval of 50ms and a behavioural response
time of 1450ms. These stimuli resulted in robust activation
in area V5.

MRI data were analyzed using the commercial Brain
Voyager QX package (http://www.brainvoyager.com/). A 3D
mesh of the head was generated using the mesh functions
within Brain Voyager applied to the native space T1 anatom-
ical volume after AC-PC alignment (Figure 1). Functional
data were corrected for head movement, high pass filtered,
and aligned to the AC-PC aligned anatomical images using
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Figure 1: A 3Dmesh morphed to the structural MRI data of a representative participant. Panels (a)–(d) show the anatomical landmarks that
were used as anchor points for scalp distance calculations marked on a T1-volume surface mesh created using Brain Voyager. N: nasion, RT
and LT: right and left tragi, respectively, and IN: inion.The lines connecting the anatomical landmarks are “patches of interest” (POIs) drawn
in Brain Voyager that link adjacent triangles in the mesh. Panels (e) and (f) show close-up views of the mesh without the surface coloring.
The mesh has been cut axially at the level of the inion. The smooth surface of the head is represented using triangular elements and each of
these elements is defined by its tricorners.

subroutines within Brain Voyager. A general linear analysis
was conducted and the results were visualized as t-maps
on the anatomical image. Area V5 was identified as a
region in the appropriate anatomical location that responded
significantly more strongly to dynamic than static grating
stimuli (FDR corrected 𝑞 < 0.01). The precise location of V5
was defined as the location of the peak voxel within the V5
region.

2.3. Comparison of Measurements Made on the Surface Mesh
and the Head. Four anatomical landmarks were identified
on each surface mesh: the nasion, the left and right tragi,
and the inion (Figures 1(a)–1(d)). The shortest paths between
the nasion and inion and the left and right tragi that passed
through the center point of the head (Cz) were then marked
on the surface of the 3D mesh and exported as “patches of
interest” (POIs) within Brain Voyager. After this, the 𝑥, 𝑦, and
𝑧 coordinates of the mesh nodes that formed the POI were
exported from Brain Voyager in XLS format and read into
theMATLAB analysis environment for distance calculations.
The actual distances between the two tragi and the nasion
and inion were also measured for each participant using a
tape measure. An investigator masked to the results of the
MATLAB analysis made these measurements.

2.4. MATLAB Operations. A Graphical User Interface was
created in MATLAB to import the coordinate matrix of the
POI exported from the Brain Voyager environment. Since the
aimwas to develop a widely applicable tool, the software does
not require the use of Brian Voyager. Rather, the software
is capable of reading a coordinate matrix from a text/MS-
Excel file as this format is an export option in most image
postprocessing software packages. The file must have three
columns (𝑥, 𝑦, 𝑧), which conform to the following format:

Nodalvector = (Node (𝑛)𝑥,Node (𝑛)𝑦,Node (𝑛)𝑧) . (1)

Here, 𝑛 is the index of the nodal coordinate in the vector
matrix. Subscripts 𝑥, 𝑦, and 𝑧 indicate the Cartesian trico-
ordinates of the vector’s nodal points.

The MATLAB code opens the text-based input file and
searches for the first line of the nodal coordinate series. Next,
it reads consecutive coordinates until the pattern is broken;
that is, no further coordinates are listed. The nodes of the
POI/vector can then be viewed immediately in 3D (Figure 2).

There are two main issues to be addressed when calculat-
ing scalp distances from POIs measured on a surface mesh.
(1) The majority of packages that provide surface meshes
(Brain Voyager included) export POIs across the mesh in a
proprietary format that makes it difficult to identify adjacent
points along the path. (2) The use of tetrahedral elements
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Figure 2: Graphical representations of the nodes making up a path along the surface of a head mesh created in Brain Voyager. (a) and (b) are
two different views of the same 3D path. The axis values are 3D vector coordinates normalized to the length of the whole vector.

in the mesh produces “jagged” POIs that do not exactly
represent the smooth surface of the head. These two issues
were resolved using the following steps.

Having imported the coordinate matrix of the POI vector
(Figure 2), the code first identifies the end points of the
vector (i.e., nodal positions at the two ends of the vector).
This is achieved by brute force comparison of pairs of nodal
coordinates (i.e., marching along the POI vector), in order
to find the outmost couple. A smoothed polynomial is then
fitted to the two endpoints in 3 dimensions, which provides a
reference for identifying adjacent nodal points in the vector.
The nodal coordinate list is then sorted along the estimated
trajectory of the POI vector (Figure 3). Finally, a second
smoothed polynomial is fitted to the sorted nodal coordinate
list in three dimensions, which removes the jaggedness of the
path (Figure 3(c)).The length of the second fitted polynomial
provides an estimate of the length of the vector on the
participant’s head. After POI vector length calculation, the
imported coordinate matrix and the measured pathway are
plotted in the GUI.

The GUI allows multiple POIs to be imported from a
single mesh and viewed simultaneously (Figure 4). The GUI
also allows 3D viewing of the POI and supports 3D zooming
and rotation (Figure 4).

3. Results

The measurements made using MATLAB were in good
agreement with those made manually using a tape measure
(Table 1). There were no statistically significant differences
between the two sets ofmeasurements (nasion-inion 𝑡(5) = 1,
𝑃 = 0.4; tragus-tragus 𝑡(5) = 0.8, 𝑃 = 0.5) and intraclass
correlation (ICC) indicated that the two sets ofmeasurements
were closely related (nasion-inion ICC = 0.97, 𝑃 < 0.001;
tragus-tragus ICC = 0.98, 𝑃 < 0.001).

Overall, ourMATLAB application appeared to be capable
of accurately measuring the length of the selected and
exported POIs.

3.1. Combination of the Technique with fMRI Data. To assess
whether the technique could be used in combination with

Table 1: Comparison of the manual head measurements and the
MATLAB estimates.

Participant Nasion-inion Tragus-tragus
Manual
(mm)

MATLAB
(mm)

Manual
(mm)

MATLAB
(mm)

P1 390 391 390 394
P2 348 351 376 380
P3 364 361 368 365
P4 370 368 360 363
P5 352 355 355 353
P6 325 332 377 377
Mean (SD) 358 (22) 360 (20) 371 (13) 372 (15)

fMRI localization data we generated scalp measurements to
localize the scalp position directly above V5 within the left
hemisphere of one participant (Figure 5). The procedure was
as follows.

(1) The functional MRI data were coregistered to the
anatomical MRI data and analyzed to identify V5 (see
Methods section). The 3D statistical map was then
visualized within the anatomical volume and a mesh
was morphed to the surface of the anatomical volume
using the mesh tools within Brain Voyager.

(2) The mesh was cut along the transverse plane that
contained the peak V5 voxel for the left hemisphere
(as shown in Figure 5).

(3) A POIwas drawn from the nasion to the top of the cut
mesh (blue POI in Figure 5).

(4) A second POI was from the left tragus to the top of
the cut mesh (white POI in Figure 5).

(5) A third POI was drawn to connect the uppermost
points of the nasion and tragus POIs (red POI in
Figure 5). This POI was then extended to the scalp
position that was directly above the most active voxel
in the V5 (green POI in Figure 5).

(6) The MATLAB toolbox was used to calculate the
length of each POI on the participant’s head.
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Figure 3: Processing of a path retrieved from a POI drawn on a surface mesh generated by Brain Voyager. (a) The randomized order of
vertices provided by the Brain Voyager output. (b)The same vertices after reordering.The jagged path resulting from the triangulation of the
mesh is apparent. (c) A curve fitted to the vertices (in dashed green) allows the length of the path to be accurately calculated. The axis values
are normalized POI vector coordinates in 3D.

(7) A hairnet was placed on the participant and tape was
used to secure the net so that it was stretched tightly
across the head. A line that was of the same length as
the POI anchored to the nasion (blue in Figure 5) was
then drawn vertically upwards from the participant’s
nasion using a tapemeasure andmarker pen.ThePOI
anchored to the left tragus (white in Figure 5) was
transposed to the participant’s head in the same way.

(8) A line was drawn connecting the top points of the
nasion and tragus POIs. The length of this line
was compared to the length of the corresponding
mesh POI (red in Figure 5) to ensure that the length
calculationswere accurate. In agreementwith the data
shown in Table 1, the distance between the two points
on the mesh was identical to the manually measured
distance on the participant’s head.

(9) The line connecting the nasion and tragus POIs was
extended by the length of the corresponding mesh
POI (green in Figure 5) to identify the scalp position
above V5.

4. Discussion

NIBS techniques such as rTMS and tDCS are becoming
widely used in both basic science and clinical research. Both
of these techniques are considered noninvasive because rTMS
utilizes magnetic induction and tDCS uses nonpenetrating
surface electrodes to induce electrical currents within super-
ficial areas of the cortex. This means that direct access to
the brain is not required as the stimulation can be delivered
from the scalp. However, it also means that identifying the
participant-specific scalp location that corresponds to the
target brain area can be challenging. It is well established that
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Figure 4: The Graphical User Interface that supports the import and plotting of POIs drawn on a surface mesh. Panel (a) shows the starting
view and each consecutive panel ((b)–(d)) shows the addition of a new 3D path to the GUI.This is achieved by reading in XLS files containing
the path data. The length of the most recently loaded 3D path is shown in the lower left corner of the GUI in mm.

structural and functional MRI can be used to assist in identi-
fying the correct location for stimulation [25–28] although a
specialized “neuronavigation” system is typically required to
coregister the participant to their MRI data. The aim of this
study was to develop a technique that would allow for MRI
guided NIBS without the need for a commercially available
neuronavigation system. We found that it was possible to
accurately estimate scalp distances using POIs drawn on a
surface mesh derived from participant-specific T1 volumes.
When anchored to anatomical landmarks, these distances
could be used to locate the scalp position corresponding to
a specific region of neural activity identified using functional
MRI.

The technique we describe here was not designed to
be a replacement for neuronavigation systems that have a
number of benefits. These include real-time assessment of
TMS coil position, estimates of induced current flow, and the
elimination of manual measurement error (although manual
registration of the head and MRI data is still required).
However, neuronavigation systems are not commonplace
outside of specialist research environments and therefore
alternative ways of utilizing MRI data to optimize NIBS are
desirable.

Previous studies have calculated geodesic distances
between scalp landmarks using surface mesh representations
of the head in order to guide NIBS [29–32]. Our proposed

technique uses a comparable approach but unlike those used
in the above studies, our tool is platform-independent and
open source. Specifically, although we have implemented our
technique using Brain Voyager, the principles we describe
could be applied to data from any software that providesmesh
vectors. It is also possible that this technique will be of use
for other applications where scalp positions corresponding
to specific brain areas are required. Examples include the
combination of fMRI and EEG data and accurate positioning
of near infrared spectroscopy apparatus. An important next
step in the development of this approach will be to compare
the scalp locations that are generated by our technique with
those identified using commercial neuronavigation systems
in a large group of participants. A comparison of MEP and
phosphene induction between the two techniques will also
be important.

Themain advantages of our technique are its low cost and
platform-independence (i.e., it can be used with any software
that allows mesh morphing to MRI data). However, there are
a number of limitations. For example, neuronavigation sys-
tems allow easy targeting of the same stimulation site across
multiple sessions. Our technique requires remeasurement of
the head for each session and this process may be prone to
error. In addition, our technique allows for a stimulation site
to be transposed from MRI data to the participant’s head;
however the selection of the optimal stimulation site itself is
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Figure 5: Localization of a scalp position above V5 in the left
hemisphere. The axial cut through the Brain Voyager mesh was
positioned to reveal the most active voxel in left V5.The lines drawn
on the mesh show the POIs that were used to identify the scalp
location corresponding to left V5. Blue: nasion to transverse plane,
white: tragus to transverse plane, red: intersection of nasion vector
and transverse plane to intersection of tragus vector and transverse
plane, and green: extension of the vector to the scalp position above
area V5. Orange regions indicate areas of functional activation in
response to the V5 localization scans. See themain text for a detailed
description of this procedure.

not supported.This issue is also relevant to the use of neuron-
avigation systems. Selection of the optimal stimulation site is
a complex process as the electrical current generated by NIBS
techniques interacts with the head and brain anatomy inways
that are unique to each participant [33–35]. A number of
techniques for identifying optimal NIBS sites based on MRI
data have been developed. These could be combined with
our approach for transposing stimulation sites to the head to
further improve the targeting of NIBS when neuronavigation
systems are not available.

Conflict of Interests

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

Acknowledgments

This work was supported by grants from Marsden Fund of
the Royal Society of New Zealand to Ehsan Vaghefi and
from the Health Research Council, University of Auckland,
Faculty Development Research Fund, and Auckland Medical
Research Foundation to BenjaminThompson.

References

[1] M. Hallett, “Transcranial magnetic stimulation: a primer,”
Neuron, vol. 55, no. 2, pp. 187–199, 2007.

[2] M. A. Nitsche and W. Paulus, “Excitability changes induced in
the human motor cortex by weak transcranial direct current
stimulation,” Journal of Physiology, vol. 527, no. 3, pp. 633–639,
2000.

[3] M. C. Ridding and J. C. Rothwell, “Is there a future for
therapeutic use of transcranial magnetic stimulation?” Nature
Reviews Neuroscience, vol. 8, no. 7, pp. 559–567, 2007.

[4] J. A. Williams, M. Imamura, and F. Fregni, “Updates of the use
of non-invasive brain stimulation in physical and rehabilitation
medicine,” Journal of Rehabilitation Medicine, vol. 41, no. 5, pp.
305–311, 2009.

[5] M. A. Nitsche, S. Doemkes, T. Karaköse et al., “Shaping the
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Brain functional connectivity (FC) is defined as the coherence in the activity between cerebral areas under a task or in the resting-
state (RS). By applying functional magnetic resonance imaging (fMRI), RS FC shows several patterns which define RS brain
networks (RSNs) involved in specific functions, because brain function is known to dependnot only on the activitywithin individual
regions, but also on the functional interaction of different areas across the whole brain. Region-of-interest analysis and independent
component analysis are the two most commonly applied methods for RS investigation. Multiple sclerosis (MS) is characterized by
multiple lesionsmainly affecting the white matter, determining both structural and functional disconnection between various areas
of the central nervous system. The study of RS FC in MS is mainly aimed at understanding alterations in the intrinsic functional
architecture of the brain and their role in disease progression and clinical impairment. In this paper, we will examine the results
obtained by the application of RS fMRI in different multiple sclerosis (MS) phenotypes and the correlations of FC changes with
clinical features in this pathology. The knowledge of RS FC changes may represent a substantial step forward in the MS research
field, both for clinical and therapeutic purposes.

1. Introduction

Multiple Sclerosis (MS) is an inflammatory and degenerative
disease of the central nervous system (CNS). It is character-
ized by multiple lesions mainly affecting the white matter,
with consequent structural and functional disconnection
between various areas of the CNS, resulting in a wide range
of signs and symptoms.

Functional magnetic resonance imaging (fMRI) during
the performance of various tasks has provided a large amount
of data showing functional alterations in MS patients, gener-
ally interpreted as adaptive plastic changes aimed at limiting
the clinical impact of the disease [1, 2]. More recently, fMRI
studies during the resting-state (RS) allowed exploring the
functional connectivity (FC) of the brain. This aspect is of
particular interest in MS, which is considered among the
disconnection syndromes [3, 4]. The study of RS FC in MS
is mainly aimed at understanding alterations in the intrinsic

functional architecture of the brain and their role in disease
progression and clinical impairment. RS fMRI can be used
to identify anatomically separate, though functionally con-
nected, brain regions configuring specific RS networks [5].
Unlike fMRI during task execution, RS fMRI is not influenced
by task performance, which may differ from that of healthy
subjects, especially in patients with clinical disability.

In this brief review we are going to explain the phys-
iological aspects underlying brain RS FC and to describe
the methodological approaches to analyze it. We will then
focus on the applications of RS fMRI in various phenotypes
of MS, also considering the correlations between clinical
impairment and both within- and between-network FC alter-
ations inMS. Functional changes do not necessarily represent
adaptive neuroplasticity aimed at maintaining a normal
function despite widespread CNS pathological involvement;
in some instances they could represent an inefficient or even
worsening attempt to compensate for tissue damage, that is,
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maladaptive plasticity. Correlations between changes in FC
and the level of clinical impairment could help to distinguish
between beneficial and nonbeneficial neuroplastic changes.

Lastly, we briefly expose some of the most promising
directions for further investigation of RS FC in MS.

2. Resting-State fMRI: Physiological Bases

Brain activity has usually been considered as a response
to external and internal stimuli, though organized activity
has also been demonstrated at rest. Resting-state functional
magnetic resonance imaging (RS fMRI) is used to analyze
functional coherence in the activity of different brain areas,
that is, functional connectivity, at rest (RS FC).This technique
detects spontaneous low-frequency fluctuations (approxi-
mately in the domain of 0.01–0.1Hz) of the blood-oxygen-
level-dependent (BOLD) signal [6] that are temporally coher-
ent across anatomically separated networks (RSNs) [7] and
that represent well-organized brain activity [8]. The BOLD
signal, on which fMRI is based, is due to changes in the
concentration of deoxygenated hemoglobin, an endogenous
paramagnetic contrast agent [9], which results in a decrease
in the local magnetic field that can be detected on T2-
weighted Echo-Planar imaging [6].When a brain area is acti-
vated, cerebral blood flow and velocity increase to a greater
extent than O

2
extraction [10, 11], thereby raising the blood

oxygenation level, which in turn increases the MRI signal.
The BOLD signal reflects specific biological and functional
events and is believed to be due to the increased neural
activity caused by a combination of biological mechanisms,
including effects from neurotransmitters, ions, and other
metabolites [12–14]. Nevertheless, whether BOLD signal
fluctuations represent changes in brain physiology that are
independent of neuronal function [15–17] or reflect neuronal
baseline activity [18, 19] is not yet clear. Some studies suggest
that RSfluctuations are an intrinsic property of the brain since
they persist across conditions such as sleep [20], anesthesia
[21], and task execution [22]. On the other hand, the neuronal
origin of BOLD activity is supported by studies based on
a combination of fMRI and positron emission tomography
(PET), which highlighted the involvement of the grey matter
(GM) alone in significant voxels [23], by studies based on
a combination of fMRI and electroencephalograms, which
revealed a correlation between BOLD signal and cortical
electrical activity [24, 25], and by studies that highlighted
RSNs changes induced by neurological disease [26].

3. Resting-State fMRI:
Methodological Approaches

To provide the best possible setting for RS studies, subjects
are usually instructed to stay awake, calm, and still in the
scanner, to fix a specific point or close their eyes, and to try
not to think about anything. The use of a high magnetic field
is usually better, since it would allow to more easily detect
signal changes, which are proportional to the main magnetic
field, and to separate noise frequencies from proper RSNs
more effectively due to a short relaxation time [11]. The aim

of the fMRI application is to detect different RSNs and to
investigate their involvement in specific functions. The two
most commonly applied methods for RS investigation are
the region-of-interest (ROI) analysis and the whole brain
investigation, the latter consisting mainly of the independent
component analysis (ICA) [27]. The ROI analysis correlates
the time course of a predefined ROI with other brain voxels
[7, 8], according to the detection of coherent BOLD fluc-
tuations. However, this approach is limited by the relative
arbitrariness of the ROI selection. Conversely, ICA is a data-
driven, whole-brain approach [27–29], designed to separate
a multivariant signal in its sub-components, thus providing a
single signal from a complex of signals. ICA is used without
any a priori hypothesis and assuming the statistical indepen-
dence of the sources and the BOLD signal is decomposed
into spatially and temporally distinct maps with their own
time courses. Each map may be interpreted as a network
of brain regions that share similar BOLD fluctuations over
time. One issue that needs to be considered when detecting
RSNs, using either regional or whole brain analysis, is the
presence of possible artifacts related to movement and to
physiological noise, that is, cardiac and respiratory cycles [5].
Nevertheless, a frequency difference has been demonstrated
between RSNs and noise, with the former being characterized
by fluctuations of 0.01–0.1Hz and the latter by fluctuations of
0.3–1Hz [5]. Given the importance of removing confounding
signals to improve the quality of the data [17, 30, 31], noise
signals are now commonly monitored by means of specific
software that retrospectively corrects the fMRI data [32].
Similarly, other sources of regionally specific noise, such as
white matter (WM) and cerebrospinal fluid (CSF) signals,
should be considered and removed during the analysis [33],
as the BOLD signal in these regions is more susceptible to
artifact than in cortical GM [34]. Despite all the technical
issues that are involved in the collection of RS BOLD data,
no consensus has yet been reached on the need for a precise
experimental setting [20, 35]. Nevertheless, the detection of
many neuroanatomical systems whose spontaneous activity
is consistent has led to the identification of specific functional
RSNs [5, 8, 36]. The best known of these systems are the
default mode, sensory-motor, dorsal attention, visual, exec-
utive function, auditory, lateralized frontoparietal, salience,
cerebellar, and basal ganglia networks [5, 37] (see Figure 1).
Recently, changes in FC metrics over time have been also
demonstrated, thus giving rise to the characterization of
dynamic FC [38]. Emerging literature, by using new tech-
niques of analyses, that is, sliding-window analysis, time-
frequency coherence analysis, and flexible least squares based
time-varying parameter regression strategy [38, 39], suggests
that dynamic FCmetrics may provide existence of changes in
macroscopic neural activity patterns likely related to behav-
ioral conditions [40]. However, limitations related to analysis
and interpretation remain and it is yet unclear whether
dynamic FC consists of the recurrence of multiple discrete
patterns or it is a simple pattern variation along time [38].

Brain function is widely known to depend not only on
the activity of individual regions, but also on the functional
interaction of different areas across the whole brain through
the so-called connectomes [41–43]. Connectomes are axonal
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Figure 1: Eleven resting-state networks identified by using independent component analysis (use of MELODIC tool by FMRIB Software
Library toolbox, on a cohort of 20 healthy subjects, elaboration on our data) one sample t-test, (𝑃 < 0.05, family-wise corrected). Red shows
positively correlated voxels and blue shows negatively correlated voxels. fMRI results are overlaid on the MNI152, 1mm, standard brain.
Images are shown according to the radiological convention. EC: executive control; SM: sensory-motor; lFP-rFP: left and right frontoparietal;
DMN: default mode network; lV: lateral visual; mV: medial visual; CB: cerebellum; BG: basal ganglia.

projections that allow functional communication between
anatomically separate brain regions. Recent processing tech-
niques enable the investigation of large-scale functional
connections, thereby allowing the creation of a matrix graph
of brain connectivity. Large-scale network connectivity is
usually represented as a graph consisting of brain regions
(nodes) that are interconnected (edges). Very briefly, after an
initial definition of nodes, a matrix of functional connections
between nodes is computed, though only connections higher
than the setup threshold are classified as edges. Functional
connectivity is provided as a statistical correlation coefficient
of BOLD signal coherence between different networks [41].
The structure of a network may be designed according to

the characteristics of certain graph values, such as the clus-
tering-coefficient, the path length, the centrality, the degree,
and the modularity of a node, thereby highlighting a specific
organization pattern [44]. It has been demonstrated that
global brain network connectivity presents a small-world
organization that is far from random, characterized by a high
level of local connections between nodes and a very short
path length which configure the so-called “hub” and a low
presence of long connections between hubs; this network
organization elevates efficiency and reduces substantially
redundancy [44]. The so called “rich-club” organization has
been also demonstrated, consisting in the presence of more
densely connected high-order hubs [45]. The rich-club
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phenomenon provides important information on the higher-
order structure of a network, particularly on hierarchy and
specialization [45].

Neurological pathologies may change node interactions,
thereby disrupting the integration of systems and impairing
their functioning.

4. Resting-State fMRI: Application in
Multiple Sclerosis

Advances in the comprehension of FC and the role of its
alterations in the pathophysiology of human brain are given
by the study of disease likeMS. In fact, MS is characterized by
a particularly widespread and severe damagemainly affecting
the white matter that can cause FC alterations secondary to
structural disconnection between RSN nodes.

RSNs abnormalities have been found in almost all multi-
ple sclerosis (MS) phenotypes [46–57].

FC is greater in specific brain areas of many RSNs in
patients with clinically isolated syndrome (CIS) than in either
healthy subjects (HS) or relapsing-remitting MS (RR-MS)
patients, even though GM volume and WM integrity are
preserved [46]. These results suggest that the coherence
of cerebral activity increases in the earliest stage of the
disease, probably as a compensatory phenomenon, and is
subsequently lost in the late phase of the disease as a result
of structural damage progression. However, an agreement on
the actual meaning of fMRI changes in early MS has not
yet been reached: even if the compensatory hypothesis is
still prevailing, a single study reported lower global values of
temporal coherence in CIS patients [47].

Results by RS fMRI were only partially concordant when
RRMS subjects were studied [46, 48–51], probably because of
the wide spectrum of clinical characteristics that are peculiar
to this phenotype as well as of the different methodolog-
ical approaches. Widespread FC abnormalities were found
in RR-MS subjects: some studies pointed to a significant
increase in global connectivity levels [46, 50, 52, 53] and
others reported FC decrease [49, 51]. The FC reduction is
in line with results from PET and MRI perfusion studies,
which have shown diffuse brain hypometabolism [58, 59]
and hypoperfusion [60] in this condition, probably due to
the progressive accumulation of structural damage. The FC
increase instead is a more complex event; although it is
generally considered as an adaptive attempt to compensate
for tissue damage, any alternative hypothesis that FC increase
may represent maladaptive plasticity or an epiphenomenon
of the pathological process cannot be completely ruled out
[46, 48, 51, 54, 61, 62]. Lastly, some studies found that
specific networks, that is, the thalamic RSN and DMN, may
show both significantly weaker connections with some brain
regions and stronger connectionswith others, thus suggesting
that there is a redistribution of connectivity, besides a general
trend of globally increased or decreased FC in MS [51, 55].

Only few studies focused on progressive MS phenotypes
[56, 57]. In a recent work that explored FC alteration in
RR and secondary progressive (SP) MS, authors found an
increased FC in both groups of patients; however, specific

changes in either direction were observed also between RR
and SP MS groups. Interestingly, these FC changes seem to
parallel patients’ clinical state and capability of compensating
for the severity of clinical/cognitive disabilities, supporting
the compensatory role of functional reorganization [56].

In a study including patients with primary progressive
(PP) and SP MS patients, compared to HS, FC was found
to be decreased in some areas of the DMN in both groups
of patients; FC in the anterior components of the DMN was
correlated with cognitive impairment. When patients with
SP and PP MS were compared, a higher FC in the anterior
cingulate cortex was found in SP [57].

Taken together these results show that there is not a
straightforward relationship between RSNs changes and clin-
ical phenotype, suggesting a decisive role of specific clinical
and genetic characteristics of single subjects in determining
the functional response to the disease.

5. fMRI Functional Connectivity Changes and
Their Correlation with Clinical Disability

5.1. Within-Network Connectivity. Correlations of within-
network FC changes with clinical MS parameters have been
widely reported in MS [46, 49, 50, 52, 57–59, 63]. Although
the ability of RS fMRI to detect brain functional reorgani-
zation in MS has been proved, the role of FC alterations in
the pathogenesis of MS, as well as the potential relationship
between resting-state network reorganization and clinical
disability, remains not completely understood.

A negative correlation between FC strength and clinical
impairment has been repeatedly reported [46, 49, 50, 58, 59,
63]; few studies reported a positive correlation between FC
strength and clinical impairment [52, 57]. Discordant results
between studies may be due not only to differences in patient
populations and data analysis, but also to the clinical function
considered and the specific RSNs analyzed.

Regarding the correlations between the motor network
and clinical disability, a recent work revealed an association
between reduced intranetwork connectivity in themotor net-
work and higher levels of disease severity in patients with RR
MS, thus pointing to the possibility that resting-state changes
may serve as a biomarker of disease progression [64]. On the
other hand, increased connectivity in the left premotor area
was found to be associated with greater clinical disability in
RR MS though not in SP MS [52]. This finding suggests that
even if disease progression is related to disrupted FC within
the motor network, increased FC in specific motor areas
may represent an attempt to compensate for the functional
impairment, at least in RR MS.

Regarding correlations between FC alterations and cog-
nitive performance, which results from the interaction of
several complex brain functions involved in cognition, that
is, working memory, attention, and executive function, the
interpretation of results is more complex. Increased [65, 66],
decreased [50, 57], and both increased and decreased [55]
FC within sustained attention networks were found to be
associated with cognitive performance in MS. FC decrease in
the anterior components of the DMN was found to correlate
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with accumulation of cognitive deficits in patients with pro-
gressive MS [57]. Bonavita et al. [55] confirmed the anterior
dysfunction of the DMN also in RR MS; moreover, they
found that patients with RRMS also showed an increased FC
in the posterior components of the DMN, which was more
pronounced in cognitively preserved patients. A recent study
on heterogeneous group of MS has shown that decreased
cognitive performance is accompanied by reduced FC in all
main RSNs and is also directly related to brain damage [67].
On the other hand, another study on RR MS, focused on the
thalamic RSN, reported a decreased performance associated
with increased FC, suggesting that neuroplastic changes are
unable to fully compensate for cognitive dysfunction [51].

Taken together, these results demonstrate that RSN reor-
ganization is closely associated with cognitive disability in
MS. On the basis of this strong association, FC changes have
been proposed as promising surrogate markers of disease
burden [50] as well as useful tools to monitor rehabilitative
strategies in MS. Indeed, cognitive rehabilitation has been
shown to correlate with changes in the RS FC of brain regions
subserving trained functions [68].

5.2. Large-Scale Network Connectivity. Studies of large-scale
network connectivity have been applied in MS with the
attempt to give a global view of distributed patterns of FC
abnormalities also in relationshipwith structural damage and
disability.

Abnormalities in the FC of large-scale networks have
been demonstrated in MS patients, with the disconnection
appearing to be proportional to the extent of the lesions
and correlated with the severity of disability [69, 70]. The
involvement of RSN disconnection in MS is widespread and
includes motor, sensitive, visual, and cognitive network func-
tion abnormalities [41]. FC is usually decreased in the whole
brain. For example, decreased FC in subcortical and cortical
regions and contralateral connections has been shown to
be related to lesion load and to be able to discriminate MS
patients from controls with a sensitivity of 82% and specificity
of 86% [63]. Furthermore, FC in attentional networks is
stronger in cognitively preserved patients than in cognitively
impaired patients and is correlated with lower structural
damage [71]. Reduced functional integration between sepa-
rate areas was also found in the early stages of MS [61]. These
findings suggest that functional disconnection parallels both
structural damage and clinical impairment.

By contrast, a higher degree of connectivity between
RSNs associated with visual functions is correlated with
higher disease burden in spite of reduced within-network
connectivity in other areas [64]. This finding may be inter-
preted as a focused event within a framework of global reor-
ganization of brain FC over the course of the disease. This
hypothesis is supported by the finding of a widespread
modularity redistribution in MS, with some RSNs displaying
decreased connectivity, due in part also to lesion load and
clinical impairment, and others displaying increased connec-
tivity [72].

The large-scale connectivity analysis, when applied in
patients in comparison to controls, may highlight the dif-
ferences in the whole brain network functional organization

between the two groups. Accordingly, large-scale FC has been
proposed as a promising tool to discriminate MS subjects
from HS, to understand the functional substrate of clinical
disability, and to monitor the effects of therapies. However,
further studies are needed to clarify the proper meaning of
these changes and whether functional modifications limit the
clinical impact of the disease or, conversely, are a biomarker
of disease severity.

6. Discussion and Future Directions

fMRI technique allows to detect brain functional connectivity
across the brain. Its application in neurological pathologies,
that is, MS, may provide valuable information on the neu-
ronal changes occurring after damage, thus helping to under-
stand the pathophysiology of the disease and the possible
therapeutic approaches.Widespread connectivity abnormali-
ties are evident bothwithin and betweenRSNs inMSpatients,
but, unfortunately, results are not always concordant and the
meaning of fMRI changes in MS is not completely clear.
Additionally, RS fMRI studies are limited by the interference
of noise artifacts, such as respiratory or cardiac events, which
may be partially responsible of these incongruences and may
also explain, at least in part, discordant fMRI results in similar
MS phenotypes across different studies [5, 30, 31]. Another
issue that can affect the homogeneity of the results may be
ascribed to the differences among patients, that is, in terms of
disease duration, within the same cohort, or between cohorts
with similar disease phenotype. This problem may also
influence the correlations between FC results and behavioral
measures, since they do not always show the same directions.
Accordingly, the significance of fMRI alterations in neuro-
logical pathology, in terms of compensatory or maladap-
tive mechanisms, has yet to be clarified. Despite some dis-
crepant results, an increased FC in RSNs has been repeatedly
reported and interpreted as adaptive brain reorganization;
this hypothesis is supported by the fact that increased RS
connectivity inMS patients usually occurs in brain areas with
extensive cortical connections [53]. However, this adaptive
phenomenon may be a finite process that is present in the
early stages of the disease but is lost in more advanced stages,
when the structural damage and the clinical impairment
are too severe to be compensated for. Indeed, the increase
in functional coupling between some areas of the motor
network that parallels the increasing disability appears to be
limited to the RR stage of the disease and is lost in the more
advanced stages [52]; similarly, FC in some regions of the
DMN is higher in cognitively preserved than in cognitively
affected RRMS patients [55, 71].

The RS dynamics characterization [38], the graph theo-
retical analysis to study brain network properties [45], and
the integration of RS fMRI data with other techniques, that
is, transcranial magnetic stimulation and PET, could provide
in the next future new insight into the pathophysiology ofMS
for clinical and therapeutical purposes.
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The fusiform face area (FFA) is known to play a pivotal role in face processing. The FFA is located in the ventral region, at the
base of the brain, through which large blood vessels run. The location of the FFA via functional MRI (fMRI) may be influenced by
these large blood vessels. Responses of large blood vessels may not exactly correspond to neuronal activity in a target area, because
they may be diluted and influenced by inflow effects. In this study, we investigated the effects of large blood vessels in the FFA,
that is, whether the FFA includes large blood vessels and/or whether inflow signals contribute to fMRI signals of the FFA. For this
purpose, we used susceptibility-weighted imaging (SWI) sequences to visualize large blood vessels and dual-echo gradient-echo
echo-planar imaging (GE-EPI) to measure inflow effects. These results showed that the location and response signals of the FFA
were not influenced by large blood vessels or inflow effects, although large blood vessels were located near the FFA. Therefore, the
data from the FFA obtained by individual analysis were robust to large blood vessels but leaving a warning that the data obtained
by group analysis may be prone to large blood vessels.

1. Introduction

Brain imaging via functional MRI is used to identify the
functional sites that play specific roles in information pro-
cessing in the brain. For an identified functional site, we
expect that the site is as specific as possible to a function
without exhibiting an overlap with other functional sites.

In BOLD imaging, on which most fMRI studies are
based, the paramagnetic property of blood produces a bulk
susceptibility difference between a blood vessel and the
surrounding brain tissue, thus producing resonance fre-
quency shifts in extravessel molecules. Thus, signals from
oxygenation modulation can be expected in the tissues and
for some distance into the venous side of the capillary bed [1].
This is, in itself, a short-range phenomenon located within a
few tens of microns.

However, two factors make an undesirable contribution
to BOLD-based fMRI signals, leading to an exaggeration of
the spatial specificity and signal amplitude compared with
those expected. One factor is the propagation of the bolus of
oxygen-enriched blood by neuronal activation to the larger
draining venous structures, which leads to the appearance of
BOLD contrast in remote regions downstream of the actual
site of neuronal activation [1, 2]. Another factor is the inflow
effect. Neuronal activation alters vascular physiology, leading
to increased flow both in the resistance pial arteries that
feed the activated capillary beds and in the venules that
drain these beds. MRI signals are inherently sensitive to
inflowing fully magnetized spins; therefore, hemodynamic
changes, particularly in larger blood vessels, can create signal
fluctuations that are coincident with neuronal activation due
to the inflow effect [3, 4].
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Face recognition is important for social communication.
The fusiform face area (FFA) is known to play a pivotal
role in face processing [5, 6]. The measurement of responses
of the FFA can provide crucial information regarding face
recognition. The FFA is located in the ventral region [5,
6], at the base of the brain, through which large vessels,
such as the inferior temporooccipital vein, middle temporal
vein, vein of Labbé, middle temporobasal vein, and posterior
temporobasal vein, run. The location of the FFA via fMRI
varies across subjects, although the average location is almost
invariant across groups of subjects. If the variation in location
is dependent on large blood vessels, then the signal of the
FFA can be under- or overestimated. However, this issue has
not been examined. Although other functional sites also rely
on individual brain structures and show variation in their
location, the FFA is a special area in that it is surrounded by
many large blood vessels.

In this study, we investigated the effects of large blood
vessels in the FFA, that is, whether the FFA includes
large blood vessels and/or whether inflow signals contribute
to fMRI signals of the FFA. For this purpose, we used
susceptibility-weighted imaging (SWI) sequences to visualize
large blood vessels [7, 8] and dual-echo gradient-echo echo-
planar imaging (GE-EPI) sequences tomeasure inflow signals
[9, 10].

2. Materials and Methods

2.1. Subjects. Ten healthy volunteers participated in this
study. After subjects were given a complete description of
the study, written informed consent was obtained.This study
was approved by the Institutional Review Board of Tohoku
Fukushi University.

2.2. Measurements. All MRI experiments were performed
using a Verio system (Siemens, Germany) with a standard 12-
channel head matrix coil operating at 3 Tesla.

2.2.1. Dual-Echo EPI. The dual-echo EPI sequence was mod-
ified from the default single-shot GE-EPI of the Siemens
apparatus to acquire images at the two echo times of 13
and 38ms, which were determined as the shortest echo
times possible. For functional imaging, the dual-echo GE-
EPI sequence was used with a 2000ms repetition time (TR),
90∘ flip angle (FA), 220mm field of view (FOV), 64 × 64mm
matrix size, and 3.4mm slice thickness with 0.5mm gaps.
Twenty slices parallel to the AC-PC were acquired for each
volume.

2.2.2. SWI Imaging. An SWI 3D sequence was used with the
parameters of TR of 28ms, TE of 20ms, FA of 15∘, 294 ×
320 matrix size, 220mm FOV, and 1.13mm thickness with
0.23mm gaps. The orientation and center of slice positions
were the same as those used in EPI. SWI image processing
was performed using the Siemens default program.

Figure 1: SWI-MIP images (across eight slices in sliding window
mode). Image slices were from two subjects. The dark lines in the
slices represent large blood vessels. The white arrows indicate some
of the large blood vessels.

2.3. Derivation of an Image for Inflow Effects. TheMRI signal
evolution is, after a single RF excitation, as follows [3, 11]:

S (TE) = S0 (𝑇1) ⋅ exp (− TE
𝑇2∗
) , (1)

where S0 is the initial intensity, which is dependent on the
T1 of a voxel and is responsible for inflow effects; TE is
the effective echo time; and 𝑇2∗ is the apparent transverse
relaxation time. As reported in a previous study S0 is
calculated directly using the MRI signals S(TE1) and S(TE2)
corresponding to TE1 and TE2. The equation that yields S0
for the corresponding voxel is as follows [4]:

S0 = exp[
{log (S (TE1)) − (TE1/TE2) log (S (TE2))}

(1 − ET1/TE2)
] .

(2)

2.4. Stimulation Procedure. Visual stimuli were images pre-
sented in the center of the visual field. An experimental run
consisted of 12 event blocks of four stimulation conditions,
three blocks of single stimulation for face images (SF) and
scene images (SS), and three paired stimulations for face
images (PF) and scene images (PS). The SF, SS, PF, and PS
condition blocks were randomized at intrasubject and inter-
subject levels. Single stimulation blocks (SF and SS) consisted
of eight different face or scene images that were presented
for 50ms, with a 1.5-s repetition period interspersed with
the control state. The paired stimulation blocks (PF and
PS) consisted of eight pairs of faces or scenes, with a 1.5-s
repetition period between pairs and a 150ms interstimulus
interval.

2.5. Visual Stimulation. Visual stimuli were grayscale images
presented using a projector and displayed on a mirror
mounted on the head coil (spatial resolution, 1024 × 768
pixels; refresh rate, 60Hz; Panasonic, Japan). The images
occupied 3.5∘× 4∘, and the crosshair occupied 0.34∘× 0.34∘.

2.6. Imaging Data Analysis. The imaging data acquired from
the functional session were preprocessed using BrainVoyager
QX (Brain Innovation B.V., Postbus, The Netherlands) for
motion correction, scan time correction, and high-pass fil-
tering, with a cutoff frequency of 0.005Hz. In each functional
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(a)

F > S (BOLD) F > 0 (S0)

(b)

SF > 0 (BOLD) PF > 0 (BOLD)

(c)

Figure 2: SWI images and activation maps for one subject in whom activation of BOLD and inflow signals appeared in the same image slice.
The crossing of the two white lines indicates the center of the FFA. (a) SWI-noMIP (left) and SWI-MIP (right) images. (b) Activation maps
on the SWI-noMIP of the FFA by BOLD signals using the contrast of the face and scene conditions (F > S) (left) and an activation site caused
by inflow (S0) signals using the contrast of the face and control conditions (F > 0) (right). (c) Activationmaps on the SWI image using SF > 0
(left) and PF > 0 (right). A: anterior; L: left. 𝑃 < 0.005 (uncorrected).

run, the prestimulus was discarded from the estimation. The
2D data from the functional session were converted into the
3D data via trilinear interpolation using BrainVoyager QX.
For the multisubject analysis, 3D Gaussian spatial smoothing
(full width at half-maximum, 5mm) was applied to the data.
Statistical analysis was performed using BrainVoyager QX
with a procedure based on general linear modeling. Each
experimental condition (with the exception of the control)
was defined as a separate predictor.Thedefault hemodynamic
response function of BrainVoyager QXwas the reference time
course used as the predictor. This analysis was performed
independently for the time course of each voxel for each
subject. To complete this analysis, time series of the images
obtained from each subject were converted into the native
space and Z-normalized.

3. Results

SWI images were acquired with minimum intensity projec-
tion (MIP) reconstruction across eight images (SWI-MIP)
and without MIP. Activation maps were overlaid on SWI
images without MIP (SWI-noMIP). SWI-MIP images were
used to show large blood vessels more clearly. The SWI-MIP
images showed blood vessels as a dark contrast, which was
similar to previous reports that proposed the SWI method
(Figure 1) [7, 8].

S0 images were acquired from images of two TEs of a
dual-echo sequence. The activation map of S0 was acquired
by contrasting the face conditions (SF and PF) to the control

condition (this contrast included the contrast of the face ver-
sus scene conditions). Five of 10 subjects exhibited activation
maps of S0 in the visual ventral region, which reflects inflow
effects, while another five subjects did not. Among the data
from the five subjects that showed inflow effects, variation
was found in the location of activation sites (Figures 2 and
3; see Supplementary Figures 1–3 of the SupplementaryMate-
rial available online at http://dx.doi.org/10.1155/2014/234345).

The FFA was identified from images with a TE of 38ms
(BOLD signals) of the dual-echo sequence by contrasting the
face conditions (SF and PF) with the scene conditions (SS and
PS). The data from some subjects showed that the FFA was
located near the sites that reflected inflow signals. Other data
showed that the FFA was located a little bit more remotely
from those sites (Figures 2 and 3; Supplementary Figures 1–
3). The images acquired from other subjects are shown in the
supplementary figures (Supplementary Figures 4–8).

The images presented in Figure 2 are from one of ten
subjects. The FFA was located at a cortical site that did
not contain large blood vessels or strong susceptibility
(Figure 2(a), right, and Figure 2(b), left). The activation site
that reflected inflow signals was located on the right of the
FFA in the same image slice (Figure 2(b), right). However,
these areas did not overlap. The activation map obtained by
PF was broader and stronger compared with that obtained by
single stimulation (SF) (Figure 2(c), left and right).

The images presented in Figure 3 are for another subject
and show the FFA and large blood vessels or susceptibility
around the FFA where sites activated by inflow signals
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(a)

F > S (BOLD) F > 0 (S0)

(b)

SF > 0 (BOLD) PF > 0 (BOLD)

(c)

F > 0 (S0)

(d)

Figure 3: SWI images and activationmaps for one subject in whom activations of BOLD and inflow signals appeared in different image slices.
The crossing of the two white lines indicates the center of the FFA for (a) and the center of the S0 activation map for (d). (a) SWI-noMIP
(left) and SWI-MIP (right) images. (b) Activation maps on the SWI image of the FFA were obtained by BOLD signals using the contrast of
the face and scene conditions (F > S) (left), but not by inflow (S0) signals using the contrast of the face and control conditions (F > 0) (right).
(c) Activation maps on the SWI image using SF > 0 (left) and PF > 0 (right). (d) Activation maps by S0 signals in a different image slice
obtained by BOLD signals. A: anterior; L: left. 𝑃 < 0.005 (uncorrected).

are located in different image slices. The FFA appeared to
be located near large blood vessels (Figure 3(a), right, and
Figure 3(b), left). Activation reflecting inflow signals was not
found on the same image slice as that including the FFA
(Figure 3(b), right). The activation map obtained by PF was
much larger than that obtained by single SF (Figure 3(c), left
and right). An activation map reflecting inflow signals was
found at a lower region than the FFA (Figure 3(d), right).
An activation site reflecting inflow signals appeared at large
blood vessels (Figure 3(d), left and right).

To assess the effect of large surrounding blood vessels
in the FFA, we processed the FFA data at individual and
group levels. The results of the comparison of the SF and
PF conditions were different between these two analyses
(Figure 4). SF and PF were not significantly different (𝑃 =
0.39; paired 𝑡-test) but PF was larger than SF (𝑃 = 0.01;
paired 𝑡-test).

4. Discussion

Our aim was to examine the contribution of large blood ves-
sels to the fMRI response of the FFA.The data demonstrated,
based on the presence of separate locations of activation sites
of BOLD and S0, that fMRI responses of the FFA were not

affected by inflow signals. The data also showed that no large
blood vessels were present in the FFA. This means that the
FFA was not affected directly by inflow signals and that its
location was not biased by large blood vessel signals.

However, the presence of large blood vessels and the
activation by inflow effects around the FFA represent a
warning that the evaluation of FFA responses via intersubject
averaging may lead to a wrong direction, because a repre-
sentative location of the FFA acquired by averaging activated
sites across subjects can pick up signals that originate from
large blood vessels that surround the FFA. In fact, the
comparison between an averaged signal from the locations
of individual subjects and a signal from a common location
based on the group-averaged data yielded different results;
that is, the difference between the SF and PF conditions was
larger in the group analysis than in the individual subjects’
analysis (Figure 4). It is considered that broader activation
maps of paired stimulation reached large blood vessels and
that signals from the common area contained responses
originating from large blood vessels.

The contribution of signals originating from large blood
vessels to BOLD activation has been reported, and several
previous studies attempted to remove this contribution or
identify the location of large blood vessels [12–15]. One of
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Figure 4: Averaged responses of the FFA in 10 subjects and estimated beta values based on BOLD signals using individual and group analyses.
(a) Individual data; no significant difference was observed between SF and PF (𝑃 = 0.39, paired 𝑡-test). (b) Group data; PF was larger than SF
(𝑃 = 0.01, paired 𝑡-test). Errors represent standard errors of the mean.

the ways to achieve this is to use a spin-echo (SE) EPI
sequence and compare SE-EPI with GE-EPI sequences. An
SE-EPI sequence with an additional gradient can remove the
contribution of large blood vessels to BOLD signal, because
diffusion effects are small around large blood vessels, and
the velocity in the vessels is high [13, 16]. However, the
disadvantages of using these methods include small signal
changes, which preclude their routine use in fMRI studies of
perception and cognition, although it is helpful to determine
the exact components of BOLD signals. Another reason for
not using these methods is that many fMRI studies are based
on low spatial resolution images.

In the present study, we used SWI sequences to acquire
blood vasculature information and dual-echo EPI sequences
to measure inflow effects. Imaging using SWI sequences
represents anatomical scanning, whereas imaging using dual-
echo sequences represents functional scanning. Therefore,
there was no penalty regarding scanning time for function or
regarding signal intensity, because the second echo signal can
be used for typical BOLD.

Signals originating from large blood vessels may lead to
misinterpretation of the functional characteristics of brain
areas examined using typical fMRI, particularly in high
spatial resolution studies or high functional resolution studies
(which deal with subtle differences between responses to
similar stimuli). Therefore, the consideration of the con-
tribution of large blood vessels in parallel with the typical
functional analysis would be needed for ensuring reliability.

The present study revealed that large blood vessels do not
run through the FFA and that inflow effects did not affect
fMRI signals of the FFA. This assures that the fMRI data
from the FFA do not include functional artifacts resulting
from large blood vessels, such as the variation in the location
of the FFA between subjects or the modulation of signal
intensity. Conversely, information on the large vessels that
surrounded the FFA provided a warning regarding group
analyses.The results obtained for the FFA can also be applied
to other functional areas.Therefore, it may be advisable to use
SWI and dual-echo EPI sequences for high spatial resolution
studies or for perception or cognitive studies that deal with
subtle differences in signals [11, 17].

Our study has some limitations. Although SWI images
provided a strong contrast to large blood vessels, cerebral
spinal fluid (CSF) also provided a contrast of a similar level.
Some additional efforts may be needed to delineate vessels
if greater detail regarding the blood vasculature is required.
The method used in the present study consisted of the
observation of the effects of large blood vessels rather than the
removal of the effects. Therefore, other methods may be used
in combination with the present approach if the proposed
method shows that some target areas are influenced by large
blood vessels.

Taken together, the results of the present study demon-
strated that the location or response signals of the FFA
were not influenced by large blood vessels or inflow effects,
despite large blood vessels being located near the FFA and the
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variation in the location of the FFA across subjects. However,
a group analysis of multiple subjects may be affected by
large blood vessels. This suggests that the data from the FFA
obtained by individual analysiswould be robust to large blood
vessels, whereas the data obtained by group analysis may be
prone to large blood vessels.

5. Conclusions

The data from the FFA obtained by individual analysis were
robust to large blood vessels but leaving a warning that the
data obtained by group analysis may be prone to large blood
vessels. This shows that SWI sequences and dual-echo GE-
EPI sequences can be used to probe functional characteristics
of brain areas.
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